|dentifying populations at high risk of infections
and antimicrobial resistance using large-scale
electronic health record data

DOMI | MINA
NVS TIO
ILLV § MEA

Emma Pritchard
Wolfson College
University of Oxford

A thesis submitted for the degree of Doctor of Philosophy

Trinity 2024



Table of Contents

TABLE OF CONTENTS....cccuuuiiiiiiiiieueiiiiiiiireaeeesiiistiresasssssiisstirsssssssssssttresssssssssssssesssssssssssstsesssssssssssssssssssssssssssnns ]
LIST OF FIGURES......cceeuuuiiiiitiiiiiiiiiintieentiiiientteeneeeieseteeessasssiessteesssssssssssttessssssssssssseesssssssssssssesssssssssssssens v
LIST OF TABLES .....coiiieiiiiiiiititiniiiiiitiieeniiiiiettiessueeiiiisttteessssssiiestteesssssssssssttesssssssssssssessssssssssssssesssssssssssssens Xl
ABSTRACT .. iiiitiiiiiiiiiittitttiiiittttetteiiiiettttesseesietetttessssssssesstteessssssssessttessssssssssssseesssssssssssstessssssssssssseessnnes X
ACKNOWLEDGEIMMENTS ....ccuuiiiiiiiiiiiiiiiiiiiiiiieteiiiiiiitiesneeiiiiittteessessiiistteesssssssiessttesssssssssssssessssssssssssssesssnses Xiv
FUNDING ...coeeiiiiiiitiiiiiiiiiintiieeesiiieteeeeneeeieeesteeesaaessiesstteesssssssssssteesssssssssssseesssssssssssstessssssssssssssesssssssssssnens Xiv
ETHICS STATEIMENT ....cuuiiiiiiiitiiiiiieirrneneiisstrrssaaessssssse s assssssss st e e sssssssssssstressssssssssssnesssssssssssssssssnssssssssanns XV
STATEMENT OF CONTRIBUTION TO WORK ....ccuuiiiiiiiiiiiiiiiiiiininiissinrssseeesissssnssssesssssssssssssssssssssssnssssnsssssns XV
LIST OF ABBREVIATIONS .....iiiiiuiiiiiiiiineiiiiitirseeeesiisssirsssassssisssteesssssssssssttesssssssssssstsesssssssssssssssssnsssssssssnes XVI
PAPERS ARISING DIRECTLY FROM THIS WORK .....ccccuuuiiiiiiiiiiiiiiiiiniinrsneeisissnnnssseessssssssnsssssssssssssssssssssssnnns XV
OTHER PAPERS ARISING DURING THE COURSE OF THIS WORK.....ccccccciiiiimiimmnniiiiiniiienniiiinnieeeneeeniinnneees Xviii
CHAPTER 1 INTRODUCTION .....cuuuuuuuuuenennnnnnennnssmssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssns 1
1.1 Identifying at-risk populations USING data .......ccoccuiiiiiiiiiiiii e e 1
1.2 Electronic HEalth RECOIAS ......civiuiiiiiiiiiee ettt sttt ettt et et e s sbae e st e s te e sabaesnabeesabaesnnas 2
1.2.1 A Brief History of Electronic HEQIth RECOITS ..............uueeeeieeeeeeeeeeeee ettt e e ettt e e e e e e s s saaaanaaae e 2
1.2.2 Electronic Health Records for research and surveillance ..................ooccccvueveeeeeeeseciiiiieeeeeeeesiciiveaaaeeean, 3

1.3 Surveillance of bloodstream infections in ENgland............cccueiiiiiiieicciiec e 5
1.4 SUrVEillance Of COVID-19 .....uuiiiiiiiiei ettt ettt et e e s sae e e s sbee e e ssbae e e ssbaeessaneaeesnses 7
1.5 THESIS OULIINE...ciiiiiiee ittt s e e s st e s s et e e s s bteeessabeeeesasbeeeesaseaeessseeeesnnes 10

CHAPTER 2 MONITORING POPULATIONS AT INCREASED RISK FOR SARS-COV-2 INFECTION IN THE

COMIMUNITY eiiiiiiiiiiiinniiienniiitasietssssistsssietssssistssssiesssssssssasssssssssssssnsssstessssssssssssssssssssssssssssssssssssnssssssnssssssnsss 12
% 1 4 o Yo [F ot o T o PSSR 12
Y 11 d o T Yo LRSS URS PRIt 14

B Y (0o ) Ve L= [ [ SN 14
2.2.2 INCIUSION/EXCIUSION CLIEOIIQ wvvvvvvevvveeeeeeiieeeeeeeeeeeeieeeeeeeeeeeeteteeeeeesessaateetassresssssstetessssssesssssseesessssssssnnes 14
2.2.3 OULCOME GNA BX[POSUIES. ...cccvveeeeeierseeiieeeesitteeeestteaesaseaeeasseaaaaasssasasssssasssssasassssssssssssssessssasassssannnns 14
2.2.4 SEQUISEICOAI ANAIYSIS...eeveeeaaieeeeeee ettt ettt e e ettt ettt e e e e e ettt b e e e e eeesssssasasaaeeeesssstssssaaaeesassans 16
2.2.5 SENSIEIVITY ANGIYSES oottt ettt e e e e ettt e e e e e e e et taa e e e e eeesssssasaaaaeeeesssssssssaaeeeaaaaes 17
e B (=T U OSSR 20
D T A 60T - 1 1 To o =] PO UPPUPPPP 28
2.3.2 SCIEENING.c.ccevvvevvvieieiiieiiiiiaisisisisisssistatatas s ss s sssssssssssssasssssssssssssasssssssssssssssssesesesseeseseesseseensesens 34
2.3.3 SENSIEIVILY QNAIYSIS ...vvveeeeeeeeeeeeeeeee et et e e ettt e et e e et e e e sttt e e e s steaessseaesassseseesnssaaeasssasessseaanns 47
D R B o [ = 4= 4 =X (o) DRSS 52
B T ol U1 o TSP 55
2.4.1 Limitations Of the SCIEENING PIOCESS .........cceccuueeeeeeeeeeeeeiieeeeeeeeeestsasseaaeeesessisssaasaaseessisssssesasaeeasssssees 57
2.4.2 Strengths and Limitations of the COVID-19 INfECtioN SUIVEY ...........cceeeeeeeeiuveeieeeeeeeiiiieeeeeeeeesscsirsvenanns 58



2.4.3 CONCIUSION vt s et s e e s s e s s e e s e s e s e s esasasasasesesesesesesesesesesesesessseeeeeseaeaeaees 59

CHAPTER 3 DETECTING CHANGES IN POPULATION TRENDS IN INFECTION SURVEILLANCE USING COMMUNITY

SARS-COV-2 PREVALENCE AS AN EXEIVIPLAR .....ccuuiiiituiiiiiniiiiinniiiienieiiansienisnsisiisssissisnsiesssnssssssnssssssnssssssnssns 60
00 I [N oY 1¥ ot oY o PSR USRRE 60
0 Y 11 o T Yo USRIt 62

I Y (VLo ) Ve =X [o [ DU UUPPRS 62
3.2.2 SEUAY POPUIGLION ....covveeeeeeeeeeee ettt ettt e e e ettt e e e e e e ettt e e e e e eessessssaaaaeeeaasssssssaaaaeessaaes 62
3.2.3 SEALISEICOAI ANGIYSES..ceeoeeeneeeeeee et ettt e e e e ettt e e e e e e e ettt eaaaeeessstsasaaaaeesesssssssasaaeeeasaees 62
3.2.4 Detection of change-points in ‘NEAI reQI-timMe’ .............c.ueeeeeeeeeeciieeeiee et eeeeecteae e e e e e e ssaraees 68
3.2.5 SENSIEIVIEY ANGIYSIS ..vvveeeeeeeeeeeeeet ettt e e ettt e et e e et e e e et a e e s steaessssaaeasssaseessssaaesasssaaessseaanes 69
I T 2T U USSRt 70
3.3.1 Detection of changes in growth rates using ISR aNd GAMS ...........cccueeeecveeeeeciiieeeiieeescieeeeseaeaeeeees 74
3.3.2 Relative percentage change in positivity after ChaNge-pPoiNts...........ccecccveeeeecivveeeciieeeeiieeeescieeeeeinnnns 80
3.3.3 Detection of change-points in ‘NEAI reQI-timMe’ .............uueeeeeeeeeeeiieeeiee ettt e e e ee e 81
3.3.4 Incorporating change-points based on the first derivative ..............cccccooeeevvuveeeeeeeeeiiiiiieeeeeeeeccivvennnn 86
3.3.5 Estimating change-points in tArget SUDGIOUDS ..............uuueeeeeeeeeeiiiieeeeeeeeeseesissseeaseeeeessissesesaaesessssssnens 89
3.3.6 Estimating change-points bY tYPe Of OULCOME........cc....euuuveeeieeeeecciieeeeeeeeeeeecteeaaeeeeestetvseaaaeeessssssnans 89
S 1 ol B3] o TNt 94

CHAPTER 4 CHOOSING CONTROL GROUPS AND DEFINING EXPOSURES IN STUDIES USING ELECTRONIC

HEALTH RECORDS ......cuueiiiiiiiiiinnenetiiiissssssssesssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssesssssssssssnsssssssssss 98
0 R oY o o Yo [¥ o1 o o [P UERRN 98
L Y =Y o o oY OO USROS 101

B N O LY [=4 411 4 Lo ¢ U UUPRS 101
V3 0o Y g1 o] e (=] 10 T (o) £ LTSRS 101
4.2.3 Defining the ANGIYSIS CONOITS .........veveeeeeeeeeeeeeeeee ettt e e et e e et e e st e e e e sttesaesestaseessasaeasssenaaas 102
4.2.8 DEJINING @XPOSUIES ....ccccveeeeseueieeeeteteaeeteeesastaaaeateaesasteaesssseeasasssesaesssssesasssaasassesaeasssesesssssesanssseeen 103
B Iy (o [ YA ol | e [ Lo 1A =SS 106
4.2.6 SENSILIVILY ANAIYSES ...oooeeeeeeeeeeeeee ettt e e ettt e ettt e e ettt e e et e e e sttt e e esstaaeasseaaeassteseesnssesessssenann 107
YT U | (USRS 108
3 B YY1 T Lo T VAo e Lo L o TSRS 108
4.3.2.COMPATiNG CONTION GIOUPDS ...eeeeeeneieeeeee et e ettt ee e e e e ettt e e e e e e e sestsasasaaeeesassssssesasaeeeasinsses 109
4.3.3 Sensitivity analyses for control group definitions ................eeeeeeeeeeeiuveeeieseeeiiiiieeeeeeeeeeesiiiereeaaeeeaiiians 125
4.3.8 DEJINING @XPOSUIES ....cccveeeesieeeeeeteeeeeesteaesasteaaestteaesssteaesasseaaeasseaaeastesessssssasassesaessssesesssssesesssseaen 129
I 1Yol U 113 [0 o R 147
4.4.1 CONLLOI GIOUD CROICE .......eeeeeeeeeeee et e ettt e ettt e e et e e e sttt e e ettt aesstaeeaatsaaaesssasaenansaesessseaaan 148
4.4.2 RiSK fACEOr ABFINITIONS. .........eeeeeeeeeeeeeeee et e ettt e e e e e e ettt a e e e e e seestasaaaeesesstssssnsaasesessnees 149
4.4.3 FUItNEI CONSIAEIALIONS .....oeeeeieeeeiiee et ettt ettt e ettt e e et e e st e e et e e e s astaeessssnesssasseaens 151
N N 11 (o [ ¢ OO PPP U UUTPPPPPPPRN 152
4.5 CONCIUSIONS .ttt ettt e e e sttt e e sttt e e et e e st easastteesaasteassstsasssstnassassenasnns 152

CHAPTER 5 MONITORING POPULATIONS AT AN INCREASED RISK OF E. COLI BLOODSTREAM INFECTIONS
USING ELECTRONIC HEALTH RECORDS ......ccetiiiiiiiiinntitiiiiiiinnnniteiiicsnennneesiissssssnteesssssmmsmsssssssssssnsssssssssns 153

L0 A [N 4o Yo [V Lot o o IR TR 153



LA 1V, =1 0 T Yo E PSR RPRRPRRRRRN 155

I B 60 LYo [=] 211 Lo ) s O SRR 155
5.2.2 Defining the “most recent CONtACE” dALE ........ccccvveeeeceeieeeeeeeeeeee et e cee e e s e e et eesteaeesrenaaens 155
5.2.3 Defining the QNQIYSIS CONOITS .........veeeeeeeeeeeeeeeeeeee ettt e e et e e ettt e e st e e e s tteaaeesttaaaesseaaeasssenaeas 155
5.2.4 DEfINING FISK fUCLOIS ..o..veeeeeeeeeetee ettt e et e e ettt e e ettt a e et a e e sttt e e s astaaeasssaaaeassteseesssaeaessseaann 156
5.2.5 Training the screening process on data from FY2019...........occccueieecveeeeiiiieeesiieeeeecieaeesiesasessesesnns 160
5.2.6 Testing the screening process on different years Of data .............ccueeeeieeeeeciiieeeieieeeiecciieeeeeeeeeccins 166

oI B 2T U USSP 167
G A YV T T o T Ve ) e Lo (o RO PRSPPI 167
5.3.2 Training the screening process 0N FY2019 AQtQ............cceccuveeeeeervireeiiieeescieeeeeitteeeesieaeesiesasesseeaeens 168
5.3.3 Expanding the screening process to FYs 2018, 2020, ANd 2021..........cccccuueeeecveveeeiiieaaesiieaessiienenninns 200

D DISCUSSION ettt ettt e e ettt e e e e st b bt e e e s e s e ae bttt eeeee s unbebaeeaeee s assbaeaeeesesannsrbaaaaesssannne 215
5.4.1 Comparison of risk factors t0 OtNEr SEUIES ............ccccveeeeeceieeeeiieeeeeteeecee e e s e e et e esiraaeesreeaaens 215
5.4.2 DEfINING VATIADIES ...ttt ettt e e e e e ettt a e e e e e e sttt aaaaeeeesssssesaaeeeaasaens 217
5.4.3 Making StQtiStiCAl A@CISIONS .......c....eeeeveeieeeeeeeeeeee et e e e e ettt e e e e e et es st aaeeesessassaseaaaeeesssnes 221
5.4.4 Discussion of the StatiStiCOl ANAIYSES ..............uuveeieeeeeeeeeeeeee ettt eeeee sttt e e e e e e sesaraaaaaeeeessnsees 222
R 00 [ [V (o] ¢ F OO TR 225
CHAPTER 6 CONCLUSIONS AND FUTURE WORK .........ccooitrrummrriiiniiissnnnneeiinssssssnessssmsssssssssssssssssssssssssssssssssssnns 226
6.1 MAiN FINAINES 1ovriieiiiiie et e e e e s te e e s sbae e e e sabeee e sesteeeesbeeeessnbeeesenres 226
5.2 FULUIE WOIK.eiiiitiiieieiiie ettt sttt e et e e ettt e e st e e s st be e e s sbee e e seabeeesesbeeessaneeessnnseaessnnsenessnnees 231
6.2.1 Expanding to nationQl-1eVel dAtQ ...............coeeeuueieicuiieeeeiiieeeeie ettt 231
6.2.2 TRE SCIEEINING PIOCESS ...evveeeeeeeiieieeeseeeeasteteeeaeaeeeesasttesaaeaeeasssstsseaaaaeeasasssssssasaaesaasstssssaaaeessssssssssenas 232

6.3 CONCIUAING FEMAIKS ...eeiiiiiie ettt et e eee e e e re e e s ete e e e eette e e e sabree e eenbaeeeesteeeeenneneeennsens 235
REFERENCES........coititirutttiiiiiiissnnesenisssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssss 236
APPENDIX A: DEFINITIONS OF RISK FACTORS FROM ELECTRONIC HEALTH RECORDS..........cccccooeesnnnennnnnicsnnns 250

List of Figures
Figure 1.1: Annual incidence rate of key pathogen BSI, per 100,000 population, England ................... 6

Figure 1.2: Timeline of key COVID-19 restrictions in England. .........ccccceeovciiiiiie e, 8
Figure 2.1: Log odds ratios with 95% confidence intervals for the effect of rural/urban classification
(reference category rural village) across the 52-week study period.........cccceeeeiviieeiviiieeecciee e, 19

Figure 2.2: Unadjusted percentage (95% Cl) of positive swabs per fortnight (A), positive swabs split

by gene positivity pattern (B), and symptoms (C). ...ccccuiieieciiee ettt 27
Figure 2.3: Total number of participants per fortnight. ........cccccveiiiiiii e, 28
Figure 2.4: Effects of the 8 core variables across the 52-week study period.........ccccovvevvvieeiiiiieennnns 30
Figure 2.5: Adjusted effect of age (years) on positivity over the 52-week study period...................... 32

Figure 2.6: Summary of odds ratio and p-values for interactions between all of the core variables

(UL 0= o] o 1 F={ o} £ USSP 33

iv



Figure 2.7: Global heterogeneity p-values per factor from the main screen for a selection of
fortnights across the stUdY PEIIOd. .......oo i e e e e et e e e atae e e saraee s 37
Figure 2.8 Overall effects of additional factors from the main screening, adjusted for the core
variables, over the 52-week study PEriOd. ......cuviiiiiiiie e e e e 39
Figure 2.9 Individual effects of categorical variables with >2 categories from the main screening,
adjusted for the core variables, over the 52-week study period.......cccccveevviieeiiniieeeeieeeeeee e 41
Figure 2.10: Global heterogeneity p-values per factor from the screening for household and living
ENVIrONMENT CharaCteriSTICS. «.uviiiiiiieiiie ittt et s e s e e e s b e e s b e e sabeeesneeesareeeanes 44
Figure 2.11: Adjusted effects of behavioural variables from the main screen........ccccceeveeviivcienenne. 45
Figure 2.12: Summary of odds ratios and p-values for the 8 core variables over 28-day periods....... 48
Figure 2.13: Summary of odds ratio and p-values for interactions between all of the core variables
oY Ao F VA o= o o LS 49
Figure 2.14: Global heterogeneity p-values per factor from the main screen for 28-day periods for
characterises based on work, health status and CONTACES. .......coveeviriiiiiiieeeeree e 50
Figure 2.15: Examples of later, same, and earlier detection of effects for current smoking status (A)
work travel (B) and study Visit freqUENCY (C)...ccuueeeiiiiieeeiee ettt e e et e e e 51
Figure 2.16: Results from ridge regression and logistic regression. .......cccccceeecieeecciieeeeceeeeeciee e 53
Figure 2.17: Odds ratios from logistic regression with 95% confidence intervals (black) and ridge
regression (red crosses) for geographical region for four fortnights. .......c.cccceeeeiieiiiciiiecccieecceee e, 54
Figure 3.1: Comparison of GAMs with region included at an interaction with time (red) and as
separate models for each region (DIUE).......c..eoceii i e 63
Figure 3.2: Difference in predicted percentage testing positive from GAMs with varying numbers of
basis functions (k) of 25, 50, 75, and 100, for London ONly.........ccceeeeeiiiieiciiieececieee e 65
Figure 3.3: Distribution of the number of days between change-points identified by GAMs for all
regions and the closest ISR change-point (A), and the number of days between change-points
identified by ISR and the closest GAM change-point (B)......ccccceecuieeiiciiie et 67
Figure 3.4: Raw percentage testing positive (A) and predicted percentage of visits testing positive (B)
for SARS-CoV-2 from ISR (blue) and GAMs (orange) for London only........ccceeecieeeeicieeeecciee e 71
Figure 3.5: Raw daily percentage of visits with a SARS-CoV-2 positive test over the study period split
o3V = T={T o o RS 72
Figure 3.6: Predicted percentage of visits testing positive for SARS-CoV-2 from ISR (blue) and GAMs

(OraNEE) fOF All FEEIONS. ...coi ittt ettt e e e et e e e et e e e e e eabee e e e baeeeeeabeeeeesreeeesnsaeeeenrens 75



Figure 3.7: Change-points corresponding to the emergence of three key SARS-CoV-2 variants found
by iterative sequential regression (ISR) and second derivatives of generalised additive models (GAM)
for each geographical region, run on the full tiMe-Series. .......c.ccccevviieeiiiie e 77
Figure 3.8: The relative percentage decrease (blue) or increase (red) in positivity on the date of the
detected change-point compared with positivity 4 weeks later. ......cccocvveiiviiiiiinie e, 81
Figure 3.9: Number of successive GAMs (zero to five), and ISR, finding the same change-points (top
panel). Predicted positivity from final GAM for reference (bottom panel). Results are for London (A)

F ool oY aT=T oY T =T oo I ) 84
Figure 3.10: Difference in detection dates between GAMs (orange) and ISR (blue) for London (A) and
N\ FoY o 1Y T 1 =] =T N (= ) S 85
Figure 3.11: Predicted positivity (A), first derivatives (B), and second derivatives (C) calculated from
GAMs fitted on the entire time-series for each geographical region, but only presented from 1st
March to 30th June 2020. Original change-points based on the second derivative are shown in
vertical blue lines, and additional change-points based on the first derivative are shown in vertical

(o] =T g Tl 1T g 1T USRSt 87
Figure 3.12: Predicted percentage testing positive for SARS-CoV-2 from ISR (blue) and GAMs (orange)
for models run separately by age group for LONdon. ..........oeeeiiiiiiiiiic e 90
Figure 3.13: Change-points from GAMs (run on the full time-series; orange) and ISR (blue) run
separately by age, separately by S gene detection, and overall in London...........ccccceeeiiiiiiieene e, 91
Figure 3.14: Raw daily percentage testing positive split by S-gene target positive and S-gene target
L1 UL I (o T || I = ={To o TP RS 92

Figure 3.15: Predicted daily percentage of visits testing positive for SARS-CoV-2 from ISR (blue) and

GAMs (orange) for London only, split by SGTP and SGTF........cceeciieiiiiecie et e e 93
Figure 4.1: A simplified Directed Acyclic Graph (DAG) illustrating potential collider bias. ................ 103
Figure 4.2: Flowchart of the case population. ..........ccueii e 108
Figure 4.3: Flowchart of the potential control group population..........cccccveeiiciiiiiniiiec e, 109

Figure 4.4: Number of people in the case group from FY2018-2021, stratified by different amounts of
lookback and for the “inpatient only” cohort (left) and “any healthcare” cohort (right). ................. 110
Figure 4.5: Number of people in the potential control group from FY2018-2021, stratified by
different amounts of lookback and for the “inpatient only” cohort (left) and “any healthcare” cohort
(FIEIE). ettt ee e e e tte e e e et eeeeebaeeeeaabaeeeeatbaeeeebaaeeeabaeeeeaabaeaeeabaeeeearaeeeearraeeeanes 111
Figure 4.6: Median (IQR) age from FY2018 to FY2021 for the "inpatient only" and "any healthcare"
cohorts with 1FY to 5FYs 100Kback. ......cccueiiiiiii e 112

Vi



Figure 4.7: Median (IQR) catchment percent from FY2018 to FY2021 for the "inpatient only" and
"any healthcare" cohorts with 1FY to 5FYs l00kback. ........cccuveiiiiiiiiiiiieece e 113
Figure 4.8: Median (IQR) IMD percentile from FY2018 to FY2021 for the "inpatient only" and "any
healthcare" cohorts with 1FY t0 5FYS l00KDaCK.........coiiiriiniiiiiiieeeeeee e 113
Figure 4.9: Percentage female from FY2018 to FY2021 for the "inpatient only" and "any healthcare"
cohorts with 1FY to 5FYs 100Kback. .....ccoueiiiiiie e 114
Figure 4.10: Percentage of non-white ethnicities from FY2018 to FY2021 for the "inpatient only" and
"any healthcare" cohorts with 1FY to 5FYs l00Kback. ........cccvviiiiiiiiiiiiiiic e 115
Figure 4.11: Percentage in rural/urban categories from FY2018 to FY2021 for the "inpatient only"
and "any healthcare" cohorts with 1FY to 5FYs lookback. ........ccooviiiiiiiiiiiniiiie e, 116
Figure 4.12: Percentage of different previous hospital exposures from FY2018 to FY2021 for the "any
healthcare" cohort with 1FY to 5FYs I00KDACK. .....cccueiiiiiiiiiiiiiiiceeeee e 117
Figure 4.13: Percentage of missing data for ethnicity for potential controls and E. coli BSI cases from
FY2018-2021 with varying amounts of [00KbaCK...........ccociiiiiiiiiiec e 118
Figure 4.14: Percentage of missing data for four example screening variables in potential controls
and E. coli BSI cases from FY2018-2021 with varying lookback..........cccccueieiiiiiiiiiiiiceee e, 120
Figure 4.15: Model estimates comparing different lengths of lookback in the “inpatient only” cohort
DETWEEN 2018-2022. ... .eiiiiieiiiee ettt e e e st e e e st e e s bt et e s s bteeesaabeeeesaateeeesbaaeeeabeeeesanraeeesanraeeeanns 122
Figure 4.16: Model estimates comparing different lengths of lookback in the “any healthcare” cohort
DETWEEN 2018-2022. ... .eiiiiieiiiee ettt ee et e e st te e e et e e e saat et e s s bee e e s s beeeesarteeeesbaeeeeabeeeesanbaeeesanraeeeaans 124
Figure 4.17: Summary of imputed values for ethnicCity. .......ccceeieiiiiiii i 126
Figure 4.18: Model results from the core model run on complete cases (blue) and the combined
estimate of the 25 datasets after multiple imputations.......cccveeireiiiiiic e, 127

Figure 4.19: Age-sex distribution for IORD and the Office for National Statistics census data for 2021.

Figure 4.20: Ethnicity distribution for IORD and the Office for National Statistics census data for
2020, ettt h e ettt bt bt e b e e b e e Rt e e b et e R et ea et s bt e bt e bt e bt e bt e nbeenheennnesanenas 128
Figure 4.21: Index of Multiple Deprivation distribution for IORD and the Office for National Statistics
CENSUS data fOr 2019 .. .ciuiiiieeiieeee ettt et e e b e bt e s st sae e st s b e s bbb e rees 128
Figure 4.22: Distribution of four blood test results split by whether the test was the last available
measurement in the inpatient admMiSSION........ciiiiiiii i e e 130
Figure 4.23: Distribution of four vital signs split by whether the result was the last measurement

available in the inpatient admMiSSION. ....cc.uiii i e rrae s 131

vii



Figure 4.24: The percentage of cases and controls that had an A&E visit in the previous 365d ago
split by inclusion/exclusion of information in the 72 hours before the "most recent contact date".132
Figure 4.25: The median (IQR) neutrophil value for cases and controls split by inclusion/exclusion of
information in the 72 hours before the "most recent contact date". .........ccccevieiieiiinenienecneeen. 132
Figure 4.26: Distribution of results from the closest blood test measurement to the “most recent

contact date” in FY2019 for cases and controls for four blood tests, split by the collection location.

............................................................................................................................................................ 134
Figure 4.27: Location where selected samples for blood tests were taken in FY2019..........cccecuvee.. 136
Figure 4.28: Location where selected vital signs were taken in FY2019. ......ccccceeiiiiiiiiiieenieeeneeene 137

Figure 4.29: Percentage of missing data for screening variables with any missing data split by cases
and controls and fOr @aCh FY. ...t 138
Figure 4.30: Change in percentage missing for all variables in subsequent FYs........ccccccevvveeeiiinnens 138
Figure 4.31: The percentage of cases and controls with each characteristic (n=176) <365d before the
"most recent contact" date across all FYS (N=704).......ccouurieeiieeiieiiireeeeeeeeeeiereeee e e eeesivveeeeeeeeeennnns 139
Figure 4.32: Variables with a percentage occurrence in the cases of >20% (absolute) more than in the
CONEIOIS. ettt et s b e s bt e s ae e s et sab e st e bt e bt e bt e sbeesheesheesmeesmneemneenneenneen 140
Figure 4.33: Variables with a percentage occurrence in the cases of 10-20% (absolute) more than in
TN CONTIOIS. ..ttt et e sa e e s bt e et e esab e e s bt e s be e e sabeesabeesabeeesneeesareean 141
Figure 4.34: Variables with a percentage occurrence in the cases of 5-10% (absolute) more than in
TN CONTIOIS. ..ttt e sa e s bt e et e esae e e s be e s be e e sabeesabeesabeeesneeesaneesn 142
Figure 4.35: Variables with a higher percentage (absolute) occurrence in the controls than cases.. 142

Figure 4.36: The absolute change in percentage prevalence in characteristics recorded <365d ago

DELWEEN CONSECULIVE FYS...eiiiiiiiiieiie ettt ettt st e et e e s b e sabeesbeeesmseesareeennes 143
Figure 4.37: Distribution of blood test results for FY2019, split by cases and controls. .................... 145
Figure 4.38: Distribution of vital sign results for FY2019, split by cases and controls...........ccccc........ 146
Figure 4.39: Distribution of personal trait results for FY2019, split by cases and controls................ 146

Figure 5.1: Incidence rate ratio for a one day greater time since closest characteristic (continuous
effect) by number of occurrences in cases in the previous year. .......cccccovceeeeieeeccieeeccciee e, 162
Figure 5.2: Incidence rate ratio for having the characteristic >365d ago versus <365d ago (categorical
effect) by number of occurrences in cases >365d @Z0. .....ceeecuiiiiiiiieiiciiiee e e 162
Figure 5.3: Distribution of the month of the most recent contact taken for those without/with E. coli
2R I3 (e o T o 07 0 TR PSPPI 167
Figure 5.4: Health contact history in the previous five financial years split by the presence of E. coli

2 ] PPN 168

viii



Figure 5.5: Distribution of catchment percentage for those within and not within the "inpatient only"

cohort, but in the “any healthcare” cohort, split by E. coli cases (left) and potential controls (right).

Figure 5.6: IRRs with 95% confidence intervals for core variables for the “inpatient-only” cohort... 171
Figure 5.7: Percentage of missing data for all variables split by presence of E. coli BSI (“inpatient

oY YAV oo o o 1SS 172
Figure 5.8: Expected -log10 global p-values from the initial screen compared with expected -log10 p-
values from the uniform(0,1) distribUtioN. .......cocuiiiiii e e 173
Figure 5.9: Distribution of pairwise correlations between variables significant at the p<0.25

18T =T 3 Vo] [ TR T PP PP UPTOUSR 174
Figure 5.10: IRR (95%) Cl per 2-unit higher number of outpatient attendances in models removing
each variable selected after backwards elimination one at a time. ........cccceveeiieieeneneneeeeee, 177
Figure 5.11: IRR (95%) Cl per 3 months closer diagnosis code from Chapter 21 in models removing
each variable selected after backwards elimination one at a time. ........cccceveeiieiienieneneeeeee, 177
Figure 5.12: IRR (95%) Cl per 3 months closer diagnosis code from Chapter 18 in models removing
each variable selected after backwards elimination one at a time. ........cccceeveevieieenenenereeeeee, 178
Figure 5.13: IRR (95% ClI) for the effect of never having had a diagnosis code from Chapter 12 versus
having a diagnosis code from Chapter 12 £365d ago in models removing each variable selected after
backwards elimination 0Ne at @ tIMe.......coouii i 178
Figure 5.14: Final variables selected in FY2019 using the “inpatient only” cohort where the presence
of the characteristic, or having had the characteristic more recently, increases the risk of having an E.
ol [ 2 ) PSRN 180
Figure 5.15: Final variables selected in FY2019 using the “inpatient only” cohort where the presence
of the characteristic decreases the risk of having an E. coli BSI ..........ccccovieiiiieiiiiiiiee e 181
Figure 5.16: Predicted IRR (95% Cl) for the effect of time since the most recent outpatient
appointment, as predicted from the multivariable model. .........cccoeeriiiiiiiei e, 181
Figure 5.17: Absolute percentage change in R-squared when removing each variable on the y-axis
from the final MOTEN. .....ooueieeeeee ettt st st eees 182

Figure 5.18: IRRs from multivariate models with variables selected using all three p-value thresholds.

Figure 5.19: IRRs from multivariate models with variables selected using two p-value thresholds..186

Figure 5.20: IRRs from multivariate models with variables selected using one p-value threshold only.



Figure 5.22: Variables selected in two of the three cohorts.........cccoccveeiiiiii e, 189
Figure 5.23: Variables selected in one of the three cohorts only.........cccoecveeiiciiiiccee e, 189
Figure 5.24: Estimates from core models with different outcomes based on nosocomial, quasi-
nosocomial, and quasi-commuNity E. COJi BSIS. .......oiiiiiiiiiiiiiieiciieee ettt svae e e s saaee e 191
Figure 5.25: Distribution of days since the closest blood culture collection in the 365d before the
most recent contact for cases (nosocomial E. coli BSIs) and coNntrols. ........cccceecveercieeeceeecieescee e 193
Figure 5.26: Distribution of days since the closest procedure code for prosthesis in the 365d before
the most recent contact for cases (nosocomial E. coli BSls) and controls. .......ccccceeevveeevieercieeeneeenne, 193
Figure 5.27: IRRs and 95% Cls for all estimates in multivariable models which were previously found
using all E. coli BSIs as the model OULCOME. ....coiiciiiiiiciiic e e e 195
Figure 5.28: IRRs and 95% Cls from models using nosocomial BSls as an outcome for variables which
were not found using other E. COli OUTCOMES. ......cocviiiiiiiiie ettt e evae e e e e e e 196
Figure 5.29: IRRs and 95% Cls from models using quasi-nosocomial BSls as an outcome for variables
which were not found using other E. coli OULCOMES. .......vvviiiiiiiiiciieee et 197
Figure 5.30: IRRs and 95% Cls from models using quasi-community BSIs as an outcome for variables
which were not found using other E. coli OULCOMES. .......uvvviiiiiiiiciiiie et 198
Figure 5.31: Comparison of core model estimates using the outcomes of all E. coli BSIs and third-
generation cephalosporin-resistant £. COli BSIS. ......c..ciiiiiiiiiiiiiiiiniec et e e 199
Figure 5.32: IRRs (95% Cl) from the final model using E. coli BSIs resistant to third-generation
€ephalosporins at the OULCOME. ..ouiiiiieiiee e e s e e st b e e s bae e e snraee s 200
Figure 5.33: Predicted incidence rate for the interaction between age and catchment percentage.201
Figure 5.34: Estimates from core models for models run on data from FY2018, FY2019, FY2020, and

L 70 1 TN 202
Figure 5.35: IRR (95%) Cl per 2 unit higher number of urine cultures taken in models removing each
variable selected after backwards elimination from one at a time for FY2021. ........cccccoceevienicnnene 207
Figure 5.36: IRR (95%) Cl per quartile higher neutrophil levels taken in models removing each
variable selected after backwards elimination from one at a time for FY2018. ........cccccoceeveeneinnene 207
Figure 5.37: IRR (95%) Cl for scan of abdomen >365d ago versus <365d ago from models removing
each variable selected after backwards elimination from one at a time for FY2018...........ccccceuee.e. 208
Figure 5.38: IRR (95%) Cl for having a transferrin test requested versus no transferrin test requested
from models removing each variable selected after backwards elimination from one at a time for

L 70 1 TN 208
Figure 5.39: Final variables selected in FY2018 using the “inpatient only” cohort where the presence

of the characteristic was associated with increased risk of having an E. coli BSI..........cccccoeeveernnnneen. 209



Figure 5.40: Final variables selected in FY2018 using the “inpatient only” cohort where the presence
of the characteristic was associated with decreased risk of having an E. coli BSl...........ccccccuvveenneen. 210
Figure 5.41: Final variables selected in FY2020 using the “inpatient only” cohort where the presence
of the characteristic was associated with increased risk of having an E. coli BSI.............ccccocvveeenneen. 211
Figure 5.42: Final variables selected in FY2020 using the “inpatient only” cohort where the presence
of the characteristic was associated with decreased risk of having an E. coli BSl............cccceueveenneen. 212
Figure 5.43: Final variables selected in FY2021 using the “inpatient only” cohort where the presence
of the characteristic was associated with increased risk of having an E. coli BSI...........cccccoeveeeenneen. 213

Figure 5.44: Final variables selected in FY2021 using the “inpatient only” cohort where the presence

of the characteristic was associated with a decreased risk of having an E. coli BSI. ............ccccecoun..n. 214
List of Tables

Table 2.1: Count of visits included in each fortnightly model, including the number not included in
EhE COME MOTEL. ...ttt et et b e s b e e b e b e s beesbeesaeesaeesaneeas 18
Table 2.2 Characteristics of the core variables for visits included in analysis. .......ccccceeeecieeeccciiee e, 20
Table 2.3: Characteristics of screening variables for visits included in the main screen...................... 21
Table 2.4: Characteristics of screening variables for visits included in the behaviour screen. ............ 24
Table 3.1: Characteristics of all visits included in the analysis, split by swab result ............cccoecveeenne 70

Table 3.2: Characteristics of SARS-CoV-2 positive swabs, split by period in which different variants

Lo (o100 Y101 = Te FO PR USPPTTOTS 73
Table 3.3: Change-points corresponding to periods corresponding to the emergence of four key
SARS-CoV-2 variants found by ISR and second derivatives of GAMs for each geographical region, run
ON the FUIl HIME-SEIIES. ..eetietieeee ettt b et s b she e seee e 78
Table 3.4: All changepoints found by iterative sequential regression (ISR) and second derivatives of
generalised additive models (GAM) fOr LONAON. ......c..uiiiiiiiiiiciiee ettt e e e e 79
Table 3.5: Comparison of change-points detected by generalised additive models run on the full time
series from 1st August 2020, 16-week, 24-week, and 32-week periods for London .........cccccveeenneen. 83
Table 3.6: Change-points from GAMs and ISR fitted on the full time-series for BA.4/ BA.5. Change-

points from GAMs are presented for both change-points defined by the second derivative alone, as

well as additional change-points based on the first derivative. ......cccccoecciiiieiiiiiccci e, 86
Table 5.1: Summary of the populations included in the two analysis cohorts...........ccccovveeeeiiiennins 156
Table 5.2: Risk factor timing definitions .......coovviiiiiiiiee e e 158
Table 5.3: Summary of core variables for complete cases only. ......cccccvviviiiiiiiiie e 170
Table 5.4: Number of individuals missing core variables for cases and controls. ..........cccccceeeennnnns 170

Xi



Table 5.5: Number of characteristics and variables from each data source. ........cccccceveeiiinenienenn. 171
Table 5.6: Correlation between variables with absolute correlation > 0.90 .........ccccccevieiiiieeneenenne 175
Table 5.7: Variables with evidence of collinearity selected after backwards elimination (exit p>0.05)
and using univariable p<0.25 as the entry threshold. ..........cccoveiiiiii e, 176
Table 5.8: Comparison of the number and percentage of cases and controls in different urinary
catheter groups as recorded in microbiology data and procedure codes data. .......ccccceeecuvvvieeeeennne 183

Table 5.9: Number of variables selected after backwards elimination for different entry p-value

11 =T 0 Lo o K-SR 184
Table 5.10: Number of variables selected after backwards elimination for cohorts. .........cccevvveeeeen. 187
Table 5.11: The number of variables dropped from analyses due to small numbers. .........cccoeuuveen.n. 191

Table 5.12: Incidence rate ratios for large effects from nosocomial and quasi-nosocomial multivariate
g aTe o L] TSSO 192
Table 5.13: Number of variables selected after backwards elimination using nosocomial, quasi-

nosocomial, and quasi-community E. coli BSIS @S OULCOMES..........eeeeeiiieeiiiiiee e e ccireeeecveeeeeaveee s 194

Table 5.14: Summary of the number of variables selected after backward elimination across all FYs.

Table 5.15: Variables with evidence of collinearity selected after backwards elimination and using
p<0.25 as the entry threshold for FYs 2018, 2019, 2020, and 2021........ceeeeeeieiivreeeeeeeeeicrnreeeeeeeeeanns 205
Table 5.16: The number of cases and controls retained in the core and final models in each financial

year in the “inpatient only” CONOIT. ... .o s 224

Xii



Abstract

Identifying populations at increased risk of infections can help inform public health strategies to
reduce the incidence of disease. Electronic health records (EHRs) and large cohort data offer an
opportunity to consider and identify many risk factors for various infections; however, it is unclear
how to achieve this, especially in near real-time scenarios. This was particularly important during the
rapidly evolving COVID-19 pandemic but is also important for monitoring common bloodstream
infections (BSls) such as Escherichia coli (E. coli) BSls. This thesis therefore aimed to identify

populations at a higher risk of infections using large datasets.

| first developed a real-time screening process to monitor associations between SARS-CoV-2
infection and demographic and behavioural risk factors. | considered potential confounders, multiple
testing, collinearity, and reverse causality during the development of the process and demonstrated
its use between July 2020-2021. | then explored methods to identify changes in growth rates of
SARS-CoV-2 prevalence, comparing Iterative Sequential Regression and second derivates of
generalised additive models. | found that both methods could find change-points around 3-5 weeks
after they occurred in the data and that change-points could be detected earlier within specific
subgroups. | next explored whether | could extend my learning and the methods | developed for use
during the COVID-19 pandemic to investigate different diseases in varying data sources. |
investigated the challenges in using large-scale EHRs when conducting case-control studies to
identify risk factors for E. coli BSls, specifically how to define control groups and risk factors for
analyses of routinely collected data. | found missing data to be a key component when choosing a
control group and that reverse causality could impact associations between calculated risk factors
and E. coli BSls. Finally, | extended and implemented the screening process developed originally for
the COVID-19 pandemic on EHR data to identify associations between risk factors and E. coli BSls. |

discussed potential interventions based on these findings.

Overall, this thesis demonstrated effective methods for identifying populations at increased risk of
infectious diseases using large datasets. With the continuing growth of EHRs, leveraging these
resources to monitor at-risk populations could enhance the targeting of future interventions,

ultimately aiming to reduce the burden of disease.
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Chapter 1 Introduction

1.1 Identifying at-risk populations using data

The idea of using data to find people most at risk of disease is not new. Many have previously
recognised that identifying the risk factors for a disease can lead to interventions that reduce spread
and protect people from harm. One of the earliest, and probably most famous, examples of this in
modern epidemiology is the work of John Snow in 1854. Through mapping the location of water
pumps in London, he traced cases of cholera to a single water pump contaminated with sewage?
leading to the removal of the pump handle to stop continued cholera transmission.? Around a similar
time, Florence Nightingale was working as a nurse during the Crimean War. Through plotting the
causes of mortality on innovative graphs, she linked the high mortality rate to poor sanitation and

overcrowding, leading to the intervention of improved hand hygiene.?

Epidemiologists have also used cohort studies to identify at-risk populations for different diseases,
with the Framingham Heart Study being one of the first long-term studies of its kind.* Originally
established in 1948, the study recruited individuals without cardiovascular disease (CVD) and
followed them over time, leading to the identification of many risk factors including elevated blood
pressure, blood triglyceride, and cholesterol levels.* This study has contributed to numerous
healthcare interventions,” including CVD risk calculation tools for clinicians.®” Also pioneers in the
field of epidemiology, Austin Bradford Hill and Richard Doll established the British Doctors Study in
1951: a prospective cohort study investigating the association between smoking and lung cancer.? By
1954 they published preliminary results with evidence supporting this association,® and twenty years
into the study, alongside Richard Peto, published strong evidence for this association, along with
associations between smoking and other diseases.'® The rate of smoking in England has since

massively declined.!

While, as demonstrated through the examples above, using data for disease surveillance is not new,
large-scale data collected through Electronic Health Records (EHRs) and increasing computing power
is. In this Introduction, | will first introduce the history and growth of EHRs particularly for research
purposes. In the two following sections, | will introduce surveillance systems for the two disease
interests in this thesis: bloodstream infections (BSIs) and COVID-19. | will then present the aims and

outline of this thesis.



1.2 Electronic Health Records

1.2.1 A Brief History of Electronic Health Records

Electronic Health Records (EHRs), also known as Electronic Medical Records (EMRs), are a collection
of electronic (or digital) medical information about individuals including, for example, diagnoses,
medications, and procedures.? The primary purpose of EHRs is often for hospital reimbursement?®*
but they also have been shown to improve patient care via better access to previous healthcare
records for clinicians managing patients and better communication between different hospital
providers.™ Naturally, the use of EHRs grew in parallel with improvements to computers. The
transition from paper to electronic records began in the 1960s, with US academic medical centres
developing their own systems. %8 By the 1990s, it was recognised that computer-based systems
could improve patient care (for example through point-of-care reminders) and computers were

1.2 The late 1990s and 2000s saw increased initiatives to incentivise

more affordable and powerfu
adoption of EHRs, for example in 19982° and 2002% in the UK, although implementation throughout
the 2000s was slow.?? The 2010s saw substantial growth in EHR implementation. One study
estimated that, in the US, EHR adoption rate increased from 6.6% in 2009 to 81.2% in 2019.2% EHRs

are now well-established in England with 90% of NHS Trusts using EHRs in 2023.%*

While the focus above is on EHR implementation in high-income countries, the picture in low and
low-middle-income countries is different and worth contextualising. A systematic review in 2023
summarising the adoption of EHRs in low-income countries concluded that EHRs are currently at an
early stage of implementation.?® The main barriers the studies mentioned included lack of training,
poor infrastructure, and lack of management commitment. However, they gave examples where
EHRs positively impacted patient care, for example, in Uganda?® and Rwanda,?” stating that the
adoption of EHRs is becoming feasible and more possible in the future. Analyses of EHRs in middle-
income countries show a similar picture, with interoperability and integration of standalone
electronic systems being particularly challenging and barriers to progress including a lack of national
leadership and conflict.? The disparity in provision of EHRs in high vs low- and low-middle-income
countries was recognised by the World Health Organization (WHO) in the Global Strategy on Digital
Health for 2020-2025 with one of four guiding principles being to “recognize the urgent need to
address the major impediments faced by least-developed countries implementing digital health
technologies”.? It is important to recognise that, due to the barriers explored above, the discussions

around EHR use in this thesis are most applicable to high-income countries such as the UK.



1.2.2 Electronic Health Records for research and surveillance

As the number of EHRs and the data they include has grown, EHRs have been increasingly used for
research. The large amount of data on a large variety of factors, continuously updated over time,
offers a wealth of information with which to explore medical questions ranging from assessing the
impact of healthcare interventions®® such as the cost-effectiveness of different hip replacements! to
predicting healthcare outcomes for the future, particularly with advances in machine learning and
artificial intelligence.3? EHRs have been used previously to identify risk factors for diseases, for
example finding risk factors for cardiovascular diseases in those who previously had cancer®® and

investigating whether body mass index (BMI) is a risk factor for dementia.3*

Near real-time surveillance using EHRs has challenges. Real-time surveillance relies on up-to-date
data streams that may lag for varying reasons, for example, due to the time between patient
discharge and electronic recording and the time from data input to researcher access. Once the
researcher has access to the data, processes such as data cleaning may take time, further impacting
surveillance timeliness. In addition, data quality may impede the use of EHRs for surveillance due to
incomplete case ascertainment, for example where tests are done outside of hospital settings (e.g.
for COVID-19) or due to factors such as cause of death being difficult to ascertain with confidence.?®
EHRs can also be messy with large amounts of missing data and unexpected change-points due to
changes in hospital infrastructure® such as a new analyser measuring blood test results reporting
with different units. “Garbage in, garbage out” holds true for all statistical analyses and hence these
inconsistencies are vital to consider when using EHRs for research.?” These challenges
notwithstanding, studies have demonstrated the value use of EHRs for surveillance, for example
providing a real-time early warning system for COVID-19 mortality based on laboratory results and

clinical measurements,®® and providing near real-time estimates of COVID-19 case numbers.>

A common challenge encountered when using EHR data for research in England is the lack of access
to linked datasets. Data linkage involves combining data from different sources for the same person
to create a new and enhanced dataset.*° This could be, for example, linking inpatient admissions
with laboratory test results, or linking inpatient admissions with general practice (GP) (primary care)
records. Being able to link data from different sources has numerous benefits for research.*! It
allows analysis of associations that may otherwise be difficult to determine through one data source
alone, for example, linking inpatient admissions with GP records would allow greater ascertainment
of comorbidities for individuals getting admitted to hospital. While the benefits of data linkage are
evident, in reality there are many barriers and practical challenges that may slow down or
completely inhibit the linkage of data from different sources. A systematic review in 2022 identified

the main barriers to data linkage in the UK, with the key issue reported being limits to technical



capabilities and data quality issues.*? This included the absence of secure data transfer methods and
old systems unable to share data across organisations. Differences in data quality and coding
algorithms between organisations were also noted as being particularly challenging. The
underpinning legal and ethical framework was cited as the second most common barrier, with laws

set up to improve data protection often limiting the sharing of data which is vital for data linkage.

There is currently no provision for national linked healthcare data across the population of England.
This is due to some of the barriers mentioned above including a lack of secure mechanism for
researchers to access data and conduct population-wide research and no national linkable primary
care data until very recently.® This means that research on datasets in England is usually carried out

on data in one of the three following ways:

1. Linked and detailed local level data e.g. Infections in Oxfordshire Research Database,*

2. National-level unlinked datasets such as Hospital Episode Statistics (HES)* or the Clinical
Practice Research Datalink (CPRD) for primary care data,*

3. National-level datasets with linkage specifically for a project e.g. linking primary care data

from CPRD with secondary care data from Hospital Episode Statistics (HES).4#8

COVID-19 has accelerated the development of national-level linked data, with studies successfully
linking multiple data sources to obtain data on 96% of the English population, linking primary care
data with HES, the death registry, laboratory testing for COVID-19, and community dispensing.*® The
OpenSAFELY platform was also established,* covering >99% of primary care records in England and
linked to HES.>® The COVID-19 pandemic demonstrated that with increased capacity and need, there
could be faster and more efficient access to data and increased data linkage while still carrying out
analysis safely and securely under data protection principles,® however specific legislation had to be

passed to allow this.*?

The way researchers access EHR data to conduct research must be balanced to ensure data privacy
while allowing timely access to data. There are currently two broad ways researchers access data in

England:

1. Researchers gain access to data through the raw data being shared directly with them. This
will be under strict specific restrictions. Some examples of these restrictions, as outlined by
the Data Access Request Service for accessing NHS digital data, include the requirement to
store data on an encrypted laptop and to delete the data after the research is completed.>?

2. Researchers gain access to data from working within a Secure Data Environment (SDE). Raw

data never leaves the SDE and all research outputs (e.g. graphs and tables) taken out of the



SDE have to be approved before being shared. Examples of SDEs include the Office for

National Statistics (ONS) Secure Research Service® and the OpenSAFELY platform.*

SDEs are becoming an attractive approach to data sharing and access, especially since the
publication of the “Goldacre Review” in April 2022 that recommended using SDEs (called Trusted
Research Environments in the review) as the norm for all analyses of NHS patient records.” By never
sharing the raw data outside of the SDE, patient data is safer as it is never stored on an individual's
laptop which could, for example, be lost. All output taken from within the SDE for publication or
sharing has to be approved further ensuring patients cannot be identified from output. The
OpenSAFELY platform also requires that all code which is written inside the SDE be shared for
potential re-use by subsequent users, a further benefit saving researcher time and deduplicating
efforts. However, SDEs have limitations, as they are resource-intensive and require large teams of
employees to review files before adding them to or removing them from the SDE. They can also be
slow to use with many individuals working within a shared environment. While they sound good in

principle, in practice they can therefore be challenging to use.

1.3 Surveillance of bloodstream infections in England
Before starting analyses investigating how to improve identification and surveillance of risk factors
for BSls using EHRs, it is important to understand the history of BSI surveillance and the current

surveillance situation.

Mandatory surveillance of BSIs in England began in 2001 in response to observed rising rates of
Staphylococcus aureus (S. aureus) bacteraemia.*® Initially, this surveillance compromised quarterly
reports from Trusts reporting the total number of positive blood cultures, the number of blood
cultures positive for S. aureus, and of those, how many were Methicillin-resistant.>” In 2005,
additional characteristics such as date of birth, sex, and patient’s location were added to enhance
surveillance.>® Mandatory reporting of Clostridioides difficile was added in 2004 for patients aged
265 years, expanding to all cases in patients aged >2 years in 2007. Reporting of E. coli bacteraemias
was initially voluntary but was made mandatory in June 2011 following observed year-on-year
increases. Klebsiella species and Pseudomonas aeruginosa bacteraemia were added to the
mandatory surveillance in 2017 following government targets to reduce Gram-negative infections by
50% by 2021. For surveillance of all these pathogens, information on infections was collected
separately in each acute hospital trust and then reported to UKHSA via a web-based surveillance
system; the Healthcare Associated Infection Data Capture System (HCAI-DCS). One output of
mandatory surveillance was the establishment of the English Surveillance Programme for

Antimicrobial Utilisation and Resistance (ESPAUR). This program aimed to bring together mandatory



surveillance (including resistance) with antimicrobial use to monitor the number of infections and
antimicrobial stewardship.® The first report from the programme was published in 2014°° and

reports have been published annually ever since.®®

The current ESPAUR report published in November 2023 reported the trends in the incidence of
priority pathogens causing BSls, with the incidence of most pathogens being consistent or marginally
increased from 2018-2022, apart from E. coli and Streptococcus pneumoniae which decreased over
this timeframe, coincident with the COVID-19 pandemic (Figure 1.1).5! E. coli was the most common
key BSI pathogen identified. Regional estimates of BSls were also presented with rates generally
being highest in the North East. Key characteristics of age, ethnicity, and deprivation were also
summarised for BSls, particularly with a focus on the number of AMR BSls in these subgroups,
finding that those in the highest age group (>74 years), in the most deprived quintile for deprivation,

and those of white ethnicity had the highest rates of BSls.

Figure 1.1: Annual incidence rate of key pathogen BSI, per 100,000 population, England
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Source: UKHSA, ESPAUR Report 2022/23.5

The use of the current surveillance data to monitor populations at risk of BSls is limited for several
reasons. First, only identified infections are collected and stored within the HCAI-DCS. Positive
microbiological test results are stored in a separate system, the Second Generation Surveillance
System (SGSS). However this does not have negative test results. Without negative test results, it can
be challenging to identify those at higher risk as there is no negative control group to compare to —
the only comparisons possible are with national data, for example on age, sex and deprivation as

above. Further, data completed by the Infection Control teams at the local level into the HCAI-DCS



has previously been shown to have high levels of missingness for some characteristics.5?
Completeness of characteristics varied by both pathogen isolated and the data field. For example,
fields were on average 81% complete for S. aureus BSIs but only 48% complete for C. difficile. This
highlights the importance of trying to use linked EHRs, as a potentially more complete data source,
to better understand what is impacting the numbers of BSIs in England and hence what

interventions might be most useful to reduce the number of BSls.

1.4 Surveillance of COVID-19

In December 2019, doctors noticed a cluster of pneumonia cases in Wuhan, China.®® This cluster of
cases was identified as a novel coronavirus, subsequently termed “SARS-CoV-2” and most commonly
known as COVID-19. On 30th January 2020, the World Health Organisation (WHO) declared a Public
Health Emergency of International Concern due to the rapid spread of the virus, and by 11th March
2020, a pandemic was declared.®* Over the following years, COVID-19 would spread around the
globe, causing an estimated 776 million infections® and 7.1 million deaths globally®® as of 8th July
2024. The impact that COVID-19 had on public health and society was enormous. Restrictions to
control the spread of the virus were varied and ever-changing, as demonstrated in England over the
first two years of the pandemic in Figure 1.2. Many people are still bearing the cost of having had

the disease through long COVID, and many economies are still recovering.

The unprecedented nature of the COVID-19 pandemic was matched by the response from the
scientific community. Within a year of COVID-19 first emerging, a vaccine was developed and
administered, with the first vaccine being given on 8th December 2020 in the UK.%” This was much
faster than usual vaccine development which typically takes upwards of ten years.®® Large-scale
testing facilities were also established within the first months of the pandemic being declared. In
England, NHS Test and Tract was launched on 28 May 2020, allowing quick and easy access to PCR

(Polymerase Chain Reaction) tests for those with pre-defined COVID-19 symptoms.®°



Figure 1.2: Timeline of key COVID-19 restrictions in England.
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Near real-time surveillance of COVID-19 in the UK was performed using several studies, with
diversity in data collection methods and the type of data collected. Large, community-based
surveillance studies aimed to assess who had COVID-19 in the general population in near real-time
allowing effective and informative policy decisions. The first survey launched in the UK was the
Office for National Statistics (ONS) COVID-19 Infection Survey (CIS) which started collecting data on
26 April, 2020.72 This survey was set up to monitor who was testing positive for SARS-CoV-2 in the
community and recruited randomly selected households across the UK. Participants were swabbed
regularly regardless of symptoms, meaning both symptomatic and asymptomatic cases were
identified. Another study which also launched in April 2020 and focused on community testing was
REACT: Real-time Assessment of Community Transmission.”®> REACT was a point-prevalence survey
that swabbed 100,000 different randomly selected people each month, again regardless of

symptoms, testing them for SARS-CoV-2 and recording other characteristics.

The examples provided above were both community surveys with randomly selected participants,
but other projects took different approaches. The COVID Symptom Study, now known more broadly
as the ZOE Health Study, was a partnership between British company Zoe and Kings College
London.” This study was run through a free phone app where participants could log symptoms they
were experiencing daily and were advised to seek testing dependent on symptoms, allowing
estimation of the number of symptomatic COVID-19 cases. Another study taking a different
approach was the SARS-CoV-2 immunity and reinfection evaluation study, known as SIREN.” This
study was restricted to those who worked in healthcare settings, with participants being recruited
through one of 135 hospital sites they worked at. This study focused on trying to understand the
immune response to COVID-19 and evaluate the protection offered by vaccines and the nature of
reinfections in healthcare workers, who had high exposure. The four studies mentioned above are
not an exhaustive list of studies monitoring COVID-19 in the UK, but they portray the scale and

diversity of studies done.

Other studies took advantage of pre-collected data by using EHRs. While data linkage in EHRs can be
challenging (as discussed above), the accelerated need to understand the COVID-19 pandemic led to
insightful studies using linked EHR data. One study linked all SARS-CoV-2 PCR tests in England to
hospital attendance and mortality data where available, estimating the number of hospital-onset
cases to better understand the onset of COVID-19 in hospitals and the community.”® Another study
linked these data to find the risks of hospitalisation and death associated with the Omicron and
Delta variants, finding that hospitalisation and death were reduced for Omicron compared with
Delta while also showing that pre-existing immunity through either vaccination or previous infection

reduced the risk of hospitalisation.”” Many studies also used data to assess vaccine response, for
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example linking test results from PCR and lateral flow tests with vaccination data from the National
Immunization Management System (NIMS) to estimate vaccine effectiveness against the Omicron
Variant.”® With a new disease and multiple new vaccines, studies such as these were able to use pre-

collected data to importantly add to the knowledge base at the time.

Using data from the national PCR and lateral flow test results had limitations. Primarily, these tests
were only from individuals who sought testing. This was likely to miss many infections as an
estimated 41% of SARS-CoV-2 cases were asymptomatic’® and the national testing programs
restricted the availability of tests based on symptoms for substantial periods of time. Additionally,
the uptake of testing was influenced by various factors, such as the availability of testing facilities
and the cost of self-isolation, which was more likely to negatively impact those experiencing high
deprivation levels who could not afford to miss work.8° As CIS and REACT tested everyone in their
respective cohorts regardless of symptoms they were likely to be less affected by these issues.
However, looking at all the evidence from all the studies together gave increased confidence of true
effects when they were observed in multiple studies, and allowed further investigation and

understanding when studies from different sources provided different results.

This section has highlighted the vast amount of work done during the pandemic. Moving forward,
there are opportunities to use the large amounts of data collected to better understand the
pandemic and how to respond in the future and also use the methods developed during the

pandemic to better understand other infectious diseases.

1.5 Thesis Outline

The aim of this thesis is to identify populations at a high risk of infections using large datasets.

In Chapter 2, | developed a process to monitor populations at an increased risk of COVID-19 in the
community using population-level data from CIS. | focused on creating a process that could be used
in near real-time to allow key risk factors to be monitored throughout the pandemic to give a better
understanding of what was driving current increases in positivity rates. As | considered many risk
factors, | developed a process that could handle large amounts of missing data and | assessed the

impact of multiple testing.

In Chapter 3, | looked at the overall population trends of COVID-19 which was an important part of
monitoring the risk of COVID-19. There was no clear guidance on what method would be best to
identify when population trends were increasing or decreasing so | compared two methods that
looked for changes in population trends: Iterative Sequential Regression and second derivatives of

generalised additive models. | compared the location of the change-points these methods found
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retrospectively over two years of the pandemic as well as assessing how quickly these methods

detected change-points in near real-time.

| went on to apply the methods | developed in Chapter 2 to a new context, specifically seeing if |
could apply the methodology to EHRs to monitor E. coli BSls. | first had to define a control group and
risk factors using EHRs. In Chapter 4, | explored the challenges encountered when doing this and
suggested various ways to define control groups and risk factors while accounting for different types

of bias using EHRs.

In Chapter 5, | combined the learning from Chapters 2 and 4 to run the screening process on EHR
data to find risk factors for E. coli BSIs. | investigated risk factors annually over multiple years from
2018 to 2022. | also considered whether risk factors varied across different types of E. coli BSls, for
example, nosocomial BSls or those resistant to certain antibiotics. | discussed the risk factors found
within the context of the literature and explored potential reasons for new risk factors which |

identified.

| conclude this thesis with a discussion on the potential future direction of this work, focusing on

expanding the methodology developed to national-level data.
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Chapter 2 Monitoring populations at increased risk for SARS-CoV-2

infection in the community

The work presented in this Chapter was published in The Lancet Regional Health — Europe in 2022.5! |

authored the text and figures below (which are reproduced here largely unaltered from the
published work) with input from supervisors commensurate with the amount of input/advice that
would be considered appropriate for a DPhil thesis. All authors have agreed to the inclusion of this

published work in my thesis.

2.1 Introduction

As of 8th July 2024, there have been over 776 million SARS-CoV-2 cases worldwide.5> Disparities in
COVID-19 risk and outcomes based on demographics and behaviours have been described in the
UK®283 and globally,®*8> but emerging variants® coupled with varying control policies, including
differential vaccine roll-out programmes, reinforce the need to monitor characteristics of individuals

“at increased risk” for SARS-CoV-2 infection continuously.

In particular, as of 26" October 2021, when this analysis was conducted, the World Health
Organisation (WHO) had identified four Variants of Concern (VOC) based on evidence of greater
transmissibility, virulence, and/or decreased effectiveness of public health and social measures.®
Identifying groups in whom newly identified variants of concern were spreading in the community
was considered vital in preventing widespread transmission. In England, since 26" March 2020,
there had been three national lockdowns, a tiered system?® with varying restrictions in smaller
geographical areas, and various other restrictions between these,” all affecting behaviour and risk of
acquiring and spreading SARS-CoV-2. Finding societal factors or specific behaviours where these
restrictions were less effective may assist policy development. With restrictions being relaxed in
many countries from 2021 onwards, rapidly identifying groups where positivity was rising in real-

time could help monitor the spread of SARS-CoV-2 and target advice.

High-quality surveillance is challenging, particularly given the large proportion of asymptomatic
SARS-CoV-2-infected individuals,® with a balance between missing important but potentially
imprecisely estimated signals (false-negatives) and noise (false-positives). With large datasets
containing many potential risk factors, multiple testing is inevitably problematic,® but standard
approaches to building regression models restricting to smaller numbers of hypothesised associated
factors risk missing true signals with a rapidly evolving pathogen and societal responses. The
cumulative effect of missing data across many risk factors can mean substantial proportions of the

original sample are excluded from penalised regression or backwards elimination, losing power,*®
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and risking bias if missingness depends on the outcome.®® Further, the most informative way to
collapse small sub-categories amongst explanatory variables is often unknown. A method allowing
numerous variable parametrisations of many individual variables would therefore be useful,
provided collinearity and confounding can be taken into account given their potential to impact

effects sizes and/or direction and incorrectly influence interpretation.®?

Using the Office for National Statistics (ONS) COVID-19 Infection Survey, a large community-based
surveillance study, | therefore developed a process with the potential to monitor groups with the

highest SARS-CoV-2 positivity week by week.
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2.2 Methods

2.2.1 Study design
The ONS COVID-19 Infection Survey was a large household survey with longitudinal follow-up
(ISRCTN21086382; https://www.ndm.ox.ac.uk/covid-19/covid-19-infection-survey/protocol-and-

information-sheets). Private households were randomly selected on a continuous basis from address

lists and previous surveys to provide a representative sample across the UK. Following verbal
consent, a study worker visited each household to take written informed consent for individuals
aged >2 years (from parents/carers for those 2—15 years; those 10-15 years also provided written
assent). The study received ethical approval from the South Central Berkshire B Research Ethics

Committee (20/SC/0195).

Participants were asked about demographics, behaviours, work, and vaccination uptake, as can be

seen on the Case Report Forms available here: https://www.ndm.ox.ac.uk/covid-19/covid-19-

infection-survey/case-record-forms. New iterations of the forms added new characteristics as they

became relevant (e.g. COVID-19 vaccination) and occasionally changed the wording of questions for
clarity. At the first visit, participants were asked for consent for optional follow-up visits every week
for the next month, then monthly thereafter. At each visit, participants provided a nose and throat

self-swab.

2.2.2 Inclusion/exclusion criteria

This analysis included visits from 19t July 2020 to 17% July 2021 with a positive or negative swab
result, including one visit per participant within each discrete fortnight in this period, namely the
first test-positive visit, otherwise the last (negative) visit. This mimics repeated point-prevalence

surveys, similar to the English Real-time Assessment of Community Transmission (REACT) study.”

2.2.3 Outcome and exposures

The outcome of the analysis was any SARS-CoV-2 PCR-positive swab in each fortnight. For exposures,
| identified eight non-missing key potential confounders (“core” variables): age (years), sex, ethnicity
(white vs non-white as relatively small numbers in the latter), geographical region (12 levels; 9
English regions and 3 devolved administrations: Wales, Scotland, Northern Ireland), rural/urban
classification (major urban area, urban town/city, rural town, and rural village), deprivation
percentile (see below), household size, and whether the household was multigenerational (defined
as households including individuals aged school year 11 or younger AND school year 12 to age 49
AND aged 50+). Deprivation was assessed using the index of multiple deprivation (IMD) in England, a
score based on lower-layer super output areas with an average population of 1,500 people and

incorporating seven domains to produce an overall relative measure of deprivation (income,
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employment, education, skills and training, health and disability, crime, barriers to housing services
and living environment).** Equivalent scores were used in the other three countries comprising the

§] K.95_98

| next defined 60 non-core “screening” variables that could dynamically identify those at increased
risk of testing positive from questions detailing participant’s current work/school status, including
the ability to social distance and patient-facing healthcare/social-care roles, current health status
including COVID-19 vaccination and smoking, household and living environment, and contacts
including with care homes, hospitals, and confirmed COVID-19 cases. IMD sub-components were

assessed in the variable screening, however these were only available for England.

Although participants were tested predominantly monthly, most behavioural questions related to
the last 7 days. As public health laws at the time required self-isolation if one tested positive for
COVID-19, those with zero physical/social contacts were potentially more likely to have already had
a positive swab result compared with those with one or more contacts. As some participants already
knew/thought they had COVID-19 (from symptoms or testing outside the study) this could affect
behaviours reported immediately before study tests, leading to reverse causality. The screening
variables were therefore grouped into those most plausibly preceding any current infection (47
variables), or potentially modified through knowledge of recent prior infection (13 variables). The
latter included the number of social/physical contacts, frequency of shopping and/or socialising, and
time spent in other's homes/other people spent in participants’ homes. Rather than using the value
self-reported at the included visit, | considered the maximum reported value across all visits in the
preceding 35 days, excluding the included visit (with the positive/negative swab included in the
analysis), and only including participants with at least one test-negative visit in the preceding 10-35

days.

| incorporated work sector into the screening process as 16 separate binary variables (each work
sector vs all other work sectors) rather than a 16-level categorical variable because the expectation
was that only one or two sectors might have higher or lower positivity, with little difference between
most sectors. Inclusion as one 16-level variable could risk missing effects of important individual
work sectors versus an arbitrary reference category given the 16 degree of freedom global test, and,
dependent on the reference category, individual effects may not be significant enough to capture at
the individual p-value level. Instead, the chosen parameterisation compared participants in each
work sector to those currently working in all other work sectors. | treated all other categorical
variables (with a maximum of 5 levels) as mutually exclusive categories with a fixed reference

category.
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2.2.4 Statistical analysis

Within each fortnight, associations between SARS-CoV-2 positivity and the eight “core”
characteristics were estimated using logistic regression (numbers included per fortnight in Table
2.1). These characteristics were included in all subsequent models regardless of statistical
significance. All analyses used complete cases (all “core” variables were non-missing); models with
household-level random effects would not converge due to low positivity rates. For the geographic
region, South West England was the reference as this had the lowest SARS-CoV-2 positivity across

the study, facilitating the identification of where infections were increasing.

Given the large number of effect estimates over the 52-week study period (e.g. shown for rural/
urban classification in Figure 2.1), | summarised the importance of each characteristic over time
using two properties simultaneously: 1) global (Wald) p-value and 2) overall effect size, to create a

standard error-weighted mean effect estimate:*

1
LsetppPi
1

Overall ef fect size = exp ( >, where f5; is the log odds ratio for each level.

se(By)

For categorical variables with multiple levels, | set the reference category to the level with the
lowest positivity in each fortnight to avoid overall effect sizes netting to zero if some category levels
had an odds ratio >1, while others had an odds ratio <1, compared with the reference category. To
incorporate non-linear effects, a restricted natural cubic spline was used with 4 internal knots at 20,
40, 60, and 80th percentiles of unique ages, and boundary knots at 5th and 95th percentiles; the
overall effect size combined estimates at ages 10, 25, 40, 55 vs 70 years (reference category) as

above.

| tested interactions between the eight core variables individually in fortnights where positivity was
>0.5% (arbitrary threshold to avoid small numbers), conducting backwards elimination on all
interactions with individual global heterogeneity p-value<0.001 (Bonferroni adjustment, 0.05/26

|ll

(number of interaction tests)), creating the “core model”. An overall effect size was calculated for
interactions as above, but taking the absolute coefficient values. Interactions between household
size and multigenerational households, and region and rural/urban classification were not
considered as, by definition, all those living in multigenerational households had a household size of

3 or more, and not all regions included major urban conurbations.

Given missing data (Table 2.3; Table 2.4), | used forward selection to retain as many participants as
possible when screening each non-core characteristic based on complete-cases, first adding each of
the 47 “screening” variables individually to the “core model”, thus estimating the total effects not

explained by core characteristics. For all work-related variables, work status was included regardless
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of significance so that effects reflected additional effects of the characteristic for those currently
employed and working. To monitor multiple testing, | plotted observed p-values (global per variable
and individual level vs reference) against expected p-values assuming no difference (randomly
distributed between 0 and 1 given the number of tests), creating a Q-Q plot, including 0.05,
Bonferroni and Benjamini-Hochberg adjusted p-values (0.05/tests) as references. As the goal was to
identify signals of “at-risk” populations, | included all characteristics with either global p<0.05 or any
level with p<0.001 vs reference, and then used backward elimination (exit p=0.05) to identify a final
“main model”. | used a similar methodology on the behavioural variables, also adjusting for variables
identified from the main screen, regardless of significance. | categorised screening variables after

backwards elimination into five broad groups dependent on the persistence of effects as follows:

o Never: The effect is never significant at a p<0.05 threshold in any fortnight

e Inconsistent: The variable is significant at a p<0.05 threshold in at least one fortnight, but
never with an odds ratio in a consistent direction in any consecutive fortnights

e Isolated: The variable is significant at a p<0.05 threshold in two consecutive fortnights at
most once, and “never consecutive” at all other times

e Comes/goes: The variable is significant at a p<0.05 threshold in three or more consecutive
fortnights, or two consecutive fortnights at least twice, and is not significant with a gap of at
least three fortnights, or two gaps of two fortnights, if the effect appears again.

e Persistent: The variable is significant at a p<0.05 threshold for the entire period after the
first significant fortnight, with no more than one gap of two fortnights separating the

consistency of the effect.

2.2.5 Sensitivity Analyses

To assess the impact of small numbers of positive tests in some fortnights on power, | repeated the
process using 28-day periods. | also evaluated how many “true” effects (defined as seen in at least
two consecutive fortnights), | would have detected earlier, later, or at the same time given the time

period used.

Given logistic regression can have higher bias and variability with low rates, and hence lose accuracy
and precision,'® | also compared the core variable estimates with those from ridge regression. This
penalised regression technique can help overcome these issues by adding a penalty term with
shrinks estimated coefficients towards zero. To compare, | quantified the number of ridge regression

coefficients falling with the 95% confidence intervals of the logistic regression estimates.
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Table 2.1: Count of visits included in each fortnightly model, including the number not included in the core
model.

Fortnight Positive visits, n  Negative visits, n  Total, n (%) Negative visits excluded
(%) (%) from core models*, n (%
of negatives)

19Jul20 - 01Aug20 27(0.1) 32,157 (99.9) 32,184 (100) 4,074 (12.7)
02Aug20 - 15Aug20 22 (0.1) 43,073 (99.9) 43,095 (100) 8,672 (20.1)
16Aug20 - 29Aug20 41(0.1) 57,895 (99.9) 57,936 (100) 0(0.0)
30Aug20 - 12Sep20 111 (0.1) 76,276 (99.9) 76,387 (100) 0(0.0)
13Sep20 - 265ep20 320(0.3) 116,467 (99.7) 116,787 (100) 0(0.0)
27Sep20 - 100ct20 1,090 (0.6) 171,298 (99.4) 172,388 (100) 0(0.0)
110ct20 - 240ct20 1,995 (1.0) 194,123 (99.0) 196,118 (100) 0(0.0)
250ct20 - 07Nov20 2,109 (1.2) 169,735 (98.8) 171,844 (100) 0(0.0)
08Nov20 - 21Nov20 2,316 (1.2) 192,715 (98.8) 195,031 (100) 0(0.0)
22Nov20 - 05Dec20 1,874 (1.0) 192,534 (99.0) 194,408 (100) 0(0.0)
06Dec20 - 19Dec20 2,286 (1.2) 190,313 (98.8) 192,599 (100) 0(0.0)
20Dec20 - 02Jan21 2,710 (1.9) 136,703 (98.1) 139,413 (100) 0(0.0)
03Jan21 - 16Jan21 3,891 (1.9) 198,116 (98.1) 202,007 (100) 0(0.0)
17Jan21 - 30Jan21 3,275 (1.7) 194,157 (98.3) 197,432 (100) 0(0.0)
31Jan21 - 13Feb21 2,171 (1.0) 205,148 (99.0) 207,319 (100) 0(0.0)
14Feb21 - 27Feb21 1,058 (0.5) 196,410 (99.5) 197,468 (100) 0(0.0)
28Feb21 - 13Mar21 621 (0.3) 193,549 (99.7) 194,170 (100) 0(0.0)
14Mar21-27Mar21  475(0.3) 173,734 (99.7) 174,209 (100) 0(0.0)
28Mar21 - 10Apr21 364 (0.2) 169,692 (99.8) 170,056 (100) 0(0.0)
11Apr21 - 24Apr21 189 (0.1) 164,958 (99.9) 165,147 (100) 0(0.0)
25Apr21 - 08May21 123 (0.1) 172,931 (99.9) 173,054 (100) 0(0.0)
09May21 - 22May21  137(0.1) 164,249 (99.9) 164,386 (100) 0(0.0)
23May21 - 05Jun21 240 (0.1) 160,888 (99.9) 161,128 (100) 0(0.0)
06Jun21 - 19Jun21 309 (0.2) 167,862 (99.8) 168,171 (100) 0(0.0)
20Jun21 - 03Jul21 675 (0.4) 159,246 (99.6) 159,921 (100) 0(0.0)
04Jul21 - 17Jul21 1,474 (0.9) 167,405 (99.1) 168,879 (100) 0(0.0)

* Negative visits were excluded in the two earliest fortnights due to perfect prediction
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Figure 2.1: Log odds ratios with 95% confidence intervals for the effect of rural/urban classification (reference category rural village) across the 52-week study period
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2.3 Results

Analyses included 4,091,537 RT-PCR results from nose and throat swabs from 482,677 individuals
(median (IQR) swabs per participant=9 (6-11)) in 240,490 households (median (IQR) swabs per
household per fortnight=2 (1-2)) from 19" July 2020-17*" July 2021. 29,903 (0-7%) swabs were
positive. Characteristics of included visits are shown in Table 2.2 (core variables) and Table 2.3 and
Table 2.4 (screening variables). Overall, the median (IQR) age was 52 years (33-66), 7% visits
occurred in those reporting non-white ethnicity, 53% in females, 36% in those residing in major
urban areas and 43% in urban cities/towns, most (42%) in two-person households, and with a
median deprivation percentile of 60 (34-81) (1=most deprived, 100=least deprived) (Table 2.2;
screened variables Table 2.3, Table 2.4). The highest fortnightly positivity was 1.9% (95% Cl 1.9-
2.0%) from 20" December to 2" January 2020, and the lowest was 0.05% (0.03-0.08%) from 2" to
15" August 2020 (Figure 2.2). Numbers within each fortnight increased as the study expanded from
August to October 2020, with 32,184 participants from 19t July to 15 August 2020 to a median of
173,054 (IQR 168,171-195,031) from 27" September 2020 onwards (Figure 2.3).

Table 2.2 Characteristics of the core variables for visits included in analysis.

Characteristic Positive, n (%) or Negative, n (%) or Total, n (%) or

median (IQR) median (IQR) median (IQR)

Age (years) 43 (23, 58) 52 (33, 66) 52 (33, 66)
Sex

Male 14,405 (48) 1,911,299 (47) 1,925,704 (47)

Female 15,498 (52) 2,150,335 (53) 2,165,833 (53)
Ethnicity

White 26,702 (89) 3,764,627 (93) 3,791,329 (93)

Non-White 3,201 (11) 297,007 (7) 300,208 (7)
Deprivation percentile (1=most 54 (29, 78) 60 (34, 81) 60 (34, 81)
deprived, 100=least deprived)
Household (HH) size

One 3,842 (13) 675,623 (17) 679,465 (17)

Two 10,124 (34) 1,725,494 (42) 1,735,618 (42)

Three 5,797 (19) 657,828 (16) 663,625 (16)

Four 6,639 (22) 686,036 (17) 692,675 (17)

Five or more 3,501 (12) 316,653 (8) 320,154 (8)
Multigenerational HH

No 27,311 (91) 3,796,655 (93) 3,823,966 (93)

Yes 2,592 (9) 264,979 (7) 267,571 (7)
Rural/urban classification

Major urban area 14,044 (47) 1,449,580 (36) 1,463,624 (36)

Urban city/town 11,425 (38) 1,735,105 (43) 1,746,530 (43)

Rural town 2,445 (8) 435,296 (11) 437,741 (11)

Rural village 1,989 (7) 441,653 (11) 443,642 (11)
Region

London 6,498 (22) 698,608 (17) 705,106 (17)

North West England 5,077 (17) 477,380 (12) 482,457 (12)

North East England 1,390 (5) 156,119 (4) 157,509 (4)
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Characteristic

Positive, n (%) or

Negative, n (%) or

Total, n (%) or

median (IQR) median (IQR) median (IQR)
Yorkshire 2,861 (10) 343,353 (8) 346,214 (8)
West Midlands 2,266 (8) 311,661 (8) 313,927 (8)
East Midlands 1,893 (6) 264,293 (7) 266,186 (7)
South East England 2,986 (10) 531,594 (13) 534,580 (13)
South West England 1,332 (4) 320,869 (8) 322,201 (8)
East England 2,425 (8) 405,304 (10) 407,729 (10)
Northern Ireland 665 (2) 106,660 (3) 107,325 (3)
Wales 969 (3) 179,900 (4) 180,869 (4)
Scotland 1,541 (5) 265,893 (7) 267,434 (7)

Table 2.3: Characteristics of screening variables for visits included in the main screen.

Characteristic

Positive, n (%) or

Negative, n (%)

Total, n (%) or

median (IQR) or median (IQR) median (IQR)
N=29,903 N=4,061,634 N=4,091,537
Contact with other people
Contact with known Covid-19 (last 28 days)
No 13,999 (47) 3,640,835 (90) 3,654,834 (89)
Yes 15,904 (53) 420,799 (10) 436,703 (11)
Missing 0(0) 0(0) 0(0)
Contact hospital (last 28 days)
No 22,699 (76) 3,124,538 (77) 3,147,237 (77)
Yes, | have 3,677 (12) 500,711 (12) 504,388 (12)
No, but someone in my household has 2,967 (10) 359,387 (9) 362,354 (9)
Missing 560 (2) 76,998 (2) 77,558 (2)
Contact care home (last 28 days)
No 28,007 (94) 3,825,176 (94) 3,853,183 (94)
Yes, | have 623 (2) 77,503 (2) 78,126 (2)
No, but someone in my household has 592 (2) 67,317 (2) 67,909 (2)
Missing 681 (2) 91,638 (2) 92,319 (2)
Travel abroad in the last 28 days
No 29,662 (99) 4,034,194 (99) 4,063,856 (99)
Yes 241 (1) 27,440 (1) 27,681 (1)
Missing 0(0) 0(0) 0(0)
Face covering
Yes, other situations only 15,479 (52) 2,394,819 (59) 2,410,298 (59)
Yes, work and other situations 10,254 (34) 1,224,461 (30) 1,234,715 (30)
Yes, work only 471 (2) 40,593 (1) 41,064 (1)
Yes, face already covered 632 (2) 52,980 (1) 53,612 (1)
No 1,746 (6) 188,210 (5) 189,956 (5)
Missing 1,321 (4) 160,571 (4) 161,892 (4)
Face covering (binary)
Yes (any) 26,836 (90) 3,712,853 (91) 3,739,689 (91)
No 1,746 (6) 188,210 (5) 189,956 (5)
Missing 1,321 (4) 160,571 (4) 161,892 (4)
Visit frequency*
Last visit >14 days ago 19,043 (64) 2,863,978 (71) 2,883,021 (70)
Last visit < 14 days ago 7,852 (26) 916,167 (23) 924,019 (23)
Enrolment 3,008 (10) 281,489 (7) 284,497 (7)
Missing 0(0) 0(0) 0(0)
Household and living environment
IMD indoors* 50 (27, 73) 51 (27, 75) 51 (27, 75)
Missing 3,175 (11) 552,453 (14) 555,628 (14)
IMD outdoors* 44 (20, 71) 51 (26, 76) 51 (26, 76)
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Characteristic

Positive, n (%) or

Negative, n (%)

Total, n (%) or

median (IQR) or median (IQR) median (IQR)
N=29,903 N=4,061,634 N=4,091,537
Missing 3,175 (11) 552,453 (14) 555,628 (14)
IMD education* 59 (34, 82) 64 (39, 84) 64 (39, 84)
Missing 3,175 (11) 552,453 (14) 555,628 (14)
IMD health* 55 (29, 78) 62 (37, 82) 62 (37, 82)
Missing 3,175 (11) 552,453 (14) 555,628 (14)
IMD crime* 49 (26, 72) 57 (32, 79) 57 (32, 79)
Missing 3,175 (11) 552,453 (14) 555,628 (14)
IMD housing* 49 (26, 75) 49 (25, 75) 49 (25, 75)
Missing 3,175 (11) 552,453 (14) 555,628 (14)
Number of people per room* 1(0,1) 1(0,1) 1(0,1)
Missing 3,633 (12) 562,589 (14) 566,222 (14)
Number of people per bedroom* 1(1,1) 1(1,1) 1(1,1)
Missing 3,640 (12) 562,795 (14) 566,435 (14)
Number of people per 100m2* 3(2,4) 2(2,3) 2(2,3)
Missing 3,669 (12) 566,273 (14) 569,942 (14)
Energy efficiency decile* 6 (3, 10) 6 (3, 10) 6 (3, 10)
Missing 3,526 (12) 551,740 (14) 555,266 (14)
Age of house (decades) * 3(3,4) 3(3,4) 3(3,4)
Missing 14,910 (50) 2,174,664 (54) 2,189,574 (54)
Work, school, and nursery®
Work status
Employed, working 14,713 (49) 1,832,299 (45) 1,847,012 (45)
Employed, not working 1,858 (6) 134,876 (3) 136,734 (3)
Not working 1,631 (5) 213,550 (5) 215,181 (5)
Retired 5,455 (18) 1,281,213 (32) 1,286,668 (31)
Child/student 6,239 (21) 599,352 (15) 605,591 (15)
Missing 7 (0) 344 (0) 351 (0)
Work location
Working from home 7,868 (26) 1,005,480 (25) 1,013,348 (25)
Elsewhere 12,528 (42) 1,433,415 (35) 1,445,943 (35)
NA 8,511 (28) 1,537,192 (38) 1,545,703 (38)
Missing 996 (3) 85,547 (2) 86,543 (2)
Work social distancing
Working from home 7,868 (26) 1,005,480 (25) 1,013,348 (25)
Elsewhere, easy to maintain 2m 3,239 (11) 437,667 (11) 440,906 (11)
Elsewhere, relatively easy to maintain 2m 1,826 (6) 214,528 (5) 216,354 (5)
Elsewhere, difficult to maintain 2m 2,004 (7) 214,690 (5) 216,694 (5)
Elsewhere, very difficult to maintain 1m 4,247 (14) 449,980 (11) 454,227 (11)
NA 8,511 (28) 1,537,192 (38) 1,545,703 (38)
Missing 2,208 (7) 202,097 (5) 204,305 (5)
Work travelt
Working from home 7,868 (26) 1,005,480 (25) 1,013,348 (25)
On foot/bike or other 2,616 (9) 295,024 (7) 297,640 (7)
Car/taxi 7,986 (27) 937,529 (23) 945,515 (23)
Train/bus 1,413 (5) 137,124 (3) 138,537 (3)
NA 8,511 (28) 1,537,192 (38) 1,545,703 (38)
Missing 1,509 (5) 149,285 (4) 150,794 (4)
Work in direct contact with patients, service
users, clients, customers
No 25,962 (87) 3,630,423 (89) 3,656,385 (89)
Yes 3,685 (12) 404,714 (10) 408,399 (10)
Missing 256 (1) 26,497 (1) 26,753 (1)

Ever reported working in person facing social

care
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Characteristic

Positive, n (%) or

Negative, n (%)

Total, n (%) or

median (IQR) or median (IQR) median (IQR)
N=29,903 N=4,061,634 N=4,091,537
No 29,464 (99) 4,020,303 (99) 4,049,767 (99)
Yes 439 (1) 41,331 (1) 41,770 (1)
Missing 0(0) 0(0) 0(0)
Ever reported working in a care home
No 29,426 (98) 4,019,274 (99) 4,048,700 (99)
Yes 477 (2) 42,360 (1) 42,837 (1)
Missing 0(0) 0(0) 0(0)
Ever reported working in patient-facing
healthcare
No 29,031 (97) 3,970,666 (98) 3,999,697 (98)
Yes 872 (3) 90,968 (2) 91,840 (2)
Missing 0(0) 0(0) 0(0)
Work sector
Teaching and education 2,832 (9) 295,102 (7) 297,934 (7)
Health care 2,034 (7) 225,167 (6) 227,201 (6)
Social care 534 (2) 60,746 (1) 61,280 (1)
Transport (incl. storage, logistics) 752 (3) 77,628 (2) 78,380 (2)
Retail sector (incl. wholesale) 1,384 (5) 150,473 (4) 151,857 (4)
Hospitality (e.g. hotel, restaurant) 705 (2) 67,521 (2) 68,226 (2)
Food production, agriculture, farming 268 (1) 35,235 (1) 35,503 (1)
Personal services (e.g. hairdressers) 235 (1) 27,437 (1) 27,672 (1)
Information technology and communication 1,014 (3) 148,805 (4) 149,819 (4)
Financial services incl. insurance 1,303 (4) 168,590 (4) 169,893 (4)
Manufacturing or construction 1,737 (6) 195,676 (5) 197,413 (5)
Civil service or Local Government 1,087 (4) 143,774 (4) 144,861 (4)
Armed forces 50 (0) 6,847 (0) 6,897 (0)
Arts, Entertainment or Recreation 399 (1) 55,956 (1) 56,355 (1)
Other occupation sector 2,341 (8) 324,118 (8) 326,459 (8)
NA (not currently working) 9,863 (33) 1,534,348 (38) 1,544,211 (38)
Missing 3,365 (11) 544,211 (13) 547,576 (13)
Additional paid employment
No 10,342 (35) 2,241,224 (55) 2,251,566 (55)
Yes 127 (0) 21,981 (1) 22,108 (1)
Missing 19,434 (65) 1,798,429 (44) 1,817,863 (44)
Current health status
Think have had COVID-19 (last 90 days)
No 10,288 (34) 3,970,284 (98) 3,980,572 (97)
Yes 19,615 (66) 91,350 (2) 110,965 (3)
Missing 0(0) 0(0) 0(0)
Self-isolating
No 20,121 (67) 3,804,735 (94) 3,824,856 (93)
Yes, | or some in my HH is 8,003 (27) 24,497 (1) 32,500 (1)
Yes, other reasons 845 (3) 74,019 (2) 74,864 (2)
Missing 934 (3) 158,383 (4) 159,317 (4)
Smoke now
Non-smoker 27,520 (92) 3,695,283 (91) 3,722,803 (91)
Tobacco smoker 1,583 (5) 268,245 (7) 269,828 (7)
Only vape 693 (2) 82,037 (2) 82,730 (2)
Missing 107 (0) 16,069 (0) 16,176 (0)
Smoke ever regularly
No 22,120 (74) 2,843,859 (70) 2,865,979 (70)
Yes 7,283 (24) 1,139,616 (28) 1,146,899 (28)
Missing 500 (2) 78,159 (2) 78,659 (2)
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Characteristic Positive, n (%) or  Negative, n (%) Total, n (%) or

median (IQR) or median (IQR) median (IQR)
N=29,903 N=4,061,634 N=4,091,537

Any disability

No 26,607 (89) 3,513,264 (86) 3,539,871 (87)

Yes 3,296 (11) 548,370 (14) 551,666 (13)

Missing 0(0) 0(0) 0(0)
Long-term health conditions

No 24,755 (83) 3,243,863 (80) 3,268,618 (80)

Yes 4,765 (16) 751,236 (18) 756,001 (18)

Missing 383 (1) 66,535 (2) 66,918 (2)
Impact of health conditions

No health conditions 24,755 (83) 3,243,863 (80) 3,268,618 (80)

No impact at all 2,164 (7) 332,664 (8) 334,828 (8)

A little impact 1,526 (5) 239,834 (6) 241,360 (6)

A lot of impact 1,017 (3) 172,191 (4) 173,208 (4)

Missing 441 (1) 73,082 (2) 73,523 (2)
Covid vaccination status

Not vaccinated, no prior positive, >21 days 25,254 (84) 2,431,522 (60) 2,456,776 (60)
before vaccination

1-21 days before vaccination or 0-7 days post- 1,422 (5) 313,585 (8) 315,007 (8)
vaccination

Vaccinated 8-20 days ago 665 (2) 141,629 (3) 142,294 (3)

Vaccinated > 21 days ago, no second dose 1,162 (4) 495,471 (12) 496,633 (12)

Post second dose or not vaccinated before 1,400 (5) 679,427 (17) 680,827 (17)
positive

Missing 0(0) 0(0) 0(0)
Regular LFT testing

No 719 (2) 59,169 (1) 59,888 (1)

Yes 1,055 (4) 116,773 (3) 117,828 (3)

Missing 28,129 (94) 3,885,692 (96) 3,913,821 (96)

*Characteristic available for England only

** Question introduced or expanded part way through the study so missing data also reflects time
periods when the question was not included.

t 6,744/945,515 visits in the car/taxi group were taxi; numbers were too few to assess whether
another grouping might be preferable.

¥ Visit frequency was calculated based on completed survey visits

§ Questions on work, such as work location and work social distancing were asked phrased as “if
currently working”.

Note: For more details on the questions from which these characteristics were derived, the current
guestionnaire used in the survey, as well as all previous versions can be found at:
https://www.ndm.ox.ac.uk/covid-19/covid-19-infection-survey/case-record-forms.

Table 2.4: Characteristics of screening variables for visits included in the behaviour screen.

Characteristict Positive, n (%) Negative, n (%) or Total, n (%) or

or median (IQR)

median (IQR)

median (IQR)

N=29,903 N=4,061,634 N=4,091,537

Number of physical contacts aged <18y

0 11,898 (40) 2,160,467 (53) 2,172,365 (53)

1-5 4,146 (14) 608,127 (15) 612,273 (15)

6-10 675 (2) 71,849 (2) 725,24 (2)

11-20 2,294 (8) 206,076 (5) 208,370 (5)

21 or more 10,890 (36) 1,015,115 (25) 1,026,005 (25)
Number of physical contacts aged 18-69y

0 10,031 (34) 1,848,906 (46) 1,858,937 (45)
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Characteristict

Positive, n (%)
or median (IQR)

Negative, n (%) or

median (IQR)

Total, n (%) or
median (IQR)

N=29,903 N=4,061,634 N=4,091,537

1-5 6,487 (22) 950,800 (23) 957,287 (23)

6-10 1,233 (4) 128,817 (3) 130,050 (3)

11-20 1,269 (4) 119,866 (3) 121,135 (3)

21 or more 10,883 (36) 1,013,245 (25) 1,024,128 (25)
Number of physical contacts aged 270y

0 15,293 (51) 2,530,655 (62) 2,545,948 (62)

1-5 3,034 (10) 449,008 (11) 452,042 (11)

6-10 205 (1) 22,434 (1) 22,639 (1)

11-20 423 (1) 41,165 (1) 41,588 (1)

21 or more 10,948 (37) 1,018,372 (25) 1,029,320 (25)
Number of social contacts aged <18y

0 12,138 (41) 1,935,681 (48) 1,947,819 (48)

1-5 4,797 (16) 835,491 (21) 840,288 (21)

6-10 696 (2) 106,921 (3) 107,617 (3)

11-20 1,294 (4) 163,396 (4) 164,690 (4)

21 or more 10,978 (37) 1,020,145 (25) 1,031,123 (25)
Number of social contacts aged 18-69y

0 4,243 (14) 803,071 (20) 807,314 (20)

1-5 6,351 (21) 1,191,642 (29) 1,197,993 (29)

6-10 3,033 (10) 425,739 (10) 428,772 (10)

11-20 5,385 (18) 628,365 (15) 633,750 (15)

21 or more 10,891 (36) 1,012,817 (25) 1,023,708 (25)
Number of social contacts aged 270y

0 12,138 (41) 1,935,681 (48) 1,947,819 (48)

1-5 4,797 (16) 835,491 (21) 840,288 (21)

6-10 696 (2) 106,921 (3) 107,617 (3)

11-20 1,294 (4) 163,396 (4) 164,690 (4)

21 or more 10,978 (37) 1,020,145 (25) 1,031,123 (25)
Outside socialising times

None 409 (1) 80,290 (2) 80,699 (2)

Once 345 (1) 52,733 (1) 53,078 (1)

Twice 208 (1) 28,400 (1) 28,608 (1)

Three times 128 (0) 14,056 (0) 14,184 (0)

Four times 54 (0) 6,834 (0) 6,888 (0)

Five times 52 (0) 4,194 (0) 4,246 (0)

Six times 19 (0) 1,468 (0) 1,487 (0)

Seven times or more 43 (0) 4,718 (0) 4,761 (0)

Missing 28,645 (96) 3,868,941 (95) 3,897,586 (95)
Outside shopping only times

None 260 (1) 32,514 (1) 32,774 (1)

Once 297 (1) 47,098 (1) 47,395 (1)

Twice 291 (1) 48,764 (1) 49,055 (1)

Three times 180 (1) 30,207 (1) 30,387 (1)

Four times 84 (0) 13,948 (0) 14,032 (0)

Five times 56 (0) 7,835 (0) 7,891 (0)

Six times 14 (0) 2,663 (0) 2,677 (0)

Seven times or more 76 (0) 9,669 (0) 9,745 (0)

Missing 28,645 (96) 3,868,936 (95) 3,897,581 (95)
Time spent shopping or socializing
outside

None 3,180 (11) 513,784 (13) 516,964 (13)

Once 3,687 (12) 634,651 (16) 638,338 (16)

Twice 3,719 (12) 602,006 (15) 605,725 (15)

Three times 2,236 (7) 356,644 (9) 358,880 (9)
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Characteristict

Positive, n (%)
or median (IQR)

Negative, n (%) or
median (IQR)

Total, n (%) or
median (IQR)

N=29,903 N=4,061,634 N=4,091,537
Four times 1,133 (4) 180,386 (4) 181,519 (4)
Five times 737 (2) 111,370 (3) 112,107 (3)
Six times 293 (1) 44,966 (1) 45,259 (1)
Seven times or more 1,196 (4) 177,612 (4) 178,808 (4)
Missing 13,722 (46) 1,440,215 (35) 1,453,937 (36)

Hours spent in other's homes
None 11,597 (39) 1,954,027 (48) 1,965,624 (48)
Once 2,619 (9) 397,279 (10) 399,898 (10)
Twice 830 (3) 125,436 (3) 126,266 (3)
Three 356 (1) 49,845 (1) 50,201 (1)
Four 175 (1) 23,312 (1) 23,487 (1)
Five 129 (0) 19,331 (0) 19,460 (0)
Six 49 (0) 6,566 (0) 6,615 (0)
Seven or more 261 (1) 34,453 (1) 34,714 (1)
Missing 13,887 (46) 1,451,385 (36) 1,465,272 (36)
Hours others spent in own home

None 10,753 (36) 1,780,000 (44) 1,790,753 (44)
Once 2,906 (10) 490,148 (12) 493,054 (12)
Twice 1,139 (4) 171,857 (4) 172,996 (4)
Three times 502 (2) 69,515 (2) 70,017 (2)
Four times 201 (1) 32,278 (1) 32,479 (1)
Five times 180 (1) 23,641 (1) 23,821 (1)
Six times 60 (0) 7,818 (0) 7,878 (0)
Seven times or more 254 (1) 32,741 (1) 32,995 (1)
Missing 13,908 (47) 1,453,636 (36) 1,467,544 (36)

T All characteristics except hours spent with someone else in one’s own home per day related to the past 7
days.

Note: To distinguish between physical and social contacts, participants were asked either “how many adults
not living in your home have you had physical contact with (e.g. handshake, personal care), including with PPE
if you wear it?” or “how many adults not living in your home have you had direct, but not physical contact with
in person, e.g. with social distancing only?”
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Figure 2.2: Unadjusted percentage (95% Cl) of positive swabs per fortnight (A), positive swabs split by gene
positivity pattern (B), and symptoms (C).
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Figure 2.3: Total number of participants per fortnight.
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UK from 1%t October onwards

2.3.1 Core model

From 19% July to 1%t August 2020, there was no evidence that any core variable was associated with
positivity, potentially related to power given both low positivity (0.08% [95% CI 0.06%-0.12%]) and
sample size (32,184 swabs, 27 positive). The first characteristic associated with positivity was
ethnicity, the only characteristic associated with positivity in the fortnights between 2" to 29t
August 2020 (Figure 2.4A), with 3.3 (1.1-10.0; p-value=0.034) and 3.5 (1.5-7.9; p-value=0.003) higher

odds of positivity in those of non-white ethnicity, respectively.

As positivity began to increase in early September 2020, geographical region, rural/urban
classification, and household size became independently associated with positivity, with odds of
positivity highest in Wales, Northern Ireland, and northern English regions, in more urban areas, and
those living in larger households (Figure 2.4B). For most subsequent fortnights, evidence of higher

positivity persisted in participants living in more urban areas, and larger households.

As positivity rates rose further through October 2020, age and deprivation became associated with
positivity, with rates highest in those aged 16-30y, and living in more deprived areas. Positivity was
also heavily concentrated in northern and then midland English regions until 21 November 2020.
From 22" November, positivity increased overall, particularly in southern England, with higher odds
of positivity in London, East, and South East England, reflecting the rise of the Alpha variant.!® Age
remained strongly associated with positivity, but with less excess risk at younger ages, and instead

decreased odds of positivity in those over 60y (Figure 2.4B, Figure 2.5). This lower risk in older
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individuals persisted for most subsequent fortnights. During February-May 2021, as positivity
decreased, associations between positivity and age, region, and deprivation persisted, but their
strength attenuated. As positivity rose during 17" May-17" July 2021, reflecting the rise of the Delta
variant'® and major sporting events, sex was associated with positivity in two consecutive fortnights
for the first time in the study, with higher odds in males compared with females. Age again became

strongly associated, with a large peak in those aged 16-30y (Figure 2.5).

Overall, the effects of age, region, and rural/urban classification were persistent throughout the time
period, while effects of deprivation and household size remained significant during periods of high
positivity but fewer associations were found when positivity was low. Effects of ethnicity also
came/went throughout the period of analysis; those reporting non-white ethnicity always had higher
positivity than those reporting white ethnicity but this was not clearly linked with periods of high
positivity. The effect of sex was isolated only to the last two fortnights in the study period.

Multigenerational households were never consistently associated with positivity.

Few interactions between core variables were significant at the p=0.001 threshold, with no evidence
of the same significant interactions in any consecutive fortnight (Figure 2.6). For model

comparability, none were therefore included in any fortnight for screening other variables.
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Figure 2.4: Effects of the 8 core variables across the 52-week study period
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(B) Individual level effects
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Figure 2.5: Adjusted effect of age (years) on positivity over the 52-week study period.
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Figure 2.6: Summary of odds ratio and p-values for interactions between all of the core variables using fortnights.
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2.3.2 Screening

As positivity increased, the screening process identified more variables and at a greater significance
than expected by chance (Figure 2.7, Figure 2.8A). Contact with anyone who had recently had
COVID-19, currently self-isolating and thinking one had had COVID-19 recently, strongly and
consistently predicted higher positivity. As these characteristics are potential mediators of the

effects of other factors, they were not considered further.

Work and employment characteristics

Work and employment were significantly associated with positivity throughout the study. Initially
from 2" August-12t" September 2020, there was independently higher positivity for those working in
care/nursing homes or patient-facing healthcare roles (Figure 2.8A). This effect returned from 25
October onwards, along with increased odds in those reporting working in healthcare sectors and
specifically in person-facing social-care roles. From 25™ October 2020 to 27™ March 2021, there was
consistently higher positivity in those working outside compared with those from home, with risk
increasing as social distancing in the workplace became more difficult. An increased risk was also
associated with all modes of travel to work (foot/bike, car/taxi, train/bus), compared with those not
travelling to work (Figure 2.8B), with the highest odds for car/taxi, then train/bus then foot/bike.
Higher positivity was observed in the teaching work sector during October/November 2020, while
those working in information technology (IT) had consistently lower odds (Figure 2.8A). As the Delta
variant became prominent during June/July 2021, lower (rather than higher) positivity was observed
in those reporting working outside the home. In contrast, from 20" June-17% July 2021 those in
additional paid employment were at a higher risk of testing positive compared with those not

undertaking additional work.

Contact characteristics

From 16 August to 7" November 2020, positivity was consistently higher in those who had
travelled abroad in the last 28 days. This effect returned during 28" March-12"" April 2021 and 9*"-
22" May 2021. Contact with hospitals and care homes was associated with increased odds of
positivity, particularly from 3™ January to 27" February 2021, when positivity rates were very high
due to Alpha. From 27™ September 2020 to 27" February 2021 (when positivity was consistently
>0.3%), participants were more likely to test positive on enrolment visits (Figure 2.8B), most likely

reflecting the identification of longer-term PCR-positives at these visits.

From 25%™ October 2020-13™ February 2021, the odds of testing positive were higher in those who
did not wear a face covering compared with those wearing a face covering in other situations only.

There was also a persistent association with higher positivity between 8" November 2020-27%"
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March in those wearing a face covering in work and other situations, compared with those wearing a
face covering in other situations only (Figure 2.8B). This effect did not appear again when positivity

rose during the Delta period.

Health-related characteristics

Health-related variables varied in importance. Notably, there was no evidence of an association
between long-term health conditions and positivity. From 13" September 2020-13™ March 2021,
lower positivity in those who smoked tobacco products was observed, compared with non-smokers.
From 20 December 2020, there was a very strong effect of COVID-19 vaccination, with lower

positivity in those vaccinated, compared with unvaccinated (Figure 2.8B).

The question on regular use of lateral flow tests was only introduced into the questionnaires later in
the survey, with enough data for analysis from the fortnight commencing 23" May 2021 onwards.
After this, the odds of testing positive were persistently higher in those who regularly took lateral

flow tests, compared with those who did not.

Deprivation and living environment characteristics

IMD components (available only for England) had little impact on positivity after adjusting for the
overall deprivation index and household size from the core model (Figure 2.10). This is likely due to
high correlations between individual components with overall deprivation. The indoors deprivation
index was the only component which was additionally associated with positivity, from 6" December
2020-16" January 2021. Higher values of the indoor index are associated with improved quality of
housing, measured though the proportion of housing without central heating and the proportion of
housing failing to meet the Decent Homes standard.'®® As the index increased, the odds of testing
positivity decreased. Characteristics detailing household composition (also available for England
only), such as persons per household area, room, and bedroom, were rarely associated with

positivity, most likely due to these variables being highly correlated with household size.

Confounding and backwards elimination

Many of the effects described above were independent of each other on top of the core model,
however many of the characteristics collected explained similar associations with positivity, thus
backwards elimination was an important step in highlighting variables of most importance. This was
most evident for variables relating to work which included a mixture of binary variables describing
professions associated with higher contact roles, for example, social care, care home work,
manufacturing, and teaching, and also an overarching variable documenting one’s ability to social
distance in the workplace. After backwards elimination each fortnight, a varying combination of

these variables was selected (particularly from 11" October 2020-13™ March 2021); however, the

35



consistent message of increased risk in higher contact and risk professions was evident. The
characteristics of COVID-19 vaccination and lateral flow tests were persistently significant after
backwards elimination in all models they were included in and hence were included in all models on

top of the core model.

Behavioural characteristics

Independently of the core model, higher odds of positivity with higher numbers of social and
physical contacts were seen during periods when positivity rates were high (Figure 2.11). After also
adjusting for variables identified from the main screen and after backwards elimination, there were
higher odds of positivity with higher numbers of physical contacts with 18-69-year-olds between 20"
December 2020-13" February 2021, and with higher numbers of physical contacts with those <18y
between 14™ February 2021-27" March 2021 (after schools re-opened). As lockdown restrictions
eased and the Delta variant became prominent from 20" June 2021-17%" July 2021, odds of positivity

were higher in those spending more time socialising outside the home.

The majority of contact variables were included in the screening process both as categorical factor
variables and as continuous variables with higher numbers denoting increasing numbers of contacts.
While often both were significant, the continuous parametrisations were often more significant,

likely due to increased power, and hence selected for the final model.

Assessing characteristic persistency

After backwards elimination, of the 71 variables screened (47 in the main screen, 13 in the
behavioural screen with 24 parameterisations across the latter), two (3%) effects were persistent, 13
(18%) had effects which came and went, nine (13%) had effects isolated to only two consecutive
fortnights, 30 (42%) were associated inconsistently in fortnights, and 17 (24%) were never
associated. Covid-19 vaccination and regular lateral flow testing were the only effects which were
persistently associated with positivity since their introduction to the study questionnaires. Many of
the 13 effects which came and went were associated with positivity during October 2020 through
the rise of the Alpha variant to early-March 2021 when positivity decreased. The isolated effects of
work location, work sector hospitality, work sector IT, additional paid employment, and time
socialising outside home had a period of consecutive association during the last two fortnights in the
study period (20'" June-17t" July 2021), and therefore may have been more persistently associated
with positivity going forward. Of the 17 characteristics never associated with positivity, six were
behavioural characteristics which were not collected from the beginning of the study period, with

the remaining 11 being tested each fortnight for the full year period.
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Figure 2.7: Global heterogeneity p-values per factor from the main screen for a selection of fortnights across
the study period.
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shows y = x, corresponding to the expected distribution of p-values under the global null hypothesis of no
effect of any variable.
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Figure 2.8 Overall effects of additional factors from the main screening, adjusted for the core variables, over the 52-week study period.
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(B) Effects which were either inconsistent or never associated with positivity
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Figure 2.9 Individual effects of categorical variables with >2 categories from the main screening, adjusted for the core variables, over the 52-week study period.
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Figure 2.10: Global heterogeneity p-values per factor from the screening for household and living environment characteristics.
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Figure 2.11: Adjusted effects of behavioural variables from the main screen.

(A) Effects which were persistent, come/go, or were isolated
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(B) Effects which were either inconsistent or never associated with positivity
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2.3.3 Sensitivity analysis

28-day periods versus fortnights

Similar key predictors of positivity were obtained using 28-day periods in the core model (Figure
2.12; Figure 2.13; Figure 2.14). Notably, there was a more consistent signal of higher positivity in
non-white ethnicities from 11™ October 2020-27™" March 2021, while this signal was more
intermittent using fortnights (Figure 2.4A). Again, no significant interactions persisted across any
two consecutive 28-day periods. Similar key associations were also identified from the main screen.
Of the 45 consecutive occurrences of effects with p<0-05 in fortnights, 25 (56%) would have been
detected later in 28-day periods, 14 (31%) at the same time, five (11%) earlier, and one (2%) never
detected. For example, the variable describing current smoking status would have been identified on
26" September 2020 when using fortnights, but 10™" October 2020 if using 28-day periods (Figure
2.15A). The effect of work travel would have first been identified on the same day (7" November
2020; Figure 2.15B). In contrast, the association of visit frequency on positivity would have been
identified later in fortnights, with it being detected from the beginning of the study period in 28-day
periods (1t August 2020), but not until 10" October when using fortnights (Figure 2.15C).
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Figure 2.12: Summary of odds ratios and p-values for the 8 core variables over 28-day periods.
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Figure 2.13: Summary of odds ratio and p-values for interactions between all of the core variables for 28-day
periods.
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Figure 2.14: Global heterogeneity p-values per factor from the main screen for 28-day periods for
characterises based on work, health status and contacts.

Work location 4

Work social distancing -

Work travel -

Work direct contact with others

Work person facing socialcare -

Work carehome -

Work care/nursing home 4

Work patient facing -

Sector healthcare -

Sector socialcare q

Sector teaching 4

Sector retail q

Sector hospitality -

Sector personalservices 4

Sector government -

Sector foodproduction 4

Sector transport |

Sector manufacturing -

Sector arts 4

Sector it+

Sector finance 4

Variable

Sector armedforces -

Sector other

Additional paid employment 4

00000
00000000000

@00

ol@)

0o o - 0@00@®
® 000

é

00
o O
o0Qo0o0

oo

00

Work

Think have had covid 4

Self isolating 4

Current smoker

Ever smoked regularly -

Disability 1

Any longterm health conditions 4

Impact of longterm health conditions §

Covid vaccination 4

Regular lateral flow testing 4

000000 &

Health

Contact with known covid +

Contact with hospital 4

Contact with carehome +

Face covering (binary) -

Face covering

Travel abroad last 28days 4

Study visit freuency

@ oo

Contacts

19Jul20
16Aug20

060Dec20  03Jan21  31Jan21
02Jan21 30Jan21 27Feb21

28-day period

110ct20
07Nov20

08Nov20
05Dec20

28Feb21
27TMar21

28Mar21
2ahpr2d

164Ug20
125ep20

135ep20
100ct20

25Apr21

22May21

20Jun21
17Jui2d

Global p-value
QO o
O 0.01

0.001

0.0001
0.00001

<0.000001

OO00

Log. odds ratio

25
l i

1.5



Figure 2.15: Examples of later, same, and earlier detection of effects for current smoking status (A) work
travel (B) and study visit frequency (C).
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2.3.4 Ridge regression

Of the 692 coefficients from the core models over the 52-week study period, 43 (6%) coefficients
produced from ridge regression did not fall within the 95% confidence intervals from the original
logistic regression models presented above (Figure 2.16). Of these, the majority (38 coefficients;
88%) were effects of geographical region. These were mostly in the first fortnights of the study
period when event rates and sample size were smallest, and during December 2020, when there
were strong regional effects due to the rise of the Alpha variant in Southern regions of England.
Many of the inconsistencies within geographical regions occurred within the same fortnight i.e.

either none or all of the effect estimates for regions were within the 95% confidence intervals.

The differences observed between coefficients in December 2020 while the Alpha variant was rising
suggest that the ridge regression penalised early signal for the regional effect, while logistic
regression models identified this. The odds ratios for geographical regions from ridge regression
tended towards zero during the four fortnights where the estimates were outside of the 95% logistic
regression confidence intervals (Figure 2.17). While often challenging to distinguish between signal
and noise, through triangulation with other data sources, the regional effects observed in the logistic
regression model were accurate and representative of rises in the Alpha variant in London and the

South East, while ridge regression missed this effect, hence justifying my choice of method.
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Figure 2.16: Results from ridge regression and logistic regression.
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Figure 2.17: Odds ratios from logistic regression with 95% confidence intervals (black) and ridge regression (red crosses) for geographical region for four fortnights.
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2.4 Discussion

Over one year from 19" July 2020-17%" July 2021, | estimated and summarised the key predictors of
SARS-CoV-2 positivity in the UK, using a method designed to be run weekly in real-time to provide
up-to-date information on changes in populations at increased risk. In the first fortnight from 19t
July-1%t August 2020, there was no evidence that any characteristic impacted positivity. As positivity
rose through September-November 2020, rates were independently higher in those of younger ages,
living in Northern areas of England, in major urban conurbations, in more deprived areas, and in
larger households. Additionally, rates were higher in those who had recently travelled abroad,
worked in healthcare roles, or worked outside of the home. As positivity peaked in December 2020-
January 2021, while strong effects of living in urban areas and large households remained, there was
a major shift in high positivity to more southern geographical regions (reflecting the emergence of
the Alpha variant), with risk no longer concentrated in younger ages. Those working outside of home
and in healthcare roles still had a higher risk. As the national vaccine programme rolled out in
December 2020, there were large reductions in positivity in vaccinated individuals. From February-
May 2021 as rates decreased, the impact of work on positivity decreased, while the effect of
vaccination remained. As the Delta variant became prominent and positivity rates rose from mid-
May through July 2021, there were higher odds of positivity in younger ages, in men, and in those

not yet vaccinated.

Whilst my observed associations were consistent with other community infection surveys in the UK,
particularly the English REACT study,®® no other studies have assessed as many characteristics in a
community population over time as this study was able to, with many focusing on outcomes of
mortality and hospital admissions. Variation in positivity by region was well documented!®®%7 as was
increased positivity in non-white ethnic groups during September-November 2020,%% and those
working in hospitals and care homes during November 2020-January 2021,'% but not as the Delta
variant rosel®. As well as demonstrating the increased risk of infection in those not vaccinated as

Delta came to dominate, ™%

the screening process | developed facilitated continuous monitoring
of waning vaccine-associated protection going forward. However, | was also able to monitor
characteristics including behaviours and work, many of which affected positivity inconsistently over
time. For example, between October 2020-March 2021, working from home was associated with
lower positivity, whereas during June/July 2021 working from home was associated with higher
positivity. As working from home was recommended during the former period, working from home

likely preceded infection. In contrast, as returning to the workplace became encouraged from May

2021, working from home may have sometimes been a consequence of exposure and hence self-
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isolation, leading to a degree of reverse causality, and a higher risk of positivity in those working

from home. Interpreting associations contextually with current restrictions is therefore critical.

Work sectors with evidence of higher positivity over time generally involved roles with more contact
with others, namely teaching, hospitality, and manufacturing. This is consistent with other studies
showing increases in SARS-CoV-2 cases with increasing numbers of close contacts.!*? Physical and
social contact was also associated with a higher positivity. Specifically, there was higher positivity in
those with more physical contact with those under 18s, particularly when schools re-opened in
March 2021,3 more physical contact with those aged 18-69y and over 70s, more social contact with
those aged 18-69y, and those spending more time socialising outside their home. Increased
positivity associated with those reporting additional paid employment may also reflect an increased
propensity for such work to involve close contact. Increased positivity in those having had recent
contact with hospitals and care-homes during December 2020-February 2021 is likely due to the
high number of SARS-CoV-2 cases in these environments as the Alpha variant emerged and came to
dominate.’* The persistent increased risk of positivity in those self-reporting taking regular lateral
flow tests is likely due to their use, as recommended, for those whose activities reflect increased risk

such as working outside the home or in teaching, healthcare or social care.

The impact of close contact may also explain the increased risk observed in those not self-reporting
wearing face-coverings, with evidence suggesting face-coverings are effective at reducing
transmission.!™ The higher risk observed in those wearing face-coverings in work and other
situations, compared with those only wearing face-coverings in non-work situations may reflect the
increased risk of working away from home which was observed in other work-related characteristics.
Higher positivity in those who had recently travelled abroad in August-November 2020 may also be
due to the increased number of close contacts involved with travel (e.g. being at an airport), or

higher risks of infection in the destination country at the time.

There was a lower risk of positivity in those who smoked tobacco products consistently from
September 2020 to January 2021 and intermittently from then onwards. There was no protective
effect in those only reporting vaping. While some have outlined biologically plausible mechanisms
which may explain this reduced risk, this also could be attributed to residual confounding based on
the demographic of people who smoke offering a protective effect, not otherwise adjusted for.
Vaccination has been shown to reduce community infections elsewhere;'” prior infection is well-
recognised to give at least as good protection, and the fact that these known associations were
easily identified within my model provides confidence that important confounders are adjusted for

in estimating other associations.
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2.4.1 Limitations of the screening process

The screening process demonstrated here has several limitations. First, low event numbers and
smaller sample sizes reduce statistical power, reducing the chance of detecting true associations
(false-negatives) and increasing the likelihood that the magnitude of “true” effects are inflated
(false-positives).!® Increased statistical power using 28-day periods rather than fortnights more
consistently detected associations with ethnicity in the core model and found more evidence of
interactions. The screening process, however, detected the same characteristics using both time-
periods, with earlier detection in most cases using fortnights. As there were no major differences
and | aimed to identify associations most relevant to current positivity, the benefit of more regular
estimates may outweigh the power gained from evaluating longer time-frames, although this will
depend on event numbers. When event numbers are low, logistic regression can be biased and/or
imprecise.!'*120 Sensitivity analyses using penalised regression techniques showed most coefficients
were within the logistic regression 95% confidence intervals, suggesting that, while there was some
attenuation of estimates, for example for geographical regions in a few fortnights, the logistic
regression models were not substantially overfitting. Further, differences observed between
coefficients in December 2020 while the Alpha variant was rising suggest that ridge regression
penalised early signal for the regional effect, while logistic regression models identified this, hence

justifying my method choice.

Multiple testing is an unavoidable limitation of my screening methodology. Doing many multiple
independent tests increases the risk of false positives;'?* however, a priori the questionnaire was
based on potential risk factors so the “correct” degree of adjustment is unclear. | therefore used Q-Q
plots with Bonferroni and Benjamini-Hochberg adjustments to monitor the potential for false-
positives, rather than as strict thresholds.*?**?3 Even using stricter Bonferroni criteria, many
screening variables were associated with positivity. Considering sex as a “negative control” (no effect
expected), an association with positivity was only observed in one of 24 fortnights before 20" June
2021. The association between sex and positivity from 20" June-17%" July 2021 coincided with the
European Football Championship, thus plausibly reflecting changes in social behaviour by sex, as
observed elsewhere.'?* My results suggest more emphasis should be placed on effects that appear

at least twice, interpreting effects that are inconsistent or appear sporadically with caution.

To show whether the screening process is viable and assess the impact of the above limitations, one
could conduct a simulation study. Specifically, it would be of interest to assess the impact of multiple
testing and evaluate the rate of false-positive results, while also estimating the rate of missed true
associations with an outcome. Designing such a simulation study which would be both effective and

useful for evaluating the methods would have its challenges. Extensive work would need to go into
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the data-generating mechanism to produce data on which to assess methods which is as complex as
that used in the screening methods, particularly with high levels of confounding between
explanatory variables. To both adequately and usefully assess the process in a simulation study;, it
would be recommended to follow the robust guidelines of the “ADEMP” (Aims, Data-generating
mechanisms, Methods, Estimands, Performance measure) procedure as outlined in the tutorial by

Morris et al.'?®

2.4.2 Strengths and Limitations of the COVID-19 Infection Survey

The underpinning design, namely a large community-based survey including randomly selected
private households, is a major study strength. Participants being regularly asked about behaviours,
work, and health status provided a rich opportunity to identify associations between positivity and
many important demographic and behavioural characteristics. As participants were tested
regardless of symptoms, characteristics could be assessed in an unbiased population, thus avoiding
selection bias through only observing those choosing to take a COVID-19 test, for example, in the

English national testing programme!?® or through presenting to hospital with severe disease.

The study design also had limitations, particularly with individuals tested initially at weekly and then
monthly visits. As fragments of the virus can be detectable in the respiratory tract long after the
onset of infection, positives included in my outcome include both new infections and lingering PCR-
positivity. Associations from the screening process may therefore not necessarily be related to new
infections. Whilst | could have grouped positive tests into “episodes”, for example, considering only
the first positive in 90-day periods,'?’ | chose to mirror other point-prevalence studies, such as
REACT,*? also expecting that many characteristics would be reasonably stable over time and
therefore even associations with ongoing PCR-positivity could still be relevant to the original
infection. This may however dilute effects if participants with long carriage have different
characteristics to those testing positive with new infections. Ongoing PCR-positivity may also reduce
sensitivity to detect specific “at-risk” populations as new variants emerge. My analysis was also
conducted over periods when both Alpha and Delta were prominent in the UK. Whilst theoretically
this might have allowed me to estimate changes associated with each variant, the differing control
policies over these periods, coupled with a large proportion of the population being vaccinated once
Delta became prominent, make it challenging to disentangle whether different associations were

due to control strategy versus variant.

As the CIS took swabs from participants regardless of symptomes, | included both symptomatic and
asymptomatic infection as my outcome. While analyses could have considered these groups

separately, many participants on monthly visits risk either catching infections late and thus missing
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symptoms at the beginning of infection or conversely finding infection positivity early before the
onset of symptoms. For future work, it could be appropriate to use multinomial logistic regression
models to assess differences in explanatory variables between those testing positive with reported
symptoms, testing positive without reported symptoms, and those testing negative. It would be
important to consider the impact of these additional tests on multiple testing, and also the reduced
power as the positive outcome is split. There is published evidence of differences in associations

between age, sex, and ethnicity with SARS-CoV-2 positivity with/without symptoms.12

2.4.3 Conclusion

In conclusion, the screening process presented could be a valuable tool in understanding the
characteristics driving current SARS-CoV-2 positivity, allowing enhanced up-to-date understanding of
the pandemic across the UK. Looking forward, this could be used to target public health messages to
detected groups to increase uptake of symptomatic and asymptomatic testing. The process went on
to be used repeatedly by the Office for National Statistics throughout the pandemic, particularly
estimating the impact of waning protection from vaccination, with regular Statistical Bulletins
entitled “Characteristics of people testing positive for COVID-19” (full list on

https://www.ndm.ox.ac.uk/covid-19/covid-19-infection-survey/results/results-longer-articles-and-

adhoc-publications-from-ons).
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Chapter 3 Detecting changes in population trends in infection

surveillance using community SARS-CoV-2 prevalence as an exemplar

The work presented in the Chapter was published in the American Journal of Epidemiology in
2024.12 | quthored the text and figures below (which are reproduced here largely unaltered from
the published work) with input from supervisors commensurate with the amount of input/advice
that would be considered appropriate for a DPhil thesis. All authors have agreed to the inclusion of

this published work in my thesis.

3.1 Introduction

Infectious disease surveillance has two broad goals; identifying outbreaks which lead to sudden
changes in incidence/prevalence, and detecting the emergence of more virulent/resistant strains.
Reasons for changes in infectious disease trends vary, for example: changing population

susceptibility causing increasing group A streptococcal infections;'*

emerging antimicrobial resistant
strains e.g. ribotype-027 Clostridium difficile or Gram-negative pathogens carrying extended-
spectrum beta-lactamases;**° and mutations affecting transmissibility in COVID-19.%3! While
laboratory sequencing methods can accurately identify variants,'3? limited sampling and resources
mean retrospective statistical models are often more practical for monitoring infectious diseases,

particularly with increasing availability of linked electronic health records.

While change-point detection methods are numerous, many are sub-optimal for use on infectious
disease time-series in near real-time. Statistical methods involve locating points in a time-series
where some property of the data (e.g. distribution, scale) changes.’*® Given the epidemiological
drivers above, identifying points where the rate of change in the trend is increasing/decreasing are
most useful in infectious disease surveillance. Many statistical methods however identify step
changes, i.e. changes in mean levels in a time-series, rather than the more gradual trend changes®**
characteristic of changing infectious disease epidemiology. Other methods require pre-specifying the
number of change-points, and many are computationally expensive and therefore not practical for
near real-time use. During the COVID-19 pandemic, while studies used change-point analysis to

retrospectively assess the impact of interventions e.g. lockdowns and gatherings,!3>-1%7

change-point
detection methods for near real-time use have been less commonly assessed.’3® Two methods
considering more gradual changes and finding change-points in trends are iterative sequential
regression®3%4° (ISR) and second derivatives of generalised additive models (GAMs).1** While both
have been evaluated separately,’3%!*? to my knowledge, they have never been directly compared.

ISR provides a clear statistical assessment of when rates change and estimates constant growth rates

between change-points, potentially maximizing power when this is close to true underlying trends.
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However, it considers data sequentially, fixing change-points as it iterates, thus not necessarily
optimising overall fit. Second derivatives of GAMs have been used to identify periods of
change,**1%% and quantify change-points.'*! Their flexibility allows estimates to closely reflect reality,
but to what extent smoothing through penalized splines reduces the ability to detect change-points

in near real-time is unclear.

| aimed to compare the performance of GAMs and ISR for change-point detection for infectious
disease surveillance, both retrospectively and in near real-time, using COVID-19 as an exemplar for
surveillance more generally, e.g. using linked electronic health records. Rapid changes in SARS-CoV-2
prevalence coupled with multiple emerging variants over the COVID-19 pandemic provides an ideal
opportunity to test these methods in real-world data which is more complex than simulations. |
compared the consistency and timeliness of detection between ISR and second derivatives of GAMs
for identifying changes in growth rates of SARS-CoV-2 positivity over time using the UK’s Office for
National Statistics (ONS) COVID-19 Infection Survey. | assessed whether earlier detection was

possible considering positivity separately by age group or by available proxies for viral variants.
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3.2 Methods

3.2.1 Study design

Similarly to Chapter 2, data from the ONS COVID-19 Infection Survey (CIS) was used in this study. To
briefly recap the structure of the CIS, the ONS COVID-19 Infection Survey was a large household
survey with longitudinal follow-up (ISRCTN21086382). Private households were selected randomly
from address lists and previous ONS surveys on a continuous basis to provide a representative
sample across the UK. Following verbal consent, a study worker visited each household to take
written informed consent for individuals aged >2 years (from parents/carers for those 2—15 years;
those 10-15 years also provided written assent). The study received ethical approval from the South
Central Berkshire B Research Ethics Committee (20/SC/0195). At the first visit, participants were
asked for consent for optional follow-up visits every week for the next month, then monthly
thereafter (>98.5% providing such consent). At each visit, participants provided a nose and throat

self-swab and completed questionnaires (https://www.ndm.ox.ac.uk/covid-19/covid-19-infection-

survey/case-record-forms).

3.2.2 Study Population
The analysis included all visits with positive or negative swabs from 1°t August 2020-30th June 2022

(n=225,348 (2%) visits with void/missing results excluded).

3.2.3 Statistical Analyses

The outcome measure was the proportion of visits with PCR-positive SARS-CoV-2 tests. | compared
two methods for detecting changes in trend over time: ISR®3® and second derivatives of GAMs.'** All
models were run separately for 12 geographical regions (9 English regions and 3 devolved
administrations: Wales, Scotland, and Northern Ireland) due to positivity trend differences and ISR
estimating change-points in a single time-series. Running GAMs separately by region made only very
small differences to predictions versus including region-time interactions, and reduced

computational time (Figure 3.1).
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Figure 3.1: Comparison of GAMs with region included at an interaction with time (red) and as separate
models for each region (blue).

East England East Midlands

Predicied peroert lesting pasiive

s e o ar 'a ] s N san e o e i var ity w sea o e
o Mo ;b 1h h 2 203 20 w2 R e e mh 2 B 20 0 w2 am
te Date
London North East

Pendictadt paroant festing pasidve

s Mot s var iy ni frm o on e sap oy g Var ey -.; Sen sae s [
2020 00 2001 E o a2 o2 001 oz 22 2020 2020 2021 021 Ei ) 2 oz 021 w2 2
Date Date
Northern Irefand North West England

Precictad parcart testing posiive
Predicied percant testing posiive

s ™ var ey n s e e e sep [ o vae Shey i s Nae an wer
220 200 2021 021 wd 21 021 o001 00z e 220 220 2021 2021 20d1 2021 fd) 021 w22 F=]

63



Scotland South East England

£ ]
2 3
& i
5 5
& £
13 j -1
£ £
4 i
34 T
£ H
I3 &
y
e/
== —
Ny V. i
i T e L
p e : f
cho 2t ot ot o 5 3 5 5 2cko o 621 021 ok £ o o0 o1z
Date Cate
South West England Wales
"
s |
i i
] |
H | g
: § H
i i i
%4 R
4 @
£
i £
/"
4
; 4
v : : " e -, : 7 s
oo tio o o 3 e , = e o o 2630 681 21 o 5 o o5 N
Date Date
West Midlands Yorkshire
!
£ ]
k] 7
4 &
§ §
i H
t T
§
i
% e
z ]
2 3
£ £
3 5
=
4
v P ) . sap . . p
ddo cio i ot o > o o 22 2tk o =1 i i 5 581 o1 o2
Date oute

Note: The run-time for the model including the interaction between region-time was 84.6 hours, versus
approximately 4 hours when running all regions separately, before derivatives were calculated.

ISR, using a negative binomial distribution with a log link allowing for overdispersion, initially fitted a
log-linear trend within the first month of data to 1st September 2020 allowing no change-points to
be found in this period. The model then considered the subsequent n days of the time-series, and fit

two models: one extending the current trend (one-trend), the second allowing a change of trend
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(two-trend). If the two-trend reduced the AIC by at least 6.635 (critical value at p=0.01, to reduce the
impact of false positives), the change-point was permanently fixed in the model, otherwise, the one-
trend model was chosen. A minimum length of time between change-points (interval length, 7 days)
had to be pre-specified, as well as a minimum length of time between a change-point and its
detection time (minimum distance, 3 days). If the one-trend model was selected, the endpoint was
moved forward one day. If the two-trend model was selected, the endpoint was moved forward
three days. The algorithm repeated this process until the end of the time-series. Change-points and
dates change-points were permanently fixed into the model (“detection date”) and were extracted

from fitted models.

GAMs, using a negative binomial distribution with log link, included a single explanatory variable of
time, measured in days since 1%t August 2020 and modelled using thin plate splines.'* The number
of basis functions, k, determining smoothness, was selected from 25, 50, 75, or 100 as the lowest
value with predicted positivity within £0.25% (absolute scale) compared with k=100, optimising
computational time, without large increases in the effective degrees of freedom? (Figure 3.2).
Splines were penalised based on the third derivative as the second derivative was the measure of
interest.

Figure 3.2: Difference in predicted percentage testing positive from GAMs with varying numbers of basis
functions (k) of 25, 50, 75, and 100, for London only.
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Note: The median (IQR) [range] of differences between GAMs with k = 25, 50, 75 vs k = 100 were -0.0005 (-
0.08, 0.01) [-1.09, 1.79], 0.0002 (-0.007, 0.010) [-0.1287, 0.2087], and 0.000007 (-0.0015, 0.0017) [-0.036,
0.032], respectively. The effective degrees of freedom (EDF) were 23.4, 39.5, 44.6, and 45.6 for k = 25, 50, 75,
and 100, respectively.
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Derivatives were estimated for the smooth function using posterior simulation on the absolute scale.
If positivity was relatively common throughout the entire period, coefficients from the GAM would
approximately follow a multivariate normal distribution with mean vector and covariance matrix
specified by the model estimates of the coefficients and their covariances, respectively.'*? Posterior
simulation involves taking random draws from this distribution, whereby each draw represents a
new trend that is consistent with the fitted model while also incorporating uncertainty in the
estimated trend. However, this Gaussian approximation will be poor in periods where data consists
of mostly zeros due to low positivity, as observed for some periods in this exemplar. To overcome
this problem, | used a simple Metropolis-Hastings sampler to generate samples from the posterior
distribution of the fitted model (as implemented in the gam.mh function from the mgcv R
package).1*¢% This approach alternates fixed proposals — based on the typical Gaussian
approximation to the posterior — with random walk proposals, based on a shrunken version of the
approximate posterior covariance matrix. The random walk component ensures that the chain does
not get stuck in regions for which the Gaussian proposal density is much lower than the posterior

density.14¢

Code was adapted from the derivatives function in the R gratia package, which currently can only
obtain derivatives on the linear predictor scale.*® First, 2000 curves were simulated from the fitted
GAMs using a Metropolis-Hastings algorithm. The first and second derivatives on the absolute scale
were then calculated for each simulation using backwards finite differences, allowing estimation on
the final day of data (not possible with forward of central differences). The median, 2.5th, and
97.5th percentiles were calculated across the simulations, obtaining an average with credible
intervals. Change-points were defined on the first day zero was no longer within the 95% credible
interval of the second derivative, corresponding to a 97.5% probability of a change, from 1%

September 2020 onwards.

Positivity trends over the full time-series were compared between ISR and GAMs. Change-points
were classified as found by both methods if within £7 days, an arbitrary but pragmatic window based
on the distribution of time between change-points identified by both methods and the timeliness of
public health responses. To make the decision based on the distribution of time between change
points, for all change-points found by the GAMs for each region (n=199), | identified the closest ISR
change-point and calculated the number of days between the GAM change-point and the ISR
change-point. | repeated this for the ISR change-points i.e. for all change-points found by ISR for
each region (n=230), | identified the closest GAM change-point and calculated days between the ISR

change-point and the GAM change-point. | plotted the number of days between change-points for
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each of these analyses to identify a sensible number of days in which to classify ISR and GAM

changes-points as the same.

For the GAM change-points, the closest ISR change-points were a median 1 day earlier (IQR 6 days
earlier, 4 days later) (Figure 3.3). For ISR change-points, the closest GAM change-points were a
median 1 day later (IQR 5 days earlier, 10 days later). Given this distribution and the potential
timeframe for public health responses, change-points were therefore assumed to reflect the same
change in underlying trend if they were within £7 days of each other, allowing the majority of closest
change-points to be classified as reflecting the same underlying change in trend, whilst also being
sensitive to change-points further away in time being more unlikely to be capturing the same

underlying change in the data.

Change-points corresponding to the emergence of Alpha, Delta, and BA.1 variants were also

compared between methods.

To summarise the importance of change-points, the relative percentage change in positivity after
change-points was estimated. For each change-point identified by GAMs and ISR run on the full
time-series, for each region separately, the predicted percentage testing positive on the day of each
change-point was compared with the predicted percentage testing positive 4 weeks later, as
estimated by each respective model. The relative percentage change was calculated between these
two predicted percentages.

Figure 3.3: Distribution of the number of days between change-points identified by GAMs for all regions and

the closest ISR change-point (A), and the number of days between change-points identified by ISR and the
closest GAM change-point (B).
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3.2.4 Detection of change-points in ‘near real-time’

As ISR fixes change-points once identified and adds data progressively, it does not need to be run on
segments of data sequentially to assess real-time detection. When applied in real-time, one could
run ISR from the latest detected change-point onwards to decrease fitting time, albeit change-points
may differ slightly versus models incorporating the full time-series as previous data can impact AlC.
To assess consistency in near real-time detection between the methods, GAMs were run
sequentially adopting a sliding-window approach. Sliding window length was determined by running
GAMs on shorter time periods (16, 24, and 32 weeks) and assessing whether similar change-points
were found in the final 8 weeks of each model, as most recent changes are of most interest in near
real-time. Starting from 1st October 2020 (including data from 1st August 2020), seven-day
increments of data were added until the sliding-window length was reached, from which seven days
of data were removed from the start of the time-series each time seven days were added on. |
selected k as before for sliding-window length, scaling k down proportionally for the shorter time-
series. | checked whether all change-points identified in the last 8 weeks of each model were
detected within +7 days in five subsequent models and/or by ISR. Due to long runtimes (~12-36
hours per region including derivatives calculation), | compared GAM detection dates for the largest
(London) and smallest (Northern Ireland) regions. A “detection date” for change-points identified in
the GAM including data from the full time-series was defined as the last date included in the earliest

successive GAM which also confirmed the change-point within 7 days.

68



3.2.5 Sensitivity Analysis

Using the second derivative of GAMs risks potentially missing change-points if positivity decreases
and increases at the same rate over a short period of time. While the second derivative will be
significantly different from zero, a new change-point will not be found when positivity changes
direction as the second derivative may not cross zero. | summarised the number and position of
additional change-points added if placed where, over a period of the second derivative being
significantly different from zero, the first derivative changed from significantly positive to negative,

or visa-versa.

To assess whether earlier detection of change-points was possible by focusing on high-risk
population subgroups, | estimated change-points from separate ISR and GAMs in those aged 2 years
(y)-school year (sy) 11 (~aged 16y), 12sy—49y, and 50y+, and then compared these with combined
all-age estimates. | also considered separate analysis by PCR gene positivity as a proxy for SARS-CoV-
2 variant; Delta and BA.2 being spike (S) gene target positive (SGTP), whereas Alpha and BA.1 had S-
gene target failure (SGTF). Models were run separately with SGTP and SGTF positivity as outcomes,
with all other positives (including those positive on only the N gene or ORFlab) included in the

negative comparator group, comparing change-points to the “all positives” model.

All analysis was conducted in R version 4.0.2. Key analysis code is available at

https://github.com/EmmaPritchard.
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3.3 Results

From 1°* August 2020-30th June 2022, 8,799,079 visits from 533,157 CIS participants in 266,400
households returned 147,278 (1.7%) SARS-CoV-2 positive swabs (visit characteristics in Table 3.1).
From August-November 2020 (pre-Alpha), positivity rose to ~1%, before increasing to ~2% in January
2021, reflecting the emergence and rise of the Alpha variant (Figure 3.4; Figure 3.5). Positivity then
decreased until June 2021 before increasing to ~1-2% in July-December 2021 (emergence of Delta).
Positivity rose sharply to ~6% from December 2021 (BA.1), decreasing to ~3.5% by February 2022,
before increasing to ~7.5% by mid-March (BA.2). Rises began again June 2022 (BA.4/BA.5). During
the pre-Alpha period, 10% of strong positives (Ct<30) had SGTF, versus 79%, 1%, 84%, and 9% in
Alpha, Delta, BA.1, and BA.2-dominant period (Table 3.2). Positivity varied by region, particularly
between Northern/Southern English regions e.g. higher positivity pre-Alpha in Yorkshire, versus

London (Figure 3.5).

Table 3.1: Characteristics of all visits included in the analysis, split by swab result

Characteristic Positive, n (%) or Negative, n (%) or Total, n (%) or median

median (IQR) median (IQR) (IQR)
Age (years) 47 (27, 62) 53 (34, 67) 53 (34, 67)
Age group
2y-11sy (school year) 25,168 (17) 977,775 (11) 1,002,943 (11)
12sy-49y 54,950 (37) 2,868,355 (33) 2,923,305 (33)
50+ 67,160 (45) 4,805,671 (55) 4,872,831 (55)
Sex
Male 70,733 (48) 4,035,518 (46) 4,106,251 (46)
Female 76,545 (51) 4,616,283 (53) 4,692,828 (53)
Geographical region
Scotland 10,679 (7) 648,775 (7) 659,454 (7)
North West England 18,801 (12) 994,441 (11) 1,013,242 (11)
North East England 5,831 (3) 321,657 (3) 327,488 (3)
Yorkshire 12,889 (8) 719,130 (8) 732,019 (8)
East Midlands 9,089 (6) 547,238 (6) 556,327 (6)
West Midlands 11,042 (7) 658,057 (7) 669,099 (7)
East England 12,834 (8) 829,889 (9) 842,723 (9)
Wales 6,725 (4) 428,267 (4) 434,992 (4)
London 26,286 (17) 1,443,346 (16) 1,469,632 (16)
South East England 17,758 (12) 1,128,635 (13) 1,146,393 (13)
South West England 10,823 (7) 686,459 (7) 697,282 (7)
Northern Ireland 4,521 (3) 245,907 (2) 250,428 (2)
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Figure 3.4: Raw percentage testing positive (A) and predicted percentage of visits testing positive (B) for
SARS-CoV-2 from ISR (blue) and GAMs (orange) for London only
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Note: Vertical dashed lines indicate periods when new variants became dominant, defined as >50% of positive
swabs with cycle threshold (Ct)<30 being S-gene target positive (ORF1lab+N+S, ORFlab+S, N+S gene positivity)
in the Covid-19 Infection Survey for the pre-Alpha period (01 August 2020 - 13 December 2020), the Delta
variant (17 May 2021 — 12 December 2021), and the Omicron BA.2 variant (28 February 2022 — 5 June 2022),
and >50% Ct<30 S-gene target negative (ORFlab+N gene positivity) for the Alpha variant (14 December 2020 —
16 May 2021), Omicron BA.1 variant (13 December 2021 — 27 February 2022), and Omicron BA4/BA.5 (6 June
2022 onwards). Grey shaded areas indicate periods where stay/work from home laws were enforced, although
specific restrictions varied across the time series.
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Figure 3.5: Raw daily percentage of visits with a SARS-CoV-2 positive test over the study period split by
region.
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Note: Vertical dashed lines indicate periods when new variants became dominant across the UK, as defined in
Figure 3.4.
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Table 3.2: Characteristics of SARS-CoV-2 positive swabs, split by period in which different variants dominated.

Characteristic
Date range

Number of positives,
n

Ct value, median (IQR)
Ct 230 n (% pos in epoch)
Ct <30, n (% pos in
epoch)

SGTF

(% pos in epoch) [% Ct
<30]

S-gene detected

(% pos in epoch) [% Ct
<30]

Pre-alpha
01 August 2020 to
13 December 2020

12,263

28 (21, 32)
5,106 (41)
7,203 (59)

705 (6) [10]

6,452 (53) [90]

Alpha
14 December 2020
to 16 May 2021

16,667

30 (22, 33)
8,405 (50)
8,307 (50)

6,593 (40) [79]

1,669 (10) [20]

Delta
17 May 2021 to
12 December 2021

26,805

25 (19, 31)
7,719 (29)
19,107 (71)

242 (1) [1]

18,844 (70) [99]

Omicron BA.1
13 December 2021
to 27 February 2022

39,620

24 (19, 30)
9,233 (23)
30,432 (77)

25,462 (64) [84]

4,925 (12) [16]

Note: Excluding 23 positive results without Ct values or genes detected available. Epochs were defined as in Figure 3.4.
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Omicron BA.2
28 February 2022 to
05 June 2022

45,318

24 (20, 30)
11,127 (25)
34,200 (75)

3,206 (7) [9]

30,985 (68) [91]

Omicron BA.4/BA.5

06 June 2022,
30 June 2022

6,582

23 (19, 28)
1,183 (18)
5,402 (82)

4,054 (62) [75]

1,345 (20) [25]



3.3.1 Detection of changes in growth rates using ISR and GAMs

| compared change-points detected across the entire study period by the two methods, first
considering the emergence of dominant SARS-CoV-2 variants. ISR and GAMs made broadly similar
predictions of changing positivity trends across geographical regions over the study period (Figure
3.4, Figure 3.6). Focussing on London in particular, change-points corresponding to the emergence
of Alpha, Delta, BA.1, and BA.2 occurred on 26 November 2020, 6 June 2021, 30 November 2021,
and 28 February 2022 using ISR (Figure 3.7, Table 3.3), and 6 days earlier, 3 days later, 6 and 13 days
earlier, respectively, using GAM derivatives. Across all regions, change-points for the three variants
were estimated to occur a median 4 days earlier (IQR 0-8) [range 22 days later-26 days earlier] in
GAMs versus ISR. 33/48 (69%) of change-points occurred earlier using GAMs. No change-point was
detected for Alpha in the East Midlands or Scotland using GAMs but were detected using ISR.
Change-points were also found where the key variants started to decline; for example, after the rise
of BA.1, change-points indicating decreasing positivity trends were found on 20 and 21 December
2021 for GAMs and ISR, respectively. A decline in BA.2 was established on 16 and 21 March 2022
followed by increases in BA.4/BA.5 on 26 and 23 May 2022 using GAMs vs ISR, respectively.

Both methods also identified other change-points aside from trend increases resulting from the
emergence of these variants. For example, in London, a change-point indicating faster growth pre-
Alpha occurred on 26 September and 15 October 2020 using GAMs and ISR, respectively (Table 3.4).
ISR and GAMs identified slowing of Alpha growth on 17 and 19 December 2020, respectively. ISR
identified a change-point of positive to negative growth on 7 January 2021. Both methods identified
a faster decline of Alpha from late-January 2021. GAMs identified a subsequent slowing in declines
on 5 February 2021, with the equivalent slowing on 2 March 2021 using ISR. A slowing in the growth

of Delta was observed on 12 and 6 July 2021 using GAMs and ISR, respectively.

63% (12/19) of all change-points in London identified in GAMs were identified using ISR within 7
days (Table 3.4). 57% (12/21) of all change-points in London identified by ISR were identified by
GAMs within 7 days. Inconsistent change-points between methods generally reflected small

fluctuations when positivity was low (explored for all regions in the next section).
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Figure 3.7: Change-points corresponding to the emergence of three key SARS-CoV-2 variants found by
iterative sequential regression (ISR) and second derivatives of generalised additive models (GAM) for each

geographical region, run on the full time-series.
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Table 3.3: Change-points corresponding to periods corresponding to the emergence of four key SARS-CoV-2
variants found by ISR and second derivatives of GAMs for each geographical region, run on the full time-
series.

Region Coincident GAM ISR breakpoint ISR Days between Days between
Variant breakpoint (DD.MM.YYYY) detection ISR and GAM ISR change-
(DD.MM.YYYY) date change-point* point and
detection
East Alpha 20.11.2020 20.11.2020 14.12.2020 0 24
England Delta 05.06.2021 09.06.2021 06.07.2021 -4 27
BA.1 27.11.2021 24.11.2021 18.12.2021 3 24
BA.2 14.02.2022 16.02.2022 12.03.2022 -2 24
East Alpha Not found 11.12.2020 04.01.2021 n/a 24
Midlands Delta 01.06.2021 12.06.2021 06.07.2021 -11 24
BA.1 28.11.2021 03.12.2021 27.12.2021 -5 24
BA.2 15.02.2022 16.02.2022 12.03.2022 -1 24
London Alpha 20.11.2020 26.11.2020 20.12.2020 -6 24
Delta 09.06.2021 06.06.2021 30.06.2021 3 24
BA.1 24.11.2021 30.11.2021 24.12.2021 -6 24
BA.2 15.02.2022 28.02.2022 24.03.2022 -13 24
North East = Alpha 06.12.2020 08.12.2020 01.01.2021 -2 24
Delta 25.05.2021 06.06.2021 09.07.2021 -12 33
BA.1 04.12.2021 06.12.2021 30.12.2021 -2 24
BA.2 15.02.2022 16.02.2022 12.03.2022 -1 24
Northern Alpha 19.11.2020 05.12.2020 04.01.2021 -16 30
Ireland Delta 09.06.2021 09.06.2021 03.07.2021 0 24
BA.1 07.12.2021 12.12.2021 05.01.2022 -5 24
BA.2 n/a n/a n/a n/a n/a
North Alpha 01.12.2020 05.12.2020 29.12.2020 -4 24
West Delta 14.04.2021 01.05.2021 25.05.2021 -17 24
BA.1 30.11.2021 24.11.2021 18.12.2021 6 24
BA.2 12.02.2022 16.02.2022 12.03.2022 -4 24
Scotland Alpha Not found 20.11.2020 23.12.2020 n/a 33
Delta 26.05.2021 03.06.2021 27.06.2021 -8 24
BA.1 01.12.2021 30.11.2021 24.12.2021 1 24
BA.2 15.01.2022 01.02.2022 25.02.2022 -17 24
South East = Alpha 23.11.2020 26.11.2020 20.12.2020 -3 24
Delta 08.06.2021 21.06.2021 15.07.2021 -13 24
BA.1 05.12.2021 03.12.2021 27.12.2021 2 24
BA.2 15.02.2022 19.02.2022 15.03.2022 -4 24
South Alpha 26.11.2020 08.12.2020 01.01.2021 -12 24
West Delta 23.05.2021 01.05.2021 25.05.2021 22 24
BA.1 06.11.2021 21.11.2021 18.12.2021 -15 27
BA.2 19.02.2022 28.02.2022 24.03.2022 -9 24
Wales Alpha 14.11.2020 20.11.2020 14.12.2020 -6 24
Delta 01.06.2021 27.06.2021 01.10.2021 -26 96
BA.1 01.12.2021 06.12.2021 30.12.2021 -5 24
BA.2 14.02.2022 16.02.2022 12.03.2022 -2 24
West Alpha 30.11.2020 05.12.2020 29.12.2020 -5 24
Midlands Delta 25.05.2021 10.05.2021 06.06.2021 15 27
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Region Coincident GAM ISR breakpoint ISR Days between Days between
Variant breakpoint (DD.MM.YYYY)  detection ISR and GAM ISR change-
(DD.MM.YYYY) date change-point* point and
detection
BA.1 28.11.2021 27.11.2021 21.12.2021 1 24
BA.2 15.02.2022 13.02.2022 09.03.2022 2 24
Yorkshire Alpha 03.12.2020 08.12.2020 01.01.2021 -5 24
Delta 09.06.2021 12.06.2021 06.07.2021 -3 24
BA.1 27.11.2021 27.11.2021 21.12.2021 0 24
BA.2 14.02.2022 19.02.2022 15.03.2022 -5 24

*Negative values indicate earlier occurrence of change-points using GAMs, compared with ISR.

Table 3.4: All changepoints found by iterative sequential regression (ISR) and second derivatives of
generalised additive models (GAM) for London.

GAM change- ISR change-point Description of trend Days between ISR and
point date date GAM change-point
26/09/2020 - Faster growth -

- 15/10/2020 Faster growth -
02/11/2020 05/11/2020 Increase to decrease -3
20/11/2020 26/11/2020 Decrease to increase (rise in -6

Alpha)
19/12/2020 17/12/2020 Slower growth (slowing down of 2
growth in Alpha)

- 07/01/2021 Increase to decrease -
23/01/2021 28/01/2021 Faster decline -5
05/02/2021 - Slower decline -

- 02/03/2021 Slower decline -

- 01/05/2021 Decrease to increase -
09/06/2021 06/06/2021 Faster growth (rise of Delta) 3
12/07/2021 06/07/2021 Slower growth 6

- 27/07/2021 Increase to decrease -
25/09/2021 19/09/2021 Decrease to increase 6
15/10/2021 16/10/2021 Increase to decrease -1
01/11/2021 - Decrease to increase -

- 09/11/2021 Decrease to increase -
24/11/2021 30/11/2021 Faster growth (rise of BA.1) -6
20/12/2021 21/12/2021 Increase to decrease (decline of -1

BA.1)
06/01/2022 11/01/2022 Slower decline -5
29/01/2022 - Slower decline -

- 07/02/2022 Decrease to increase -
15/02/2022 - Faster growth (rise of BA.2) -

- 28/02/2022 Decrease to increase (rise of BA.2) -
16/03/2022 21/03/2022 Increase to decrease (decline of -5

BA.2)
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GAM change- ISR change-point Description of trend Days between ISR and

point date date GAM change-point
- 11/04/2022 Faster decline -
19/04/2022 - Faster decline -
- 02/05/2022 Slower decline -
26/05/2022 23/05/2022 Decrease to increase (rise of 3
BA.4/BA.5)

3.3.2 Relative percentage change in positivity after change-points
One way to evaluate the importance of change-points across the full time series was to quantify the

size of the change in the percentage testing positive after a change-point occurred.

Across all regions, 199 change-points were identified using GAMs run on the full time-series. Of
these change-points, 104 (52%) were followed by a decrease in positivity over 4 weeks, 94 (47%)
were followed by an increase, and one (1%) change-point was less than 4 weeks before the end of
the time series (Figure 3.8). Of those change-points followed by decreasing positivity, 25% had a
relative decrease of more than 50%; 62% had a relative decrease of more than 20%, and only 19% of
decreasing GAM change-points had a relative decrease of 0-10% (remainder 10-20%). For change-
points followed by increasing positivity, 34% had a relative increase of more than 150%; 45% had a
more than 100% relative increase; 83% had a more than 20% relative increase, and only 11% of

increasing GAM change-points had a relative increase of between 0-10% (remainder 10-20%).

For ISR, 230 changes-points were identified across all regions of which 108 (47%) were followed by
decreasing positivity over 4 weeks and 122 (53%) were followed by increasing positivity (Figure 3.8).
Of those change-points followed by decreasing positivity, 31% had a relative decrease of more than
50%; 72% had a relative decrease of more than 20%, and only 14% of decreasing ISR change-points
had a relative decrease of 0-10% (remainder 10-20%). For change-points followed by increasing
positivity, 34% had a relative increase of more than 150%; 52% had a more than 100% relative
increase; 88% had a more than 20% relative increase, and only 8% of increasing ISR change-points

had a relative increase of between 0-10% (remainder 10-20%).

Overall, GAMs and ISR had a similarly low proportion of change-points with small relative changes in
the percentage testing positive. Increases in trends were generally larger than decreases but the vast

majority of change-points were followed by a relative increase or decrease >20%.
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Figure 3.8: The relative percentage decrease (blue) or increase (red) in positivity on the date of the detected
change-point compared with positivity 4 weeks later.
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Note: Results are presented for second derivatives of generalised additive models (GAMs; top) and iterative
sequential regression (ISR; bottom). Models run on all 12 regions across the full time-series are included.

3.3.3 Detection of change-points in ‘near real-time’

In real-time, often most interest is in change-points at the end of a time-series, for example, the final
8-weeks. Rather than running GAMs from the start of the time series (1st August 2020) each time |
wanted to find new change-points at the end of the time-series, to improve computational efficiency
| assessed whether the same change-points were estimated if GAMs were only run on double (16-
weeks), triple (24-weeks), or quadruple (32-weeks) the period of interest. The shorter time-frames
of 16-weeks and 24-weeks missed over half the change-points in the full time-series in both cases so

were not considered further (Table 3.5).

In contrast, the 32-week model found the majority of change-points in the full time-series (8/10). In
the 32-week model, one change-point on 21 February 2021 was not identified by the full model in
the model ending 18 March 2021. This change in the second derivative was only significant for two
days, thus may not be a meaningful change. The second derivative became significant again on 24
February 2021 for nine days, matching the change-point in the full model on 23 February 2021. With
models ending on 23 December 2021 and 17 February 2022, the 32-week model missed two change-

points identified in the full time-series (4 Nov 2021, 2 Feb 2022). While these were not change-
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points indicating substantial growth/decay of variants, they were both identified by ISR (9 Nov 2021,
7 Feb 2022; Table 3.4). Thus, while a 32-week GAM appeared to identify the majority of change-
points, if the capacity is available to run models on the full time-series, statistical power will likely be

increased.

Running GAMs sequentially adding new data for London every week from 1% October 2020-30th
June, 96 change-points were found in the final 8-weeks across all GAMs (Figure 3.9). The majority
(64/96: 67%) of change-points were identified by five successive GAMs. Eight (8%) change-points
were not identified in any of the five subsequent GAM models, but four of these were identified by
ISR. Overall, 77% (74/96) of change-points in the last 8-weeks of successive GAMs were identified by
ISR, and 23% (22/96) were never identified by ISR.

Results were broadly similar for Northern Ireland (the smallest region in the dataset), where 52
change-points were found in the final 8-weeks across all GAMs (Figure 3.9). The majority (31/52:
60%) of these change-points were identified by five successive GAMs. One change-point was not
identified in any of the five subsequent GAM models but was identified by ISR. Overall, 52% (27/52)
of change-points in the last 8-weeks of successive GAMs were identified by ISR, and 48% (25/52)

were never identified by ISR.

Using the final date of the first successive GAM to estimate when change-points in the full time-
series GAM would have been detected, for London, change-points were detected a median 21 (IQR
17-26; range 10-128) days after the change in growth was estimated to occur (Figure 3.10). ISR
generally fixed change-points into the model (based on lower AIC vs linear trend) around 24 days
after the change. When identified by both GAMs and ISR, GAMs detected change-points a median 4
days earlier (IQR 10 days earlier, 1 day later; range 17 days earlier-35 days later). Four change-points
identified in the final GAM for London were not identified in any successive GAMs, hence a detection

date could not be determined.

When considering change-points for Northern Ireland (around a fifth of the number of visits in
London), while ISR still consistently detected change-points ~24 days after the change occurred,
GAMs detected changes median 30 days after (IQR: 24-54; range: 8-108) (Figure 3.10). When
identified by both ISR and GAMs, in contrast to London, ISR detected change-points a median 10
days earlier (IQR: 0, 32).
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Table 3.5: Comparison of change-points detected by generalised additive models run on the full time series from 1st August 2020, 16-week, 24-week, and 32-week

periods for London

Model end date (days
from 1° August 2020)

Change-point dates from
model run from 1*
August 2020 [duration*,
days]

Change-point dates (days between current change-point and change-point in full model)

[duration*, days]

16-week model (112 days) 24-week model (168 days)

32-week model (224 days)

26-11-2020 (118 days) 06-11-2020 [14] 04-11-2020 (-2) [17] n/a n/a
21-01-2021 (174 days) 09-12-2020 [5] - 11-12-2020 (2) [3] n/a
23-12-2020 [9] 25-12-2020 (2) [6] 24-12-2020 (1) [7] n/a

- 05-01-2021 (n/a) [3] - n/a

18-03-2021 (230 days)

10-02-2021 [1]
12-02-2021 [2]

23-02-2021 [9]

26-02-2021 (3) [7] -

10-02-2021 (0) [3]

14-02-2021 (-2) [1]
21-02-2021 (n/a) [2]
24-02-2021 (-1) [9]

13-05-2021 (286 days)

No change-points

No change-points No change-points

No change-points

08-07-2021 (342 days)

13-06-2021 [17]

14-06-2021 (-1) [19]

02-09-2021 (398 days)

13-07-2021 [12]

14-07-2021 (1) [9] 14-07-2021 (1) [11]

14-07-2021 (1) [12]

28-10-2021 (454 days)

04-10-2021 [6]

10-09-2021 (n/a) [45] -

04-10-2021 (0) [5]

23-12-2021 (510 days)

04-11-2021 [10]
27-11-2021 [27]

04-12-2021 (7) [12] 03-12-2021 (6) [14]

02-12-2021 (5) [16]

17-02-2022 (566 days)

06-01-2022 [18]
02-02-2022 [5]

12-01-2022 (6) [6] 12-01-2022 (6) [5]

11-01-2022 (5) [8]

*Duration = number of days that the credible interval of the second derivative did not contain zero Note:

week and/or 32-week model is identical to the model run from 1st August 2020.
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Figure 3.9: Number of successive GAMs (zero to five), and ISR, finding the same change-points (top panel).
Predicted positivity from final GAM for reference (bottom panel). Results are for London (A) and Northern
Ireland (B).
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Figure 3.10: Difference in detection dates between GAMs (orange) and ISR (blue) for London (A) and

Northern Ireland (B).
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3.3.4 Incorporating change-points based on the first derivative

Change-points corresponding to the emergence of BA.4/BA.5 were found for all regions using ISR but
were not found using GAMs for 9/12 regions (Table 3.6). The growth rate of BA.4/BA.5 was similar to
that of BA.2 declining so, while the second derivative was significantly different from zero, a new
change-point was not established. Adding in additional change-points where the first derivative

switched signs, all regions found change-points for BA.4/BA.5 using GAMs (Figure 3.11).

Overall, adding in additional change-points where the first derivative switched signs during a period
of significance in the second derivative, an additional 78 change-points were established across the
full time-series for all regions using GAM models (199 change-points based on the second derivative
only). The largest number of additional change-points occurred in South East England, with 10
additional change-points above the 20 original change-points established using the second
derivative only (Table 3.6). The majority of the additional change-points occurred in January and
February 2022, concurrent with the rise and fall of BA.1.

Table 3.6: Change-points from GAMs and ISR fitted on the full time-series for BA.4/ BA.5. Change-points

from GAMs are presented for both change-points defined by the second derivative alone, as well as
additional change-points based on the first derivative.

Geographical GAM change-point date GAM change-point date ISR change-point

region calculated using second incorporating additional change- date (DD.MM.YYYY)

derivative only points from first derivative

(DD.MM.YYYY) (DD.MM.YYYY)
East England Not found 30.05.2022 23.05.2022
East Midlands Not found 31.05.2022 01.06.2022
London 26.05.2022 No change 23.05.2022
North East 09.06.2022 No change 11.05.2022
Northern Ireland Not found 24.05.2022 14.05.2022
North West Not found 28.05.2022 01.06.2022
Scotland Not found 24.05.2022 29.05.2022
South East Not found 28.05.2022 20.05.2022
South West Not found 29.05.2022 23.05.2022
Wales Not found 01.06.2022 17.05.2022
West Midlands 29.05.2022 No change 01.06.2022
Yorkshire Not found 31.05.2022 23.05.2022




Figure 3.11: Predicted positivity (A), first derivatives (B), and second derivatives (C) calculated from GAMs
fitted on the entire time-series for each geographical region, but only presented from 1st March to 30th
June 2020. Original change-points based on the second derivative are shown in vertical blue lines, and
additional change-points based on the first derivative are shown in vertical orange lines.
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3.3.5 Estimating change-points in target subgroups

Analogous to “sentinel surveillance”, | assessed whether change-points could be established earlier
by modelling population subgroups, here focusing on age as schools remained open for much of the
pandemic after the initial lockdowns. In the dataset used for this analysis, as others,* large rises in
positivity associated with the emergence of Alpha occurred earlier in those aged 2y-11sy, with
steeper increases in positivity in late-August 2021 (Delta) and late-January 2022 (BA.1) compared

with older age-groups (Figure 3.12).

Little difference was seen across age groups for GAM change-points associated with Alpha (Figure
3.13). For Delta, change-points occurred earliest in the overall model and those aged 12sy-49y, and
latest in those aged 2y-11sy. Rises in BA.1 occurred 18 days earlier in the youngest age group versus
all ages using ISR, and 19 days earlier using GAMs. Rises in BA.2 were found earliest in the 2y-11sy

age group using GAMs (9 February 2022).

3.3.6 Estimating change-points by type of outcome

Analogous to surveillance of different types of infection, e.g. resistant vs susceptible Staphylococcus
aureus, | considered whether change-points could be established earlier by modelling PCR S-gene
positivity as a proxy for SARS-CoV-2 variant. There were distinct differences in trend between SGTF
and SGTP positivity over time (Figure 3.14) and GAM and ISR predictions for London closely followed

these trends (Figure 3.15).

For London, change-points associated with the emergence of Alpha occurred one and nine days
earlier using SGTF versus all positives for GAMs and ISR, respectively (Figure 3.13). Change-points for
Delta occurred and were detected nine days later using SGTP versus all positives using ISR, and
occurred one day later using GAMs. Change-points for BA.1 occurred on 11 and 12 November 2021
using GAMs and ISR for SGTF, with all-positive change-points on 24 and 30 November 2021,
respectively, a 15-day earlier detection for the ISR change-point. For SGTP, ISR estimated a change-
point for BA.2 on 11 January 2022 (detected 4 February 2022) and did not find a change-point for all-

positives until 48 days later.
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Figure 3.12: Predicted percentage testing positive for SARS-CoV-2 from ISR (blue) and GAMs (orange) for

models run separately by age group for London.
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Figure 3.13: Change-points from GAMs (run on the full time-series; orange) and ISR (blue) run separately by age, separately by S gene detection, and overall in London.

Coincident variant: Alpha Coincident variant: Delta

2y-11sy ‘

¢
|
!
2y-11sy 4 : ’
!
t
!

12sy-49y 4 ‘ 12sy-49y 4 *

50y+

50y+ ‘

Subgroup
Subgroup

S-gene detected 4

S-gene absent 4 ‘

Overall 4 ’ Overall 4 ’
, | 1 - , , .
19Nov20 24Nov20 07Jun21 12Jun21 17Jun21 22Jun21
Change-point date Change-point date
Coincident variant: BA.1 Coincident variant: BA.2

! !
1 1
2y- B ' 2y~ 4 |
2y-11sy ’ ' 2y-11sy ‘ '
1 1
' '
. | |

125y-49y 2sy-49y
2sy-49y ' 125y-49y ¢ !
1 1 {
f ¥ P o P
8 1 8 1
= ! = 4

50y+ 1 50y+
R . - oyt *
= | > 1
»n i 2] g
1 1
1 1

S-gene absent 4 S-gene detected | ‘

gel ‘ : gene detecte: :
1 1
0 0
1 1
1

Overall 4 Overall 4

¢ .
1 1
T T T T T T L T T T T T T T T T T L
04Nov21 09Nov21 14Nov21 19Nov21 24Nov21 29Nov21 13Jan22 18Jan22 23Jan22 28Jan22 02Feb22 07Feb22 12Feb22 17Feb22 22Feb22 27Feb22
Change-point date Change-point date

Model GAM € ISR

Note: Vertical dashed lines show the position of change-points in overall GAM and ISR.

91



Figure 3.14: Raw daily percentage testing positive split by S-gene target positive and S-gene target failure, for all regions.
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Figure 3.15: Predicted daily percentage of visits testing positive for SARS-CoV-2 from ISR (blue) and GAMs (orange) for London only, split by SGTP and SGTF.
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3.4 Discussion

Here, | compared two methods for detecting changes in growth rates in surveillance data, using
SARS-CoV-2 as an exemplar. Both methods detected trend increases and decreases associated with
the emergence of Alpha, Delta, BA.1, and BA.2 variants, and other smaller growth rate fluctuations,
at similar dates. Considering near real-time analysis, the most recent change-points detected using
GAMs were found in successive GAMs including five subsequent weeks’ data and using ISR,
demonstrating consistency between GAM model runs and between methods. However, GAMs
needed at least 4 times the duration of data over which there was interest in identifying change-
points to provide stable estimates. Change-points were, on average, detected slightly earlier using
GAMs versus ISR considering larger geographical regions, but this was not consistent across different
sized regions or subgroups. Considering positivity trends separately in different age subgroups
allowed earlier BA.1 detection using data from children alone versus all positives, and similarly

considering positivity trends separately for SGTP allowed earlier detection of BA.2 emergence.

Supporting using these methods for sentinel surveillance, | found change-points could be detected
earlier through modelling age groups separately, often, but not always, in those 2y-11sy. This is likely
due to faster SARS-CoV-2 transmission at younger ages, specifically during Omicron BA.1 emergence,
driven by higher contact levels through school attendance while other guidance (e.g. working from
home'*®) slowed transmission between adults until infections were later transmitted onwards from
younger to older individuals. While studies have found no evidence of increased transmission on

151154 increased person-to-person contact associated with attending school (e.g.

school premises,
public transport, gatherings at school pick-up/drop-off) measurably impact the reproduction
number.'® Rising SARS-CoV-2 positivity in younger individuals may therefore be a useful early
warning signal for rises in older individuals, where hospitalisation risk and mortality are higher,*>®
although trend changes were not consistently identified earlier in younger age groups. Implementing
surveillance systems separately by subgroups may be an efficient way to detect changes earlier

more generally, although its value may depend on specifics of transmission dynamics.

Similarly, | found change-points were generally estimated to occur slightly earlier when considering
positivity split by S-gene detection. This was particularly useful when BA.2 emerged, as BA.1 declines
concealed fast BA.2 growth when combining all positives. However, again this was not universal,
likely reflecting an accuracy-precision trade-off, since the number of positives of specific types was
always lower, even if they were a more sensitive measure of the new variant. More broadly,
surveillance of pathogens with different susceptibilities could allow similar shifts in underlying

variants to be elucidated.'’
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The methods | considered in this chapter have much wider applicability to infection surveillance, but
SARS-CoV-2 provided an ideal opportunity to test them due to rapid changes in positivity and
emerging variants with different epidemiology. Change-points estimated for Alpha using ISR and
GAMs were generally consistent with changing UK public health policy. The first Alpha sequence
came from a sample on 20 September 2020, but it was not widely recognised until December after
its rapid growth throughout November,*®> with regional lockdowns implemented on 23rd
December 2020.%%° By then, change-points had been detected by ISR in four geographical regions,
including London and South East England where Alpha rose earliest and fastest. In contrast, Delta
was named a variant of concern on 6 May 2021,% approximately a month earlier than change-
points occurred in most regions in this analysis, reflecting its earlier identification through rapid
increases in infections in India. The appropriate length of time between changes occurring and
change-point detection thus depends on the surrounding context. The average 3-week lag observed
here may not be generalisable under large-scale specific testing but may be relevant if surveillance is
reliant on passive data. The infection/disease being monitored could also influence the relevance of
this lag. Fundamentally ISR and GAM s identify when infection epidemiology changes, which may be
independent of or coincident with recognition of new variants with different transmission potential,
virulence, or resistance through genetic sequencing or changes in epidemiology in other countries.
Whilst the methods presented here could be applied to the proportion of genetic sequences which
are a specific variant, to date this has generally shown log-linear growth for SARS-CoV-2,%? without

change-points before a new variant becomes the majority sequence.

Real-time surveillance is mostly concerned with recent data, where uncertainty is greatest. Using
ISR, most change-points were detected slightly later versus using GAMs — at least in part a limitation
of ISR requiring a minimum number of days between the current and last identified change-point.
While GAMs detected some change-points earlier, they also found a small number of change-points
during the last 7-days of successive model runs which were not confirmed when adding a further 7-
days’ data. The increased flexibility afforded through GAMs may therefore cause false-positives at
data boundaries. Most change-points found in the last 4-weeks of successive GAMs were confirmed
by the full time-series GAMs, albeit sometimes later due to reduced power over shorter timeframes.
Requiring at least 7-days of data after change-points, or confirmation in two successive models,
would increase certainty. Change-points were found slightly later in GAMs versus ISR on smaller
datasets, likely due to ISR fixing one parameter at a time whereas GAMs optimise over the entire
time-series, hence being more influenced by sample size. Overall, this illustrates the inherent trade-

offs between the two methods; ISR forcing log-linear trends between change-points will identify
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change-points more efficiently when this is close to the truth but will be inefficient if trends are

volatile.

While most change-points found in this study were related to increases and decreases in major
variants, | also identified other fluctuations. Most of these other change-points were associated with
large relative percentage changes in positivity over 4 weeks, with most smaller relative changes
indicating growth/decline slowing down or flattening off, so these were still epidemiologically
important. Some change-points identified by GAMs were significant only for short durations e.g. one
day, and of small magnitude in the second derivative. Whilst statistically significant, these changes
may not be meaningful, with policy decisions more likely made on larger changes in growth/decay.
For both GAMs and ISR, | would recommend interpreting change-points in the context of current
underlying prevalence. Further, using second derivatives of GAMs, change-points for BA.4/BA.5 were
mostly not found by the 30th June 2022 but could be established when considering additional
change-points based on the first derivative swapping sign. Considering changes in the first derivative
may be important to avoid missing change-points moving forward. As regards methods, estimating
derivatives using a Metropolis-Hastings or similar sampler is recommended during low prevalence

periods.

In this exemplar, demonstrating that relevant change-points can be detected in a randomly sampled
community population is useful for future SARS-CoV-2 surveillance, as this could trigger targeted
testing in different regions and/or age groups to help control spread and identify new variants,63164
ultimately aiming to reduce cases/hospitalisations. The large sample size allowed power to detect
change-points, despite relatively low positivity rates, enabling me to compare the two methods.
Whilst SARS-CoV-2 is a respiratory virus, there is no reason that the methods would not apply more

broadly to different infection surveillance data streams.

Study limitations include comparing the two methods on a single dataset, albeit including multiple
change-points of different magnitudes. While ISR has been evaluated independently on other
datasets,' further comparisons in other settings may be useful. Comparing methods on complex
real-world data is practically useful, but future simulation studies could systematically evaluate
statistical properties of these methods against a known “gold standard”, albeit likely based on much
simpler underlying trends. | arbitrarily decided to define change-points within +7-days between
methods as matched (i.e. identifying the same true underlying epidemiological trend) which may
have led to a small amount of misclassification. The amount of data required to detect change-
points will depend on the specific outcome, and speed of underlying changes, which will differ

between respiratory pathogens (e.g. SARS-CoV-2) and antimicrobial resistance determinants, for
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example. While ISR and second derivatives of GAMs are two options, other change-point detection
methods may also be suitable, although | was not able to identify other methods that aimed to
identify trend changes on an initial literature search (also confirmed through 2024 conversation

between TP Quan and author; unreferenced).

In summary, ISR and second derivatives of GAMs could potentially detect changes in trend in
multiple different types of infections in near real-time surveillance, including SARS-CoV-2, but more
widely including hospital-acquired infections and antimicrobial-resistant pathogens. While both
methods gave a generally consistent pattern, some known changes in the epidemiology of SARS-
CoV-2 caused by different variants emerging were identified earlier by GAMs than by ISR and vice-

versa, therefore running both methods in parallel would be ideal.
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Chapter 4 Choosing control groups and defining exposures in studies

using Electronic Health Records

The unprecedented nature of the COVID-19 pandemic resulted in scientific research focusing on how
to better understand, manage, and treat COVID-19. Chapters 2 and 3 of this thesis focused on some
key questions about the COVID-19 response both relating to how we can identify those at risk of
disease in “near real-time” scenarios. | wanted to explore whether | could extend the methods | used
during the COVID-19 pandemic to investigate those at risk of different diseases in varying data
sources. This Chapter explores the challenges encountered when applying these methods in

different contexts.

4.1 Introduction

Electronic Health Records (EHRs) offer a wealth of information to explore at-risk populations. While
research is not their primary purpose, EHRs have been increasingly used for research purposes. The
real-world nature of the data can reduce selection bias compared with other study types such as
clinical trials, allow large sample sizes which is particularly useful for less common diseases, and
reduce costs due to data already being collected for routine purposes.t®® The use of EHRs has
increased massively over the last 30 years, as outlined in the Introduction to this thesis, resulting in
90% of NHS Trusts in England using EHRs in 2023.%* There has also been increased linkage between
microbiology samples and hospital episode statistics, for example in national level data held by
UKHSA.”® This allows more accurate data on laboratory-confirmed infections and gives more
opportunity to assess the impact of a more diverse and higher number of risk factors for these
infections. In particular, using linked data may allow better monitoring of risk factor associations

with the most serious type of infection, bloodstream infections (BSls), over time.

To investigate risk factors using EHRs, a control group had to be established so risk factor differences
could be compared between cases and a population that did not get the disease of interest
(controls). The COVID-19 Infection Survey (CIS) used in Chapters 2 and 3 was a prospective cohort
study. These studies work by choosing a group of people before the event of interest is observed
and following them up over time, measuring exposures and observing whether they have the event
of interest. Those who do have the event become “cases” while those who do not become
“controls” and therefore the group is not conditioned on the outcome. This contrasts with case-
control studies where individuals are selected specifically for the study based on the outcome of
interest and defined as either cases or controls.!® Potential risk factors are then observed

retrospectively from the pre-collected data. When using EHR data, a case-control design was
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suitable as the data were already collected; however, this did require defining both cases and

controls at the beginning of the study.

Who should be included in a control group when using EHRs is unclear. There are general
recommendations for all study types in the literature about conditions individuals should meet to be
considered in a control group. For example, controls should have been included as cases if they had
developed the disease (i.e. the control group should come to the same hospital as the included cases
if cases are defined by hospitalisation at a specific location), and they should have the same source
population as cases.'®” The choice of control group can impact results and yield incorrect results if
not carefully selected. Collider bias can be particularly problematic in studies using EHRs due to the
probability of being selected into the study (i.e. healthcare attendance) often being influenced by
the exposure and the outcome, possibly inducing incorrect associations (i.e. estimated associations
do not have a causal interpretation).'®® This has been well documented in hospital-based studies for
COVID-19 where, for example, both frailty and COVID-19 infection predict hospitalisation.
Considering frailty as a risk factor could therefore induce collider bias.'® Further, missing data for
risk factors can influence results when choosing a control group. Many risk factors are calculable in
EHRs from International Classification of Disease 10th edition (ICD-10) codes which are
predominately recorded in inpatient admissions. An absent ICD-10 code may not reflect absent
disease but instead the absence of an inpatient admission where the disease could be recorded. The
amount of missing data could be impacted by selection of a control population. Finally, while one
benefit of EHRs is the large number of people included in them, information governance laws may
be in place to restrict access to all individuals with relevant records and therefore this has to be

considered in control group choice.

There is no gold standard for defining risk factors using EHRs and, as described above, bias can be
introduced. The proximity of risk factors to the outcome of interest is important and can cause
reverse causality if measurements taken very close to the outcome are included. For example,
increases in C-reactive protein (CRP) are a consequence of BSIs so CRP measurements taken just
before a positive blood culture collection could be caused by the BSI, rather than affect the risk of
getting a subsequent BSI through e.g. increased background inflammation since CRP could also be
raised when diseases are in a sub-clinical state.'®® The location where samples were collected may
also impact the test results and therefore the suitability of values for inclusion in risk-based analyses.
For example, a heart rate measurement taken at a planned outpatient appointment may be closer to
what is physiologically normal for a person versus a heart rate measurement taken at the emergency
department from the same person. Further, the amount of missingness in risk factors may be

dependent on the location of the patient. The type of laboratory blood tests requested can also
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differ in inpatient admissions compared with requested tests in ambulatory, outpatient and
emergency department settings, for example,'’° perhaps resulting in different missingness patterns

across different healthcare settings.

Finally, EHRs are imperfect for use in research. EHRs are primarily collected for clinical care and
reimbursement purposes and can have imperfect data input, impacting the quality of risk factors
calculated. For example, ICD-10 codes reflect the ultimate most serious (in terms of cost) final
diagnosis rather than the initial diagnosis the patient was treated for when the disease was first
diagnosed, or even other diaghoses made during admission.'’* Abnormal test results will only be
present if the test was conducted and considered relevant to the main condition the patient was
admitted for.'7? There is unlikely to be one correct definition for exposures, and instead multiple

ways to represent the same risk factors could be considered and give useful information.

Escherichia coli (E. coli) BSls were selected as the disease of interest for this study. They are the most
common Gram-negative bloodstream infection in the UK and can lead to serious illness and death.®!
Understanding which populations are at an increased risk of E. coli BSls could help target

interventions to reduce the number of E. coli BSIs. Further motivation for choosing E. coli BSls as the

disease of interest will be outlined in the following Chapter.

Using data from the Infections in Oxfordshire Research Database (IORD), | first compared the impact
of different control groups, varied by the time since previous hospital contact and type of hospital
contact, on missing data and results from models including demographics only. Second, | assessed
the impact of differing definitions of risk factors on model results, specifically the proximity of risk

factors to E. coli BSI collection as well as where in the hospital measurements were taken.
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4.2 Methods

| used data from the Infections in Oxfordshire Research Database (IORD): a large dataset including
inpatient admissions, outpatient appointments, and accident and emergency (A&E) visits, as well as
microbiology and biochemistry/haematology test results from samples sent within hospital and from
general practice. These were linked with diagnostic codes, procedure codes, and vital signs taken
during hospital attendance. IORD includes four large teaching hospitals covering a catchment area of
around 660,000 individuals. The dataset goes back to 1997, with electronic recording of most
variables, for example, diagnostic codes, from 2007 onwards. Electronic recording of vital signs
began in 2016. | included all admissions from 1st April 2018 to 31st March 2022 to allow for a
lookback period for vital signs. | analysed data separately over financial years (FY, i.e. April to March)

to keep winter months together in the same year.

4.2.1 Case definition

| defined cases using results from microbiological isolations. All E. coli cultured from blood samples
were considered as cases. Positive isolations were de-duplicated within 90 days from an index
positive to avoid multiple inclusions reflecting the same infection episode or incompletely treated
ongoing BSls. Of note, this is different from the surveillance definition which deduplicates using a 28-
day window as | only wanted to consider de novo, rather than recurrent, infections in this study. A
small number of cultures from individuals <16 years old and those missing sex were excluded. Those
<16 years old were excluded as risk factors may differ in children versus adults and infections in
babies may be influenced by characteristics of the mother that, due to deidentified data, were not
definable using EHRs. For each financial year, only one positive blood culture was considered per
person, selecting the first E. coli BSI if multiple de-duplicated positive blood cultures were present.
Recurrent E. coli BSIs were included but, as per the definition above, only if BSIs were >90 days apart

and in separate FYs.

4.2.2 Control definitions

| defined controls using all individuals with any of an inpatient admission, outpatient appointment,
A&E attendance, microbiology sample taken, or blood test recorded in the Laboratory Information
Management System (LIMS). Importantly, the microbiology results contained both positive and
negative results from samples and results from both patients who had samples taken in the hospital
and people in the community who had a sample sent for testing from the GP to the hospital-based
laboratories. Records from individuals <16 years old and those missing sex were dropped from the
analysis. All records from individuals who had had an E. coli BSI since 1st April 2013 were removed to
avoid contamination of the control group. | included each person once per FY if individuals had

multiple healthcare visits, selecting the last available contact within the FY.
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4.2.3 Defining the analysis cohorts

Ideally, the control group would include everyone in Oxfordshire; however, IORD only includes a
subset of individuals who have had healthcare contact (as defined above) with Oxford University
Hospitals. Further, many risk factors of interest can only be calculated from data recorded in
inpatient admissions, for example, diagnosis or procedure codes and vital signs. To account for the
fact that individuals with no previous or current inpatient episode would have missing data for many
characteristics, two analysis cohorts were subsequently defined based on previous and current
healthcare contact recorded in IORD. (Note: Inpatient admissions, or an inpatient spell, are a
continuous hospital stay in the same hospital from admission to discharge. A spell is split into one, or
more, contiguous consultant episodes, with a new episode generated when the patient is
transferred to a different consultant or specialty.'’® Diagnosis and procedure codes are assigned to
each episode.) Within each of these cohorts, five subsets were initially created based on a varying

amount of “lookback” included to calculate risk factors, from 1FY to 5FYs.

One cohort was defined based on previous inpatient contact, subsequently referred to as the

“inpatient only” cohort, to minimise the amount of missing data for risk factors.

e The inclusion of E. coli BSls (cases) into this cohort was conditional on them having a
previous inpatient episode. A previous inpatient episode was defined as any inpatient
episode in the previous 1-5 FYs which ended (based on episode end date and time) at least
72 hours before the collection date/time of the blood sample defining the E. coli BSI (their
most recent contact date).

o The exclusion of inpatient exposure in the 72 hours before blood culture collection
was to avoid issues of reverse causality as many E. coli BSls result in an inpatient
admission; factors recorded in these episodes could therefore be a consequence,
rather than a cause, of the infection. Inpatient episodes were used rather than
inpatient spells to allow for nosocomial BSls to have risk factors based on current
hospital exposure, provided the episodes ended >72 hours before blood culture
collection.

e The inclusion of potential controls into this cohort was conditional on having either a current
inpatient episode or a previous inpatient episode within the previous 1-5 FYs which ended
on or before the “most recent contact” date (the last date in each FY where individuals did
not have an E. coli BSI). The 72-hour exclusion was therefore not applied to the control
group because there were no concerns about reverse causality; however collider bias was a

concern (see below).
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The second cohort was defined conditional on having any previous healthcare contact, subsequently

referred to as the “any healthcare” cohort, to allow the retention of as many individuals as possible

for analysis.

The inclusion of E. coli BSIs (cases) into this cohort was conditional on them having a
previous inpatient episode, as defined above, or an outpatient appointment, A&E visit,
blood test, or microbiology sample which occurred >72 hours before the collection
date/time of the E. coli BSI and within the previous 1-5 FYs. Again, this was to avoid issues of
reverse causality.

The inclusion of potential controls into the “any healthcare” cohort was conditional on
having a current or previous inpatient episode in the prior 1-5 FYs as defined above, or a
previous outpatient appointment, A&E visit, blood test, or microbiology sample strictly
before the “most recent contact” date. Non-inpatient contact was specified to be strictly
before the “most recent contact” date (rather than including current contact) to reduce the
impact of collider bias in this cohort by reducing the number of individuals being selected
into the cohort based on their current health status. This is demonstrated below where both
potential risk factors (e.g. frailty) and E. coli BSls impact case/control selection, creating

spurious relationships between exposures and the outcome (Figure 4.1).

Figure 4.1: A simplified Directed Acyclic Graph (DAG) illustrating potential collider bias.

Potential risk factor E. coli bloodstream

(exposure) infection (outcome)

Case/control selection: Having contact
in an inpatient admission, outpatient
appointment, A&E visit, blood or
microbiology sample collection.

Note: Directed arrows indicate causal effects and dotted lines indicate induced associations. Other
variables and confounders are excluded for illustrative purposes only.

4.2 .4 Defining exposures

Risk factors were defined from all available data sources, specifically inpatient admissions and

outpatient appointments including ICD-10 codes and procedure codes (Office of Population

Censuses and Surveys [OPCS] Classification of Interventions and Procedures version 4), A&E
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attendances (which do not have these codes but a different coding system for recording reasons for
attendance which is not aligned with ICD-10 and therefore | did not use), blood test results,
microbiology results, and vital signs. A full list of variables with their definitions is provided in
Appendix A. Details on how variables were selected are outlined below, with variables broadly being
selected based on risk factors defined in previously published research (e.g.5%7%), clinical advice and

knowledge, and the availability of data.

For ICD-10 and procedure codes, | exploited the hierarchical nature of the coding systems to
aggregate information to create variables.?’>17¢ At the highest level, both types of codes are split
into Chapters broadly encompassing the diagnosis or type of procedure a patient has received. For
example, ICD-10 Chapter | includes codes related to “certain infectious and parasitic diseases”, while
Chapter A for procedure codes encompasses procedures related to the nervous system. | therefore
created 22 variables denoting all ICD-10 code chapters and 24 variables for all procedure code

chapters.

| also aggregated ICD-10 codes based on pre-defined scores. | calculated the Charlson co-morbidity

177 178

index'’” using predefined ICD-10 codes'”® with updated weightings from Quan et al.?’°. | considered
the composite score as a continuous variable, but also the presence of the individual components
separately as binary variables. | defined frailty using a pre-defined frailty score for use with EHRs by

Gilbert et al.28°

| used published coding lists to define additional variables from procedure codes for

182 3nd transplant.'®® Eighteen specific surgery groupings (e.g. including

chemotherapy,®! dialysis,
large bowel surgery and hip replacement) were defined from previously published UKHSA
documentation.’®* This document also flagged whether each surgery within each grouping was
mostly clean, clean-contaminated, or contaminated, and hence three additional groupings of
surgeries under these headings were considered as potential risk factors. Some variables were
defined based on key phrases in procedure code descriptions. This was done for suspected risk

factors, such as urine catheterisation, or common procedures, such as endoscopies, where there was

not an available pre-defined coding list.

| created variables from microbiological samples considering both whether a test was requested and
the test result. Variables were created for pathogens commonly isolated from urine samples: urine
positive for E. coli, Enterococcus, Klebsiella, and Enterobacterales (including E. coli and Klebsiella).
Similarly, for blood samples, any blood culture positive for S. aureus was considered as a binary
variable with all other isolated pathogens occurring very infrequently in the E. coli cases and

therefore not included. Any urine or blood sample collected for culture were also created as
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variables alongside the number of both these tests requested irrespective of results as, based on
previous research looking at blood tests, requesting a test can be as predictive of ill-health as the
positive test/test result itself.1’2 | also considered any of the following tests requested as variables:
faeces culture (and separately those positive for Clostridioides difficile), COVID-19 swabs (and those
positive) and influenza/Respiratory Syncytial Virus (RSV) PCRs (polymerase chain reaction tests),
respiratory samples (and those positive for Pseudomonas aeruginosa), surface swab culture taken,
screen for MRSA (Methicillin-resistant Staphylococcus aureus), blood PCR test for CMV

(Cytomegalovirus) or EBV (Epstein—Barr virus), or CNS (central nervous system) culture taken.

| selected blood test results from twenty tests based on advice from clinicians to capture a variety of
clinical information. | selected routine tests such as those done as part of a full blood count,
including white cell count, platelets, and haemoglobin levels, to assess general health indicators.’® |
also included tests which were markers for risk factors of interest, including CRP as it is a marker for
inflammation, alanine aminotransferase, albumin, and bilirubin for liver function, and creatinine and
urea to indicate kidney function. Other tests were selected as they are used widely to screen for
specific ilinesses, including HbAlc measurements for diabetes/pre-diabetes and the Prostate-
Specific Antigen test (PSA) for prostate cancer. | created variables using test results from six key vital
signs: heart rate, respiratory rate, systolic blood pressure (SBP), diastolic blood pressure (DBP),
oxygen saturation, and temperature. These vital sign tests were measured routinely in inpatient

admissions.

For all vital signs and blood test results, extreme values incompatible with life (based on clinician
recommendation) were dropped from the analysis. To avoid undue influence of marked outliers, |
truncated all continuous variables at the 5th and 95th percentiles for variables that did not include a
natural zero (BMI, height, systolic and diastolic blood pressure, heart rate, respiratory rate,
temperature, Charlson score, albumin, creatinine, haemoglobin), and at the Oth and 95th percentiles
otherwise (eosinophils, neutrophils). | truncated oxygen saturation at the 5th and 100th percentiles

since an oxygen saturation of 100% is within the normal physiological range.

I matched all blood test results and vital signs to their closed inpatient admission, outpatient
appointment, or A&E attendance. If measurements did not fall strictly within any of these,
measurements were matched to admissions/attendances within £72 hours of their collection. A
small proportion of vital signs (<1%) were not strictly within, or within £72 hours, of an inpatient
admission, outpatient appointment, or A&E visit. These measurements were subsequently matched
to their closest healthcare attendance. A larger proportion of blood test results did not fall strictly

within, or within £72 hours of, a hospital attendance but these were expected as blood tests outside

105



of the hospital setting (i.e. those from samples taken at GPs) were tested within the hospital and
hence recorded in the EHR. These measurements were therefore left unmatched to healthcare

attendances.

4.2.5 Statistical analyses
Summary statistics were presented as medians with interquartile ranges for continuous variables

and proportions for categorical variables.

The outcome of all models was the presence of E. coli BSI (case) versus absence (control) as a binary
outcome. Poisson models with cluster robust standard errors were used for all models with
incidence rate ratios reported — rates were very low so this is equivalent to a logistic regression but
allows a more natural presentation of risk rather than odds. Explanatory variables chosen for
inclusion in the models were “core variables” selected as key confounders for risk of E. coli BSls and

likely to be stable over time. These were:

e Age (calculated at last contact in exact values compared with the month and year of birth
and included as a restricted cubic spline with one internal knot and two boundary knots).

e Sex (binary, male and female)

e Ethnicity (binary, white and non-white due to small numbers in the latter group)

e IMD percentile (continuous, tested for non-linearity)

e Rural/urban classification (included as a three-level factor: urban city/town, town/fringe,
rural village)

e Catchment percentage (percentage of individuals in local area visiting an Oxfordshire
hospital within Oxford University Hospitals NHS Foundation Trust versus another Trust as

defined by the Office of Health Disparities; 0 = none, 100 = all).28

If the core variables were missing at the “most recent contact” date, the closest recorded
measurement was used from either past or future values. Age was truncated at the 95th percentile
of the unique value distribution. Restricted cubic splines with between one to five internal knots
were considered for all continuous core variables, with a minimum of one internal knot included for
age due to expected variation and linear effects allowed for deprivation and catchment percentage.
Internal knots were placed at even percentiles throughout the range of values for each variable
(after truncation at the 5th and 95th percentiles) with boundary knots included at the 10th and 90th
percentiles of the range of values for each variable. Incidence-rate ratios with 95% confidence
intervals were compared between all the cohorts across all lookback periods for all study years to

assess the impact of the cohort on model estimates.

106



After selecting a cohort (“inpatient only” or “any healthcare”), | investigated the impact of both the
timing and location of measurements on the values of all the other variables defined above, denoted
“screening variables” following Chapter 2. For all the screening variables, | explored the timing of
measurements relative to the “most recent contact date” for cases and controls. To investigate
issues of reverse causality, | investigated removing observations 72 hours before the “most recent
contact” date on the values included for both cases and controls. For blood test results and vital
signs, | also investigated the timing of measurements within inpatient admissions on the blood test
results compared with normal ranges. | also investigated the impact of the location of where the
tests were taken on the values selected for cases and controls relative to the “most recent contact”
date. The blood test results available in the dataset included tests from inpatient admissions,
outpatient appointments, A&E visits, and those sent from GPs in Oxfordshire. | summarised the
differences in values across these four locations using medians (IQRs) and histograms. For vital signs,
| summarised the differences in values across inpatient admissions, outpatient appointments, and

A&E visits only, since values taken at GPs are not available in IORD.

4.2.6 Sensitivity analyses

Large amounts of missing data can influence the results of a complete case analysis. To assess the
impact of missing ethnicity, results from multiple imputation were compared with complete-case
estimates. Multiple imputing using chained equations (MICE) was used to impute ethnicity, using
Poisson regression and including age (one-knot restricted cubic spline), sex, rural/urban
classification, IMD percentile, catchment percentage, presence of E. coli BSI and 30-day mortality
including the Nelson-Aalen estimator as recommended. The number of imputation datasets was set
at 25 using the recommended rule of thumb that the number of imputations should be at least equal
to the percentage of incomplete cases, allowing enough datasets to reduce the Monte Carlo error

while still being computationally efficient.®

As one of the aims when defining the control group was to get as close to the population of
Oxfordshire as possible, | compared some distributions of the core variables in IORD to available
census data. | compared the age and sex distribution and the proportion in different ethnic groups to
the 2021 census estimates,’®®18 and the distribution of IMD percentile to the most recent
population estimates from 2019,'° using the closest relevant year of IORD data (either 2021 or 2019

respectively).
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4.3 Results

4.3.1 Summary of data

Between 1st April 2018 and 31st March 2022, there were 2,356 E. coli isolations from blood from
1,830 individuals (Figure 4.2). 441 isolations were excluded as they were within 90 days of an index
E. coli blood culture, leaving 1,915 de-duplicated BSls. 37 (2%) BSIs from 37 (2%) individuals were
aged <16y at the time of index blood culture collection and were hence dropped from subsequent
analysis. Between 3-5% of remaining E. coli BSIs had no healthcare contact recorded in IORD in the
previous 5FYs and were dropped from all following analyses (investigated in more detail in Chapter

5). The highest number of E. coli BSIs was in the financial year (FY) 2019 (n=490) and the lowest in

FY2020 (n=409).

Figure 4.2: Flowchart of the case population.

2,356 E. coli isolations from blood
between 1%* April 2018-31* March 2022
from 1,830 individuals.

1,915 E. coli bloodstream infections
1,830 individuals

441 records excluded: within 90 days of an
index E. coli blood culture (90 day
deduplication)

37 BSls excluded from 37 people: patients
aged <16 years old at E. coli collection date
0 records excluded from 0 people: missing

P
age
0 records excluded from 0 people: missing
SEX
1,878 E. coli bloodstream infections
1,793 individuals
.| 35 records excluded: not the first £ coli
"1 bloodstream infection in the financial year
A
2018: 460 records, 460 individuals
2019: 512 records, 512 individuals
2020: 421 records, 421 individuals
2021: 450 records, 450 individuals Records excluded as no healthcare contact
o | inprevious 5 FYs:
»

2018: 439 records, 439 individuals
2019: 490 records, 490 individuals
2020: 409 records, 409 individuals
2021: 428 records, 428 individuals

2018:21 (5%)
2019:22 (4%)
2020:12 (3%)
2021:22 (5%)

From 1st April 2018 to 31st March 2022 there were 12,996,578 records from 841,374 individuals in
the IORD database from inpatient admissions, outpatient appointments, A&E visits, microbiology
samples, and blood tests (Figure 4.3). 1,120,488 (9%) records from 152,047 (18%) individuals were

from those aged <16 years at the time of contact and were hence dropped from all subsequent
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analyses. A very small number of individuals were missing age (83 [<0.01%]) or sex (53 [<0.01%]) —
these individuals were also dropped from the analysis. From the potential control group population,
173,935 (1%) records from 2,788 (0.3%) individuals were excluded as they had had a previous E. coli
BSlin IORD since 1st April 2013. This left 11,701,874 records from 698,583 individuals for control
group consideration. Selecting the last observation per person per FY dropped 10,086,307 records.
Between 5-7% of potential controls had no healthcare contact in the previous 5FYs in IORD and were
dropped from all following analyses. As with cases, the highest number of potential controls was in

FY2019 (n=389,435) and the lowest in FY2020 (n=354,095).

Figure 4.3: Flowchart of the potential control group population.

Inpatient contact between Outpatient appointments A&E visits between 15t Microbiology sample taken Blood test recorded in
15t April 2018-315* March between 15t April 2018-31% April 2018-315* March between 15t April 2018-31% LIMS between 15t April
2022; March 2022; 2022; March 2022; 2018-315t*March 2022;
N = 775,747, N = 4,828,877 N = 556,001, N =1,743,718, N = 5,092,235,
Unique people = 339,926 Unique people = 623,939 Unique people = 308,812 Unique people = 387,698 Unique people = 553,317
Y
12,996,578 records of healthcare contact
between 1%t April 2018-31%* March 2022 1,120,488 records excluded from 152,047
from 841,374 individuals. people: patients aged <16 years old at

healthcare contact

105 records excluded from 83 people:
missing age

176 records excluded from 53 people:
missing sex

173,935 records excluded from 2,788
people: hospital contact after first E. coli BSI
recorded since 1% April 2013

A

11,701,874 records
698,583 individuals

10,086,307 records excluded: not the last
healthcare record in the financial year

v

2018:412,149 records, 412,149 individuals
2019: 415,497 records, 415,497 individuals

2020: 374,117 records, 374,117 individuals

2021:413,804 records, 413,804 individuals Records excluded as no healthcare contact
in previous 5 FYs:

2018: 27,215 (7%)
v 2019: 26,062 (6%)

3018: 384,934 records, 384,934 individuals 2020: 20,022 (5%)
2019: 389,435 records, 389,435 individuals 2021: 23,566 (6%)

2020: 354,095 records, 354,095 individuals
2021:390,238 records, 390,238 individuals

4.3.2 Comparing control groups

Summary of control group characteristics

The number of cases that could be included based on previous healthcare contact varied across the
FYs included in the study period but the trend across the years was similar for all lookback lengths
(Figure 4.4). For all cohorts and all lookback lengths, the number of cases increased between FY2018
to FY2019 (e.g. 14% increase using 5FY lookback and the “inpatient only” cohort) and then

decreased in FY2020 (by 20% using 5FY lookback and the “inpatient only” cohort, onset of the

109



COVID-19 epidemic) before slightly increasing in FY2021 (by 6% using 5FY lookback and the
“inpatient only” cohort). The number of E. coli cases included was lowest in the “inpatient only”
cohort when only using those with inpatient contact in the previous 1FY. Looking back an extra FY
(from 1FY to 2FY) increased the sample size of cases by approximately 50% in all FYs 2018-2022. The
proportion of additional people was reduced as lookback length successively increased. The number
of cases included in the “any healthcare” cohort with 1FY lookback was similar to the number of
cases included in the “inpatient only” cohort with 5FYs lookback. An additional 62 cases were added
in FY2018 when looking back 2FYs versus 1FY (relative percentage increase of 17%), with this pattern
consistent across all the other FYs. In the “any healthcare” cohort, the number of cases added for
each additional increase in 1FY lookback was small when increasing from 2FY-5FY lookback with 8, 5,
and 3 additional cases added in 2018 when increasing to 3FY, 4FY, and 5FY, respectively.

Figure 4.4: Number of people in the case group from FY2018-2021, stratified by different amounts of
lookback and for the “inpatient only” cohort (left) and “any healthcare” cohort (right).
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The number of people in the control group that could be included based on previous healthcare
contact was stable between FY2018 and FY2019, before decreasing in FY2020 and increasing back to
similar levels in FY2021 (Figure 4.5). The impact of the reduction in the number of people in the
control groups in FY2020 was larger when only considering 1FY compared with 5FY lookback. Using
1FY of lookback there were 103,602 individuals in FY2019 reducing to 81,306 in FY2020 (22,296
fewer people). Using 5FYs of lookback there were 217,934 individuals in FY2019 reducing to 195,881

in FY2020 (22,053 fewer people). Therefore, while the absolute reduction in the number of people
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was similar, the relative decrease was larger using 1FY lookback (22%) versus using 5FYs lookback
(10%). Similar to the case group, additional lookback length made a larger difference in the
“inpatient only” cohort compared with the “any healthcare” cohort; for example, in FY2019, the
control group size increased from 103,602 to 217,934 (absolute increase=114,332; 110% relative
increase) when increasing the lookback length from 1FY to 5FY in the “inpatient only” cohort and
increased from 308,722 to 389,435 (absolute increase=80,713; 26% relative increase) in the same
year for the “any healthcare” cohort. The relative difference in the number of people in the “any
healthcare” cohort compared with the “inpatient only” cohort was larger in the control group

compared with the cases.

Figure 4.5: Number of people in the potential control group from FY2018-2021, stratified by different
amounts of lookback and for the “inpatient only” cohort (left) and “any healthcare” cohort (right).
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There was little change in core characteristics across FYs, varying lookback lengths, or the “inpatient
only” or “any healthcare” cohorts (Figure 4.6). In each financial year, those with E. coli BSls were
generally older than those in all control groups; for example, considering FY2021 the median (IQR)
age in those with E. coli BSI was 77y (67y-85y) versus 56y (38y-72y) in controls for the “any
healthcare” cohort with 1FY lookback. The median age was slightly higher in FY2020 in the “inpatient
only” cohort with 1FY lookback compared with FY2018, however IQRs were broadly similar (median

(IQR) age 80y (66y-85y) in FY2020, 74y (62y-85y) in FY2018).
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The distribution of catchment percentage was right-skewed, with most individuals’ home addresses

being in an area with a high catchment percentage of >90% (Figure 4.7). Those with E. coli BSIs had

smaller interquartile ranges with higher values of the 25th percentile compared with all control

groups. The “any healthcare” cohorts generally had a slightly larger interquartile range including

lower catchment percentages; for example, the median (IQR) catchment percentage for the

“inpatient only” cohort control group with 2FYs of lookback in FY2019 was 94 (85-96) compared with

94 (82-96) in the equivalent “any healthcare” cohort control group.

Figure 4.6: Median (IQR) age from FY2018 to FY2021 for the "inpatient only" and "any healthcare" cohorts
with 1FY to 5FYs lookback.
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Figure 4.7: Median (IQR) catchment percent from FY2018 to FY2021 for the "inpatient only" and "any
healthcare" cohorts with 1FY to 5FYs lookback.
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Deprivation, measured by IMD percentile, was similar across all groups and varied very little

between cases and controls, with a median deprivation ranging between 70-74 (25th percentile

between 50-60; 75th percentile between 85-89) (higher scores indicate lower levels of deprivation)

(Figure 4.8).

Figure 4.8: Median (IQR) IMD percentile from FY2018 to FY2021 for the "inpatient only" and "any
healthcare" cohorts with 1FY to 5FYs lookback.
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The percentage of females in the population was consistently higher in the control groups than it
was in the cases, with between 56%-59% females in controls versus 41-52% in cases (Figure 4.9). In
FY2019 and FY2020 the percentage of females was very consistent in the cases and controls across
different lookback periods, while there were slight variations in cases in FY2018 and FY2021. In
FY2021, the percentage of females increased from 41% using 1FY lookback to 46% using 5FY
lookback in “inpatient only” cohort cases. In FY2021, the percentage of females was lower in the
“inpatient only” versus the “any healthcare” cohort, with between 45-46% females in the “inpatient

only” cohort cases and 49-52% in the “any healthcare” cohort cases.

The percentage of individuals of non-white ethnicities was low in all FYs, with varying lookback
lengths, and in both cases and controls, constituting between 2%-9% of the populations (Figure
4.10). There was a consistently lower percentage of non-white ethnicities in cases than in controls,
with a larger difference in FY2020. This was due to a lower proportion of cases with non-white
ethnicities in FY2020 compared with other FYs; median (IQR) percentage of cases of non-white

ethnicity across all lookbacks in FY2020: 2.1% (2.1%-2.2%) versus 4.9% (3.3%-5.4%) in all other FYs.

Figure 4.9: Percentage female from FY2018 to FY2021 for the "inpatient only" and "any healthcare" cohorts
with 1FY to 5FYs lookback.
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Figure 4.10: Percentage of non-white ethnicities from FY2018 to FY2021 for the "inpatient only" and "any
healthcare" cohorts with 1FY to 5FYs lookback.
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The large majority of both cases and controls were living in urban cities/towns, constituting between
61-71% across both cases and controls for all financial years and lookback lengths (Figure 4.11). The
percentage of controls living in towns/fringes and rural villages was very similar, while cases varied
slightly across the years. For example, in FY2020 between 20-23% of E. coli cases resided in rural
villages, compared with between 12-14% of E. coli cases in FY2021. Increased lookback length had

little to no impact on the percentage of cases and controls from different rural/urban areas.
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Figure 4.11: Percentage in rural/urban categories from FY2018 to FY2021 for the "inpatient only" and "any
healthcare" cohorts with 1FY to 5FYs lookback.
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In the “any healthcare” cohort, a higher percentage of E. coli cases had previous inpatient contact

compared with controls (85-88% of cases versus 59-66% of controls) (Figure 4.12). For controls, after

previous inpatient contact, having previous outpatient contact but without inpatient or A&E contact

was the second most common previous healthcare exposure, constituting 19-22%. Around 12-14%

of controls had a previous A&E visit without an inpatient admission compared with around 2-5% of

cases. Only between 2-4% of cases and 4-6% of controls had a previous microbiology or blood test

but without a previous inpatient admission, A&E visit, or outpatient attendance. The percentage

from different hospital exposure groupings remained similar across different lookback lengths with a

slightly higher percentage of individuals with previous inpatient contact using 1FY of lookback

compared with 2FYs-5FYs.
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Figure 4.12: Percentage of different previous hospital exposures from FY2018 to FY2021 for the "any

healthcare" cohort with 1FY to 5FYs lookback.
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More data was missing for the core variables in the “any healthcare” cohort, particularly for
ethnicity in controls (Figure 4.13). The “any healthcare” cohort control group with 1Y lookback had
22-26% missing ethnicity across all FYs, compared with 13-18% in E. coli cases. The proportion of
people missing ethnicity remained relatively stable as the length of lookback increased in the “any
healthcare” cohort; for example, in FY2018 in the “any healthcare” cohorts, the percentage of
people missing ethnicity increased only slightly from 13.0% to 13.7% and 21.5% to 23.0% in cases
and controls, respectively. Those with an inpatient episode in the previous 1FY had a higher
proportion of missing data than those with an inpatient episode in the previous 5FYs, most evidently
in FY2020. A small number of individuals were missing IMD percentile, catchment percentage, or
rural/urban classification, ranging between 435-2,312 (0.3%-0.8%) individuals missing values in
controls and 0-4 (0-1.5%) missing in cases. This small amount of missing data was similar across all
these three variables as they were matched to each individual’s underlying residential address in the
underlying NHS data using Lower Super Output Areas, hence generally either all present or all were

missing.
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Figure 4.13: Percentage of missing data for ethnicity for potential controls and E. coli BSI cases from FY2018-
2021 with varying amounts of lookback.
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There was also more missing data for the screening variables in the "any healthcare" cohort

compared with the "inpatient only" cohort, specifically for blood test results, vital signs, and

measurements of weight and height (examples given in Figure 4.14). This was the case for both
cases and controls. For many blood tests, as shown for albumin and HbA1lc, increasing the length of
lookback decreased the percentage of missing data in both cases and controls in the "inpatient only"
cohorts, while increased lookback in the "any healthcare" cohorts increased the percentage of
individuals with missing data, suggesting that the extra individuals being added into the control
groups with increasing lookback periods were more and less likely to have these variables measured,
respectively. This may be because these blood test measurements are more likely to be recorded
within inpatient admissions and therefore adding in individuals with previous inpatient admissions
may include more people with these measurements. In contrast, adding individuals with only
previous outpatient or A&E visits may increase missing data as these tests are less likely to have
been done in their previous, non-inpatient, contact. The amount of missing data varied between
blood tests as some blood tests, for example, HbAlc, may not be as routinely done as other tests.
The percentage of individuals missing data increased as lookback length increased for vital signs,
such as diastolic blood pressure, in FY2018, FY2019, and FY2020; however, this effect was not
present in FY2021. This is likely because vital signs were not consistently electronically recorded in
IORD until 2016; hence, additional years of lookback before and including 2016 were more likely not

to have measurements recorded. The percentage of individuals missing weight was very small in

118



cases in both the "inpatient only" and "any healthcare" cohorts, and larger in the potential controls.
The "inpatient only" cohort had between 10-18% missing weight, while the "any healthcare" cohort

had 28-34% missing.
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Figure 4.14: Percentage of missing data for four example screening variables in potential controls and E. coli BSI cases from FY2018-2021 with varying lookback.
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Comparison of model estimates

Estimates from the core model using different lengths of lookback for the “inpatient only” cohort
varied; however, interpretations from the models remained similar (Figure 4.15). In all FYs and for all
lookback lengths, older ages versus the median were associated with higher risk of E. coli BSls while
younger ages versus the median were associated with lower risk. Estimates for ethnicity varied
across FY but were broadly similar across different lookback periods. However, confidence intervals
were large due to small numbers, perhaps influencing the stability of results. In FY2018, the effect of
sex attenuated slightly as lookback length increased; however, this was not consistent across all FYs,
with the opposite effect in FY2019. In FY2020, there was no evidence of an effect of sex at the
p<0.05 threshold using the 1FY lookback population but there was evidence at p<0.05 for 4FYs and
5FYs lookback. There was evidence of an effect at p<0.05 for catchment percentage and IMD
percentile in all FYs apart from FY2020 where estimates were close to the null. In all other FYs, lower
deprivation (indicated through higher IMD percentiles) was associated with lower risk of E. coli BSIs
and higher catchment percentage with higher risk of E. coli BSls. In almost all scenarios, these effects

were stronger in longer lookback populations.

In the “any healthcare” cohort, there was evidence of an effect of ethnicity of p<0.05 using all
lookback lengths in FY2020 with those reporting non-white ethnicities associated with lower risk of
E. coli BSls (Figure 4.16). There was no evidence of an effect of ethnicity in any other FY. Increased
lookback length made very little difference to core model estimates in this cohort. The risk of E. coli
BSls was lower in all groups of individuals with no previous inpatient contact apart from individuals
with a prior microbiology or blood collection, particularly for shorter lookback lengths. Associations
between all core variables included in both the “inpatient only” and “any healthcare” core models

were similar.

As differences in model estimates between “inpatient only” and “any healthcare” cohorts were small
but there was more missing data in the “any healthcare” cohort, the “inpatient only” cohort was
selected for further investigation. As the length of lookback period made little difference to the
distribution of the core variables or the core model estimates, a lookback period of 5FYs was

selected to maximise the number of people included in analyses.
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Figure 4.15: Model estimates comparing different lengths of lookback in the “inpatient only” cohort

between 2018-2022.
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Figure 4.16: Model estimates comparing different lengths of lookback in the “any healthcare” cohort

between 2018-2022.
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4.3.3 Sensitivity analyses for control group definitions

Multiple imputation of ethnicity

The relatively high proportion of individuals missing ethnicity in both the cases and controls with
varying lengths of lookback (~20%) could have impacted model results in the complete cases analysis

presented above. Therefore, ethnicity was imputed for FY2019 for the “inpatient only” cohort using
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5FYs of lookback. In FY2019, 39,859 (18%) of individuals were missing ethnicity: 39,816 (18%)
controls and 43 (10%) cases. A small number of people were missing either IMD percentile,
rural/urban classification, or catchment percentage (974 (0.4%) controls and 0 (0%) cases) so these
variables were not imputed; instead, these individuals were dropped from the imputation analysis.
Imputed data had a slightly higher proportion of non-white ethnicities compared with the complete

case analysis (Figure 4.17).

Figure 4.17: Summary of imputed values for ethnicity.
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Multiple imputation of missing ethnicity made little difference to estimates from the core model
(Figure 4.18). The effect of catchment percentage slightly shifted towards zero in the imputed
datasets analysed, however, the effect remained with p<0.05 and hence similar conclusions would
be drawn. All other effects remained stable in the combined estimate from the imputed datasets
compared with the complete-case analysis. The multiple imputation and estimating the combined

effect took approximately five minutes of computational time.
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Figure 4.18: Model results from the core model run on complete cases (blue) and the combined estimate of
the 25 datasets after multiple imputations.
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Comparison to Census data

| observed large but expected differences when comparing the characteristics of all those in the “any
healthcare” and “inpatient only” cohorts (cases and controls) with contact in FY2021 in IORD to
those in the ONS census data for Oxfordshire from 2021. The “inpatient only” cohort had the highest
proportion of individuals aged 61y-70y, 71y-80y, and 81y+ for both males and females, followed by
the “any healthcare” cohort, and then the census (Figure 4.19) There was a corresponding under-
representation of age groups between 16y-50y in both the IORD cohorts, particularly males between
the ages of 21y-40y. Women between the ages of 31y-40y made up a similar percentage of the
population in both the IORD cohorts and the census, likely relating to pregnancy-based attendances.
Ethnicity was generally similar across the two data sources with both IORD cohorts having a slightly
higher percentage of individuals of white ethnicity (91% versus 87%) (Figure 4.20). Compared with
the latest 2019 population level deprivation statistics, those within the “inpatient only” and “any
healthcare” cohorts in IORD in FY2019 had a higher proportion of people from more deprived areas
(lower IMD deciles) and a lower proportion of people from less deprived areas (higher IMD deciles)

(Figure 4.21), consistent with deprivation being associated with poorer health status.
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Figure 4.19: Age-sex distribution for IORD and the Office for National Statistics census data for 2021.
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Figure 4.20: Ethnicity distribution for IORD and the Office for National Statistics census data for 2021.
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Figure 4.21: Index of Multiple Deprivation distribution for IORD and the Office for National Statistics census
data for 2019.
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4.3.4 Defining exposures
Due to the lower amount of missing data and little difference in model estimates, as described
above, the “inpatient only” cohort using a 5FY lookback was chosen for further investigation of

screening variables.

228 potential risk factors were defined across all available datasets, as described in Methods. There
were 410 variables after considering both the time since the most recent exposure in that last 365d
and never/ever having the characteristics. While 365d is an arbitrary time window, it was selected as
| assumed that more recent exposure may increase risk and this would attenuate as time since the
most recent occurrence got further away. These variables could broadly be split into seven groups

dependent on where they were derived from:

e 102 from diagnostic codes,

e 140 from procedure codes,

e 54 from microbiology isolates,

o 81 from previous healthcare attendance (inpatient admissions, outpatient appointments,
and A&E visits),

e 24 from blood tests,

e 6 vital signs,

e 3 personal traits.
A full list of variables with definitions is available in Appendix A.

Before summarising the presence of these variables in cases and controls, | first had to decide which
values of each variable to consider in each FY dependent on the proximity of the value to the “most
recent contact” date, and the location in which the risk factor was collected. | therefore explored the
timing and location of risk factors with respect to the “most recent contact” date for both cases and

controls.

Timing of measurements had an impact on exposure value

To investigate whether certain values of different blood test results and vital signs were risk factors
for E. coli, | wanted to get measurements as close to a “baseline” as possible rather than using
measurements taken during acute illness. | first assessed the variability of measurements taken at
different times within inpatient admissions for cases and controls in FY2019. As inpatient episodes
all strictly preceded the “most recent contact date” they, by definition, did not include admissions

which ended in death.
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The distribution of test results was closer to the normal range if measurements were taken closer to
hospital discharge, compared with measurements taken at the start or during an inpatient admission
(Figure 4.22). While abnormal test results did exist in the last measurements in an inpatient
admission, measurements taken elsewhere in admissions had a higher percentage of tests above the
95th percentile of the distribution. A similar, but not as pronounced, pattern was also observed for
vital signs (Figure 4.23). For example, the distribution of heart rate contained slightly more people
with higher heart rates (>85bpm) and higher temperatures if the measurement was not the last
within an inpatient admission. While some of these differences were subtle, it made sense to
prioritise the last recorded blood test or vital signs within an inpatient admission over
measurements taken at other times during an admission.

Figure 4.22: Distribution of four blood test results split by whether the test was the last available
measurement in the inpatient admission.
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Note: Black dashed lines indicate reference ranges for tests, as recorded in IORD. Results were truncated at the
95th percentile. The higher percentage of CRP values at 160mg/L was due to some results being reported as
CRP>160mg/L if any value >160mg/L was detected in the database.
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Figure 4.23: Distribution of four vital signs split by whether the result was the last measurement available in
the inpatient admission.
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As the long-term goal of the analysis was to find risk factors for E. coli BSI, it was important that
variables did not reflect symptoms of the E. coli BSl itself. | therefore explored the impact of

removing values close to the “most recent contact” date from both the case and control groups.

There was evidence of reverse causality when including variables taken near the E. coli BSI sample
collection. This was particularly evident for variables such as A&E visits, with 68% of individuals
having an A&E visit £365d before E. coli sample collection when including information in the 72
hours before this, reducing to 45% if excluding all visits in the 72 hours before E. coli BSI sample
collection (Figure 4.24). The impact of removing information in the 72 hours before the “most recent
contact” date was much reduced for the control group, with 25% versus 22% of individuals having an
A&E visit in previous £365d with and without including information in the 72 hours before the “most
recent contact” date, respectively. A similar pattern was also observed when considering blood test
results, with results being closer to normal ranges when excluding the 72 hours before the current

contact in cases (e.g. for neutrophils in Figure 4.25).

To reduce the impact of reverse causality, all variables were calculated excluding the 72 hours
before E. coli BSI collection for cases but such values were not excluded for the control group due to

the little impact observed on the observed values of the risk factors.
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Figure 4.24: The percentage of cases and controls that had an A&E visit in the previous 365d ago split by
inclusion/exclusion of information in the 72 hours before the "most recent contact date".
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Figure 4.25: The median (IQR) neutrophil value for cases and controls split by inclusion/exclusion of
information in the 72 hours before the "most recent contact date".
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Location where measurements were taken

When taking the closest measurement to the “most recent contact” date, there were differences in

blood test results dependent on the location where the blood was sampled (Figure 4.26). In general,
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blood tests from samples taken outside of a hospital attendance were more likely to be within the
normal range. Measurements from outpatient appointments showed a similar distribution to
samples taken outside of hospital for most tests. Blood test results from samples taken within
inpatient admissions and A&E visits were more skewed to distributions outside the normal ranges,
for example for neutrophils, white cell count, and CRP. In contrast, albumin results from samples
taken within A&E were more similar to those taken outside of hospital or at outpatient
appointments. CRP had a wider IQR including higher CRP values for measurements taken in inpatient
admissions compared with tests taken in other locations. Similar patterns were observed across all

other blood tests (data not shown).
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Figure 4.26: Distribution of results from the closest blood test measurement to the “most recent contact date” in FY2019 for cases and controls for four blood tests,
split by the collection location.
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After removing all tests in the 72 hours before an E. coli BSI sample collection, and preferentially
choosing previous measurements taken outside of hospital, followed by those in outpatient
appointments, the last measurement in an inpatient admission, and lastly A&E, the majority of blood
tests selected to define risk factors were taken outside of hospital (Figure 4.27). Around 85% and
80% of cases and controls respectively used measurements outside of hospital contact, 10% from
outpatient visits, ~3% and ~7% from inpatient admissions, and <1% and ~3% from A&E visits. The
largest deviation from this was for urea, with only 54% and 29% of results coming from samples
taken outside of hospital for cases and controls, respectively, and therefore a higher proportion of
results came from outpatient visits, inpatient admissions, or A&E visits. Some tests including PSA,

HbA1lc, serum folate, and transferrin were seldom taken at A&E visits.

Vital signs recorded in IORD were all taken within hospital, and hence could not be taken outside of
hospital attendances like blood tests. Most measurements used for the screening variables were
taken within, or within +72 hours, of inpatient admissions (Figure 4.28). Slightly more measurements
were taken from outpatient visits for E. coli BSI cases compared with controls. The distribution was
consistent across all vital signs. Whilst Figure 4.27 and Figure 4.28 only show results from FY2019,

the patterns remained similar across all FYs (data not shown).
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Figure 4.27: Location where selected samples for blood tests were taken in FY2019.
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Figure 4.28: Location where selected vital signs were taken in FY2019.
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Based on the timings and locations above, variables were created for all the case and control groups

from FY2018 to FY2021.

As described above, by definition variables based on procedure and diagnosis codes reflect whether
the code was recorded in the EHR and hence do not have missing data. 29 other variables (7%) had
data missing in either cases or controls across at least one of the FYs (Figure 4.29). Controls had a
higher percentage of missing data for all variables across all FYs. Blood tests had a varying amount of
missing data with some tests having a lower amount of missingness (e.g. lymphocytes, neutrophils,
platelets) and some tests having a very high amount of missingness (e.g. serum B12, serum folate).
PSA had the highest amount of missingness, with the test only done in men being a contributing
factor. Height had about 40% missingness in controls, contributing to a high number of people

missing BMI. Weight was missing in around 15-20% of controls, but <5% in cases.

Year-on-year changes in the percentage of missingness for each variable were between -10% to +5%
across all variables (Figure 4.30). Looking across the four years, the percentage of cases and controls
missing vital measurements reduced the most, as above likely reflecting inclusion in the underlying
data only from 2016 (Figure 4.29). There was a slight increase in the amount of missing data from
FY2019 to FY2020 for the cases (this being evident for the majority of blood tests in Figure 4.29 but
not for vital signs measurements); however, the percentage of missingness decreased again from

FY2020-FY2021.
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Figure 4.29: Percentage of missing data for screening variables with any missing data split by cases and
controls and for each FY.
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Figure 4.30: Change in percentage missing for all variables in subsequent FYs.
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Note: A positive percentage change indicates that missing data increases from one year to the next. A negative
percentage change indicates that missing data decreases from one year to the next.

Almost all characteristics were more common in the <365d before the “most recent contact” date in
cases than controls (Figure 4.31). This was particularly evident for characteristics with >10% of cases

having the characteristic <365d ago. The majority of variables had a prevalence of <20% in cases and
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<10% in controls. The median (IQR) difference in percentage prevalence between cases and controls
was 4% (0.6%, 12%). Characteristics were subsequently summarised by the largest percentage

difference between cases and controls across all FYs.

Figure 4.31: The percentage of cases and controls with each characteristic (n=176) <365d before the "most
recent contact" date across all FYs (N=704).
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Thirty characteristics (17%) had a relative percentage prevalence in cases which was at least >20%
higher than the prevalence in controls (Figure 4.32). Some characteristics referred generally to any
hospital contact, such as any procedure code, admission >8 hours, or A&E visit. Some characteristics
that were more common in cases referred to specific diseases, such as diagnosis codes for cancer or
diagnosis codes from Chapter 1 (infections/parasitic diseases). Indicators of frailty were also more
common in cases than controls, for example, inpatient admissions under geriatric consultants and
diagnosis codes from Chapter 9 (circulatory system). Urinary disease indicators were common in
cases with variables such as any urine culture taken (~60% cases vs ~25% controls) and diagnosis
codes from Chapter 14 (genitourinary system) (~40% cases vs ~10% controls). Other potential risk
factors, including a diagnosis code for surgical wound risk and procedure codes for abdomen scans,
were also >20% more common in cases than controls. There was little variation between FYs apart

from for SARS-CoV-2 tests, with no tests done in cases or controls in FYs 2018 and 2019 as expected.
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Figure 4.32: Variables with a percentage occurrence in the cases of >20% (absolute) more than in the
controls.
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Twenty-nine characteristics (16%) had a prevalence between 10-20% greater in cases than controls
(Figure 4.33). Having an outpatient appointment in the <365d ago was the most prevalent
characteristic within this category, being prevalent in ~80% of cases and ~70% of controls. Again,
many proxies for urinary disease were within this category, including urine positive for E. coli,
diagnosis codes for urinary disease, procedure code from Chapter M (urinary), and use of urinary
catheters. Specific diseases such as diabetes and diagnosis codes for renal failure were also in this
group, alongside specific procedures such as chemotherapy and pelvis scans. Procedures indicative
of frailty were also present such as computed tomography (CT) scan/radiography of the head
(common after a fall). Diagnosis codes from multiple chapters were also in this group including
Chapter 13 (musculoskeletal system), Chapter 3 (blood diseases), Chapter O (overflow codes) and

Chapter 19 (injury/poisoning).
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Figure 4.33: Variables with a percentage occurrence in the cases of 10-20% (absolute) more than in the
controls.
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Thirty-three characteristics (19%) were between 5-10% more common in cases than controls in at
least 1FY (Figure 4.34). These characteristics all had <20% prevalence in cases and <12% prevalence
in controls. A broad variety of characteristics were included in this group. Similar to the
characteristics with higher prevalence presented above, there were indicators of cancer through

outpatient attendance under medical oncology or metastatic cancer diagnosis codes and frailty

identified through diagnosis codes for pneumonia or dementia.

70 characteristics (40%) were at most 0-5% more common in cases than controls. These variables
had median (IQR) 1.7% (0.7, 3.6) and 0.5% (0.2, 1.5) prevalence in cases and controls, and hence
were not very common in either population. Whilst | have not plotted these differences, these

variables are included in the screening model moving forward to the next Chapter.
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Figure 4.34: Variables with a percentage occurrence in the cases of 5-10% (absolute) more than in the
controls.
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Fourteen characteristics (8%) were consistently more common in controls than cases across all the
FYs (Figure 4.35). Many of these characteristics were associated with pregnancy and/or childbirth,
including diagnosis codes from Chapter 15 (pregnancy/childbirth), procedure codes from Chapter R
(pregnancy/childbirth) and Chapter Q (upper female genital tract), or outpatient attendances under

midwifery. All these characteristics were <6% prevalent in cases and controls.

Figure 4.35: Variables with a higher percentage (absolute) occurrence in the controls than cases.
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Prevalence of most exposures remained stable over the four FYs years studied, with mostly between
+10% change in prevalence in cases and controls (Figure 4.36). There were three occurrences of a
difference >10% between consecutive FYs. This constituted COVID-19 tests having a 54% and 34%
increase between FY2019 to FY2020 in cases and controls, respectively, and a 21% rise for cases
between FY2020 to FY2021 (compared with a 7% increase in controls from FY2020-2021). The
distribution of percentage change was generally tighter in controls than in cases due to changes in
the smaller number of cases having a larger effect on the absolute percentage prevalence compared

with the larger number of controls.

Figure 4.36: The absolute change in percentage prevalence in characteristics recorded <365d ago between
consecutive FYs.
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All variables summarised so far were included as time since the most recent occurrence <365d ago
(continuous) and ever/never present (categorical). In contrast, the values of blood tests, vital signs,

and height/weight/BMI were only included as continuous variables.

For cases and controls with blood test results, values from cases were sometimes more skewed
toward abnormal values; however, often the distributions of variables summarised by medians and
IQRs looked quite similar (Figure 4.37). The median and 75th percentile were higher for CRP in cases
than controls and above the normal range of 0-5mg/L. Haemoglobin was, on average, lower in cases
than in controls, as were albumin and transferrin. The following tests were, on average, higher in

cases than controls: alkaline phosphatase, creatinine, HbAlc, PSA, and urea. The distribution of
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eosinophils, bilirubin, and white cell count was similar between cases and controls. The distribution

was similar across all years and hence only presented for FY2019 for simplicity.
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Figure 4.37: Distribution of blood test results for FY2019, split by cases and controls.
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Vital signs were relatively similar between cases and controls, with the distribution of heart rate

being slightly higher in cases than controls and oxygen saturation being distributed, on average,

slightly lower in cases than controls (Figure 4.38). Height, weight, and BMI had similar distributions

between cases and controls (Figure 4.39).

Figure 4.38: Distribution of vital sign results for FY2019, split by cases and controls.
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Figure 4.39: Distribution of personal trait results for FY2019, split by cases and controls.
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4.4 Discussion

In this Chapter, | investigated how differences in control group and exposure definitions impacted
estimated associations between E. coli BSls and risk factors. When defining a control group, | found
that including individuals with any type of previous healthcare contact (the “any healthcare” cohort,
including outpatient, A&E, blood test and microbiology samples) yielded more missing data for core
characteristics, such as ethnicity. Missingness was also systemic for many potential risk factors in the
“any healthcare” cohort. For example, only vital signs recorded in inpatient admissions are available
in IORD; diagnosis and procedure codes were well documented in inpatient admissions but
inconsistently recorded in outpatient appointments and not recorded in A&E visits. Missingness of
variables also varied by length of lookback, with the proportion of missing data decreasing with
increased lookback for some variables such as HbAlc, and missing data increasing with increased
lookback for other variables such as vital sigh measurements which were only consistently recorded
from 2016 onwards in IORD. This was most evident for vital sign results where measurements were
electronically recorded from 2016 onwards, hence longer lookback periods reduced missingness
substantially in later FYs. There were small but insubstantial shifts in model estimates when
increasing the length of lookback from one-five FYs. Model estimates for “core” variables were also
broadly similar between the “inpatient only” and “any healthcare” cohorts, with similar
interpretations for all variables across all FYs. Due to the lower amounts of missing data, | decided to
focus on the “inpatient only” cohort for the primary analysis in the next Chapter and use the “any
healthcare” cohort as a secondary analysis. | decided to use a 5FY lookback to allow a longer amount

of time to capture all variables and maximise the number of individuals included.

When deriving all the risk factors for analysis, | found that the proximity of variables to the inclusion
date was important to consider. Taking measurements in the 72 hours before E. coli BSI sample
collection resulted in reverse causality with variables known to be associated with E. coli BSls, such
as attendances at A&E being over-represented in the case group and higher CRP levels. Removing
results in the 72 hours before the current contact date made no difference to controls. | therefore
decided not to consider any characteristic recorded in the 72 hours before the current contact (index
blood specimen collection date/time) in cases in the next Chapter but not to apply this exclusion to
controls. For blood tests, the timing of measurements within an inpatient admission somewhat
impacted blood test results, with results falling closer to the “normal range” if they were the last
result in an admission, compared with any other time in an admission. For blood tests, the location
where the test was carried out more strongly impacted the value of the measurement. Blood test
results from samples taken in outpatient settings or sent from GPs were more likely distributed

within the “normal range”, compared with those measured within inpatient admissions or A&E.
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Similarly, for vital signs, measurements taken at outpatient appointments were more within the
“normal range” than the measurements taken in A&E and inpatient admissions. | therefore
prioritised measurements from GP and outpatient settings where available and used the last

measurement in a previous inpatient admission or a measurement from A&E otherwise.

4.4.1 Control group choice

Choosing who to include in the control group was a balance between trying to get as close to the
target population of Oxfordshire while reducing the amount of missing data in risk factors and not
including people who would not have come to an Oxfordshire hospital had they got an E. coli BSI.
Only having access to data from one hospital trust in England risked missing hospital attendances at
other hospitals. It would be reasonable to assume that some patients, particularly those living at the
border of Oxfordshire, might attend multiple NHS trusts for their healthcare and therefore their
records might not be in IORD if they attended elsewhere. In a previous study, an estimated 25% of
individuals who had at least two inpatient, outpatient, or A&E encounters in England in 2017-2018
attended two or more NHS trusts; however, there were large regional variations in this estimate.'!
This study did not provide separate percentages for each NHS Trust, but it noted that 54% of
individuals who attended multiple Trusts visited 20 pairs of hospitals. Oxford University Hospitals
NHS Foundation Trust was not one of these, so while patient movement between Trusts affects
data, the impact of this is IORD may be limited. It may also be expected that some patients from
outside of Oxfordshire attend one of the Oxford University Hospitals, for example when travelling
into the area for a holiday, or to attend for specialist care such as a cardiac specialist service, or
again those living at the border of Oxfordshire.?®2 E. coli BSls from these patients may therefore be
missed. | attempted to account for this variation in healthcare attendance by requiring individuals to
have contact in the current year and | also adjusted for catchment percentage in the core model to

help account for this variation.

There were differences in the distribution of characteristics between IORD and Census data,
particularly with a higher proportion of older age groups in IORD. This would be expected as the risk
of many illnesses increases with age; in 2016-2017 in England, 41% of admissions were in those aged
>65y, compared with 24% in those aged 15-44y.1% There was also a higher proportion of people
from deprived backgrounds in IORD compared with the census data. Higher healthcare attendance
in those experiencing higher levels of deprivation has been observed elsewhere, such as higher
levels of deprivation being associated with higher odds of attending A&E in England in FY2021,%%*
perhaps caused by limited access to primary care services in more deprived areas.'®® The proportion
of people in IORD aged 51-60y was very similar to the proportion in the census, perhaps due to

many of these individuals attending the GP every 5 years for the recommended NHS Health Check

148



for all those aged 40-70y.1%® The proportion of women aged 31-40y was also very similar, perhaps

indicative of women visiting healthcare services for pregnancy and childbirth.

While proving that collider bias has not impacted model results is generally not possible, 6 |

attempted to assess its potential impact on the results of this study through comparisons of the
distribution of available core variables with the target population of the whole of Oxfordshire, as
extracted from census data. Having an unrepresentative sample and then drawing inferences to a
larger population can introduce bias.?” It is challenging to assess whether collider bias impacts the
data further as no information is available from EHRs on the individuals who have no contact with
the healthcare system. | compared model estimates between the “inpatient only” and “any
healthcare” cohorts to assess whether selection bias could influence the “inpatient only” cohort
results, showing that there was little difference between model estimates of the core variables. As
most E. coli BSI cases result in hospitalisation, there will be few individuals with E. coli BSIs who do
not have contact with the healthcare system and therefore selection into the study for cases is
primarily based on the occurrence of E. coli BSls. This may reduce, but not eliminate, the risk of
collider bias. Studying a disease which does not almost exclusively result in hospitalisation may
result in a larger impact on model results and introduce more selection bias. For example, if studying
risk factors for COVID-19 in EHRs, the analysis will be restricted to only those hospitalised with
COVID-19 which will be a much smaller subset of all those with COVID-19%® (an estimated 2.1% of
people with infection, as estimated by one study in the US!® but likely to vary by variant,
background prevalence, and individual characteristics such as age and frailty). This may need to be
considered further if expanding the methodology in this study to other diseases. When
acknowledging the potential impact of selection bias in this study, it may be more appropriate to
interpret risk factors conditional on the cohort used for analyses. For example, risk factors found in
the “inpatient only” cohort should be considered risk factors within the sub-population of those who

have had an inpatient admission in the last 5 years.

4.4.2 Risk factor definitions
In this study, | found that the timing of measurements relative to blood culture collection/last

contact date impacted values, as well as the location where the measurements were taken.

| found that the proximity of measurements to blood culture collection was an important
consideration to avoid reverse causality for cases, whereby abnormal values are a consequence of
being a case, rather than a cause. A 72-hour window before blood culture collection was established
based on clinical advice and the knowledge that blood cultures will be requested based on abnormal

clinical observations therefore inducing reverse causality. For different diseases, different cut-offs
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may have been more appropriate. | included risk factors from inpatient episodes in the same spell (a
continuous hospital stay made up of contiguous consultant episodes) as a positive E. coli blood
culture was collected, provided the episode ended >72 hours before the E. coli BSI collection. As
inpatient admissions are coded after a patient has been discharged, the E. coli BSI may impact what
diagnoses were coded in earlier episodes. However, | deemed it more important to include these
risk factors close to the E. coli BSIs to avoid missing potentially important signals. A sensitivity
analysis could compare risk factors found with and without including codes from these inpatient
episodes in the same admission as the E. coli BSI, but finishing at least 72 hours before the index

sample collection.

| found that blood test measurements taken at the GP or outpatient appointments were more
closely distributed to normal ranges, compared with blood tests taken at inpatient admissions or
A&E visits. This was expected as A&E is primarily for those with serious and/or life-threatening
injuries, while GP services are for less severe health concerns. There was a particularly high
distribution for CRP levels in inpatient admissions, compared with any CRP measurement taken
outside of hospital or in outpatient appointments. As a marker for inflammation, high CRP can be
present in many illnesses, predominantly infection, but also including rheumatologic diseases,
malignancy, and drug reactions;*® common reasons for inpatient care. While all measurements
were taken in healthcare settings, | prioritised measurements taken in locations where patients are
usually in a healthier state (GPs, outpatients rather than inpatients, A&E) to avoid including
measurements taken at the time of acute illness and hence be a better proxy for a “baseline”
background level. Some patients were also missing blood test values, particularly for blood tests that
are generally taken when a doctor is concerned about a particular illness (e.g. PSA) rather than tests
which are routinely done. Machine learning and traditional statistical methods have been evaluated
for use in imputing unmeasured values for blood test measurements in EHRs; however validating
these methods is challenging and would need further work, as well as considerable computing

resource/time.?%

While associations between risk factors and E. coli BSls will be modelled in the following Chapter,
initial summaries of the raw data indicate large differences in the proportion of individuals with risk
factors between cases and controls. The majority of risk factors were more common in cases than
controls. This was expected as | defined many risk factors from previously published research
considering risk factors for infections, for example, risk factors for mortality associated with E. coli
BSIs'”* and risk factors for healthcare-associated infections.®> Many of the risk factors which were
more common in cases than controls related to increased hospital contact through inpatient

admissions, including complex and ordinary admissions, as well as more procedures. Many of these
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risk factors are likely to be confounded by age to varying degrees and therefore multivariable
modelling in the following Chapter will be essential. A small number of variables were more common
in the control group, with the majority of these being related to pregnancy and childbirth. The
control group was likely to include a high proportion of these individuals as, for example, for
females, those aged 30-34y had the highest number of attendances for outpatient appointments in
England in 2020-2021, with 43% of female outpatient attendances aged 20-39y attending maternity

services.?%!

The proportion of cases with a urine culture taken regardless of the result was >20% higher in cases
than in controls. Having access to negative microbiology tests, meaning that risk factors could be
created including having any urine sample or blood sample collected regardless of result, was a
strength of this study. Presence of a test result has previously been found to be predictive of ill
health for blood tests, irrespective of the result of the test,'’2 but not for microbiology (to my

knowledge) and therefore exploring their impact in the following Chapter will be interesting.

4.4.3 Further considerations

The COVID-19 pandemic may have impacted model results in FY2020. In FY2020, there was a lower
risk of E. coli BSI in those of non-white ethnicities while in FY2019 and FY2021 there was no evidence
of any effect of ethnicity on the outcome. This could have been due to competing risks, with those of
non-white ethnicities more likely to suffer COVID-19 mortality. Increased risk of severe COVID-19
disease in non-white ethnicities has been shown globally, with those of Black and Hispanic
ethnicities at a higher risk of COVID-19 hospitalisation and intensive care unit (ICU) admissions being
highest among Black, Hispanic, South Asian, East Asian and Mixed ethnic groups and Indigenous
peoples.?’? Due to the relatively small number of E. coli BSls and the small proportion of individuals
of non-white ethnicities in Oxfordshire, | was not able to explore associations between ethnicity and

E. coli BSls in more granular detail.

In this Chapter, the main focus has been on how to code exposures when doing a risk-based analysis;
however, how to code the outcome is also an important consideration. | defined the presence of E.
coli BSls using microbiology isolations. Blood cultures usually have a high positive predictive value of
infection (truly positive, given a positive test result) due to blood being a sterile site,?® with
contamination risk through bacteria on the skin entering the culture during extraction being low for
E. coli.®®* If access to microbiology samples is not available, ICD-10 codes alone may not be good
enough to identify positive BSls as ICD-10 codes are used for billing purposes and therefore may not
accurately record specific patient information.’? Further, variations of the outcome may be

important for future studies. In the following Chapter, | will consider E. coli BSls split by where they
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were acquired (e.g. nosocomial, community infections), as well as look for risk factors specific to

antibiotic-resistant infections.

4.4 .4 Limitations

The main specific limitation of my study is that it was conducted using a single population from
Oxfordshire. While the sample was large and accounted for around 1% of the UK population,
generalisability may be limited. Furthermore, ICD-10 and procedure coding practices can vary
between hospital trusts and therefore exposure definitions may need to be considered further when
expanding to different settings. Different hospitals may also use different laboratory equipment over
time so care would have to be taken when using continuous laboratory test results in other settings.
Only a small number of people experienced the outcome in this study, reducing power. Expanding
the work to national-level data would increase both the power and generalisability of the results.
This study was limited by using secondary care data with no access to primary care records, meaning
for example only vital signs taken in inpatient admissions, outpatient attendances and A&E visits
could be included. Access to GP records may have allowed a larger proportion of the Oxfordshire
population to be studied and also allowed more risk factors to be defined. The OpenSAFELY platform
could be an alternative source of community data however does not include hospital-requested
microbiology data and hence would miss microbiologically confirmed E. coli BSls.*® Lastly, the
definitions of cohorts and exposures established in this study have been investigated specific to the
outcome of E. coli BSls; however, with the very large number of controls, distributions of exposures
are likely to be similar to other control populations. Assessing the impact of the different cohorts
would be important if studying a different disease; however, the framework established in this
Chapter may offer a pragmatic way to do so. While the exposures defined here are E. coli BSI
specific, many would be relevant risk factors for other diseases and hence may be useful for future

studies.

4.4.5 Conclusions

Overall, care and consideration had to be taken in defining control groups and exposures to avoid
introducing bias into this study. Future work focusing on the impact of the control group choice on
other diseases may be helpful going forward, as well as studies assessing the difference between

pre-defined risk factors versus taking a more general approach.
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Chapter 5 Monitoring populations at an increased risk of E. coli
bloodstream infections using Electronic Health Records

5.1 Introduction

E. coli bloodstream infections (BSls) are the leading Gram-negative bloodstream infection in the UK,
with 38,380 cases reported from mandatory surveillance reports in 2022.5! While E. coli BSIs have
been increasing over the last decade,%2% jn the UK there was a reduction in the number of cases
from 76 to 68 cases per 100,000 population from 2018 to 2022,%* coincident with the COVID-19
epidemic. However the number of infections in the population remains high, and numbers have
subsequently increased again. E. coli BSIs can cause severe illness and death, with an estimated case
fatality rate of 15.9% in England during FY2022 to 2023.2%® Reducing the number of E. coli BSls could

therefore reduce iliness and potentially save lives.

A further motivation to reduce the number of E. coli BSls is to help reduce the burden of
antimicrobial resistance (AMR). E. coli BSls are a key target for the reduction of AMR as 82% of
antibiotic-resistant BSls in the UK in 2022 were E. coli BSIs.®* One study estimated that, in high-
income countries, around 23% (95% Cl: 20%-28%) of deaths from AMR were linked to E. coli BSls.?"’
While an increased mortality rate has been reported for AMR E. coli BSIs compared with non-AMR E.
coli BSls,?%%2%? others have found no evidence of this?° but have instead found associations with
other adverse outcomes such as an increased length of hospital stay.2!! To combat the increasing
threat of AMR, in 2019, the UK Government provided a 5-year?'2 and 20-year?!2 national action plan
(NAP), and most recently a second 5-year NAP covering 2024-2029,2** aiming to reduce infections
and optimise antimicrobial use. The 20-year vision outlines nine ambitions for change, one of which
is to reduce the number of infections overall. With fewer infections to treat, antibiotics can be used

more sparingly and therefore reduce the risk of emergence of new resistant strains.?%®

E. coli BSls are currently monitored through the UKHSA mandatory surveillance programme in
England. Surveillance of E. coli BSls has been mandatory in England since June 2011 after increases
were observed through voluntary surveillance programs.®® Annual reports have been produced since
2013 covering the number of E. coli BSls stratified by age and sex, and also whether the BSIs were

resistant to a range of antibiotics.®*

One gap in the current surveillance programme is the small number of risk factors collected
alongside infection data. Beyond age and sex, the populations who are most at risk of having E. coli
BSlIs are not routinely monitored. Ad hoc studies have assessed risk factors for E. coli BSls in a

general hospital population.?t”21821% Two of these studies, based in the US and Wales (UK), used a
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218,219 \while the third compared the proportion of risk factors in E. coli BSls with

control population,
the general population using registry data.??” All these studies found the populations at highest risk
included individuals on dialysis or having experienced renal disease or failure. Cancer was also found

217,218

to be a risk factor , as well as urinary catheterisation and urinary incontinence,?'® urinary tract

infections,?®

and higher comorbidity scores.?*® However, none of these studies considered how to
continuously monitor these risk factors over time. While some risk factors may be consistent, it is
also reasonable to assume that risk factors could change over time as population composition

changes and new diseases, such as COVID-19, are present in the population.

As discussed in the previous Chapter, electronic health records (EHRs) offer a wealth of data in which
to find populations at risk of infection. The large majority (90%) of hospitals in the UK now have
electronic patient records,?* and approximately 80.5% of hospitals in the USA,?® for example. As
laboratory results, vital sign measurements, and blood test results are now often automatically
uploaded to the electronic system, and reasons for inpatient admissions are coded by teams of
coders after hospital discharge, data in EHR should be relatively up-to-date. Using up-to-date data
should allow risk factors to be monitored regularly, for example running a screening process
annually to assess at-risk populations in the previous year. A more extensive overview of the use of

EHRs for surveillance can be found in the overall Introduction to this thesis.

This Chapter aims to implement the learning in Chapter 2 and Chapter 4 to identify populations at
increased risk of E. coli BSls in an EHR population. The screening process developed in Chapter 2 will
be implemented and the control groups and risk factors developed in Chapter 4 will be used to
investigate those most at risk of E. coli BSI. | will train the screening process on one year of data and
then test the process on multiple years of data to assess whether it could be used in a near real-time
scenario. | will also consider the location of E. coli BSls onset (e.g. nosocomial or community) on risk
factors found. Risk factors for antibiotic-resistant E. coli BSls will also be considered separately.

Overall, | will report risk factors for E. coli BSls across four years of data from 2018-2022.
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5.2 Methods

As in Chapter 4, | used data from the Infections in Oxfordshire Research Database (IORD): a large
dataset including inpatient admissions, outpatient appointments, and accident and emergency
(A&E) attendances, as well as microbiology and biochemistry/haematology test results from samples
sent from both within hospital and general practice. Inpatient admissions and outpatient
appointments can be linked with diagnosis codes, procedure codes, and vital sign measurements
taken during hospital attendance. IORD includes four large teaching hospitals covering a catchment
area of around 660,000 individuals. The dataset goes back to 1997 with electronic recording of most
variables, for example, diagnosis codes, from 2007 onwards. Electronic recording of vital sign

measurements and medications began in 2016.

The screening process was tested and developed on data from the financial year 2019 (FY2019; 1st
April 2019 — 31st March 2020) and then expanded to run on FY2018, FY2020, and FY2021. The risk

factors selected from the process were then compared across the years.

5.2.1 Case definition
As described in detail in Chapter 4, cases were defined using microbiological isolations and de-
duplicated within 90 days from the index positive. The first E. coli BSI in each financial year was

selected if individuals had multiple BSIs recorded.

5.2.2 Defining the “most recent contact” date

To be considered in subsequent analyses, individuals had to have healthcare contact (inpatient
admission, outpatient appointment, A&E visit, or any microbiology sample or blood test taken)
recorded in IORD in the current financial year. For cases, this contact would be the collection of the
index blood sample which tested positive for E. coli. For controls, this was one of the following: a
discharge date from an inpatient admission, an appointment date from an outpatient appointment,
an arrival date from an A&E visit, or a collection date from a blood test or microbiology sample

collection.

One record was selected per person per financial year, this being the first positive E. coli BSI if
present, or the last healthcare contact otherwise. The date of this contact is subsequently referred
to as the “most recent contact” and defines the dates on which cases and controls are considered to

be comparable.

5.2.3 Defining the analysis cohorts
Ideally, the control group would include everyone in Oxfordshire; however, IORD only includes a

subset of individuals who have had healthcare contact within Oxford University Hospitals (as defined
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above). Further, many risk factors of interest can only be calculated from data recorded in inpatient
admissions, for example, diagnosis codes, or vital sign measurements. To account for the fact that
individuals with no previous or current inpatient admission would have missing data for many
characteristics, two analysis cohorts were subsequently defined based on previous and current

healthcare contact recorded in IORD, as discussed in Chapter 4 above.

One cohort was based on previous inpatient contact, subsequently referred to as the “inpatient
only” cohort, to minimise the amount of missing data for risk factors. The second cohort was defined
conditional on having any previous healthcare contact (not just inpatient admissions), subsequently
referred to as the “any healthcare” cohort, to allow the retention of as many individuals as possible
for analysis. A 5FY lookback period was used for both cohorts. A detailed description of these two
cohorts is described above in the Methods of Chapter 4 and a summary of the two analysis cohorts is

provided in Table 5.1.

Table 5.1: Summary of the populations included in the two analysis cohorts.

Inpatient only cohort Any healthcare cohort

Cases All individuals with any All individuals with any previous inpatient episode
inpatient episode ending >72 (as defined for the “inpatient only” cohort), or any
hours before the collection previous outpatient appointment, A&E visit, blood

date/time of an E. coli BSI, and | test, or microbiology sample collection >72 hours

ending within the previous before the collection date/time of an E. coli BSI, and
5FYs. within the previous 5FYs.

Controls | All individuals with any All individuals with any inpatient episode (as
inpatient episode within the defined for the “inpatient only” cohort), or any

last 5 FYs ending before or at outpatient appointment, A&E visit, blood test, or

the “most recent contact” microbiology sample collection strictly before the
date. “most recent contact” date, and within the previous
5FYs.

5.2.4 Defining risk factors
The same set of six key potential confounders outlined in Chapter 4 that | considered should be

adjusted for in all models regardless of the magnitude of association were defined (“core” variables):

e Age (years),
e Sex (female vs male),

e Ethnicity (white vs non-white as small numbers in the latter group),
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e Deprivation (Index of Multiple Deprivation (IMD) percentile®),
e Rural/urban classification (urban town/city, rural town, and rural village), and
e Catchment percentage (percentage of individuals in the local area visiting an Oxfordshire

hospital as defined by the Office of Health Disparities; 0 = none, 100 = all).

An additional core variable capturing the type of previous hospital exposure was also included for all
models using the “any healthcare” cohort (any previous inpatient episode, any previous A&E visits
with no previous inpatient episode, any previous outpatient appointment with no previous inpatient
episode or A&E visit, or any blood test or microbiology sample collection with no previous inpatient

admission, A&E visit or outpatient appointment).

| next defined 228 non-core “screening” characteristics from various data sources available using

EHR data. These could be broadly split into the following categories:

e Diagnosis codes from inpatient admissions and outpatient appointments (not recorded at
A&E visits). International Classification of Diseases, Tenth Revision (ICD-10) were used for all
definitions. ICD-10 codes from outpatient appointments are not widely used as
reimbursement for appointments is through clinic codes, rather than ICD-10 codes as is the
case for inpatient admissions. N=53*,

e Procedure codes from inpatient admissions and outpatient appointments (not recorded at
A&E visits). OPCS Classification of Interventions and Procedures (OPCS-4) were used for all
definitions. N=70%*,

e Healthcare contact history based on inpatient admissions, outpatient appointments, and
A&E visits. N=44.

e Positive and negative results from microbiology isolations. N=28.

e Results from blood tests. N=24.

e Results from vital sign measurements. N=6.

e Patient characteristics of weight, height, and BMI. N=3.

*While there were many more ICD-10 codes and procedure codes available, | focused on risk factors
coded from previously published research, as well as selecting the most common diagnoses and
procedures in inpatient admissions. How these risk factors were selected and defined is explored in

more detail in Chapter 4. A full list of all variables with definitions is available in Appendix A.

Whether individuals had each of the risk factors was based on the “most recent contact” date.
Definitions of the timing of risk factors are provided in Table 5.2. In summary, risk factors were not

considered if they were recorded in the 72 hours directly before the blood culture collection date for

157



E. coli cases to avoid issues of reverse causality. Risk factors calculated for the control group were

not subject to this exclusion and hence all risk factors recorded in the previous 5 FYs up to and

including the current contact were considered.

All risk factors were included as both categorical and continuous parameterisations to capture the

impact of both ever/never having a characteristic (within the last 5 FYs) as well as the proximity of

the most recent record of this characteristic to the current contact to capture more recent exposure

and severity in long-term conditions (such as diabetes). The categorical effect included three levels

denoting (i) risk factor recorded in the 365 days (365d) before the “most recent contact” date; (ii)

risk factor recorded >365d before the “most recent contact” date; (iii) risk factor not recorded in

IORD in the previous 5FYs. The continuous effect denoted days since the most recent record of the

characteristic within the last 365d. For inpatient admissions, outpatient appointments, A&E visits,

blood cultures, and urine tests, the number of occurrences within the previous 365d were also

considered as variables, as well as the cumulative length of stay within the previous 365d in

inpatient admissions.

Table 5.2: Risk factor timing definitions

Risk factor dataset

Definition for cases

Definition for controls

Diagnosis codes

Any diagnosis from an episode
which started >72 hours before and
ended before the blood culture
(BLC) collection date/time and
started within the previous 5FYs.
The time of diagnosis is calculated

based on the episode start date.

Any diagnosis from the current
episode, or any episode which
started within the previous 5FYs.
The time of diagnosis is calculated

based on the episode start date.

Procedure codes

Any procedure with a procedure
date/time >72 hours before the BLC
collection date/time and within the

previous 5FYs.

Any procedure with a procedure
date/time at, or within the previous
5FYs before, the “most recent

contact” date.

Previous inpatient

admissions

Any admission which started >72
hours before the BLC collection
date/time and started within the
previous 5FYs, and ended strictly
before the most recent contact date,

based on admission date/time.

Any admission which started and
ended before the “most recent
contact” date and within the

previous 5FYs.
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Risk factor dataset

Definition for cases

Definition for controls

Length of stay was calculated from
these admissions i.e. admissions
which were strictly before the most

recent contact date.

Previous
outpatient
appointments &

previous A&E visits

Any appointment/visit which
happened >72 hours before the BLC
collection date/time and within the

previous 5FYs.

Any appointment/visit which
happened before the “most recent
contact” date and within the

previous 5FYs.

Microbiology

sample collection

Any microbiology sample with a
collection date/time >72 hours
before the BLC collection date/time

and within the previous 5 FYs.

Any microbiology sample with a
collection date/time at, or within the
previous 5FYs before, the “most

recent contact” date.

Blood test All blood test results taken in the 72 Measurements taken outside of
collection hours preceding BLC collection were = hospital were prioritised, followed
excluded. Measurements taken by measurements at outpatient
outside of hospital were prioritised appointments, measurements
because they were more likely to closest to discharge from an
reflect a “steady state” than acute inpatient admission, and lastly,
illness, followed by measurements measurements taken at A&E. The
at outpatient appointments, closest blood test measurement at,
measurements closest to discharge or within the 5FYs before, the “most
from an inpatient admission, and recent contact” date.
lastly, measurements taken at A&E.
For each, the closest blood test
measurement within the previous
5FYs before was subsequently taken.
Vital signs All vital sign results taken in the 72 Measurements taken at outpatient

hours preceding BLC collection were
excluded. Measurements taken at
outpatient appointments were
prioritised, followed by
measurements closest to discharge

from an inpatient admission, and

appointments were prioritised,
followed by measurements closest
to discharge from an inpatient
admission, and lastly, measurements
taken at A&E. The closest vital sign

measurements taken at or within
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Risk factor dataset Definition for cases Definition for controls

lastly, measurements taken at A&E.  the 5FYs before the “most recent
The closest vital sign measurement contact” data were used.
within the previous 5FYs before BLC

collection was then used.

Personal traits The closest measurement recorded The closest measurement recorded
(height, weight, in the previous 5FYs was used. If no  in the previous 5FYs was used. If no
BMI) previous measurement was previous measurement was

available, results in the future 5FYs available, results in the future 5FYs

were used (closest first). were used (closest first).

Variables based on vital sign measurements were not considered in the “any healthcare” cohort as
vital sign measurements available in IORD are only recorded within hospital and hence would
contribute large amounts of missing data if included. For diagnosis and procedure code-based risk
factors, variables were considered not present if not recorded and hence included in the “risk factor
not recorded in IORD in the previous 5FYs” level of the categorical variable. This means that for the
“any healthcare” cohort, all individuals with no previous inpatient admissions or outpatient
attendance were included in this “never” group if they only had previous A&E visits or blood and
microbiology tests for all variables based on diagnosis and procedure codes. The interpretation of
these variables as ever being recorded (as opposed to ever being present) was therefore important
as the absence of code did not necessarily equate to the absence of the characteristic in an
individual. For example, diagnosis codes for diabetes would not include everyone with diabetes as

many people with diabetes would not have inpatient admissions or outpatient attendances.

5.2.5 Training the screening process on data from FY2019

Statistical analyses

The screening process outlined below was mainly based on the process developed in Chapter 2.
There were some changes and hence it is outlined again below. Summary statistics were presented
as medians with interquartile ranges for continuous variables and proportions for categorical

variables. All analyses used complete cases.

The screening process outlined below was initially run on the “inpatient only” cohort for the primary

analysis.

For each financial year, associations between E. coli BSls (binary yes/no, cases and controls) and the

“core” variables were estimated using Poisson regression (log link) with cluster robust standard
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errors (requiring complete data for “core” variables). The “core” variables were included in all
subsequent models regardless of significance. Restricted cubic splines with between one to five
internal knots were considered for all continuous core variables, with a minimum of one internal
knot included for age due to expected variation and linear effects allowed for deprivation and
catchment percentage. Internal knots were placed at even percentiles throughout the range of
values for each variable (after truncation at the 5th and 95th percentiles) with boundary knots
included at the 10th and 90th percentiles of the range of values for each variable. Non-linearity was
tested in univariate Poisson models for each continuous characteristic, with a Bayesian Information
Criterion (BIC) difference greater than 10 resulting in non-linear parameterisation with more knots
being selected. A BIC difference of >10 provides very strong evidence in favour of the model with the
smaller BIC according to guidelines and was used to favour parsimony given relatively small numbers
of BSIs.?2! Pairwise interactions between all core variables were tested, conducting backwards
elimination on all interactions which individually had global heterogeneity p-value <0.002

|”

(Bonferroni adjustment, 0.05/21 (number of interaction tests)). The “core model” was subsequently
created. Estimates were presented as incidence rate ratios (IRRs) and 95% confidence intervals (Cls);
however, the core model aims to adjust for differences in the selected cohorts rather than for

interpretation.

Before the initial screening step, variables with few observations in the 365d before current contact
were dropped from the screening process. An arbitrary but pragmatic cut-off was selected based on
the size of the incidence rate ratios when all variables were considered non-linearly with the core
variables. Variables with <8 occurrences in the 365d before current contact in cases were therefore
dropped from analysis (Figure 5.1). If there were <8 occurrences >365d ago, individuals with the
characteristics>365d ago were grouped in with those who never had the characteristic (Figure 5.2).
If there were <8 occurrences after combining those with the characteristic >365d ago and those who
never had the characteristic, the categorical variable was dropped from the analysis, but the

continuous variable explaining time since the most recent occurrence in the last year was retained.
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Figure 5.1: Incidence rate ratio for a one day greater time since closest characteristic (continuous effect) by
number of occurrences in cases in the previous year.
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Note: All variables parameterised as days since closest characteristic, including diagnostic code, procedure
code, previous admissions, and microbiology variables. Large values indicate implausible effects due to over-
fitting.

Figure 5.2: Incidence rate ratio for having the characteristic >365d ago versus <365d ago (categorical effect)
by number of occurrences in cases >365d ago.
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Note: IRRs are truncated at the 95th percentile.

| next added each of the “screening” variables individually on top of the core model. All continuous
variables were considered for non-linearity in univariate models as described above. Variables were

considered with only the core variables first rather than using a large multivariate model from the
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beginning as with many variables (>400) the multivariate model may not fit and/or be subject to
substantial collinearity. Further, with large amounts of missing data in some of the screening
variables, running an analysis using complete cases for all variables would result in a massive loss of

data.

The global heterogeneity p-value for each screening variable was extracted. Backwards elimination
was subsequently run on all screening variables with a global p-value<0.25. This threshold was
selected as it has previously been shown that thresholds which are too strict can fail to identify
variables known to be important in forward selection, and p<0.25 has been recommended as a

reasonable level to account for this.???

Before backwards elimination, pairwise correlations between all variables selected at the p<0.25
threshold were summarised using the Pearson correlation coefficient. For pairs of variables with a
correlation coefficient >0.95, one variable from each pair was excluded to reduce collinearity. The

variable removed was selected on a case-by-case basis.

Backwards elimination was then run on including all remaining variables with p<0.25. An exit p-value
of 0.05 was used for backwards elimination. After backwards elimination, the final model was
refitted on complete cases for all selected variables. Collinearity was assessed by comparing the
direction of the effect between the univariate and multivariate estimates. Variables with evidence of

collinearity were assessed on an individual basis. Final model results were then presented.

Changes in McFadden’s pseudo R-squared value, as defined in equation (1),2% were used to assess
the importance of the variables selected for the final model. Each variable included in the final
model was removed from the full model one at a time with the R-squared extracted from each
model. The same population was used for each model to ensure that the populations compared
were equivalent and that individuals were not added into a sub-model if a variable with larger
amounts of missing data was removed. The difference between the R-squared value from the full
model and the R-squared values from the models with each variable removed was calculated and
plotted. The largest difference represented the variable which explained the most variation in the

observed data, while the smallest difference represented the variable explaining the least variation.

_ In Z(Mfull)
InL (Mintercept)

Where My, is the fitted model and Mintercept is the null model with the intercept only.

2 —
RMcFadden -

(1)
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Sensitivity analysis: Using different entry p-value thresholds

With >400 variables and many tests being carried out, there was a risk of finding spurious results
through conducting multiple tests. To assess the impact of multiple testing on my findings, |
compared two additional p-value thresholds with the original threshold of global p-value<0.25. First,
after the initial screen, all variables with a global p-value less than the Benjamini-Hochberg adjusted
p-value threshold were selected for backwards elimination. Second, after the initial screen, all
variables with a global p-value less than the Bonferroni adjusted p-value threshold were selected for
backwards elimination. These two thresholds were selected as they both account for multiple
testing but vary in how conservative they are, with the Bonferroni adjustment being stricter.
Backwards elimination was run separately using the two sets of variables. The final variables
selected and the size of the effects were compared between the original threshold of p<0.25,

Benjamini-Hochberg adjustment, and Bonferroni adjustment.
Subgroup analysis: Screening on different populations

As described above (and in Chapter 4), a broader cohort was defined, referred to as the “any
healthcare” cohort, which included all individuals in the “inpatient only” cohort and additionally
included individuals with any outpatient appointment, A&E visit, microbiology sample collected, or
blood test result in the 5FYs strictly before the most recent contact date. The screening process
outlined above was carried out on this population with the final variables selected after backwards

elimination compared with those selected in the “inpatient only” cohort.

A further cohort was defined restricting both the cases and controls to only individuals aged>65y in
the “inpatient only” cohort. As the majority of E. coli BSls are in older individuals, restricting to only
those aged>65y in both the cases and controls could balance strong predictors of E. coli BSls such as
age and frailty and expose different risk factors. The age>65y cohort was selected from the
“inpatient only” cohort to reduce the amount of missing data. Again, the screening process was run
in full with variables selected after backwards elimination compared with the “inpatient-only”

cohort.

Subgroup analysis: Using different outcomes
In all the analyses presented so far, all E. coli BSIs were included as the outcome of the analyses.
Different outcomes of interest based on prior hospital exposure and antibiotic resistance were

defined to assess whether different risk factors were found in these subgroups.
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Different risk factors for E. coli BSls may be expected based on differing previous exposure to
hospital. E. coli BSIs were therefore categorised into the following groups dependent on the recency

of hospital exposure:

Nosocomial: blood sample for culture taken between 48h after hospital admission and

hospital discharge.

e Quasi-nosocomial: not nosocomial and last discharged from hospital 0-30 days previously to
when the blood sample was taken.

e Quasi-community: not nosocomial and last discharged 31-365 days previously.

e Community: not nosocomial and last discharged >1 year previously or never previously

admitted to OUH.

Admission date/time and discharge date/time from inpatient admissions and collection date/time
from bacteraemias were used to define and calculate the groupings. The “inpatient only” analysis
cohort and controls were used for the nosocomial, quasi-nosocomial, and quasi-community cases as
these groupings are based on previous and current inpatient exposure. The “any healthcare”
analysis cohort and controls were used for the community E. coli BSlIs as, by definition, the
community-onset E. coli BSIs do not have any inpatient contact in the 365d before the date of
collection of the E. coli BSI. Again, variables selected for the final model after backwards elimination
were compared with the all case analysis with the “inpatient only” cohort for the nosocomial, quasi-
nosocomial, or quasi-community groupings, or the all case analysis with the “any healthcare” cohort

for the community group.

A second subgroup analysis considered only E. coli BSls that were resistant to third-generation
cephalosporins as cases (excluding all other cases from analysis). Consistent with the 2022/23
ESPAUR report, third-generation cephalosporins were defined as resistance to any of the following
drugs: cefotaxime, ceftazidime, cefpodoxime and ceftriaxone.®* All E. coli BSls reported as resistant
from the diagnostic laboratory to any of these four drugs were flagged as resistant. As well as
susceptible and resistant results, there is a third result of “intermediate” if the MIC was between
susceptible and resistant threshold in the European Committee on Antimicrobial Susceptibility
Testing (EUCAST) guidelines.??* For this sensitivity analysis, intermediate results were not classed as
resistant as they are susceptible in a dose-dependent way. The “inpatient only” cohort and controls
were used for this analysis to reduce the amount of missing data across characteristics. The final

model results were compared with results from all cases and the “inpatient only” cohort.
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5.2.6 Testing the screening process on different years of data

After completing the analysis on the training dataset of FY2019, the screening process was run on
FYs 2018, 2020, and 2021 to assess whether the risk factors selected varied across the years. All the
same risk factors were considered and the screening process was carried out as before. All cases and
the “inpatient only” cohort were used across all FYs to reduce the amount of missing data. Which
risk factors and the sizes and direction of effects from the final model after backwards elimination

were compared.

All analysis was carried out in Stata 17 and Stata 18.
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5.3 Results

5.3.1 Summary of data

Between 1st April 2018 and 31st March 2022, there were 2,356 E. coli isolations from blood from
1,830 individuals. After de-duplication, removing individuals aged <16 years old, dropping those
missing age and sex, and excluding all records which were not the first E. coli BSI in the financial year
there were 460, 512, 421, and 450 E. coli BSls in FYs 2018, 2019, 2020, and 2021, respectively

(flowchart provided in Chapter 4, Figure 4.2).

From 1st April 2018 to 31st March 2022 there were 12,996,578 records from 841,374 individuals in
the IORD database from inpatient admissions, outpatient appointments, A&E visits, microbiology
samples, and blood tests. After removing all individuals aged <16 years, those missing age and sex,
those with an E. coli BSI since 1st April 2013 in IORD, and selecting only the last contact in each FY,
there were 412,149, 415,497, 374,117, and 413,804 potential controls in FYs 2018, 2019, 2020, and

2021, respectively (flowchart provided in Chapter 4, Figure 4.3)

As the first date in each FY was selected for the E. coli BSls and the last date in the FY was selected
for potential controls, the distribution of the “most recent contact” date was skewed to the latter
end of the FY for potential controls while the date of E. coli BSI collection was more evenly

distributed over the FY, as shown for the example of FY2019 (Figure 5.3).

Figure 5.3: Distribution of the month of the most recent contact taken for those without/with E. coli BSIs
from FY2019.
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5.3.2 Training the screening process on FY2019 data
The screening process was first trained on data from FY2019, helping to update the process from its
application in Chapter 2 on COVID-19 data before expanding the process to other subgroups and

years of data.

Summary of the FY2019 data

416,009 people had any type of healthcare contact in FY2019. 512 (0.1%) had an E. coli BSI, while
415,497 (99.9%) did not (potential controls). 413 (81%) E. coli cases had at least one inpatient
episode in the previous 5FYs, compared with 217,934 (52%) potential controls (Figure 5.4). 48,027
(12%) individuals in the potential control group had any previous A&E visits without an inpatient
episode, compared with 24 (5%) cases. A large proportion of potential controls (94,672, 23%) had an
outpatient appointment in the previous 5FYs without an inpatient episode or A&E visit, compared
with 33 (7%) cases. 22 (4%) E. coli BSIs and 26,062 (6%) potential controls were dropped from all
subsequent analyses (i.e. both cohorts) as they had no healthcare contact of any kind recorded in
IORD in the previous 5FYs. The median (IQR) catchment percentage for these individuals was very
low, at 2% (0.2%, 90%) and 9% (4%, 93%), with 23% (5/22) and 6% (1,436/26,062) missing for cases
and controls respectively. In comparison, for all other individuals, the median (IQR) catchment
percentage was 97% (90%, 96%) and 93% (71%, 96%), with 0% (0/490) and 0.6% (2,309/389,435)

missing for cases and controls respectively.

Figure 5.4: Health contact history in the previous five financial years split by the presence of E. coli BSI.

Cal B
80
- Inpatient episode

— 60 - AGE visi — isod
C visit, no inpatient episode
Q
8 - Outpatient visit, no inpatient/A&E
[0}
o Micro/blood test, no inpatient/outpatient/A&E

40 BN Nere

20

0 .

No E. coli BSI E. coli BSI

The primary analysis was conducted on the “inpatient only” cohort, just considering those with at

least one inpatient episode in the previous 5FYs (the blue bars in Figure 5.4, comprising 413/490
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(84%) E. coli BSIs with any healthcare contact and 217,934/389,435 (56%) controls with any
healthcare contact). The remaining 77 (16%) cases and 171,501 (44%) controls were therefore
dropped from all subsequent analyses using the “inpatient only” cohort. A higher proportion of E.
coli cases with any healthcare contact but without a previous inpatient episode were out of
Oxfordshire catchment, with 7% of cases within the “inpatient only” cohort having a catchment
percentage <10% compared with 21% of cases dropped from the “inpatient only” cohort but
included in the any healthcare contact cohort (Figure 5.5). The difference in catchment percentage
was not as large for the control group.

Figure 5.5: Distribution of catchment percentage for those within and not within the "inpatient only" cohort,
but in the “any healthcare” cohort, split by E. coli cases (left) and potential controls (right).
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In complete cases for “core” variables, comprising 370/413 (90%) E. coli BSls with inpatient contact
and 177,407/217,934 (81%) controls with inpatient contact (explored in more detail below), those
with E. coli BSls were generally older than controls as expected: median (IQR) 78y (67y-86y) for cases
versus 58y (40y-74y) for controls (Table 5.3). There was a higher proportion of females in controls
compared with cases (58% vs 49% for controls versus cases), again as expected given maternity
admissions (see Chapter 4), and also a higher proportion of those reporting non-white ethnicities
(8% vs 5% for controls versus cases). Deprivation and rural/urban classification were very similar

across cases and controls.
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Table 5.3: Summary of core variables for complete cases only.

Inpatient cohort, n (%)

Controls Cases Total

N 177,407 (100) 370 (100) 177,777 (100)
Age (years) 58 (40-74) 78 (67-86) 58 (40-74)
Sex

Male 75,075 (42) 188 (51) 75,263 (42)

Female 102,332 (58) 182 (49) 102,514 (58)
Ethnicity

White 163,529 (92) 353 (95) 163,882 (92)

Non-white 13,878 (8) 17 (5) 13,895 (8)
IMD percentile 74 (54-89) 74 (54-89) 74 (54-89)
Catchment percentage 94 (85-96) 95 (91-96) 94 (85-96)
Rural/urban classification

Urban city/town 117,284 (66) 247 (67) 117,531 (66)

Town/fringe 28,643 (16) 59 (16) 28,702 (16)

Rural village 31,480 (18) 64 (17) 31,544 (18)

Note: showing n (%) or median (IQR). Higher IMD percentiles indicate less deprivation.

The amount of missing data in core variables was larger in controls than in cases, with 19%

(n=40,527) of controls missing data for at least one core variable compared with 10% (n=43) of cases

(Table 5.4). All missing data in cases was due to missing ethnicity. Almost all missingness was

attributable to missing ethnicity in the control group, with a very small number of people missing

IMD percentile, catchment percentage, and rural/urban classification.

Table 5.4: Number of individuals missing core variables for cases and controls.

Inpatient cohort, n (%)

Controls Cases Total
N 217,934 (100) 413 (100) 218,347 (100)
Ethnicity 39,816 (18) 43 (10) 39,859 (18)
IMD percentile 971 (0) 0(0) 971 (0)
Catchment percentage 971 (0) 0(0) 971 (0)
Rural/urban class 974 (0) 0(0) 971 (0)
Total missing 40,527* (19) 43 (10) 40,570* (19)

*Total number of individuals missing at least one core variable. Individuals may be missing more than one core

variable.

When fitting the “core model”, all continuous variables were tested for non-linearity, with age

included with one internal knot and IMD percentile and catchment percentage included as linear. All

pairwise interactions were tested between all core variables, with no interactions being selected

based on a global p-value threshold of <0.002 to account for multiple testing (Bonferroni threshold).

The incidence rate ratios from the core model are presented below in Figure 5.6. These factors were

included in all subsequent models to adjust for the underlying differences in population structure

rather than to explore actual risk in these variables but are presented below for completeness.
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Figure 5.6: IRRs with 95% confidence intervals for core variables for the “inpatient-only” cohort.

Age (years) 45y vs 65y —_— i <0.001
|
85y vs 65y : —_—
Ethnicity White + 0.886
Non-white :=
Sex Male + 0.025
Female —— :
Rural/urban classification Urban city/town % 0.849
Town/fringe - —0-:—
|
Rural village —0:—
IMD percentile 25 units higher —O—E 0.071
Catchment percent 25 units higher : —e— <0.001
25 5 : 2 4

Incidence rate ratio

Note: Global p-values testing heterogeneity for each variable are presented on the right of the graph. Age was
included as a restricted cubic spline (one internal knot) with the values presented predicted from the fitted
spline. Higher IMD values indicate lower deprivation.

Screening on the inpatient cohort with entry p-value<0.25

A total of 228 characteristics were considered, leading to 410 variables when considering both the
time since the closest occurrence of a characteristic and never/ever having had the characteristic
(Table 5.5). The majority of characteristics were calculated from procedure codes (n=70, 31%),
followed by diagnosis codes (n=53, 23%), and characteristics derived from previous hospital

attendances (44, 19%).

Table 5.5: Number of characteristics and variables from each data source.

Dataset Number of characteristics (N=228) Number of variables (N=410)
Diagnosis codes 53 102

Procedure codes 70 140

Previous healthcare 44 81

attendance

Microbiology 28 54

Blood tests 24 24

Vital signs 6 6

Personal traits 3 3

The amount of missing data varied between the different characteristics as well as between cases

and controls (Figure 5.7). Cases had less missing data than controls for all characteristics. Missing
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data was present for all blood tests but the amount of missing data varied between tests. The
prostate-specific antigen (PSA) test was missing the most data with 75% of cases missing
measurements and 87% of controls. Tests for serum B12, serum folate, and transferrin all had high
missingness: between 32-36% in cases and 63-65% in controls. As these four blood tests had very
high missingness, the values of these tests were not subsequently considered in the analysis and
instead, the presence/absence of these test results were considered since the presence/absence of
test results may also be informative about risk.'’2 All vital sign measurements were around 10%
missing in cases and 30% missing in controls. Height was 41% missing in controls, contributing to
41% of individuals missing BMI measurements. Weight was more consistently recorded with 15%

missing in the controls and 0.5% missing in cases.

Figure 5.7: Percentage of missing data for all variables split by presence of E. coli BSI (“inpatient only”
cohort).
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122 (30%) variables from 61 characteristics were dropped because they had <8 occurrences in the

365 days before E. coli BSI collection (median [IQR]: 3 (1-5) occurrences in the previous year). The

majority of these (n=72, 59%) were variables derived from procedure codes, followed by 24 (20%)
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from microbiology results and 18 (15%) from diagnosis codes. 11 (3%) categorical variables were
collapsed from having three levels (<365d ago vs >365d ago vs never in previous 5FYs) to two levels
(<365d ago or >365d ago vs never in previous 5FYs) as they had <8 occurrences >365d ago. Four (1%)
variables were dropped as >50% of measurements were missing in either the cases or controls.
These were blood test results for PSA, serum B12, serum folate, and transferrin, as described above.
Flags for whether these tests were ever requested were created to include in models instead. In
total, 370 (90%) cases and 177,407 (81%) controls in the inpatient cohort had complete data for core

variables and only 277 (67%) cases and 60,157 (28%) controls had complete data for all 281 variables
subsequently screened.

Non-linearity was considered for all 161 continuous variables which were included in the initial
screen. 152 (94%) variables were selected as linear effects, with 8 (5%) and 1 (1%) selected with one
and two internal knots respectively.

Observed global p-values were more significant than would be expected if the p-values were
randomly selected from a uniform(0,1) distribution (the null hypothesis if no true associations exist),

with very large deviations from the uniform distribution (Figure 5.8). Separation between observed

and expected p-values occurred early in the distribution suggesting that many moderately significant

p-values were more significant than expected.

Figure 5.8: Expected -log10 global p-values from the initial screen compared with expected -log10 p-values
from the uniform(0,1) distribution.
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Note: BH = Benjamini-Hochberg threshold, Bonf = Bonferroni threshold. Observed p-values were truncated to -
logio(15) for plotting purposes only.

Of a total of 281 p-values from the variables screened, 197 (70%) had a p-value<0.25. Pairwise
correlations between all variables below the p<0.25 threshold were generally normally distributed,
however, there was some deviation away from normality at the very low (close to -1) and very high
(close to 1) correlations (Figure 5.9). Fifteen pairs of variables had an absolute correlation coefficient
>0.9 (Table 5.6). For the eight pairs of variables with an absolute correlation >0.95, one variable was
removed from consideration for backwards elimination. Where both admission to and discharge
from inpatient admissions were available as variables, the variables denoting discharge from
admission were dropped. Both admission to and discharge from admissions were included in the
initial screening step as the number of admissions was calculated based on admission date while
length of stay included time from admissions which started >365d ago but ended <365d ago. Length
of stay (LOS) from inpatient admissions >8 hours was selected over the LOS from all inpatient
admissions to avoid the inclusion of day-case admissions and restrict LOS to ordinary admissions. A
diagnosis code for renal failure was selected over a diagnosis code for renal disease to keep the most
severe outcome. Any remaining pairs with a correlation >0.9 were included together in the
multivariate models and checked after backwards elimination for any impact of correlation on model

estimates.

Figure 5.9: Distribution of pairwise correlations between variables significant at the p<0.25 threshold.
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Table 5.6: Correlation between variables with absolute correlation > 0.90

Variable 1 Variable 2 Correlation
Admission to emergency inpatient Discharge from emergency inpatient 1.00
admission (categorical) admission (categorical)

Admission to elective inpatient Discharge from elective inpatient 1.00
admission (categorical) admission (categorical)

Admission to complex inpatient Discharge from complex inpatient 1.00
admission (categorical) admission (categorical)

Admission to any inpatient admission Discharge from any inpatient admission 1.00
(categorical) (categorical)

Admission to any inpatient admission Discharge from any inpatient admission 1.00
lasting > 8 hours (categorical) lasting >8 hours (categorical)

Cumulative length of stay from Cumulative length of stay from all 1.00
inpatient admission lasting > 8 hoursin  inpatient admissions in previous 365d

previous 365d (continuous) (continuous)

Diagnosis code for renal failure Diagnosis code for renal disease 0.99
(categorical) (categorical)

Outpatient treatment under the Clinical Outpatient treatment under the Clinical -0.95
Haematology Service treatment Haematology Service treatment

function code (categorical) function code (continuous)

Procedure code for endoscopy of lower  Procedure code for Chapter H (Lower 0.94
Gl tract (categorical) Digestive system) (categorical)

Any serum B12 blood test requested Any serum folate blood test requested 0.93
Procedure code for endoscopy of upper  Procedure code from Chapter G (Upper 0.93
Gl tract (categorical) Digestive System) (categorical)

Diagnosis code for paraplegia Diagnosis code for paraplegia -0.92
(categorical) (continuous)

White cell count (continuous) Neutrophils (continuous) 0.92
Procedure code for scan of pelvis Procedure code for scan of abdomen 0.91
(categorical) (categorical)

Scan of pelvis (continuous) Scan of abdomen (continuous) 0.91

Note: Variables highlighted in green were selected for backwards elimination, variables highlighted in orange

were excluded from backwards elimination.

A total of 35 variables were selected after backwards elimination (exit p>0.05). There was evidence

of collinearity for some variables as measured by IRRs swapping signs between univariate (“core

adjusted”) and multivariate (fully adjusted) analyses (Table 5.7). Investigating the mechanism of

action of collinearity, | found that this seemed to fall within two broad categories: potential health-

seeking behaviour and potential competing risks. For example, a higher number of outpatient

appointments was associated with higher risk in univariate models, but a lower risk after adjusting

for other confounders (Figure 5.10). This effect attenuated towards zero after removing

chemotherapy and hence, after adjusting for a characteristic which strongly increased the risk of E.

coli BSI and was also a common reason for outpatient appointments, the effect of having more

outpatient appointments may instead reflect individuals who more willingly seek appointments

when needed, i.e. had better health-seeking behaviour. A similar pattern was observed for both
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diagnosis codes from Chapter 18 (Symptoms/signs and abnormal findings) and Chapter 21 (Factors
influencing health status) after removing time since the closest inpatient admission lasting >8 hours

from the model (Figure 5.11, Figure 5.12).

The other variables with evidence of collinearity may be examples of competing risks demonstrating
other reasons why individuals may be in hospital and hence in the control group. For example, the
risk of E. coli BSI was higher for those with a diagnosis code for pneumonia in univariate analyses but
lower after adjustment in multivariate models (Table 5.7). This may be an example of a competing

risk as the selection criteria for controls in the study required hospital contact. Therefore, after

adjusting for other confounders, being in hospital with pneumonia unrelated to an E. coli BSI might

be associated with a lower risk as these patients are, by definition, part of the control group. These

variables were not as strongly influenced by removing other variables from the multivariate model,

for example in Figure 5.13. Collinear variables were kept in the final model.

Table 5.7: Variables with evidence of collinearity selected after backwards elimination (exit p>0.05) and

using univariable p<0.25 as the entry threshold.

Characteristic Level Multivariate IRR (95% Multivariate Univariate IRR (95% Cl) Univariate

Cl) [p-value] global p-value [p-value] global p-
value

Potentially related to health-seeking behaviour

Number of Per 2 units 0.93 (0.88, 1.00) [0.038] 0.038 1.22 (1.16, 1.27) <0.001

outpatient higher [<0.001]

attendances

Diagnosis from Per 3 months  0.89 (0.81, 0.98) 0.013 1.37 (1.29, 1.46) <0.001

Chapter 18 closer [<0.001]

(Symptoms/signs

and abnormal

findings)

Diagnosis from Per 3 months  0.90 (0.83, 0.99) 0.023 1.29 (1.22, 1.37) <0.001

Chapter 21 (Factors | closer [<0.001]

influencing health

status)

Potentially related to competing risks

Diagnosis from <365d ago 1 0.001 1 <0.001

Chapter 5 (Mental >365d ago 1.86 (1.33, 2.61) 0.001 0.89 (0.64, 1.24) [0.498]  <0.001

and behavioural [<0.001]

disorders) Never 1.50 (1.12, 2.01) [0.007] = 0.001 0.52 (0.40, 0.67) <0.001

(categorical) [<0.001]

Diagnosis from <365d ago 1 0.008 1 <0.001

Chapter 12 (Skin >365d ago 1.80(1.20, 2.69) [0.004] = 0.008 1.02 (0.69, 1.50) [0.923] <0.001

and subcutaneous Never 1.64 (1.17, 2.31) [0.004] 0.008 0.64 (0.46, 0.88) [0.005] = <0.001

tissue) (categorical)

Diagnosis code for Per 3 months  0.84 (0.74, 0.96) [0.008] 0.008 1.15(1.02, 1.29) [0.023]  0.023

pneumonia closer

Note: bold shows p<0.05 in opposite directions in univariable and multivariable models.
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Figure 5.10: IRR (95%) Cl per 2-unit higher number of outpatient attendances in models removing each
variable selected after backwards elimination one at a time.
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Figure 5.11: IRR (95%) Cl per 3 months closer diagnosis code from Chapter 21 in models removing each
variable selected after backwards elimination one at a time.
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Figure 5.12: IRR (95%) Cl per 3 months closer diagnosis code from Chapter 18 in models removing each

variable selected after backwards elimination one at

a time.
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Figure 5.13: IRR (95% CI) for the effect of never having had a diagnosis code from Chapter 12 versus having a

diagnosis code from Chapter 12 <365d ago in models removing each variable selected after backwards

elimination one at a time.
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Final model for E. coli BSIs in FY2019

Receiving chemotherapy <£365d ago, compared with those never receiving chemotherapy in the
previous 5FYs, was associated with a higher risk of E. coli BSI (IRR (95% Cl): 0.29 (0.19, 0.44) for never
versus <365d ago) (Figure 5.14). The risk was also higher in those receiving chemotherapy >365d ago
compared with those never receiving it in the previous 5FYs, but the risk was reduced compared
with those receiving chemotherapy more recently (IRR (95% Cl): 0.56, 0.31, 1.01 for >365d ago
versus £365d ago). Additionally, the closer the most recent diagnostic extraction of bone marrow
procedure was to the current contact was associated with increased risk. Having a procedure code
for endoscopy of the upper Gl tract, a code for diabetes, or a blood culture taken was associated
with a higher risk of E. coli BSI compared to those without these codes in the previous 5FYs. A higher
frailty score and procedure codes for Chapter L (arteries and veins) were also associated with
increased risk of E. coli BSI. The presence of procedures recorded in the Overflow codes chapter was
associated with increased risk of E. coli BSI the closer they were to the current contact if they were
present £365d ago, while the risk of E. coli BSI was higher if an overflow procedure was present
>365d ago versus 365d ago (IRR (95% Cl: 2.97, 1.13, 7.82)) (i.e. a “U”-shaped relationship with time

across the previous 5FY).

Previous hospital exposure was associated with both increased and decreased risk of E. coli BSls. The
risk of E. coli BSI was 1.53 times higher (95% Cl: 1.38, 1.69) for every 3 months closer an inpatient
admission lasting >8 hours was to the current contact (Figure 5.14). In contrast, higher numbers of
outpatient appointments were associated with decreased risk of E. coli BSls (Figure 5.15) and risk
was independently 32% lower for individuals with outpatient appointments 3 months versus 6
months ago (95% Cl: 11%-48% lower) (Figure 5.15). However, the risk of E. coli BSI was significantly
higher for those with outpatient appointments 0-20 days before the "most recent contact" date

compared with appointments 6 months before the "most recent contact" date (Figure 5.16).

Having had microbiology tests, specifically those focused on urinary samples, was associated with a
higher risk of E. coli BSI (Figure 5.14). First, any record of a urinary catheter as the source of a
microbiological specimen <£365d ago was associated with a higher risk of E. coli BSI, compared to
those who had no such record of a urine catheter in the previous 5FYs. The collection of any urine
sample for microbiology, regardless of the result, was independently associated with higher risk both
for those with a urine culture taken >365d ago and <365d ago versus never in the previous 5FYs. In
addition, the risk of E. coli BSI was 60% lower (95% Cl: 46%-70% lower) in those who never had a

urine positive for E. coli compared with those who had a urine positive for E. coli £365d ago.
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Results from the most recent previous blood tests were also associated with risk of E. coli BSls
(Figure 5.14, Figure 5.15). Lower albumin levels and higher alkaline phosphatase levels (both
potentially reflecting poorer underlying status, liver/biliary disease, or for alkaline phosphatase also
bone disease including metastatic cancer) were associated with a higher risk of E. coli BSI. Higher
platelet levels were associated with lower risk and lower platelets with a higher risk of E. coli BSI
versus the median platelet level (e.g. relating lower blood counts with chemotherapy or blood

cancers).

Some characteristics which were associated with decreased risk of E. coli BSI reflected other reasons
for coming into hospital and therefore potentially competing risks (Figure 5.15). A more recent urine
positive for Klebsiella was associated with a decreased risk of E. coli BSI, with risk 26% (95% Cl: 1%-
44%) lower per three months closer. A diagnosis code for pneumonia and a chest scan were also
both associated with a decreased risk of E. coli BSI. The risk of E. coli BSI was lower if a chest scan
was done £365d ago vs >365d ago. Within the most recent 365d, the risk of E. coli BSI was 16% lower
(95% Cl: 4%-26%) per 3 months closer a diagnosis code for pneumonia was. These characteristics
likely reflected other reasons for attending hospital which did not reflect underlying disorders that

would also increase E. coli BSI risk.

Figure 5.14: Final variables selected in FY2019 using the “inpatient only” cohort where the presence of the
characteristic, or having had the characteristic more recently, increases the risk of having an E. coli BSI
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Figure 5.15: Final variables selected in FY2019 using the “inpatient only” cohort where the presence of the
characteristic decreases the risk of having an E. coli BSI
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Neverq _ _ 1l
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Figure 5.16: Predicted IRR (95% Cl) for the effect of time since the most recent outpatient appointment, as
predicted from the multivariable model.

2.54

Incidence rate ratio
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Days since closest previous outpatient appointment

Note: The red dashed line shows the reference level for predictions (6 months). Black dashed lines show where
the predictions at 3 months and 6 months, as reported in Figure 5.15.

Variables selected for the final model varied in the amount they contributed to explain the variation

in the observed data, as measured by the change in R-squared value (Figure 5.17). The total R-
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squared for the final model was 20.9%, meaning approximately 20.9% of the variability observed in
the binary outcome (E. coli BSI) could be explained by the variables selected for the final model.
Comparing the R-squared value from the final model to the R-squared values from models removing
each explanatory variable in turn, removing age had the biggest impact on R-squared, causing an
absolute reduction in percentage R-squared of 1.43%. The second biggest impact was removing
inpatient admission >8 hours, reducing R-squared by 1.05%, then removing the variable for urine
positive for E. coli (0.60%), procedure code for chemotherapy (0.58%), diagnosis code for diabetes
(0.45%), outpatient appointment (0.43%), albumin (0.36%), procedure code for extraction of bone
marrow (0.31%), catchment percentage (0.29%), and alkaline phosphatase (0.29%). Removing the
diagnosis code for paraplegia from the model had a very small impact on the R-squared (0.06%

absolute percentage change), along with the number of outpatient attendances (0.07% absolute
percentage change).

Figure 5.17: Absolute percentage change in R-squared when removing each variable on the y-axis from the

final model.
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Microbiology data recording negative test results may not always be available and hence some risk
factors shown in the model above, for example use of urinary catheters as defined from
microbiology samples, would not be definable in the same way in nationally available data.
However, urinary catheter use can also be obtained from procedure code data. As an aside, |
swapped the effect of urinary catheters included in the final model above with urinary catheter use

as defined by procedure code variables. In the original model, urinary catheter use was strongly
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significantly associated with a higher risk if the catheter had been present <365d ago compared with
never (IRR = 0.59 [95% Cl: 0.44, 0.80 for never versus <365d ago; p-value = 0.0008]). Using the
procedure code variable for urinary catheter there was no evidence of an association between
catheter use and the risk of E. coli BSI with an odds ratio of 1.23 (0.72,2.09; p-value=0.448) for
catheter use >365d ago versus <365d ago and 0.84 (0.57, 1.25; p-value=0.399) for catheter use never

versus £365d ago.

Considering the raw data, there was little agreement between the coding of urinary catheters
between the microbiology and the procedure code data (Table 5.8). In general, a higher proportion
of urinary catheters were recorded in the microbiology data in both cases and controls. For cases
with a microbiology-coded catheter <365d ago, only 19/73 (26%) individuals had a catheter similarly
coded in procedure codes (22% for the controls). Conversely, 19/31 (61%) of catheters recorded
<£365d ago in procedure code data were also coded <£365d ago in microbiology data, while this
occurred in only 37% of controls (1,080/2,942). The difference in model results was therefore

supported by the differences in the underlying data.

Table 5.8: Comparison of the number and percentage of cases and controls in different urinary catheter
groups as recorded in microbiology data and procedure codes data.

Cases (N=413) Controls (N=217,934)
Microbiology data Microbiology data
<365d >365d Never Total <365d >365d Never Total
ago ago ago ago
Procedure | <365d 1,080 127 1,735 2,942
codes ago 1BE 4@ 80 3@ | 65 01 (08) (1)
data >365d 1,094 2,046 3,485
ago 13 (3) 11 (3) 7(2) 31(8) | 345(0.2) (0.5) (0.9) 2)
285 351 4,290 203,809 211,507
Never 41 (10 25 (6 3,408 (2 ! ’ ¢
10 250 69 (a5) D e e
300 413 5,511 207,590 217,934
Total 73 (18) 40 (7) (72) (100) 4,833 (2) (3) (95) (100)

Note: Percentages are of the total number of cases and controls, i.e. are cell percentages.

Sensitivity analysis - different entry thresholds

After the initial univariate screening step, variables needed to be selected to carry forward to the
backwards elimination step. The p-value threshold at which to select variables is unclear. Variables
with p<0.25 were selected in the primary analysis to avoid missing potentially important effects;
however, the impact of multiple testing was not taken into account with this threshold, particularly
given the very large deviations from the uniform distribution shown in Figure 5.8. Two additional
analyses were therefore run including variables with a p-value less than the Benjamini-Hochberg and
the Bonferroni adjusted p-value thresholds in the screening step to assess the impact of these

thresholds on the final variables selected after backwards elimination.
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In the primary analysis, 197 (70%; total=281) of variables had a p-value<0.25. 142 (51%) and 78
(28%) variables had p-values below the Benjamini-Hochberg (BH) and Bonferroni adjusted p-value
thresholds after the initial screening step respectively; an absolute percentage reduction in the
number of variables of 19% and 42%, respectively. As the groups of variables are all nested within
the p<0.25 threshold, the same variables were removed before backwards elimination due to
correlation if present at the stricter thresholds. An exit p-value of 0.05 was consistently used for the

backwards elimination.

A total of 34 variables were selected after backwards elimination using one or more of the three
thresholds (Table 5.9). Twelve (35%) variables were selected by all three thresholds. One-fifth of
variables (n=7; 21%) were only selected when using the p<0.25 threshold. Four (12%) variables were
not selected by the p<0.25 threshold, compared with 10 (29%) and 17 (50%) not selected by the

Benjamini-Hochberg and Bonferroni thresholds, respectively.

Table 5.9: Number of variables selected after backwards elimination for different entry p-value thresholds.

Category N selected after N considered by
backwards relevant models*

elimination (col

%) [total = 34]

Selected by all 3 p-value thresholds 12 (35) 78
Selected by p<0.25 & p<Benjamini-Hochberg 9 (26) 142
Selected by p<0.25 & p<Bonferroni 2(6) 78
Selected at p< Benjamini-Hochberg & p<Bonferroni 2 (6) 78
Selected at p<0.25 only 7 (21) 197
Selected at p<Benjamini-Hochberg only 1(3) 142
Selected at p<Bonferroni 1(3) 78

*Number of variables that theoretically could have been selected, i.e. were offered to all relevant models

The effect sizes were very similar for variables which were selected by all three thresholds (Figure
5.18). A broad variety of characteristics were selected by all three thresholds. Time previously spent
in hospital was captured through higher risk for individuals with more recent inpatient admissions
lasting >8 hours and for those with outpatient appointments 9 versus 6 months previously. The
number of outpatient appointments was associated with reduced risk in all models. The frailty score
was identified by all thresholds, as well as higher risk in those receiving chemotherapy in the last
year, compared with those never receiving chemotherapy. There were strong effects of having a
urine positive for E. coli and any urine culture taken. Blood test results for platelets, albumin, and

alkaline phosphatase were identified in all models.
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Figure 5.18: IRRs from multivariate models with variables selected using all three p-value thresholds.
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Variables selected after using the p<0.25 threshold and the p<BH threshold captured some specific
risk factors not found using the Bonferroni threshold, specifically a higher risk associated with
diagnosis codes for paraplegia in the 365d before most recent contact versus a diagnosis code for
paraplegia >365d ago or never, and a higher risk in those with a more recent procedure for
diagnostic extraction of the bone marrow (Figure 5.19). This combination of p-values also captured
effects of health-seeking behaviour — for example, diagnosis codes from Chapter 18
(symptoms/signs and abnormal findings) and Chapter 21 (Factors influencing health status). The
higher risk associated with recent urinary catheter use was missed by the p<BH threshold but
identified by both the p<0.25 and the p<Bonferroni threshold. A procedure code from Chapter X
(miscellaneous operations) was missed by the p<0.25 threshold; however, this procedure code
chapter mainly contains chemotherapy codes which were already identified by the p<0.25 threshold.
Similarly, HBAlc was not identified at the p<0.25 threshold but a diagnosis code for diabetes was

instead.
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Figure 5.19: IRRs from multivariate models with variables selected using two p-value thresholds.
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The variables selected only under the p<0.25 threshold were potentially useful and interesting risk
factors (Figure 5.20). Procedure from Chapter L (arteries and veins) were selected, perhaps
indicative of frailty. Closer inpatient admissions under gastroenterology were also associated with a
higher risk of E. coli BSI. The variables missed by the p<0.25 threshold but selected by the Benjamini-
Hochberg and Bonferroni thresholds were endoscopy attendances in the hospital; however
endoscopy of the upper Gl tract was selected at the p<0.25 threshold (Figure 5.19), and procedure

codes for scan of the pelvis.

Figure 5.20: IRRs from multivariate models with variables selected using one p-value threshold only.

Diagnosis from Chapter 4 (Endocrine/nutritional/metabolic) (categorical) <365d ago —| *
>365d ago —| —0:—
Never— I:T ¥¥¥¥¥¥¥¥¥¥
Diagnosis from Chapter 8 (Ear and mastoid process) Per 3 months closer 1 :.Ti 7777777777777
Diagnosis code for di gorical) <365d ago | °
>365d ago | —_—t
Never —_— I
Procedure from Chapter L (Arteries and Veins) (categorical) <365dago | ; 7777777777777
>365d ago — _— :
Neverq T ®—T_
Procedure from Chapter O (Overflow codes) (categorical) <365d ago — [ ]
>365d ago - | L g
Never — - *
Inpatient admission under gastroenterology Per 3 months closer T—;— 777777777777
Urine positive for Klebsiella Per 3 months closer { e T
Inpatioutpat attendance for endoscopy (categorical) <365dago-{ ¢ 7777777777777
>365d ago — —_——
Never [ — |
Procedure code for scan of pelvis (categorical) <365d ago — S I 7777777777777
>365d ago o |
Never — ° |
T T T { T T T
125 .25 5 1 2 4 8

Incidence rate ratio

® p<0.25 ® p<BH ® p<Bonferroni

186



Overall, potentially important risk factors were missed when running the analysis at the stricter BH
and Bonferroni thresholds, and risk factors identified from these models but not the p<0.25
backwards elimination were generally reflected in other factors selected using the p<0.25 threshold.
Hence selecting variables for the backwards elimination with p<0.25 after the initial screen seemed
suitable for all models moving forward. There was no evidence that multiple testing was impacting
the model results in the final model, potentially because most factors considered had at least some

clinical support.

Screening on different populations

In the “any healthcare” cohort, there were 490 (0.1%) cases and 389,435 (99.9%) controls. This
cohort included 77 (16%) more cases and 171,501 (44%) more controls than the “inpatient-only”
cohort. In the age>65y cohort, subsetted from the “inpatient only” cohort, there were 314 cases and

83,373 controls — 76% and 38% of the “inpatient only” cohort, respectively.

A total of 45 variables were selected after backwards elimination across all three cohorts (Table
5.10). While 12 (27%) variables were found in all these three cohorts, 18 variables (40%) were

selected in only one of the three cohorts.

Table 5.10: Number of variables selected after backwards elimination for cohorts.

Category N (col %) [total = N considered by
45] relevant
models*
Selected in all 3 cohorts 12 (27) 167
Selected in the “inpatient only” and the “any healthcare” 11 (24) 193
cohort
Selected in the “inpatient only” and the “age>65y” cohort 1(2) 167
Selected in the “any healthcare” and the “age>65y” 3(7) 167
cohort
Selected in the “inpatient only” cohort only 6 (13) 197
Selected in the “any healthcare” cohort only 6 (13) 193
Selected in the “age>65y” cohort only 6 (13) 167

*Number of variables that theoretically could have been selected, i.e. were offered to all relevant models

When variables were selected in multiple cohorts, the estimated effects of risk factors were similar
between cohorts (Figure 5.21; Figure 5.22). Higher frailty scores were associated with a higher risk
of E. coli BSlIs in both the “inpatient only” and “any healthcare ” cohorts, however when subsetting
the data to only those aged>65y, the effect of frailty was not significant at the p<0.05 threshold
(Figure 5.22). When adding the frailty score on top of the selected variables for the age>65y cohort,
risk was increased 1.56 times in cases versus controls per quartile increase in frailty score, however

confidence intervals were large and overlapped one (95% Cl: 0.77, 3.18; p=0.219). In the age>65y
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cohort, some specific risk factors related to age were identified, specifically outpatient attendances
under geriatric consultants being associated with increased risk of E. coli BSIs (Figure 5.23).
Procedure codes from Chapter X (miscellaneous) were also associated with a higher risk of E. coli
BSls in those aged >65y with the majority of codes within this chapter recording chemotherapy. A
higher risk of E. coli BSI was also seen at taller heights in the age>65y cohort. This could be a
collinearity issue with men being at a higher risk of E. coli BSI and men being, on average, taller. This
was demonstrated through the attenuation of the effect of being female versus male between the
core model (IRR 0.79 (95% Cl: 0.63, 1.00; p-value = 0.051)) and the fully adjusted model (1.06 (95% ClI
0.72, 1.56; p-value = 0.775)). Interestingly, increases in risk were associated with higher CRP and
closer outpatient attendances under renal medicine in the “any healthcare” cohort only. The
“inpatient only” cohort identified any blood and urine culture collection (irrespective of result) in the
365d before the most recent contact to be at a higher risk for E. coli BSI compared with never having

had a culture taken while the other cohorts did not select these as risk factors.

Figure 5.21: Variables selected in all three cohorts.

Diagnosis from Chapter 12 (Skin and subcutaneous tissue) (categorical) <365d ago —
>365d ago

Never —

Diagnosis code for pneumonia Per 3 months closer —|

Procedure from Chapter L (Arteries and Veins) (categorical) <365d ago —
>365d ago

Never —

Procedure from Chapter O (Overflow codes) Per 3 months closer —
Procedure code for chemotherapy (categorical) <365d ago —
>365d ago

Never —

Procedure code for scan of chest (categorical) <365d ago —{
>365d ago

Never —

Inpatient admission >8 hours Per 3 months closer —

Number of outpatient attendances Per 2 units higher —

Urine catheter (categorical) <365d ago

>365d ago —

Never —

Urine positive for E. coli (categorical) <365d ago —

>365d ago —

Never —

Albumin (g/L) Quartile higher —

Alkaline Phosphatase (U/L) Quartile higher —

Incidence rate ratio

® |npatientonly ® Any healthcare = ® Age>65y
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Figure 5.22: Variables selected in two of the three cohorts.
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Figure 5.23: Variables selected in one of the three cohorts only.
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Using different outcomes

Nosocomial and community infections

Of the 413 E. coli BSls in the “inpatient only” cohort in FY2019, 66 (16%) infections were nosocomial,
98 (24%) were quasi-nosocomial, and 150 (36%) were quasi-community. The remaining 99 (24%)

were community-associated. Due to the nature of the risk factors defined in this study looking for
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associations between E. coli BSls and characteristics in the previous 365d, almost all risk factors had
to be excluded for community E. coli BSls, including all diagnosis code and procedure code variables,
as by definition community-associated E. coli BSls have no contact as an inpatient in the previous
365d (total of 359/410 (88%) of variables dropped). Due to the small number of risk factors available
to screen (51/410, 12%), risk factors for community-acquired E. coli BSls are therefore not

presented.

Estimates from the core model varied across the different outcome groups using the “inpatient only”
cohort (nosocomial, quasi-nosocomial, and quasi-community), particularly for age and rural/urban
classification (Figure 5.24). The effect of age attenuated at higher ages for nosocomial infections,
compared with all other sub-groups; for example, IRR 1.83 (95% Cl: 0.99, 3.38) versus 3.83 (95% Cl:
2.60, 5.64) for those aged 85y versus 65y in nosocomial BSls compared with quasi-community BSl,
respectively. The effect of sex was larger for nosocomial E. coli BSls compared with the estimate
using all E. coli BSIs, however confidence intervals were wide. Small numbers of individuals of non-
white ethnicity contributed to wide confidence intervals in the nosocomial, quasi-nosocomial, and
guasi-community subgroups. Considering the primary outcome of all E. coli BSls, there was no
evidence of an effect of rural-urban classification on the risk of E. coli BSI (global p-value = 0.849,
individual p-values>0.588). While there was no overall evidence of an effect of rural-urban
classification for the quasi-nosocomial group, the risk of quasi-community E. coli BSIs was higher in
those living in rural areas versus urban cities/towns (1.66 [95% ClI: 1.00, 2.75]; p=0.048). There was
no evidence of an effect of catchment percentage for nosocomial infections versus controls (as
expected since these infections are acquired after admission), while there was a higher risk
associated with higher catchment areas for all other outcome groups consistent with the estimate

including all E. coli BSls.

190



Figure 5.24: Estimates from core models with different outcomes based on nosocomial, quasi-nosocomial,
and quasi-community E. coli BSls.

Age 45y vs 65y - —— :
——g———
e ——
85y vs 65y : ° —
— & —
,,,,,,,,,,,,,,,,,,, T,
Sex Male - '
Female - o ——o—I|
—_— 5t
Ethnicity White f ___________________
Non-white — — 1 o
== ;
IMD percentile 25 units higher e
— e —
Rural/urban classification Urban city/town i
Town/fringe o ————
—
Rural village ° —t— R
I ot T e b —m e —
Catchment percent 25 units higher - o——*—
| °
T T T T T
25 5 1 2 4

® All E. coliBSls ® Nosocomial BSIs ® Quasi-nosocomial BSls ® Quasi-community BSIs

Note: “Inpatient only” cohort used for all models.

Due to the reduced number of cases in all the nosocomial, quasi-nosocomial, and quasi-community
groups, a higher number of variables were dropped before the initial screening step as they had <8
occurrences in the 365d before the E. coli BSI (Table 5.11). The number of variables dropped was
proportional to the number of cases; using the outcome of nosocomial BSIs removed the largest
number of variables. Variables with few observations >365d ago were combined with the never
category, affecting 11 variables when using all E. coli BSls, increasing to 60 variables using
nosocomial BSIs. An additional small number of categorical variables had to be dropped as there
were <8 occurrences after combining the >365d ago and never groups. This was the case for 2
variables when using nosocomial BSIs and 6 variables using quasi-nosocomial BSls; these were
variables based on previous hospital exposure as, by definition, cases had to have an inpatient

admission close to the E. coli BSI collection.

Table 5.11: The number of variables dropped from analyses due to small numbers.

. Number of variables Number of variables Number of variables

Population (number of

cases) dropped as <8 collapsed as <8 dropped as <8

occurrences <365d ago  occurrences >365d ago  occurrences <365d ago

All E. coli BSls (413) 122 11 0
Nosocomial BSls (66) 226 60 2
Quasi-nosocomial BSls (98) 194 35 6
Quasi-community BSls (150) 166 19 0
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The initial screening step was carried out followed by backwards elimination (exit p>0.05) on all

variables from the screening step with p<0.25.

After backwards elimination, there were large IRRs in the multivariable models for the nosocomial
and quasi-nosocomial infections. When using the nosocomial E. coli BSls as an outcome, there was a
very large effect of having had a previous blood culture taken (Table 5.12). Upon closer investigation
into the raw distribution of this variable, almost all the E. coli cases with a previous blood culture had
this taken within 3-20 days before the blood culture which tested positive for E. coli was collected
(Figure 5.25). Similarly, for quasi-nosocomial BSls, there was a similar effect and distribution for a
procedure code for prosthesis (Table 5.12; Figure 5.26). For ease of interpretation, the time since
the closest blood culture was taken and the procedure code for prosthesis were categorised for
presentation of the final model results with categories based on the distributions in Figure 5.25 and
Figure 5.26.

Table 5.12: Incidence rate ratios for large effects from nosocomial and quasi-nosocomial multivariate
models.

Characteristic Level IRR (95% ClI) Global p-value
Nosocomial

Blood culture taken Per 3 months closer 31 (3.5, 280) 0.002
Blood culture taken <365d ago 1 0.004
(categorial) >365d ago or never 257,552 (57, 1.172x10°) ’
Quasi-nosocomial

Procedur.e code for Per 3 months closer 297 (6.8, 13,031) 0.003
prosthesis

Procedure code for <365d ago 1 0.005
prosthesis (categorical) >365d ago or never 1.5x10° (514, 4.4x10%) ’
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Figure 5.25: Distribution of days since the closest blood culture collection in the 365d before the most recent
contact for cases (nosocomial E. coli BSls) and controls.
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Figure 5.26: Distribution of days since the closest procedure code for prosthesis in the 365d before the most
recent contact for cases (quasi-nosocomial E. coli BSIs) and controls.
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A total of 48 variables were found across the three multivariate models run with the outcomes of

nosocomial, quasi-nosocomial, and quasi-community E. coli BSIs. 15 (31%) variables were found in at

least one of the nosocomial, quasi-nosocomial, and quasi-community sub-groups and were

previously identified using all E. coli BSls as an outcome (Table 5.13). Only two variables (albumin

levels and urine positive for E. coli) were selected using all three subgroups and all E. coli BSls as

outcomes. The remaining variables (33/48; 69%) found were unique to each outcome and were not

also found using all E. coli BSls as an outcome with no direct overlap between the risk factors using

these different outcomes.

Table 5.13: Number of variables selected after backwards elimination using nosocomial, quasi-nosocomial,
and quasi-community E. coli BSls as outcomes.

Previously identified in the
model using all E. coli BSIs as an
outcome?

Category

n (%) (N=48)

Yes Nosocomial, quasi-nosocomial, and 2 (4)
quasi-community
Nosocomial and quasi-nosocomial 0(0)
Nosocomial and quasi-community 0 (0)
Quasi-nosocomial and quasi- 1(2)
community
Nosocomial only 5(10)
Quasi-nosocomial only 3(6)
Quasi-community only 4 (8)
No Nosocomial, quasi-nosocomial, and 0(0)
quasi-community
Nosocomial and quasi-nosocomial 0(0)
Nosocomial and quasi-community 0 (0)
Quasi-nosocomial and quasi- 0(0)
community
Nosocomial only 9(19)
Quasi-nosocomial only 10 (21)
Quasi-community only 14 (29)

Note: All models used the inpatient-only cohort.
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Estimates from the E. coli BSI subgroups were broadly similar to those found by the model including
all E. coli BSils if the variables were included in both final multivariable models (Figure 5.27), although
tended to shift slightly further from the null. Some estimates slightly shifted due to levels of the
variables having to be grouped in the subgroups because of small numbers; for example, the
categorical effects of diabetes or a chemotherapy code >365d ago and/or never. Both of these
variables still showed higher risk if the characteristic was present £365d ago however. The effect of
having a closer procedure for the extraction of bone marrow was slightly stronger for nosocomial
BSls versus all BSls, but 95% Cl confidence intervals were overlapping.

Figure 5.27: IRRs and 95% Cls for all estimates in multivariable models which were previously found using all
E. coli BSls as the model outcome.

Diagnosis from Chapter 12 (Skin and subcutaneous tissue) (categorical) <365d ago — [ ]
>365d ago — | ——
Never— ey
Diagnosis from Chapter 18 (Symptoms/signs and abnormal findings) Per 3 months closer — T ee ) )
Diagnosis from Chapter 21 (Factors influencing health status) Per 3 monthscloser—<__ = _o®™  _ __ _ __ _
Diagnosis code for diabetes (categorical) <365d ago —
>365d ago - —
Never— _ __ __ __ __ _ _- —_— |
Frailty score (Gilbert et al.) Quartile higher— # ________
Procedure from Chapter L (Arteries and Veins) (categorical) =365d ago —
>365d ago - —
Never— —-—=__
Procedure from Chapter O (Overflow codes) Per 3 months closer— -
Procedure code for chemotherapy (categorical) <365d ago — ®
>365dago | ——@——— —.—|
Never—4 = —@®— .,
Procedure code for endoscopy of upper Gl tract (categorical) =365d ago — i
>365d ago — — o —+
Never — —a—— |
Procedure code for extraction of bone marrow Per 3 months clogser—+4 _——— _
Blood culture taken (categorical) <365d ago — K]
>365d ago —| —O-,—
Never— = —_—
Blood culture taken (categorical) <30d ago — &
30-90d before 4 —m™m—— |
290d ago or never | _———@— __ .
Urine positive for E. coli (categorical) <365d ago —
>365d ago — ——‘#__
. Newer—ﬁ,,,,;—gﬁf—,qr ,,,,,,,,,
Platelets (x10°/L) Quartile lower — ®
Quartile higher— ™
Albumin (g/L) Quartile higher— =
Alkaline Phosphatase (U/L) Quartile higher — I’
T T T T T T

Incidence rate ratio

® All E. coli BSIs ® Nosocomial BSls
® Quasi-nosocomial BSls ® Quasi-community BSls

Note: The estimates from the multivariable model using all E. coli BSIs as an outcome are adjusted for all
variables shown in Figure 5.14 and Figure 5.15. All models are adjusted for the core variables.

Characteristics selected only when using the nosocomial BSI outcome included additional variables
related to cancer, the respiratory system, and surgery (Figure 5.28). Interestingly, having a recent
inpatient admission under general surgery was associated with an increased risk of nosocomial E.
coli BSI. Surgery was not explicitly found using all E. coli BSls. A diagnosis code for cancer was
associated with an increased risk of nosocomial BSI, while a diagnosis code from Chapter 2
(Neoplasms) was associated with a decreased risk, perhaps indicating some residual collinearity. A
close diagnosis code for respiratory system diagnoses was associated with a decreased risk of

nosocomial E. coli BSI, however the risk was higher at 365d ago compared with those who had a
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diagnosis code >365d ago or never. Higher bilirubin levels were associated with a higher risk of

nosocomial E. coli BSI.

Figure 5.28: IRRs and 95% Cls from models using nosocomial BSls as an outcome for variables which were
not found using other E. coli outcomes.
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______________ | - -
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Characteristics selected only for quasi-nosocomial E. coli BSIs included a variety of different risk
factors (Figure 5.29). Having any inpatient admission or an inpatient admission lasting >8 hours was
associated with an increased risk if that admission was closer to the current contact, perhaps
indicative of the definition of quasi-nosocomial BSls. Risk was also higher at 9 versus 6 months or
those with an inpatient admission lasting >8 hours, suggesting a “U-shaped” distribution of risk.
Variables for scan of the abdomen and scan of the pelvis were selected but with the effects going in
opposite directions in the multivariate model, likely reflecting correlation between these variables
and collinearity. Having a recent procedure code for prosthesis in the previous 30d was associated
with an increased risk of quasi-nosocomial BSI compared with those having a code for prosthesis 30-
365d ago and >365d or never. Having a recent procedure code for the lower digestive system was
also associated with increased risk of quasi-nosocomial E. coli BSls; however this appeared to have
attenuated by 365d with those having a code >365d ago at a higher risk than those 365d ago (i.e. a
“U”-shaped risk). Seeing a geriatric consultant recently increased the risk of quasi-nosocomial E. coli

BSI, along with higher creatinine and higher HbAlc.
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Figure 5.29: IRRs and 95% Cls from models using quasi-nosocomial BSls as an outcome for variables which
were not found using other E. coli outcomes.
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Risk factors only for quasi-community E. coli BSls again included a range of characteristics (Figure
5.30). Similarly to quasi-nosocomial BSls, previous inpatient admissions were associated with a
higher risk of quasi-community E. coli BSI. Never having had a previous procedure recorded in IORD
in the last 5FYs was associated with a higher risk of quasi-community E. coli BSI compared to a
procedure 365d ago. Closer proximity of codes reflecting invasive diseases, blood diseases, and
mental and behavioural disorders were associated with decreased risk of quasi-community E. coli BSI
perhaps due to the quasi-community definition applied to the cases (although controls still had
recent hospital contact). A faeces culture >365d ago was associated with a higher risk of quasi-
community E. coli BSI compared to those with a faeces culture £365d ago. The closer proximity of a
urinary catheter code from a microbiological specimen was associated with a higher risk of quasi-
community E. coli BSI. Having a PSA test taken was associated with a decreased risk of quasi-

community E. coli BSI.
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Figure 5.30: IRRs and 95% Cls from models using quasi-community BSls as an outcome for variables which

were not found using other E. coli outcomes.
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li BSIs resistant to third-generation

n the year. The effect of age on risk of

third-generation cephalosporin resistant BSls attenuated for higher ages compared with the

outcome of all E. coli BSIs (Figure 5.31). All other estimates

similar to that of the inpatient-only cohort given the larger

from the core model were broadly

confidence intervals due to the small

number of E. coli BSIs resistant to third-generation cephalosporins.
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Figure 5.31: Comparison of core model estimates using the outcomes of all E. coli BSIs and third-generation
cephalosporin-resistant E. coli BSls.
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Note: Both populations were using the “inpatient-only” cohort.

A large proportion of variables had to be either dropped or have categorical levels collapsed due to
the small number of cases in FY2019. 236 variables were not considered in the univariate screen as
there were <8 occurrences in the 365d before E. coli BSI. A further 46 categorical variables had to be
collapsed due to <8 occurrences >365d ago. 165 variables were taken forward to the univariate
screen, with 117 (71%) having a global p-value<0.25 and thus carried forward to the backwards

elimination step (compared with 281 and 197 (70%) respectively for the all E. coli cases model).

The majority of the 13 variables selected after backwards elimination when using resistant E. coli
BSls as cases were similar to variables selected for all E. coli cases but with a couple of additional
variables perhaps more indicative of frailty and/or acute illness (Figure 5.32). Again, cancer and
previous inpatient admissions were strongly associated with risk of resistant E. coli BSls, as well as
infection-specific markers, such as diagnosis codes from Chapter 1 (Infections/parasitic diseases) and
previous urine cultures positive for E. coli. The Charlson score using diagnostic codes only from the
closest previous admission and higher temperature were associated with higher risk, perhaps
indicating an impact of more background comorbidity (potentially leading to more antibiotic use in
the community). Additional markers of frailty including higher bilirubin levels were also associated

with resistant E. coli BSls.
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Figure 5.32: IRRs (95% Cl) from the final model using E. coli BSls resistant to third-generation cephalosporins
at the outcome.
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Note: The model was adjusted for the core variables. This model was run on the inpatient-only
cohort.

5.3.3 Expanding the screening process to FYs 2018, 2020, and 2021

Across all the years of data, only one interaction was significant at the p-value<0.002 threshold in
the core model. This was an interaction between age and catchment percentage in FY2018.
Considering the model including this interaction, the risk of E. coli BSI was higher at higher
catchment areas for younger ages, but higher at lower catchment areas for older ages (Figure 5.33,
p-value for interaction=0.00013). Risk was always higher at older than younger ages regardless of
catchment. This was the only significant interaction in the core model across all FYs, and there was
no evidence of this interaction between age and catchment percentage in other FYs at the adjusted
p-value threshold of 0.002 (interaction p-value 0.032, 0.035, 0.081 in 2019, 2020, and 2021,
respectively). Given potential for false-positives from multiple testing and for model comparability,

no interactions were therefore included in the core model for any of the FYs.
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Figure 5.33: Predicted incidence rate for the interaction between age and catchment percentage.
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While the core estimates varied somewhat across the FYs, interpretation of estimates remained
relatively stable (Figure 5.34). The effect of age was strong across all years, and females had lower
risk across all years, compared with males. Those of non-white ethnicities had a lower risk in 2018
and 2020 compared with those of white ethnicities, however, confidence intervals were large. There
was no evidence of an effect of ethnicity in 2019 or 2021. Those living in rural villages were at a
lower risk in FY2021 compared with those in urban cities/towns in 2021, but there was no other
evidence of an effect of rural/urban classification in other FYs. The risk of E. coli BSI was higher in
higher catchment percentages for all FYs but this effect attenuated in 2020, perhaps due to fewer

individuals travelling for specialised care in hospitals out-of-catchment during COVID-19 lockdowns.
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Figure 5.34: Estimates from core models for models run on data from FY2018, FY2019, FY2020, and FY2021.

1
Age (years) 45y vs 65y - e —

— :

85y vs 65y | —%—

| —_—
Ethnicity White | '

Non-white — * !;
Sex Male *
Female — e :
Rural/urban classification Urban city/town .
Town/fringe — —é':l—_
Rural village i
——— |
. Y |
IMD percentile 25 units higher - ey
|
Catchment percent 25 units higher - ——
|
T T I T T
25 5 1 2 4

Incidence rate ratio

® 2018 o 2019 e 2020 e 2021

Note: The “inpatient-only” cohort was used for all estimates.

Across all four FYs, 106 variables from 85 characteristics (combining categorical/continuous

parameterisations) were ever selected after backwards elimination.

The majority of characteristics selected did not overlap between FYs, with 60 characteristics (70%)
being found in one financial year only (Table 5.14). Only three characteristics (4%) were selected in
all four FYs: albumin, a procedure code for chemotherapy, and urine positive for E. coli. An
additional five characteristics were selected across three financial years. 17 (20%) characteristics
were selected in two financial years. In both FYs 2020 and 2021, SARS-CoV-2 tests were selected,
however, this would not have had the opportunity to be selected earlier in FYs 2018 and 2019 as
these periods predated COVID-19. There were a similar number of variables selected in models from

each FY individually (but not in any other FY).

Table 5.14: Summary of the number of variables selected after backward elimination across all FYs.

Total number of Financial years n (%) (N=85) Characteristics
financial years present
2018, 2019, 2020, 3(4) Albumin, procedure code for
Four (N=3, 4%) 2021 chemotherapy,purine positive for E. coli
2018, 2019, 2020 1(1) Procedure from Chapter L (Arteries and
Veins)
Three (N=5, 6%) 2019, 2020, 2021 3(4) Alkaline phosphatase, blood culture
taken, procedure for extraction of bone
marrow
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Total number of Financial years n (%) (N=85) Characteristics
financial years present

2018, 2020, 2021 1(1) Procedure from Chapter J (Other
Abdominal Organs)
2018, 2019, 2021 0(0)
2018, 2019 2(2) Diagnosis from Chapter 12 (Skin and
subcutaneous tissue), urine catheter
2019, 2020 1(1) Diagnosis code for diabetes
2020, 2021 3(4) Diagnosis code for palliative care,
Diagnosis from Chapter 14
(Genitourinary system), SARS-CoV-2
test taken
Two (N=17, 20%) 2018, 2020 5(6) Diagnos.is code f(?r }Jrinary dijsease,
Inpatient admission, Inpatient
admission under general surgery,
Lymphocytes, white cells
2019, 2021 3 (4) Diagnosis code for paraplegia, frailty
score, platelets
2018, 2021 3(4) CMV/EBV screen, procedure code for
scan of abdomen, procedure code for
scan of pelvis
2018 15 (18) Presented in Figure 5.39 and Figure
5.40
2019 15 (18) Presented in Figure 5.14 and Figure
5.15
One (N=60, 71%) 2020 13 (15) Presented in Figure 5.41 and Figure
5.42
2021 17 (20) Presented in Figure 5.43 and Figure
5.44

There was evidence of collinearity in all FYs with similar patterns of collinearity evident across all
four FYs (Table 5.15). As with the FY2019 dataset, there was evidence of health-seeking behaviour
potentially leading to swapping of signs between univariate and multivariate estimates; for example,
the presence of any procedure in 2018 and the number of urine cultures taken in 2021. For the
number of urine cultures taken, the risk attenuated towards zero after removing urine culture
positive for E. coli from the model, suggesting that after adjustment for higher risk culture results,
having more urine cultures done did not increase risk (Figure 5.35). There were also examples of
potential competing risks, such as diagnosis codes for palliative care in FY2020, whereby having a
palliative care code £365d ago was univariately associated with higher risk, but after adjustment for
other factors associated with risk, its independent effect was an association with decreased risk. A
palliative care code within £365d could demonstrate competing risk as those with a code are at a

higher risk of death and hence unable to have an E. coli BSI.
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Some of the collinearity present appeared to be due to high correlation between selected variables
which were not removed before backwards elimination using the (arbitrary) 0.95 correlation
threshold. This was evident in the swapping of signs for the effect of neutrophils in FY2018, going
from an increased risk to a decreased risk for higher neutrophils in univariate versus multivariate
models, respectively, following inclusion of white cell count in the multivariate model (Table 5.15).
Blood test results for white cells and lymphocytes were also included in the 2018 final model and,
when removing these variables one at a time, the effect of neutrophils moved back towards the
univariate direction (Figure 5.36). The pairwise correlation between neutrophils and white cells was
0.915 suggesting that the 0.95 correlation threshold may have been too low. A similar pattern was
also observed in FYs 2018 and 2021 where the inclusion of scans of the abdomen and pelvis together
likely caused the signs to swap in the multivariable model (Figure 5.37 for 2018; 2021 not presented
but the same pattern was present). Again, the correlation between the scan of the abdomen and
pelvis was high, being 0.920 in 2018. A similar pattern was observed in FY2021 for the effect of a
requested transferrin test and the removal of a test for serum B12 from the multivariable model;
however, the removal of this variable had a smaller effect than the other examples above (Figure
5.38). Overall this suggests that, with this number of cases and controls, 0.9 may be a better

correlation threshold to consider removing variables to avoid collinearity.
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Table 5.15: Variables with evidence of collinearity selected after backwards elimination and using p<0.25 as the entry threshold for FYs 2018, 2019, 2020, and 2021.

Financial Characteristic Level Multivariate IRR (95%  Multivariate global  Univariate IRR (95%  Univariate global
year Cl) [p-value] p-value Cl) [p-value] p-value
2018 Diagnosis from Chapter 12 (Skin and Per 3 months 0.82 (0.72, 0.94) 0.004 1.18 (1.07, 1.31) 0.001
subcutaneous tissue) closer [0.004] [0.001]
Neutrophils (x10°/L Per quartile 0.74 (0.63, 0.87 1.14 (1.06, 1.23
Pt ! highqer [10.001] ) <0.001 [(0.001] ) 0.001
Any procedure (categorical) <365d ago 1 1
>365d ago 1.65 (1.02, 2.67) 0.41 (0.31, 0.55)
[0.042] <0.001 [<0.001] <0.001
Never 4.45 (2.36, 8.40) 1.39(0.88, 2.19)
[<0.001] [0.161]
Procedure code for scan of abdomen <365d ago 1 1
(categorical) >365d ago 5.21(1.92, 14.12) 0.52 (0.34, 0.80)
[0.001] 0.003 [0.003] <0.001
Never 1.99 (0.80, 4.96) 0.18 (0.13, 0.25)
[0.141] [<0.001]
2019 Number of outpatient attendances Per 2 units 0.93 (0.88, 1.00) 1.22 (1.16, 1.27)
higher [0.038] 0.038 [<0.001] <0.001
Diagnosis from 'Chépter 18 (Symptoms/signs = Per 3 months 0.89 (0.81, 0.98) 0.013 1.37 (1.29, 1.46) <0.001
and abnormal findings) closer [<0.001]
'Dlagn05|'s from Chapter 21 (Factors Per 3 months 0.90 (0.83, 0.99) 0.023 1.29 (1.22,1.37) <0.001
influencing health status) closer [<0.001]
Diagnosis from Chapter 5 (Mental and <365d ago 1 1
behavioural disorders) (categorical) >365d ago 1.86 (1.33, 2.61) 0.89 (0.64, 1.24)
[<0.001] 0.001 [0.498] <0.001
Never 1.50 (1.12, 2.01) 0.52 (0.40, 0.67)
[0.007] [<0.001]
Diagnosis from Chapter 12 (Skin and <365d ago 1 1 <0.001
subcutaneous tissue) (categorical) >365d ago 1.80 (1.20, 2.69) 0.008 1.02 (0.69, 1.50)
[0.004] ' [0.923]
Never 1.64 (1.17, 2.31) 0.64 (0.46, 0.88)
[0.004] [0.005]
Diagnosis code for pneumonia Per 3 months 0.84 (0.74, 0.96) 1.15 (1.02, 1.29)
closer [0.008] 0.008 [0.023] 0.023
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Financial Characteristic Level Multivariate IRR (95%  Multivariate global  Univariate IRR (95%  Univariate global
year Cl) [p-value] p-value Cl) [p-value] p-value
2020 Diagnosis from Chapter 22 (Codes for <365d ago 1 1
special purposes) (categorical) >365d ago 3.97 (1.98, 7.98) 3.40(1.74, 6.65)
[<0.001] <0.001 [<0.001] <0.001
Never 1.77 (1.05, 2.97) 0.47 (0.29, 0.77)
[0.031] [0.003]
Diagnosis code for palliative care <365d ago 1 1
(categorical) >365d ago or 2.98 (1.76, 5.02) <0.001 0.48 (0.28, 0.85) 0.011
never [<0.001] [0.011]
2021 Diagnosis from Chapter 10 (Respiratory Per 3 months 0.88 (0.81, 0.95) 1.20(1.12, 1.29)
0.002 <0.001
system) closer [0.002] [<0.001]
Diagnosis from Chapter 9 (Circulatory <365d ago 1 1
system) (categorical) >365d ago 1.81(1.21, 2.72) 0.51 (0.39, 0.66)
[0.004] 0.003 [<0.001] <0.001
Never 0.90(0.62, 1.31) 0.24 (0.17,0.34)
[0.585] [<0.001]
Transferrin test requested No test 1 0.015 1 <0.001
Test 0.71 (0.54, 0.94) 1.86 (1.45, 2.38)
[0.015] 0.015 [<0.001] <0.001
Number of urine cultures Per 2 units 0.74 (0.59, 0.93) 2.15(1.84, 2.53)
higher [0.009] 0.009 [<0.001] <0.001
Procedure code for scan of pelvis <365d ago 1 1
(categorical) >365d ago 2.72 (0.90, 8.21) 0.51 (0.34, 0.78)
[0.075] 0.012 [0.001] <0.001
Never 2.59 (1.38, 4.87) 0.21 (0.16, 0.28)
[0.003] [<0.001]
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Figure 5.35: IRR (95%) Cl per 2 unit higher number of urine cultures taken in models removing each variable
selected after backwards elimination from one at a time for FY2021.
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Figure 5.36: IRR (95%) CI per quartile higher neutrophil levels taken in models removing each variable
selected after backwards elimination from one at a time for FY2018.
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Note: Pairwise correlation for neutrophils with white cells is 0.915. Pairwise correlation for lymphocytes and
white cells is 0.403.
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Figure 5.37: IRR (95%) Cl for scan of abdomen >365d ago versus <365d ago from models removing each
variable selected after backwards elimination from one at a time for FY2018.
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Figure 5.38: IRR (95%) ClI for having a transferrin test requested versus no transferrin test requested from
models removing each variable selected after backwards elimination from one at a time for FY2021.
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The full model estimates are presented in Figure 5.39 to Figure 5.44 below for FY2018, FY2020, and
FY2021. Each FY has been plotted separately as there is very little overlap in specific factors included
between each FY and therefore model adjustment was very different so comparing the effect of the

same variables across different FYs is not informative.

In FY2018, a combination of specific procedures and microbiology tests alongside variables denoting
high hospital exposure were associated with a higher risk of E. coli BSI compared with the control
group (Figure 5.39). Specific procedures/diagnoses which were associated with increased E. coli BSI
risk included diagnosis codes for liver disease, procedures from Chapter J (abdominal organs), and
chemotherapy. Further, outpatient attendances under physiotherapy treatment or trauma surgery
treatment <365d ago were associated with a higher risk of E. coli BSI, compared with those with
these attendances >365d ago. Specific microbiology results which were associated with increased
risk the closer the test was taken in the previous 365d included CMV/EBV screens, evidence of a
urinary catheter (from a microbiological specimen), and urine culture positive for E. coli. Higher
HbA1c was associated with increased risk of E. coli BSI, alongside higher heart rate. More generally,

closer inpatient admissions in the previous 365d were associated with higher risk.

Figure 5.39: Final variables selected in FY2018 using the “inpatient only” cohort where the presence of the
characteristic was associated with increased risk of having an E. coli BSI.
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Some of the variables which were associated with reduced risk of E. coli BSI may be due to

competing risks as observed for the FY2019 data (Figure 5.40). For example, the presence of more
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recent urinary disease codes or codes from Chapter 6 (nervous system) <365d ago was associated
with reduced risk of E. coli BSI, however risk was still higher 365d ago versus those who had a code
either >365d ago or never (“N”-shaped risk over the full 5 FYs). Never having had a procedure or
whose closest previous procedure was >365d ago was associated with a higher risk compared with
those having had a procedure <365d ago, perhaps indicative of health-seeking behaviour being
protective. Some of the variables which were associated with reduced risk were likely due to high
correlation with other variables (e.g. scan of abdomen with scan of pelvis, and neutrophils with

white cells) as discussed above.

Figure 5.40: Final variables selected in FY2018 using the “inpatient only” cohort where the presence of the
characteristic was associated with decreased risk of having an E. coli BSI.
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In FY2020, the presence of SARS-CoV-2 may have influenced the risk factors found while some
similar characteristics to FY2018 and FY2019 were also identified (Figure 5.41). A recent SARS-CoV-2
test £365d ago was associated with a higher risk of an E. coli BSI. Compared with those having a
SARS-CoV-2 test 365d ago, those having a SARS-CoV-2 test >365d ago or never were at a higher risk
of E. coli BSI (“U”-shaped risk over the last 5FY), perhaps reflecting previous hospital exposure
before the onset of the COVID-19 pandemic in the cases, and more people coming to hospital in the
last year for the first time with COVID-19 in the control group. Specific procedures which were
associated with increased risk of E. coli BSI in FY2020 included diagnostic extraction of bone marrow,
transplant, and outpatient attendances under renal medicine. Those with an inpatient admission for

general surgery in the previous year were at a higher risk compared with those having general
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surgery >365d ago or never. Higher alkaline phosphatase and higher (background) temperature were

both associated with increased risk of E. coli BSI.

Figure 5.41: Final variables selected in FY2020 using the “inpatient only” cohort where the presence of the
characteristic was associated with increased risk of having an E. coli BSI.
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In 2020, the risk of E. coli BSI was lower the closer some characteristics were to the current contact
but the risk of E. coli BSI was still higher 365d ago versus having the characteristic >365d or never
(“N”-shaped risk over the previous 5FY) (Figure 5.42). This was evident for diagnosis codes for
diabetes, metastatic cancer, digestive system diagnoses, urinary diseases, and eye procedures.
Those with a palliative care code <365d ago were at a lower risk of E. coli BSI than those with a
palliative care code >365d or never, likely to reflect the competing risk of death versus getting an E.
coli BSI. As seen in all other FYs, higher albumin levels were associated with reduced risk of E. coli

BSls compared with controls.
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Figure 5.42: Final variables selected in FY2020 using the “inpatient only” cohort where the presence of the
characteristic was associated with decreased risk of having an E. coli BSI.
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As with FY2020, in FY2021, the impact of COVID-19 on the risk factors was still evident (Figure 5.43).
Having recent influenza/RSV PCRs or SARS-CoV-2 tests were both associated with a higher risk of E.
coli BSI while having an influenza/RSV PCR >365d ago or never was also associated with a higher risk
of E. coli BSI versus having an influenza/RSV PCR 365d ago (“U”-shaped risk over the previous 5FYs).
Similarly to other FYs, having chemotherapy, extraction of bone marrow, urine culture positive for E.
coli, more previous blood cultures taken, or a higher frailty score was associated with increased risk
of E. coli BSI. More time in hospital in the previous year was also associated with higher risk, as
demonstrated through increases in length of stay in emergency inpatient admissions being
associated with a higher risk of E. coli BSI. For the first time across all the FYs, higher levels of urea
were associated with a higher risk of E. coli BSI, and also more recent MRSA screening tests were

associated with higher risk.
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Figure 5.43: Final variables selected in FY2021 using the “inpatient only” cohort where the presence of the
characteristic was associated with increased risk of having an E. coli BSI.
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Similar to other FYs, in FY2021 there was evidence of competing risks in variables whose recent
presence was associated with reduced risk of E. coli BSIs (Figure 5.44). While this pattern was
consistent across all the FYs, the variables which may have been indicating competing risks changed
each year. In FY2021, the closer presence in the 365d before contact of a diagnosis code for heart
failure or cerebrovascular disease was associated with decreased risk of E. coli BSI. The presence of
other variables, such as diagnosis codes from the genitourinary system or circulatory system, or
having a previous blood culture taken, were associated with a higher risk if the code was present
>365d ago, but a slightly lower risk of E. coli BSI if the code was never present, compared with having

a code in the last year.

213



Figure 5.44: Final variables selected in FY2021 using the “inpatient only” cohort where the presence of the
characteristic was associated with a decreased risk of having an E. coli BSI.

Diagnosis code for cerebrovascular disease Per 3 months closer —
Diagnosis code for heart failure Per 3 months closer

Diagnosis code for heart failure (categorical) <365d ago —{

>365d ago

Never 4

Diagnosis code for palliative care (categorical) <365d ago —

>365d ago or never —|

Diagnosis from Chapter 10 (Respiratory system) Per 3 months closer —|
Diagnosis from Chapter 14 ( i inary sy ) ( ical) <365d ago
>365d ago —

Never

Diagnosis from Chapter 9 (Circulatory system) (categorical) <365d ago —{
>365d ago

Never —

Procedure code for scan of pelvis (categorical) <365d ago —{

>365d ago

Never —

Blood culture taken (categorical) <365d ago —

>365d ago

Never —

Number of urine cultures Per 2 units higher

PUS culture taken (categorical) <365d ago —

>365d ago —

Never —

Albumin (g/L) Quartile higher

Tranferrin test requested No test —

Test

,,,,,,,,,,,,,,,, — - _ __ _
?l °
______________ _'_______________
7777777777777 B 7#777777777777777

T
125

214

Incidence rate ratio



5.4 Discussion

Using one year of data from FY2019, | updated the screening process from Chapter 2 to find risk
factors for E. coli BSIs using electronic health records. In FY2019, | found that the presence of
chemotherapy, diabetes, and characteristics associated with urinary disease and frailty were
associated with increased risk of E. coli BSI. The risk of E. coli BSI was associated with a variety of
blood test results, such as higher risk for individuals with lower albumin levels and higher alkaline
phosphatase levels. | found characteristics associated with good health-seeking behaviour to be
associated with reduced risk of E. coli BSI after adjusting for riskier diagnoses/procedures, such as
having more outpatient appointments. Using different control groups based on all healthcare
contact, | found similar risk factors compared with restricting the cohort to those with current or
previous inpatient contact only. Some differences in risk factors found were due to similar variables
explaining the same variation e.g. diabetes as a risk factor being selected as either a diagnosis code
for diabetes or elevated levels of HbAlc. Risk factors across nosocomial, quasi-nosocomial, and
guasi-community E. coli BSIs were generally quite similar with a few different risk factors, for
example, a high risk of quasi-nosocomial infections in those with a recent procedure code for
prosthesis. Risk factors found for E. coli BSls with resistance to third-generation cephalosporins were
also broadly similar but with a few risk factors perhaps indicating more background comorbidity
(potentially leading to more antibiotic use in the community) as higher temperature and recent
comorbidity scores were found as risk factors. Risk factors were much more substantially different
when running the analysis over FYs 2018, 2020, and 2021, possibly due to the influence of COVID-19
on hospitalisation in FYs 2020 and 2021. Issues due to collinearity persisted throughout all the

models and future work should find better ways to deal with this.

5.4.1 Comparison of risk factors to other studies

Some of the risk factors | found in this study have previously been found in different populations and
settings. | found urinary catheter use (as identified from microbiological specimens) to be associated
with a higher risk of E. coli BSI; a finding previously documented elsewhere for E. coli BSIs,?*® ESBL-

225 and other bloodstream infections.??® | also consistently found

producing E. coli BSls,
chemotherapy to be a risk factor for E. coli BSI, accounting for 3% of the total 21% of variance
explained in the “inpatient only” model in FY2019. It is well known that individuals receiving
chemotherapy are at a higher risk of infection for multiple reasons, from having a low white cell
count (neutropenia) contributing to a weakened immune system, to a compromised host response
due to the underlying cancer, and increased intensity of hospital exposure increasing risk of hospital-
acquired infections.?”” One study showed chemotherapy to be a direct risk factor for E. coli BSI in

228

pancreatic cancer patients,**® while another showed chemotherapy to be a risk factor for ESBL-
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producing E. coli BSls compared with third-generation cephalosporin-susceptible strains.??° | also
found diabetes to be a risk factor, through both diagnosis codes for diabetes from inpatient
admissions and through elevated HbAlc levels. One study showed the incidence of any BSI to be 4.4

230 3nd another hospital-based study showed

times higher in diabetic versus non-diabetic patients,
diabetes to be a direct risk factor for E. coli BSIs.?!” Finally, | also found characteristics related to
urinary disease to be associated with increased risk of E. coli BSls, for example; outpatient
attendances under urology were associated with higher risk in FY2019 in nosocomial BSIs and those
in the “any healthcare” and “age>65y” cohort while having any urine culture taken were associated
with higher risk in the “inpatient only” cohort in FY2019. It is estimated that >50% of E. coli BSls are

231

caused by urinary tract infections*>* and hence urinary disease related risk factors would be

expected.

Being able to consider results from a variety of blood tests as risk factors yielded some interesting
findings. Higher albumin levels were consistently associated with a lower risk of E. coli BSI across
many of the different subgroups and all FYs. Low albumin levels could be associated with a higher
risk of E. coli BSIs in several ways. First, low albumin levels are part of the pathophysiological process
of certain conditions, for example, decompensated liver cirrhosis,?*? and cirrhosis has been shown to
increase the risk of bacterial infections.?** Low albumin levels may therefore be a proxy for other
diseases in which in risk of BSls is higher. Second, reduction in albumin levels is directly related to
the body’s response to bacteraemia e.g. through leakage of albumin from the plasma to the
interstitial space.?** While | did exclude albumin measurements in the 72 hours directly before an E.
coli BSI, there could potentially be some reverse causality in this association dependent on when
individuals had a blood test for albumin and a blood sample taken for culture. However, | did
prioritise albumin results collected outside of inpatient admissions and A&E. Contrary to the lower
risk with higher albumin in this study, high albumin can be a marker for dehydration; a potential risk

factor for BSls;?* however, increased urea may likely be a better marker of dehydration.

Some risk factors found in this study after adjusting for these characteristics associated with high risk
may have been demonstrating a lower risk of E. coli BSI for those with good health-seeking
behaviour. For example, some risk factors, including the number of previous urine cultures and
outpatient attendances or having any prior procedure, were associated with a higher risk of E. coli
BSls in univariate analysis but after adjustment for many other risk factors became associated with a
lower risk of E. coli BSls; that is, like for like, once high-risk factors have been accounted for, those
under closer clinical care or seeking more regular care may have a lower risk by virtue of their
behaviour, rather than anything to do with the factor itself. Adjusting for low-value procedures as an

indicator for good health-seeking behaviour has been suggested elsewhere;?® therefore after
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adjustment for riskier procedures in the multivariate models presented here, any prior procedure
may be closer to low-value, lower-risk procedures. Further, a higher number of outpatient
attendances may also be associated with a lower risk of infection as more regular healthcare contact
may mean diseases/sub-clinical infections are caught earlier. For example, one study that focused on
patients with heart failure and chronic obstructive pulmonary disease found that missed outpatient
appointments were associated with worse outcomes, such as a higher risk of both mortality and

readmission.?’

There was also evidence of competing risks in some risk factors found by the screening process. A
competing risk can be defined as an event which likely precludes the event of interest being
observed e.g. death or another major health event occurring before an E. coli BSI.%*® For example, a
recent diagnosis code for pneumonia was associated with a lower risk of E. coli BSI in the “inpatient
only” cohort in FY2019, suggesting that these individuals may be less vulnerable to E. coli BSls soon
after, or during, pneumonia treatment. Further, as this control group constituted individuals who
had current or previous inpatient contact, risk factors associated negatively with the risk of E. coli
BSIs may reflect other reasons individuals frequently attend hospital. Never having had a diagnosis
under the ICD-10 code Chapter for skin and subcutaneous tissue disease was associated with a
higher risk of E. coli BSls, compared with those with a diagnosis code from this Chapter <365d ago.
Those with an ICD-10 code for skin and subcutaneous tissue disease in the prior year may have
instead gone on to have, for example, Staphylococcus aureus bacteraemia, with skin and soft tissue

infections being the most commonly reported source of MRSA bacteraemia.?*

| found similar risk factors for E. coli BSls with resistance to third-generation cephalosporins as | did
for all E. coli BSls combined, with two notable exceptions. Specifically, | found a higher Charlson
score was found to be associated with third-generation cephalosporin-resistant E. coli BSls; this has
also been reported previously when compared with a control group of susceptible E. coli BSIs.?*° A
higher number of previous antibiotic prescriptions in the previous year was also found to be a risk
factor for E. coli BSls resistant to third-generation cephalosporins compared with susceptible
controls in a variety of different populations; 241242 3 risk factor which | did not use in this study as |
did not have access to community prescribing (only hospital prescribing) but could be mediated

through higher Charlson comorbidity score.

5.4.2 Defining variables
There were many different ways | could have defined the characteristics and variables included in

this analysis, and additionally, other variables which could have been derived from the database.
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This section of the Discussion will discuss the limitations of the variables used in this study and how

they were defined, as well as variables which could have additionally been included.

The variables used in this study were a balance of individual risk factors selected through clinical
judgement and higher-level categorisations. Higher-level categorisations of variables often yielded
risk factors which were harder to interpret. For example, | split procedure codes and diagnosis codes
at the Chapter level, creating 24 variables and 22 variables, respectively. Procedure codes from
Chapter O (overflow codes) and Chapter X (miscellaneous operations) were often selected after
backwards elimination. Without further investigation, the Chapter names themselves are not
informative. Upon further investigation, Chapter X contains mainly procedure codes for
chemotherapy — a risk factor found across multiple populations and years during this analysis as well
as in other studies as highlighted above. Chapter X therefore appeared to be a proxy for
chemotherapy and so it is debatable whether including Chapter X is useful at all if chemotherapy
would be able to explain the increase in risk more informatively. However, creating variables using
high-level categorisations can save time, being a useful broad approach and can avoid missing
potentially important variables not thought of before analysis. Overflow codes belong to a variety of
different Chapters and are therefore not informative as a group; were | starting this analysis again |

would not use them.

There were many different ways to define the risk factors used in this study with it being unclear
which way was best. In my study, frailty was defined using one combined validated frailty score,*®°
however there are numerous other frailty scores available.?**%* For example, Luo et al.?*> used
electronic health records from primary care to identify many possible indicators for frailty, some of
which could also be calculated from the secondary care data available to me, such as weight loss.
These could additionally be used as individual markers for frailty in the screening model, alongside a
combined frailty score. Furthermore, | defined renal dialysis using procedure codes; however, this is
also coded in outpatient specialty codes which | did not use in this study but may be useful to
consider in future work. Some variables required more nuanced decisions in their definitions, such
as whether to include the current time in an inpatient admission to calculate inpatient length of stay.
In this study, only strictly previous inpatient admissions were used for this calculation (i.e.
discharged before the current contact) to reduce the risk of reverse causality by not including time in
hospital before an E. coli BSI in the calculation. However, one could additionally include all the time
in hospital to up the current contact in the length of stay as this time may vary and influence risk,
particularly of nosocomial E. coli BSls. Both options are justifiable, and neither are likely to be
uniformly correct or even preferable. Similarly, | defined time since the most recent diagnoses using

the episode start date in which diagnoses were recorded, however, episode end dates may have
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been more suitable and more consistent with the definitions of prior contact used to define the
“inpatient only” cohort. However decisions on how to define risk factors had to be made and
sensitivity analyses had to be selected to show the robustness of the most important parts of the

screening process.

All risk factors used in this analysis were calculated from electronic health records, however,
environmental factors could also have been added to the dataset from elsewhere. Some studies

246 with one study

have shown an effect of outdoor temperature on the incidence of E. coli BSls
showing incidence of community-onset E. coli BSls increasing by 6.2% for each 5.5C increase in
outside temperature.?*” In Oxford, the mean monthly temperature can be downloaded and this
could have been added to the dataset as a screening variable.?*® The month of year could also have
been added in to capture some of the seasonal variation which has previously been shown to have
an impact on community-onset E. coli BSls but not hospital-onset infections.?*® Future work could
include these risk factors in the screening process. However, for them to affect estimates of risk

associated with other factors, they would need to be confounders and it is not clear that this is the

case for the risk factors | considered which should be relatively seasonally invariant.

One important consideration in defining variables in risk-based analysis using EHRs is the availability
of data. In this analysis using IORD, | had access to diagnosis and procedure codes as are available
through Hospital Episode Statistics (HES),* but | additionally had access to microbiology and blood
test results from samples taken both in hospital and at the GP and tested in the hospital pathology
laboratories. This allowed me to assess a wider variety of risk factors than would be available in HES
alone, finding interesting associations such as a higher risk in individuals with a urinary culture
requested irrespective of the results, and blood test results such as higher HbA1lc being associated
with a higher risk of E. coli BSI. If these additional fields were not available, more time may have to
be spent defining proxies for these variables using diagnosis and procedure codes. However, as
observed in this study, when swapping out urinary catheter use as defined in microbiology data for
the equivalent defined by procedure codes no effect of catheterisation was found, hence risking
missing important associations. Procedure code recordings of urinary catheterisation may be more
incomplete as smaller, more routine procedures may not be specifically recorded in outpatient
attendances. In the NHS, while inpatient admissions are billed via diagnosis and procedure codes,
outpatient appointments are billed by clinic and hence there is no financial incentive to record small
procedures as the amount the hospital is reimbursed will not change.'®* Microbiology test results in
IORD should contain all samples which passed through the laboratory and therefore should be more
complete, although will miss catheters from which no specimen is ever taken for culture. Studies

using only data available in HES may therefore miss important risk factors. While | had access to a
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large number of risk factors, | did not consider medication prescriptions as | only had access to in-
hospital prescribing as there is currently no linkage between community prescribing and IORD.

Looking at medications prescribed both in the community and in hospital could be very informative.

Keeping variables up-to-date and relevant will have to be considered when running the screening
process in the future. For example, if running this analysis in real-time from 2018 to 2022, COVID-19
would need to have been added in 2020 as it had such a large impact on the hospitalised population
and the incidence of bloodstream infections.®?'¢ Another potentially important variable to consider
in the future would be virtual wards, also known as hospitals at home, as they may influence the

250 50, while not relevant

population in hospital. Virtual wards are still scaling up in England currently
yet, may be added in the future. New variables would have to be considered for each annual
iteration of the screening process to ensure the list of variables being screened is up-to-date and to

add new variables into the process which may impact the risk of E. coli BSls.

The time since the most recent occurrence of a characteristic in the previous 365d as a continuous
effect was considered for almost all characteristics. While 365d is an arbitrary time window, it was
selected as | assumed that more recent exposure may increase risk and this would attenuate as time
since the most recent occurrence got further away. This 365d cut-off may not have been ideal for all
variables, for example, chemotherapy where the risk of infection may remain higher long after
treatment, especially in individuals who experience complications such as febrile neutropenia during
chemotherapy.?®! Including a categorical variable and splitting out those who have never
experienced the characteristic in the previous five financial years, and those who had experienced
the characteristics >365d ago was a way to capture this variation, however inflexibly. Further,
modelling any occurrence in the previous 365d was impractical for looking at community BSls as, by
definition, they had no inpatient exposure in the previous 365d. Properly investigating risk factors
for community-onset E. coli BSIs would require primary care data to capture recent health

conditions.

In the above section, | have outlined limitations to do with the way | defined variables for the
screening process. One future direction this work could take is to define variables in a more
automated way taking inspiration from genome-wide association studies (GWAS). Variables could be
created from EHRs by aggregating the data at different levels. For example, ICD-10 codes could first
be split into Chapters, e.g. codes A00-B99 are all infectious and parasitic diseases. They could then
be split into categories based on the first three characters, for example, AOO denotes cholera. This
code is then followed by a decimal point with up to two further subclassifications which describe the

severity, location, or cause of disease.?? Taking advantage of the structured nature of these codes
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may help capture more variables in the future, and keep variables up-to-date. Alternatively, this

could be done for Chapters identified through the initial screen.

5.4.3 Making statistical decisions

Throughout the screening process, decisions had to be made for the process to move forward in as
automated fashion as possible. For example, after the initial screen, which variables to select to take
forward to the backwards elimination process based on a p-value threshold was unclear. In this
example, | used sensitivity analysis to test including variables below the following three thresholds
separately: Bonferroni adjusted p-value, Benjamini-Hochberg adjusted p-value, and p<0.25. There
were other decisions made where a sensitivity analysis was not run, two of which are addressed

below.

Choosing a different exit p-value for backwards elimination could have altered the results in the final
model but it is not clear which exit p-value is best. A p-value threshold was set at 0.05 to remove
variables during backwards elimination in this study, but thresholds such as p<0.20 have been
suggested to reduce bias in estimates.?>*2>* After backwards elimination, an additional step can be
taken to add all variables eliminated back into the final model one at a time, keeping them if they
are significant. Royston & Sauerbrei suggest that this re-inclusion after exclusion rarely occurs and
therefore by not doing this step, the risk of missing important variables in the screening process may
have been low.?*> However, it is unclear whether some of the lack of stability in model estimates
across financial years could have been affected by this. To further investigate this, the exit p-value
for backwards elimination could be increased from 0.05 to 0.10, only interpreting risk factors if
p<0.05, but counting as a match if the p-value was between 0.05-0.10. This would allow more

flexibility in assessing the lack of stability due to small numbers in models.

A minimum number of nine occurrences in E. coli cases for each variable was selected to allow the
inclusion of the characteristic in the screening process. This decision was made based on the size of
the model estimates when including variables with eight or fewer occurrences, with model
estimates stabilising from around nine onwards. Excluding these variables risked missing true
signals, however these estimates would have also had large variances. A general rule of thumb of 10
events per predictor variable (EPV) is often advised based on two simulation studies,?*®?*’ but this is
arbitrary and can be relaxed without greatly increasing bias.?*® Vittinghoff & McCulloch (2006) argue
that systematically discounting variables with 5-9 EPV is not justified in their simulation study based
on the confidence interval coverage and type | error rate.?>® All these simulation studies argue that
results should be interpreted cautiously when the number of EPV is small. A more sophisticated

approach to the problem of sparse data could be penalisation.?*® This method adds artificial data
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records that penalise (or shrink) coefficient estimates in proportion to their size, hence improving
the accuracy of risk prediction. This is particularly useful when sparse data can cause model
coefficient estimates to move further from the null as more variables are added to the model,?*° as
occurred in the screening process presented in this Chapter. The impact of penalisation on

coefficient estimates would be a useful additional analysis to do in the future.

The two examples above provide insight into some of the decisions made for the analysis in this
Chapter and raise the question of how to make sensible decisions in statistical analyses. Morris et al.
(2019)'% outlines how simulation studies can be used to evaluate statistical methods, for example, a
comparative evaluation of two or more statistical methods. Generating data complex enough to
emulative EHRs may be challenging, but might be a future direction for making these statistical

decisions in the future.

5.4.4 Discussion of the statistical analyses

Poisson regression models were used in this Chapter, however, they can overfit, especially with large
numbers of variables.?®® Regularisation techniques, such as lasso, ridge regression, and elastic net,
can help reduce model complexity and overfitting. Regularisation techniques work by adding a
penalty term to the loss function, sending some coefficients towards zero to reduce spurious results.
Elastic net uses a combination of both R1 (lasso) and R2 (ridge) regularisation and has been used in
the analysis for COVID-19 risk factors, improving the prediction of COVID-19 cases when compared
to multiple regression.?! Another study looked at using elastic net to find risk factors for blunt
cerebrovascular injury in trauma patients.?®2 They found that using elastic net identified risk factors
missed by the alternative multiple logistic regression approach; for example, they found higher odds
ratios with p>0.05 in the logistic regression and significant results with lower odds ratios in the
elastic net reflecting shrinkage of estimates and allowing important risk factors to be identified in
their small sample size. Further, these techniques can be effective when covariates are correlated,??

a challenge encountered in this Chapter’s analysis.

However, these regularisation techniques also have disadvantages compared with classical statistical
approaches. Lasso penalties can delete important confounders from a regression, therefore adding a
source of bias into the model.?® Further, estimates from lasso models are biased, increasing as the
amount of shrinkage increases which in turn decreases the variance. If a smaller amount of
shrinkage is selected to limit the amount of bias, the number of false positive variables in the
selected models increases and can lead to inconsistent models.?®* This issue in interpretability is also
present if using splines to model continuous variables. As the shrinkage parameter may reduce part

of the spline to zero, the spline no longer makes sense as a continuous function which can make it
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hard to interpret. Further, machine learning methods will intrinsically include these collinear
variables in predictions, assuming generalisability of collinearity. While these methods may be worth
exploring further in future work, as the aim of this analysis is to find risk factors which can then be
communicated and interpreted, the methods originally used may be suitable due to the increase in

biased estimates in regularisation techniques.

The large amount of missing data in screening variables led to the use of an initial screening step
using a forward selection style approach before backwards elimination. If all variables were included
in one model for backwards elimination, around one-third of cases and above two-thirds of controls
would have been dropped from the model. An alternative approach could have been to impute the
missing data. Multiple imputation is a common statistical technique to impute missing data,
however can produce biased results when data is non-normally distributed without special
consideration and assumes data is “missing at random”, even worse than complete case analyses.%
The complexity of my dataset and the large amounts of missing data suggest that multiple
imputation may not be an optimal technique for this study. In particular, some blood test results will
be far from normally distributed and, more importantly, may not be missing at random as they may
be more likely to be taken in those who are more unwell. Some newer methods suggest using
random forest imputation to tackle some of these issues, as well as being able to address
interactions and non-linearity, and scale to high dimensions while avoiding overfitting.2%> However,
these methods are computationally expensive, especially when there are many variables to

impute. 2

Checking for interactions between the variables selected for the final model could have found
interesting relationships between risk factors and E. coli BSls. For example, the associated higher risk
of infection in individuals having previously received chemotherapy may differ by different levels of
frailty. Frailer individuals may be at an increased risk of infection during chemotherapy treatment
compared with less frail individuals due to increased intolerance to treatment and a higher risk of
disease progression dependent on the cause of frailty.?*® Future work could look into whether
including interactions between screening variables finds new at-risk groups; however sparse data
and multiple testing would have to be accounted for. | did consider interactions between core
variables however there was limited evidence that any were important. Interestingly, interactions
between age and deprivation have previously shown different effects of deprivation for those <65y

versus >65y;%%” however | did not find this interaction to be significant in this study.

Model stability was not assessed for the analysis presented in this Chapter and could be done in the

future via bootstrapping. Model instability can occur when selected predictions are sensitive to small
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changes in the data.?®® Due to the large number of variables assessed and the small number of cases
as an outcome, model stability may be low and hence assessing the stability would be a useful
exercise to ensure confidence in the variables selected in the final models and their effect sizes. One
type of methodology for conducting bootstrapping to evaluate model stability is provided by
Royston & Sauerbrei (2009).2%8 This could potentially explain differences in risk factors identified
across years. To explore whether changes in risk factors across years were likely to be true changes
or artefacts caused by the relatively small numbers, the screening process could be run on periods of
two years to increase power. Risk factors found could be compared to the screening process run on
the yearly data. The number of observations retained in the core and final models differed across
the years due to complete cases being used and varying amounts of missing data, potentially
contributing to unstable risk factors. Around 80-90% of cases were retained in the final models for
FY2019-FY2021 while only 57% of cases were used in FY2018 (Table 5.16). This was starker for
controls with only 31% of controls being used in the final model in FY2018, compared with 71% in
FY2019. The selection of HbAlc in the final model in FY2018 contributed most to the number of
observations dropped in FY2018. Focussing multiple imputation of potentially important variables,
such as HBA1c, with high missingness may be useful in future work. Furthermore, the lack of
consistency | identified over calendar time in associated risk factors in automated, but nevertheless
relatively carefully built models may explain why so few machine learning models generalise.

Table 5.16: The number of cases and controls retained in the core and final models in each financial year in
the “inpatient only” cohort.

Financial year Cases/controls Core model, n (%) Final model, n (%)
2018 Cases (n=361) 320 (89) 206 (57)
Controls (n=215,967) 178,478 (83) 66,175 (31)
2019 Cases (n=413) 370 (90) 364 (88)
Controls (n=217,934) 177,407 (81) 154,540 (71)
2020 Cases (n=332) 285 (86) 266 (80)
Controls (n=195,881) 158,683 (81) 110,384 (56)
2021 Cases (n=351) 306 (87) 297 (85)
Controls (n=210,163) 166,925 (79) 127,618 (61)

Note: Row percentages are given.

To assess whether different risk factors were found for nosocomial, quasi-nosocomial, and quasi-
community cases, | ran the screening process an additional three times and compared risk factors
found at the end of analyses. Using this method, | could compare which variables were present or
absent, and summarise how the effect sizes differed across the groups. | could not, however,
formally test the differences in these estimates as they were obtained from different models. To test

whether the estimates were statistically different between the different outcomes, a multinomial
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logistic regression could be used with the outcome being nosocomial, quasi-nosocomial, quasi-
community E. coli BSIs and controls. This would however require formatting the screening process to
allow for a non-binary outcome. The advantage of the current screening process is that it can be
given any binary outcome and will output risk factors so different outcomes could be assessed easily

if provided as binary indicators.

For this analysis, the control group consisted of all individuals with healthcare contact in
Oxfordshire. If expanding this analysis to different settings, for example to national-level data,
having access to all individuals may not be possible, for example due to information governance laws
not allowing broad access. The dataset may also be very large if using national-level data and models
may become harder to run depending on available computational capacity. One alternative may be
to use a matched case-control study design selecting, for example, five controls per case. While
using all data would be more efficient, matching may be a suitable alternative in scenarios where
this is not possible. Matching on the core variables may be suitable. Precision of estimates may
improve upon matching, particularly for age as the distribution of ages between cases and controls
was quite different, with younger ages including mainly controls and very few cases. Matching on
age could ensure a similar number of people across the age distribution in cases and controls, thus

improving precision.?®

5.4.5 Conclusion

Overall, | adapted the screening process and applied it to an EHR setting, finding interesting risk
factors for E. coli BSls across different years, population subgroups, and E. coli subgroups. Training
the analysis on data from FY2019 had limitations observed when expanding the analysis to FYs 2018,
2020 and 2021, with residual issues of collinearity. Future work to further explore these remaining
issues could improve the screening process and make it better for application to different datasets

and diseases.
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Chapter 6 Conclusions and Future Work

This thesis aimed to identify populations at increased risk of infections using large datasets. This

Chapter summarises the main findings of this thesis and discusses the direction of future work.

6.1 Main findings

When | began work on this thesis in October 2020 the world was at the height of the COVID-19
pandemic. With new variants emerging, a variety of control policies in place, and new interventions
such as a vaccine, continuously monitoring those at an increased risk of SARS-CoV-2 positivity was
important to understand the virus and control its spread. In Chapter 2 of this thesis, | therefore
developed a statistical workflow denoted the “screening process” which identified populations most
at risk of infections using large data. This process used standard statistical methods available in all
statistical programs and was designed to be run in near real-time, coping with large numbers of
potential risk factors and large amounts of missing data. | used the process to retrospectively
monitor populations at risk of SARS-CoV-2 infection between July 2020 and July 2021 using data
from the Office for National Statistics (ONS) COVID-19 Infection Survey (CIS). Over this period, |
found that few risk factors were consistently associated with SARS-CoV-2 positivity. For example,
before the Alpha variant emerged (September-November 2020), | found higher positivity in those
who worked in healthcare roles or worked outside of the home, while between February-May 2021,
as positivity decreased, the impact of work role/location on positivity also decreased. After the

vaccine was rolled out, | consistently found reduced risk in those who had received the vaccine.

From my search of published literature, | was not able to find examples of processes to identify
changing risk factors in near real-time and therefore this work contributes to the literature and helps
address this gap. This screening process also addressed major challenges with real-world, large-scale
data. Data were often incomplete and messy with imputation not being feasible due to the large size
of the dataset. One strength of the screening process was its design for use in near real-time. This
process was used numerous times by the ONS between 2020-2022 as reported in public Statistical
Bulletins entitled “Characteristics of people testing positive for COVID-19” (full list on

https://www.ndm.ox.ac.uk/covid-19/covid-19-infection-survey/results/results-longer-articles-and-

adhoc-publications-from-ons).

Another aspect of identifying populations at high risk of infection was monitoring changes in the
trends of the proportion testing positive. Understanding individual characteristics that increased risk
from the screening model in Chapter 2 could help target interventions to specific groups; however, it
was also important to get an overview of whether infections were rising or falling across the whole

population and in key population sub-groups. Many methods that look for changes in trend identify
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step changes (such as a change in the mean in a time series) but identifying points where the trends
were changing would be more useful for infectious disease time series. In Chapter 3, | therefore
compared two methods for detecting change in trends: iterative sequential regression (ISR) and
second derivatives of generalised additive models (GAMs). | compared their ability to identify
changes in trends in SARS-CoV-2 positivity retrospectively and in near real-time using data from CIS.
Both methods identified changes in the major COVID-19 variants at similar dates and also identified
smaller growth fluctuations in between these increases/decreases associated with emergence of
major variants. In real-time scenarios, GAMs tended to detect change-points slightly earlier in large
geographical regions; however, this was not consistent across smaller regions or subgroups. Through
this Chapter’s analysis, | found that both methods were suitable for detecting changes and that
running both in parallel could increase confidence in the identified change-points being genuine.
When | began work on this Chapter, it was unclear what methods would be most suitable for
detecting changes in trends and therefore this work adds to the existing literature on change-point

detection, demonstrating the use of two methods on a practical and important example.

| accompanied this work on change-points with key code | made publicly available on GitHub. This
code provided an example of how to use both ISR and second derivatives of GAMs for finding
change-points. This code was written in R which is a free statistical software package making the
methods more accessible for people to use. This could save others time in future if they want to use
these methods and provides a good starting point to understand how these methods work. This

analysis code is available at https://github.com/EmmaPritchard.

The work presented in Chapters 2 and 3 of this thesis focused solely on identifying populations at
risk of SARS-CoV-2. However, | wanted to use the skills and knowledge acquired during the pandemic
to consider populations at risk of other infections and investigate whether the developed methods
could be applied to different data sources. During my work on COVID-19, | used CIS which, as
described in this thesis, was a large-scale cohort study. Questionnaires were designed for statistical
analyses and the population included was randomly selected across the population of the UK,
reducing the impact of bias and making results more generalisable. While these surveys have
obvious benefits, they are also costly and therefore can only be implemented for limited amounts of
time. Electronic health records (EHRs) offer an opportunity to assess populations at risk of other
infections due to this data already being collected continuously for reimbursement purposes.
However, using EHR data to identify risk factors has challenges, such as how to define a control
group and how best to define risk factors. Chapter 4 of this thesis therefore bridged the gap

between using the screening process on purposefully collected cohort data to using it on EHR data

227


https://github.com/EmmaPritchard

collected for reimbursement purposes under a case-control design, where the conditioning outcome

(defining cases/controls) was E. coli bloodstream infection (BSl).

| considered a variety of different control groups, differing in both the type of previous hospital
contact and the length of lookback. | assessed the impact of missing data and selection bias on
model results. | also compared varying definitions of risk factors derived from EHRs, considering
reverse causality and potential bias in hospital populations. | found that control group choice had
little impact on model estimates but a larger impact on the amount of missing data, with control
groups based on inpatient admissions reducing missing data for risk factors defined from vital signs
and diagnosis/procedure codes. | found that risk factors defined from blood tests recorded in the 72
hours before E. coli BSI collection were less likely to be distributed within the physiologically normal
range versus measurements taken outside >72 hours before blood collection. | therefore decided a
control group based on inpatient admissions would be suitable for my primary analyses, and | did
not consider risk factors recorded in the 72 hours before E. coli BSI to reduce the impact of reverse
causality. The suitability of a control group will vary based on the research question and the
available data; however, in this thesis, | suggested potential control groups and demonstrated

aspects which could be checked before analysis begins.

One output from this thesis was a spreadsheet including definitions of different risk factors which
could be calculated from EHRs depending on data availability. This is something | would have found
useful at the beginning of the thesis so | have aimed to make something practical that others could
use and made it publicly available on my GitHub page to make access easy. | collated definitions
from various pre-published coding lists, for example, procedure codes for chemotherapy®! and
different surgery groupings.'® | tried to use published definitions where available, including
references to make the document more useful to others; however, this was not always possible. |
also included risk factors defined especially for this thesis in the spreadsheet, flagging where this is
the case. These risk factors, such as any procedure code for urine catheterisation, will likely be

relevant to other studies.

Chapter 5 of this thesis used the control groups and risk factors developed in Chapter 4, along with
the screening process developed in Chapter 2, to identify individuals at higher risk of E. coli BSls. |
found that the presence of chemotherapy, diabetes, characteristics associated with urinary disease,
and frailty were associated with increased risk of E. coli BSI in each financial year from 2018-2022. |
also found results from a variety of blood tests to be associated with E. coli BSI risk; for example,
higher risk with lower albumin levels and higher alkaline phosphatase levels. As the liver produces

albumin, low albumin levels can be a marker for liver disease such as cirrhosis.?” It is also often
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considered a general marker of poor health with low albumin associated with malnutrition?’* and
inflammation.?’? High alkaline phosphatase levels can be a marker of liver problems, such as an
unresolved biliary obstruction, or bone disorders.?”®> Some risk factors were associated with lower
risks of E. coli BSI in multivariable models, for example, having more outpatient attendances was
associated with a lower risk of E. coli BSI after adjusting for riskier procedures such as
chemotherapy. Risk factors varied across the years studied, however some differences were likely
due to similar variables explaining the same underlying risk factors e.g. diabetes as a risk factor being
selected as either a diagnosis code for diabetes or elevated levels of HbAlc. Overall, screening

characteristics in EHRs were able to identify populations at increased risk of E. coli BSls.

The overall aim of identifying risk factors was to be able to use selected characteristics to inform
interventions to reduce E. coli BSIs. Urinary catheters, which | consistently identified as associated
with an increased risk of E. coli BSls, would be one potential area for interventions to reduce the risk
of infection. Avoiding unnecessary catheter use and removing catheters sooner when no longer
needed through implementing a “stop order” (removing catheters after a certain time has elapsed)
are two suggestions on how to reduce infection due to catheterisation.?’* However, where removal
of a catheter is not an option, for example in bladder outlet obstruction due to enlarged prostates,
addressing backlogs in non-urgent elective care may contribute to reduced catheter need. Previous
chemotherapy was also consistently associated with a higher risk of E. coli BSI and has the potential
for interventions. Patients undergoing chemotherapy have a weakened immune system making
them more susceptible to infections. Gastrointestinal mucositis, the translocation of gut bacteria
through the disrupted epithelial barrier into the bloodstream, also increases the risk of BSls in
chemotherapy patients.?’>?’® Some suggested treatment strategies include prophylactic probiotics
or antibiotics to prepare the Gl tract before chemotherapy and treatments such as growth hormones
after chemotherapy dosing to stimulate gut proliferation after chemotherapy-induced injury.?”” For
example, a clinical trial in 2019 showed that prophylactic levofloxacin reduced febrile episodes in
newly diagnosed myeloma.?’® Some identified risk factors such as frailty offer less opportunity for
interventions as frailty is unlikely to be modifiable and therefore concentrating on risk factors where
interventions are more possible would be a better place to start. Discussions with clinicians would

help solidify optimal and feasible interventions to reduce the risk of BSls.

One strength of this thesis was testing the screening process on data from two differing sources. |

developed the process on data from CIS, a cohort study designed for research and where statistical
analyses of risk factors were a pre-defined secondary objective. Risk factors were defined using the
questions designed for the survey. This contrasted with using the screening process on EHRs using a

case-control design, where risk factors had to be defined using pre-collected data that was not
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designed for research. In both contexts, the screening process was able to identify populations with
an increased risk of infections. | also applied the process to two different outcomes of SARS-CoV-2
positivity and E. coli BSls and therefore believe that it could be applied to multiple other outcomes in
future, either defined using specially designed cohort studies or from EHRs. Case ascertainment
would have to be considered if using EHRs for different outcomes. E. coli BSIs worked well as an
outcome as, due to the severity of BSls, it is expected that almost all individuals with E. coli BSls
would be admitted to hospital and hence very few cases would be missing from analyses based on

hospital EHRs. This may not be true for other, less severe, infections.

Further, CIS offered a unique opportunity to run analyses in near real-time due to the fast input of
data collected from participants and having a team that processed and cleaned the data so it was
available to researchers twice a week with updated swab results collected only days previously.
While the screening process could theoretically be run on EHR data in near real-time, it would likely
take longer for hospital records to be available and they would then have to be cleaned by the
researcher before the screening process was run. While much of this data cleaning could be
automated, it would likely take more time than cohort data which is purposefully collected for

research and therefore more complete.

Further, when using the screening process in near real-time, it is important to decide how often to
run it to get useful results. This would depend on how quickly the risk factors for an infection are
expected to change. During the COVID-19 pandemic, risk factors changed quickly for various reasons
including the virus mutating, the introduction of interventions such as vaccination, and changing
widespread public health policies such as nationwide lockdowns. All these factors would influence
the likelihood of SARS-CoV-2 infection and thus impact potential risk factors. In contrast, risk factors
for E. coli BSIs are likely to be more stable due to fewer external factors directly impacting infection
risk and a stable cause of infection. Increases in antimicrobial resistance may influence E. coli BSI risk
factors more in the future; however, this is unlikely to be as fast evolving as aspects of the COVID-19

pandemic.

The COVID-19 pandemic highlighted the need for good pandemic preparedness. While the UK had a
strategy in place for an influenza pandemic, and there had been a lot of discussion about “Disease X"
as a potential unknown future threat, it did not have a specific strategy for a coronavirus
pandemic.?’”® A key part of the pandemic preparedness plans was surveillance and modelling,
specifically detecting and assessing any new virus's impact. The methods presented in this thesis add
to the knowledge base on monitoring infectious diseases in near real-time and were developed and

tested during a pandemic. The screening process and comparison of ISR and second derivatives of
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GAMs have been published as open-access articles in academic journals, making them available for

others to use if needed.

6.2 Future work

6.2.1 Expanding to national-level data

One limitation of Chapters 4 and 5 of this thesis was that data from one hospital Trust was used,
albeit covering 4 hospitals including a district general hospital in Banbury and major
cancer/orthopaedic centres, and with a catchment area covering 1% of the UK. Nevertheless, this
potentially limits the generalisability of the risk factors found. Future work could use national-level
linked datasets held by UKHSA to assess risk factors for E. coli BSls across the population of England.
This would increase generalisability and reduce the risk of missed BSls, for example, using
Oxfordshire data where individuals may visit a hospital within the Trust for specialist care but attend
a hospital outside the Trust for more acute illnesses. As reporting of E. coli infections isolated from
blood is mandatory, microbiological isolations could again be used to define cases, as in this thesis.
These mandatory isolations are stored in the UKHSA Second Generation Surveillance System (SGSS)
and have been linked with national data from Hospital Episode Statistics (HES) by UKHSA. Therefore
all the risk factors calculated from diagnoses and procedure codes could be recreated in SGSS+HES;
however, there are no blood tests or vital signs recorded, some of which were significantly

associated with E. coli BSls in Chapter 5 of this thesis.

However, there are several considerations when expanding the screening model to national-level
data. Firstly, test results from negative cultures are not recorded in SGSS. In Chapter 5, | consistently
showed that having any previous urine culture taken irrespective of the result was associated with
an increased risk of E. coli BSls. These potential risk factors could not be defined from negative test
results in SGSS+HES and therefore some important risk factors may be missed. While some risk
factors defined using microbiological isolations are also sometimes recorded in procedure codes, |
found little agreement between the recording of urinary catheter use in microbiology versus
procedure code data. Urinary catheter use was associated with a higher risk of E. coli BSls with
evidence at p<0.05 in many multivariate models; however, when swapping this variable to urinary
catheter use as recorded by procedure codes, there was no evidence of an association at p<0.05 or
even higher thresholds. Therefore, relying on recordings of risk factors from procedure codes may
miss important associations. Secondly, in Chapter 5 | used all individuals with an inpatient admission,
outpatient or A&E visit, or microbiology or blood test done in Oxfordshire as the control group.
Gaining access to data from all these individuals using national-level data, i.e. most of the UK

population, may be difficult due to data governance rules. A matched case-control study using, for
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example, five controls per case may be more suited for this future analysis. The impact of a matched
approach could first be assessed using data from the Infections in Oxfordshire Research Database

before implementation on national-level data.

6.2.2 The screening process

While the screening process presented in this thesis was useful for identifying risk factors, it did have
limitations. Forward selection and backward elimination formed the basis for variable selection;
however these methods have disadvantages related to the rigidity of the approach, with forward
selection potentially missing confounders if the confounder has no association univariably and
backward elimination not allowing variable re-entry after elimination. This approach was selected
due to large amounts of missing data. Including all variables in a backwards elimination dropped
around one-third of cases and two-thirds of controls. The initial forward selection step removed
variables with large amounts of missing data that did not appear statistically important. Multiple
imputation could have been used, however the complexity of the data presents challenges when
attempting to get multiple imputation models with complex non-linearity correct. Newer methods
using random forest imputation may have been more suitable but these methods are
computationally expensive. Regression using penalisation techniques could have been used instead
of forward/backward selection/elimination; however, estimates from these methods can be harder
to interpret as they shrink estimates towards zero, making continuous parameterisations using

splines particularly hard to understand.

In Chapter 5, the screening process occasionally identified different variables for the same
underlying risk factor when comparing across different years and subgroups. For example, one year
might select a chest scan while another year identified pneumonia, or HbAlc rather than a diagnosis
code for diabetes. A new method developed by colleagues at the University of Oxford in 2023/2024
which aimed to tackle this was “Doublethink”.28%28! Similar to the screening process, this method
was also designed to consider a large number of variables agnostically. In contrast with the screening
process, Doublethink also considered groups of variables clustered together based on correlation.
This approach was demonstrated on data from the UK Biobank, considering 1,912 potential risk
factors on the outcome of COVID-19 hospitalisation. Some groups contained clustered variables
which were very highly correlated; for example, one group consisted of diagnosis codes for
unspecified dementia, Alzheimer's disease (unspecified), and Dementia in Alzheimer's disease
(unspecified). Some groups also highlighted interesting underlying phenotypes, for example, a
grouping of constipation with urinary tract infections, which may reflect underlying kidney disease or
incomplete bladder emptying associated with UTI.2%2 As | observed in Chapter 5, many variables

defined using EHRs were highly correlated, leading to nonsensical results when including correlated
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variables in the same model. Using the dataset curated in Chapter 4, | would therefore like to use
the Doublethink process and compare the risk factors/groups identified to those selected in Chapter

5 in this thesis.

Some potential interventions after establishing risk factors were discussed earlier in this conclusion,
for example avoiding unnecessary catheter use; however, further steps would be needed to
implement interventions. Firstly, it would be important to decide which risk factors to intervene with
initially. In Chapter 5, | looked at the variance explained by risk factors selected in the final
multivariate models. Beginning with targeting interventions at modifiable risk factors which explain
the most variation would be sensible. The population attributable fraction would also be useful to
calculate as it considers both the estimated risk and the prevalence of the exposure among cases,
hence helping to optimise interventions which not only highly increase risk but also impact a higher
number of cases therefore resulting in a larger reduction of BSIs.?® Investigations into individual risk
factors within cases may also be useful in establishing possible interventions. For example, | found a
higher risk of quasi-nosocomial E. coli BSls in individuals with recent prosthesis procedures. A deeper
dive into which prostheses were recorded for these individuals with E. coli BSls could help to
establish useful interventions. Further, focussing on risk factors identified in nosocomial, quasi-
nosocomial, or quasi-community cases may be valuable as, by definition, these individuals have had
contact as an inpatient either currently, 0-30 days ago, and 31-365 days ago and are therefore a
group where intervention would be possible. In contrast, community-acquired BSIs may be harder to
target using results from this study as they have no contact as an inpatient in the previous year and
so healthcare interventions are less likely to impact them. Assessing risk factors for community-
required BSls would require data from the community, whether that be through primary care (GP)
records or using population-level data such as the census. Some risk factors such as age had a large
impact on E. coli BSI risk, however cannot be changed and therefore interventions targeting them
are not possible. For unmodifiable risk factors, such as chemotherapy and frailty, more intensive
awareness may be useful. Focussing on risk factors which can be targeted whilst adjusting for key

confounders such as age and frailty would be a useful approach moving forward.

Future work could also consider clustering risk factors to identify at-risk “phenotypes”. Clustering
could be done either before screening with the clusters identified then modelled as factors, or after
risk factors had been identified to summarise the specific factors in different subgroups most as risk.
Many of the risk factors identified in Chapter 5 could frequently occur together in individuals, for
example, pneumonia and higher frailty scores. Establishing groups of individuals may help target
interventions to groups more effectively, particularly if the occurrence of specific characteristics

combined particularly increases E. coli BSI risk. Other studies have used clustering to group
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individuals and assess risk factors in those groups, for example, clustering cardiovascular patients
identified younger individuals with an unhealthy lifestyle at higher risk of poor medication
adherence suggesting that these patients should be offered more guidance, while interventions
were not as important in other clusters.?* As there are many different clustering methods, future
work could start with a literature search to establish a suitable approach, starting by looking at

studies which have previously combined risk factor identification with cluster analysis.

In Chapter 5, | observed variation in the risk factors identified across financial years from 2018 to
2022. These changes could either be genuine variations in risk factors between years or a product of
model instability due to the small number of E. coli BSI cases each year in the dataset. The total
number of E. coli BSI cases did decrease over the pandemic, likely due to the competing risks with
the oldest individuals dying from COVID-19 and therefore no longer at risk for E. coli BSIs.?> Further
work could assess whether changes in risk factors were a product of true variation in multiple ways.
Firstly, | could run the screening process on data from FY2022 and FY2023 and observe whether risk
factors were stable in these years. If risk factors stabilised from FY2022 onwards, it could be
plausible that the COVID-19 pandemic impacted the variation in risk factors in FY2020 and FY2021.
Secondly, | could increase statistical power by (i) re-running the analysis in Chapter 5 but grouping
FYs into two-year periods or (ii) running the analysis on national-level data as discussed above. With
more power, if risk factors still varied each year, it would be more credible that this was true
variation. If risk factors instead stabilised, it would be evidence that the small number of cases was
impacting model stability and wider time intervals to increase dataset size, or using national-level

data, may be more appropriate moving forward.

Finally, the screening process could be used to identify risk factors for other bloodstream infections.
Identified risk factors could be compared with those found in E. coli BSIs. As the second most
common BSI, Staphylococcus aureus would be an obvious place to start as it is relatively frequent
and can be identified from microbiological isolations. Other key pathogens identified in the ESPAUR
report could also be targets for the screening process, including Klebsiella, Pseudomonas, and
Enterococcus species.®? Using EHRs, risk factors for diseases identified using ICD-10 codes could also
be studied, such as endocarditis, acknowledging that ICD-10 codes are often not as reliable as
microbiological isolations and using them without assessing their sensitivity to predictive ability can
lead to missed cases and inaccurate results.!”* More generally, this study had wider importance than

its specific application to finding risk factors of E. coli BSls as EHRs are increasingly used for research.
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6.3 Concluding remarks

This thesis has demonstrated methods which can identify populations at increased risk of infectious
diseases using large datasets. The screening process developed in Chapter 2 was able to identify
populations at increased risk of SARS-CoV-2 positivity in near real-time, with it being successfully
implemented by the ONS during the pandemic to monitor characteristics of those at increased risk. |
also compared methods for detecting changes in infection trends, being able to identify when trends
were increasing and decreasing using two methods, ISR and second derivatives of GAMs, which
generally performed equally well and could be used together to increase confidence in findings. |
was able to use this learning from throughout the COVID-19 pandemic to apply the screening
process to identify risk factors for E. coli BSIs in EHR data. Future work could use these methods to
identify and monitor populations at increased risk of various infectious diseases using large-scale

data.
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Appendix A: Definitions of Risk Factors from Electronic Health Records
A full Excel spreadsheet is available at: https://github.com/EmmaPritchard.

disorder

diagnoses as defined in the Charlson score: M05%*,
M06.0*, M06.3*, M06.9%, M32*, M33.2*%, M34*, M35.3*

Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
Diagnosis diag_charlsondd Charlson score ICD-10 codes and weightings based on the Dr Foster Yes https://beyondclinical.file
codes calculated using (2012) definition available on page 31 of the provided s.wordpress.com/2014/0
secondary diagnosis link. Use only secondary diagnostic codes from the 1/hsmr-toolkit-version-6-
codes from the diagnosis dominant episode of the current spell. Diagnosis october-20111.pdf
diagnostic dominant dominant episode = first consultant episode in hospital
episode of an inpatient | spell, or the second if the first episode's primary diagnosis
spell. code is an "R" code and the second episode's diagnosis is
not.
diag_charlsonlb Charlson score ICD-10 codes and weightings based on the Dr Foster Yes https://beyondclinical.file
calculated using one- (2012) definition available on page 31 of the provided s.wordpress.com/2014/0
year lookback for link. Use primary and secondary diagnosis codes from the 1/hsmr-toolkit-version-6-
primary and secondary | previous year and secondary diagnostic codes from the october-20111.pdf
diagnosis codes. diagnosis-dominant episode of the current spell.
diag_myocardinfarc | Acute myocardial Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file
infarction diagnoses as defined in the Charlson score: 121*, 122%*, s.wordpress.com/2014/0
123%,125.2*, 125.8* 1/hsmr-toolkit-version-6-
october-20111.pdf
diag_cerebrovasc Cerebral vascular Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file
accident diagnoses as defined in the Charlson score: G45.0%*, s.wordpress.com/2014/0
G45.1%, G45.2%, G45.4*, G45.8*, G45.9*%, G46%*, 160*-169* 1/hsmr-toolkit-version-6-
october-20111.pdf
diag_heartfail Congestive heart Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file
failure diagnoses as defined in the Charlson score: I50* s.wordpress.com/2014/0
1/hsmr-toolkit-version-6-
october-20111.pdf
diag_tissuedis Connective tissue Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file

s.wordpress.com/2014/0
1/hsmr-toolkit-version-6-
october-20111.pdf
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag

diag_dementia Dementia Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file
diagnoses as defined in the Charlson score: FOO*, FO1%, s.wordpress.com/2014/0
FO2*, FO3*, FO5.1* 1/hsmr-toolkit-version-6-

october-20111.pdf
diag_liverdis Liver disease Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file
diagnoses as defined in the Charlson score: K70.2%*, s.wordpress.com/2014/0
K70.3*, K71.7%, K73*, K74* 1/hsmr-toolkit-version-6-

october-20111.pdf
diag_pepticulcer Peptic ulcer Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file
diagnoses as defined in the Charlson score: K25*, K26%*, s.wordpress.com/2014/0
K27*, K28* 1/hsmr-toolkit-version-6-

october-20111.pdf
diag_vascdis Peripheral vascular Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file
disease diagnoses as defined in the Charlson score: 171*, 173.9%, s.wordpress.com/2014/0
179.0*, RO2*, 795.8%, 795.9* 1/hsmr-toolkit-version-6-

october-20111.pdf
diag_pulmondis Pulmonary disease Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file
diagnoses as defined in the Charlson score: J40*-J47%*, s.wordpress.com/2014/0
J60*-)76* 1/hsmr-toolkit-version-6-

october-20111.pdf
diag_cancer Cancer Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file
diagnoses as defined in the Charlson score: CO0*-C76%*, s.wordpress.com/2014/0
C80*-C97* 1/hsmr-toolkit-version-6-

october-20111.pdf
diag_paraplegia Paraplegia Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file
diagnoses as defined in the Charlson score: G04.1*, G81*, s.wordpress.com/2014/0
G82.0*, G82.1*, G82.2* 1/hsmr-toolkit-version-6-

october-20111.pdf
diag_renaldis Renal disease Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file

diagnoses as defined in the Charlson score: 112*, 113%,
NO1*, NO3*, N05.2*-N05.6*, NO7.2*-N07.4*, N18*, N19*,
N25*

s.wordpress.com/2014/0
1/hsmr-toolkit-version-6-
october-20111.pdf
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
diag_metcancer Metastatic cancer Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file
diagnoses as defined in the Charlson score: C77*, C78%*, s.wordpress.com/2014/0
C79* 1/hsmr-toolkit-version-6-
october-20111.pdf
diag_sevliverdis Severe liver disease Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file
diagnoses as defined in the Charlson score: K72.1%, s.wordpress.com/2014/0
K72.9*, K76.6*, K76.7* 1/hsmr-toolkit-version-6-
october-20111.pdf
diag_hiv HIV Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file
diagnoses as defined in the Charlson score: B20*, B21%, s.wordpress.com/2014/0
B22*, B23*, B24*, 0987* 1/hsmr-toolkit-version-6-
october-20111.pdf
diag_diabetes Diabetes Any of the following ICD-10 codes in primary or secondary | Yes https://beyondclinical.file
diagnoses as defined in the Charlson score: E10*, E11%, s.wordpress.com/2014/0
E13*, E14* 1/hsmr-toolkit-version-6-
october-20111.pdf
diag_renalfail Renal failure The following ICD-10 code in either primary or secondary No
diagnosis: N18*
diag_renaldialy Renal dialysis The following ICD-10 codes in either primary or secondary | Yes https://pubmed.ncbi.nim
diagnoses: Z49*, 799.2*, N18.6*, T82.4* .nih.gov/35723965/
diag_palliative Palliative The following ICD-10 codes in either primary or secondary | Yes https://pubmed.ncbi.nim
diagnoses: Z51.5 .nih.gov/35723965/
diag_immunosupre | Immunosuppressed The following ICD-10 codes in either primary or secondary | Yes https://pubmed.ncbi.nim
ss diagnoses: B20*-B24* (AIDS/HIV), 0987%*, C77*-C96* .nih.gov/35723965/
(metastatic cancer, haematological malignancies), D80*-
D84* (primary immunodeficiencies), K72.1*, K72.9%,
K76.6*, K76.7* (end-stage liver disease).
diag_invasdis Invasive disease codes | Infection-related invasive disease ICD-10 codes in primary | No

or secondary diagnoses defined previously (available on
GitHub).
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
diag_urinedis Urinary disease codes Infection-related urinary disease ICD-10 codes in primary No
or secondary diagnoses defined previously (available on
GitHub).
diag_surgsite Surgical site infection Infection-related surgical site ICD-10 codes in primary or No
secondary diagnoses defined previously (available on
GitHub).
diag_covid19hosp CovID-19 Presence of the following ICD-10 codes in either primary No
hospitalisation or secondary diagnoses on or after January 2020 (based
on episodestartdate): U07.1 (COVID-19 infection
confirmed by laboratory testing); U07.2 (COVID-19
infection diagnosis clinically or epidemiologically where
laboratory confirmation is negative, inconclusive, or not
available/performed); B34.2 (coronavirus infection, site
unspecified); B97.2 (the term “coronavirus” without any
further specification).
diag_surgwoundris | Surgical wound risk ICD-10 codes indicating a risk of surgical wound in primary | Yes https://pubmed.ncbi.nim
k or secondary diagnoses as defined in Table S3 of the .nih.gov/30403746/
provided link
diag_pneumon Pneumonia The following ICD-10 codes in the primary or secondary Yes https://pubmed.ncbi.nim
diagnosis: A31.0, A42.0, A48.1, B01.2, B05.2, B25.0, B59, .nih.gov/30403746/
J10.0,J11.0,J12.8,)12.9, J13, J14,J15.0, J15.1, J15.2,
J15.3,)15.4,J15.5, J15.6, J15.7, J15.8, J15.9, J16.8, J17.2,
J18.0,J18.1, J18.2,)18.8, J18.9, J69.0, J85.0, J85.1
diag_allergy Allergy The following ICD-10 codes in primary or secondary Yes https://pubmed.ncbi.nim
diagnosis: T78, L50, J98.01, R06.1, 195.89, L27.2, T63.4, .nih.gov/31785369/
T88.6, T80.5, T88.2, L27.0, T65.811, T59.1, T80.5, T88.1,
J01.70, J12.00
diag_chapterl Diagnostic code in Diagnostic code in range A00-B99 Yes https://icd.who.int/brow
Chapter 1 (Certain se10/2019/en
infectious and parasitic
diseases)
diag_chapter2 Diagnostic code in Diagnostic code in range C00-D48 Yes https://icd.who.int/brow

Chapter 2 (Neoplasms)

se10/2019/en
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag

diag_chapter3 Diagnostic code in Diagnostic code in range D50-D89 Yes https://icd.who.int/brow
Chapter 3 (Diseases of se10/2019/en
the blood and blood-
forming organs and
certain disorders
involving the immune
mechanism)

diag_chapter4 Diagnostic code in Diagnostic code in range E00-E90 Yes https://icd.who.int/brow
Chapter 4 (Endocrine, se10/2019/en
nutritional and
metabolic diseases)

diag_chapter5 Diagnostic code in Diagnostic code in range FO0-F99 Yes https://icd.who.int/brow
Chapter 5 (Mental and se10/2019/en
behavioural disorders)

diag_chapter6 Diagnostic code in Diagnostic code in range G00-G99 Yes https://icd.who.int/brow
Chapter 6 (Diseases of se10/2019/en
the nervous system)

diag_chapter7 Diagnostic code in Diagnostic code in range HO0-H59 Yes https://icd.who.int/brow
Chapter 7 (Diseases of se10/2019/en
the eye and adnexa)

diag_chapter8 Diagnostic code in Diagnostic code in range H60-H95 Yes https://icd.who.int/brow
Chapter 8 (Diseases of se10/2019/en
the ear and mastoid
process)

diag_chapter9 Diagnostic code in Diagnostic code in range 100-199 Yes https://icd.who.int/brow
Chapter 9 (Diseases of se10/2019/en
the circulatory system)

diag_chapter10 Diagnostic code in Diagnostic code in range J00-J99 Yes https://icd.who.int/brow
Chapter 10 (Diseases se10/2019/en
of the respiratory
system)

diag_chapterll Diagnostic code in Diagnostic code in range K00-K93 Yes https://icd.who.int/brow

Chapter 11 (Diseases

se10/2019/en
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Definition
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published
flag

Previously published link

of the digestive
system)

diag_chapter12

Diagnostic code in
Chapter 12 (Diseases
of the skin and
subcutaneous tissue)

Diagnostic code in range L00-L99

Yes

https://icd.who.int/brow
se10/2019/en

diag_chapter13

Diagnostic code in
Chapter 13 (Diseases
of the musculoskeletal
system and connective
tissue)

Diagnostic code in range M00-M99

Yes

https://icd.who.int/brow
se10/2019/en

diag_chapter14

Diagnostic code in
Chapter 14 (Diseases
of the genitourinary
system)

Diagnostic code in range NOO-N99

Yes

https://icd.who.int/brow
se10/2019/en

diag_chapter15

Diagnostic code in
Chapter 15 (Pregnancy,
childbirth and the
puerperium)

Diagnostic code in range 000-099

Yes

https://icd.who.int/brow
se10/2019/en

diag_chapter16

Diagnostic code in
Chapter 16 (Certain
conditions originating
in the perinatal period)

Diagnostic code in range P0O0-P96

Yes

https://icd.who.int/brow
se10/2019/en

diag_chapterl7

Diagnostic code in
Chapter 17 (Congenital
malformations,
deformations and
chromosomal
abnormalities)

Diagnostic code in range Q00-Q99

Yes

https://icd.who.int/brow
se10/2019/en

diag_chapter18

Diagnostic code in
Chapter 18
(Symptoms, signs and
abnormal clinical and

Diagnostic code in range RO0-R99

Yes

https://icd.who.int/brow
se10/2019/en
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
laboratory findings, not
elsewhere classified)
diag_chapter19 Diagnostic code in Diagnostic code in range SO00-T98 Yes https://icd.who.int/brow
Chapter 19 (Injury, se10/2019/en
poisoning and certain
other consequences of
external causes)
diag_chapter20 Diagnostic code in Diagnostic code in range V01-Y98 Yes https://icd.who.int/brow
Chapter 20 (External se10/2019/en
causes of morbidity
and mortality)
diag_chapter21 Diagnostic code in Diagnostic code in range Z00-Z99 Yes https://icd.who.int/brow
Chapter 21 (Factors se10/2019/en
influencing health
status and contact with
health services)
diag_chapter22 Diagnostic code in Diagnostic code in range U00-U99 Yes https://icd.who.int/brow
Chapter 22 (Codes for se10/2019/en
special purposes)
diag_frailtygil Frailty score as defined | Frailty score as defined by Gilbert et al. (2018). A two-year | Yes https://pubmed.ncbi.nlm
by Gilbert et al. lookback was used as recommended in the paper. .nih.gov/29706364/
Procedure proc_chapter* Inpatient and 24 binary variables derived from the 24 chapters
codes outpatient procedure procedure codes are split into based on the first character
chapters of the code e.g. E49.2 = chapter E. There is no chapter “I”
or “0”.
proc_urinecath Urethral catheter Any occurrence of “urethral catheter” in proclabel No
proc_myocardscan | Myocardial perfusion Any occurrence of “myocardial perfusion scan” in No

scan

proclabel
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
proc_implant Implant Any occurrence of “implant” in procedure code label No
proc_chemo Chemotherapy Any occurrence of “chemotherapy” in procedure code Yes https://classbrowser.nhs.
label OR any proccode in the chemotherapy regimens uk/#/
NHS Digital Classifications Browser: X70.1, X70.2, X70.3,
X70.4, X70.5, X71.1, X71.2, X71.3, X71.4, X71.5, X71.6,
X72.1, X72.2,X72.3, X73.1
proc_echocardio Transthoracic Any occurrence of “transthoracic echocardiography” in No
echocardiography proclabel
proc_dialysis Dialysis Any procedure code from the dialysis code list available in | Yes https://www.opencodelis
the link provided ts.org/codelist/ukrr/dialy
sis-opcs-4/505bef04/
proc_transplant Transplant Any procedure code from the transplant code list in the Yes https://www.opencodelis
link provided ts.org/codelist/nhsd/tran
splant-spl-hes-
opcs4/1b47de52/
proc_spirometry Spirometry Any occurrence of "spirometry" in procedure code label No
proc_extractbm Diagnostic extraction Any occurrence of "diagnostic extraction of bone marrow" | No
of bone marrow in procedure code label
proc_spinalpunctur | Spinal puncture Any occurrence of “spinal puncture” in procedure code No
e procedure label
proc_invasventil Invasive ventilation procedure code label == "invasive ventilation" OR No
procedure code label == "bag valve mask ventilation"
proc_noninvasventi | Non-invasive procedure code label == "non-invasive ventilation" No
| ventilation
proc_endouppergi Endoscopy of upper Gl | (procedure code label == "endoscopic") AND (procedure No
tract code label == "oesophagus" OR "liver" OR "upper
gastrointestinal" OR "bile duct" OR "pancreatic duct" OR
"gastromy" OR "sphincter of oddi" OR "duodenum" OR
"jejunum" OR "pancreas")
proc_endolowergi Endoscopy of lower Gl (procedure code label == "endoscopic") AND (procedure No
tract code label =="ileum" OR "ileoanal" OR "cecum" OR

"colon" OR "rectum" OR "anus" OR "bowel"
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
proc_endourine Endoscopy of urethra (procedure code label == "endoscopic") AND (procedure No
code label == "bladder" OR "urethra" OR "kidney" OR
"ureter")
proc_endocolpos Colposcopy (proclabel == "diagnostic endoscopic examination or No
uterus") OR (proclabel == "colposcopy")
proc_cleansurg Clean surgical Any procedure code marked as "clean" in the UKHSA Yes https://assets.publishing.
procedure groupings in the link provided and in the tab "UKHSA service.gov.uk/governme
procedure codes" nt/uploads/system/uploa
ds/attachment data/file/
1069633/0PCS codes_su
pplement UKHSA.pdf
proc_cleancontams | Clean-contaminated Any procedure code marked as "clean-contaminated" in Yes https://assets.publishing.
urg surgical procedure the UKHSA groupings in the link provided and in the tab service.gov.uk/governme
"UKHSA procedure codes" nt/uploads/system/uploa
ds/attachment data/file/
1069633/0OPCS codes_su
pplement UKHSA.pdf
proc_contamsurg Contaminated surgical | Any procedure code marked as "contaminated" in the Yes https://assets.publishing.
procedure UKHSA groupings in the link provided and in the tab service.gov.uk/governme
"UKHSA procedure codes" nt/uploads/system/uploa
ds/attachment_data/file/
1069633/0OPCS codes su
pplement UKHSA.pdf
proc_abdomhyster | Abdominal Any procedure code in the "Abdominal Hysterectomy" Yes https://assets.publishing.
ectomy hysterectomy surgery category in the link provided and in the tab "UKHSA service.gov.uk/governme
procedure codes" nt/uploads/system/uploa
ds/attachment_data/file/
1069633/0OPCS codes su
pplement UKHSA.pdf
proc_bileductliverp | Bile duct, liver, or Any procedure code in the "Bile duct, liver, or pancreatic Yes https://assets.publishing.

ancreat

pancreatic surgery

surgery" category in the link provided and in the tab
"UKHSA procedure codes"

service.gov.uk/governme

nt/uploads/system/uploa

ds/attachment data/file/
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https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1069633/OPCS_codes_supplement_UKHSA.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1069633/OPCS_codes_supplement_UKHSA.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1069633/OPCS_codes_supplement_UKHSA.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1069633/OPCS_codes_supplement_UKHSA.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1069633/OPCS_codes_supplement_UKHSA.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1069633/OPCS_codes_supplement_UKHSA.pdf
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description published
flag

1069633/0OPCS codes su

pplement UKHSA.pdf
proc_breastsurgery | Breast surgery Any procedure code in the "Breast surgery" category in Yes https://assets.publishing.
the link provided and in the tab "UKHSA procedure codes" service.gov.uk/governme
nt/uploads/system/uploa
ds/attachment_data/file/
1069633/0PCS codes su

pplement UKHSA.pdf
proc_cardiacsurger | Cardiac surgery Any procedure code in the "Cardiac surgery (non-CABG)" Yes https://assets.publishing.
y category in the link provided and in the tab "UKHSA service.gov.uk/governme
procedure codes" nt/uploads/system/uploa
ds/attachment_data/file/
1069633/0OPCS codes su

pplement UKHSA.pdf
proc_cholecystecto | Cholecystectomy (non- | Any procedure code in the "Cholecystectomy (non- Yes https://assets.publishing.
my laparoscopic) laparoscopic)" category in the link provided and in the tab service.gov.uk/governme
"UKHSA procedure codes" nt/uploads/system/uploa
ds/attachment data/file/
1069633/0OPCS codes su

pplement UKHSA.pdf
proc_coronaryarter | Coronary artery Any procedure code in the "Coronary artery bypass graft" | Yes https://assets.publishing.
ybypass category in the link provided and in the tab "UKHSA service.gov.uk/governme
procedure codes" nt/uploads/system/uploa
ds/attachment data/file/
1069633/0PCS codes_su

pplement UKHSA.pdf
proc_cranialsurgery | Cranial surgery Any procedure code in the "Cranial surgery" category in Yes https://assets.publishing.

the link provided and in the tab "UKHSA procedure codes"

service.gov.uk/governme

nt/uploads/system/uploa

ds/attachment data/file/

1069633/0OPCS codes su

pplement UKHSA.pdf
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Previously published link

proc_gastricsurgery

Gastric surgery

Any procedure code in the "Gastric surgery" category in
the link provided and in the tab "UKHSA procedure codes"

Yes

https://assets.publishing.

service.gov.uk/governme

nt/uploads/system/uploa

ds/attachment_data/file/

1069633/0OPCS codes su

pplement UKHSA.pdf

proc_hipreplaceme
nt

Hip replacement

Any procedure code in the "Hip replacement" category in
the link provided and in the tab "UKHSA procedure codes"

Yes

https://assets.publishing.

service.gov.uk/governme

nt/uploads/system/uploa

ds/attachment data/file/

1069633/0OPCS codes su

pplement UKHSA.pdf

proc_kneereplacem
ent

Knee replacement

Any procedure code in the "Knee replacement" category
in the link provided and in the tab "UKHSA procedure
codes"

Yes

https://assets.publishing.

service.gov.uk/governme

nt/uploads/system/uploa

ds/attachment data/file/

1069633/0OPCS codes su

pplement UKHSA.pdf

proc_largebowelsur
gery

Large bowel surgery

Any procedure code in the "Large bowel surgery"
category in the link provided and in the tab "UKHSA
procedure codes"

Yes

https://assets.publishing.

service.gov.uk/governme

nt/uploads/system/uploa

ds/attachment data/file/

1069633/0OPCS codes su

pplement UKHSA.pdf

proc_limbamputati
on

Limb amputation

Any procedure code in the "Limb amputation" category in
the link provided and in the tab "UKHSA procedure codes"

Yes

https://assets.publishing.

service.gov.uk/governme

nt/uploads/system/uploa

ds/attachment data/file/

1069633/0OPCS codes su

pplement UKHSA.pdf

proc_reductionbon
efracture

Reduction of long bone

fracture

Any procedure code in the "Reduction of long bone
fracture" category in the link provided and in the tab
"UKHSA procedure codes"

Yes

https://assets.publishing.

service.gov.uk/governme

nt/uploads/system/uploa
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
ds/attachment_data/file/
1069633/0PCS codes su
pplement UKHSA.pdf
proc_repairneckfe Repair of neck of Any procedure code in the "Repair of neck of femur" Yes https://assets.publishing.
mur femur category in the link provided and in the tab "UKHSA service.gov.uk/governme
procedure codes" nt/uploads/system/uploa
ds/attachment_data/file/
1069633/0PCS codes su
pplement UKHSA.pdf
proc_smallbowelsu | Small bowel surgery Any procedure code in the "Small bowel surgery" Yes https://assets.publishing.
rgery category in the link provided and in the tab "UKHSA service.gov.uk/governme
procedure codes" nt/uploads/system/uploa
ds/attachment_data/file/
1069633/0OPCS codes su
pplement UKHSA.pdf
proc_spinalsurgery | Spinal surgery Any procedure code in the "Spinal surgery" category in Yes https://assets.publishing.
the link provided and in the tab "UKHSA procedure codes" service.gov.uk/governme
nt/uploads/system/uploa
ds/attachment data/file/
1069633/0OPCS codes su
pplement UKHSA.pdf
proc_vascularsurge | Vascular surgery Any procedure code in the "vascular surgery" category in Yes https://assets.publishing.
ry the link provided and in the tab "UKHSA procedure codes" service.gov.uk/governme
nt/uploads/system/uploa
ds/attachment data/file/
1069633/0PCS codes_su
pplement UKHSA.pdf
proc_headctradio Evidence of fall procedure code label == “computed tomography of head” | No
AND procedure code label == “radiology” at the same
date and time
proc_scanabdomen | Any scan of abdomen (procedure code label == “computed tomography” OR No

“radiology”) AND (procedure code label ==“abdomen”) at
the same date and time
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
proc_scanpelvis Any scan of pelvis (procedure code label== “computed tomography” OR No
“radiology”) AND (procedure code label ==“pelvis”) at the
same date and time
proc_scanchest Any scan of chest (procedure code label == “computed tomography” OR No
“radiology”) AND (procedure code label ==“chest”) at the
same date time
proc_scanother Any scan of other body | (procedure code label == “computed tomography” OR No
part (NOT abdomen, “radiology”) AND NOT (procedure code label ==
pelvis or chest) “abdomen” OR “pelvis” OR “chest”) at the same date and
time
proc_prosthesis Prosthetic/prosthesis (procedure code label == “prosthetic” OR “prosthesis”) No
AND NOT (procedure code label == “prosthetic
replacement for lens”)
proc_cataract Cataract surgery (procedure code label == “insertion of prosthetic No
replacement for lens”) AND (procedure code label ==
“Phacoemulsification of lens”)
proc_transrectal Transrectal prostate (proccode == "M70.3" AND proccode == "Y53.2") OR No
biopsy or ultrasound (proccode =="U21.6" AND proccode == "742.2")
inpatient inpat_admiss Ordinary inpatient Any inpatient admission with a patient classification code | N/A
admissions admission == "1" (Ordinary admission )
inpat_admiss8hour | Ordinary inpatient Any inpatient admission with a patient classification code | N/A
s admission longer than == "1" (Ordinary admission ) and the hours between
8 hours admission date and discharge date > 8
inpat_carehomead | Admitted from ortoa Any inpatient admission with admissionsource == 54, 85, N/A
miss care home 88 or dischargedestination == 54, 85, 88
inpat_complexadmi | Complex inpatient Any inpatient admission with at least 2 episodes in the N/A
ss admission spell
inpat_consultgeri Inpatient admission Any inpatient admission with N/A
under a geriatric consultantmainspecialtycode == 430
consultant
inpat_electadmiss Elective inpatient Any inpatient admission with admissionmethodcode == N/A
admission 11,12,13
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
inpat_emergadmiss | Emergency inpatient Any inpatient admission with admissionmethodcode == N/A
admission 21, 22,23, 24, 25, 2A, 2B, 2C, 2D, 28
inpat_treatcardio Cardiology treatment Any inpatient admission with treatmentfunctioncode == N/A
function code 320
inpat_treatgastroe | Gastroenterology Any inpatient admission with treatmentfunctioncode == N/A
nt treatment function 301
code
inpat_treatgenmed | General medicine Any inpatient admission with treatmentfunctioncode == N/A
treatment function 300
code
inpat_treatgensurg | General surgery Any inpatient admission with treatmentfunctioncode == N/A
treatment function 100
code
inpat_treattraumas | Trauma surgery Any inpatient admission with treatmentfunctioncode == N/A
urg treatment function 110
code
inpat_treaturology | Urology Service Any inpatient admission with treatmentfunctioncode == N/A
treatment function 101
code
inpat_treatvascsurg | Vascular surgery Any inpatient admission with treatmentfunctioncode == N/A
treatment function 107
code
inpat_admisslos365 | Cumulative length of Cumulative length of time in an ordinary inpatient N/A
d stay in ordinary admission in the previous 365 days
inpatient admission
inpat_admissnum3 | Number of ordinary Number of ordinary inpatient admission in the previous N/A
65d inpatient admissions 365 days
inpat_admiss8hour | Cumulative length of Cumulative length of time in ordinary inpatient N/A

slos365d

stay in ordinary
inpatient admissions >
8 hours

admissions >8 hours in the previous 365 days
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
inpat_admiss8hour | Number of ordinary Number of ordinary inpatient admissions >8 hours in the N/A
snum365d inpatient admissions previous 365 days
>8 hours
inpat_complexadmi | Cumulative length of Cumulative length of time in an ordinary complex N/A
sslos365d stay in ordinary inpatient admission in the previous 365 days
complex inpatient
admissions
inpat_complexadmi | Number of ordinary Number of ordinary complex inpatient admission in the N/A
ssnum365d complex inpatient previous 365 days
admissions
inpat_electadmissl | Cumulative length of Cumulative length of time in an ordinary elective N/A
0s365d stay in ordinary inpatient admission in the previous 365 days
elective inpatient
admissions
inpat_electadmissn | Number of ordinary Number of ordinary elective admission in the previous N/A
um365d elective inpatient 365 days
admissions
inpat_emergadmiss | Cumulative length of Cumulative length of time in an ordinary emergency N/A
los365d stay in ordinary inpatient admission in the previous 365 days
emergency inpatient
admissions
inpat_emergadmiss | Number of ordinary Number of ordinary emergency admission in the previous | N/A
num365d emergency inpatient 365 days
admissions
outpatient outpat_treatrenal Renal medicine Any outpatient appointment with treatmentfunctioncode | N/A
attendances treatment function ==361
code
outpat_treateye Ophthalmology Service | Any outpatient appointment with treatmentfunctioncode | N/A
treatment function ==130
code
outpat_treatphysio | Physiotherapy Service Any outpatient appointment with treatmentfunctioncode | N/A

treatment function
code

== 650
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
outpat_treattraum | Trauma surgery Any outpatient admission with treatmentfunctioncode == | N/A
asurg treatment function 110
code
outpat_treatcardio | Cardiology treatment Any outpatient admission with treatmentfunctioncode == | N/A
function code 320
outpat_treatderma | Dermatology Service Any outpatient admission with treatmentfunctioncode == | N/A
t treatment function 330
code
outpat_treatmedon | Medical oncology Any outpatient admission with treatmentfunctioncode == | N/A
o treatment function 370
code
outpat_treaturolog | Urology Service Any outpatient admission with treatmentfunctioncode == | N/A
y treatment function 101
code
outpat_treatgynae | Gynaecology Service Any outpatient admission with treatmentfunctioncode == | N/A
treatment function 502
code
outpat_treatneuro | Neurology Service Any outpatient admission with treatmentfunctioncode == | N/A
treatment function 400
code
outpat_treathaemo | Clinical Haematology Any outpatient admission with treatmentfunctioncode == | N/A
Service treatment 303
function code
outpat_treatgastro | Gastroenterology Any outpatient admission with treatmentfunctioncode == | N/A
ent Service treatment 301
function code
outpat_treatdiagim | Diagnostic Imaging Any outpatient admission with treatmentfunctioncode == | N/A
age Service treatment 812
function code
outpat_treatmidwif | Midwifery Service Any outpatient admission with treatmentfunctioncode == | N/A

e

treatment function
code

560
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
Inpatient admiss_endoscopy | Any endoscopy Any inpatient admission or outpatient attendance with a N/A
admission or procedure localsubspecialtycode of 10061, 10066, 10466, 30061,
outpatient 30161, 30162, 30166
attendance
A&E visits emerg_admiss A&E attendance Any recorded A&E visit N/A
Microbiology | micro_urinecath Urinary catheterisation | specimencode == “CSU” OR “CATH” N/A
micro_covidtest SARS-CoV-2 test done battestcode == “CV2P” OR battestname == “SARS N/A
CORONAVIRUS-2 PCR”. Don’t consider any tests taken
before January 2020.
micro_covidpos SARS-CoV-2 positive (battestcode == “CV2P” OR battestname == “SARS N/A
test result CORONAVIRUS-2 PCR”) AND (result == “DET”). Don’t
consider any tests taken before January 2020. If both
“DET” and “NDET” are present at the same collection date
and time for a person, take the positive result.
micro_urinecult Urine culture taken (battestcode = "UC", "UCG", "UCH", "URM", "UMI", N/A
"UMG", "UMH", "ANTE") OR (battestname including
“URINE CULT” or “URINE MICROSCOPY”)
micro_urineecoli Urine positive for E. micro_urinecult (as defined above) == 1 AND buggenus N/A https://github.com/david
coli (as defined by Qingze in provided link) == "E COLI" eyre/ehr tools/blob/mai
n/bug grouper.R
micro_urineenteroc | Urine positive for micro_urinecult (as defined above) == 1 AND buggenus N/A https://github.com/david
oc enterococcus (as defined by Qingze in provided link) == eyre/ehr_tools/blob/mai
"ENTERCOCCUS" n/bug_grouper.R
micro_urineentero | Urine positive for other | micro_urinecult (as defined above) == 1 AND buggenus N/A https://github.com/david
bact enterobacterales (as defined by Qingze in provided link) == "OTHER eyre/ehr_tools/blob/mai
ENTEROBACTERALES" n/bug grouper.R
micro_urinekleb Urine positive for micro_urinecult (as defined above) == 1 AND buggenus N/A https://github.com/david
klebsiella (as defined by Qingze in provided link) == "KLEBSIELLA" eyre/ehr tools/blob/mai
n/bug grouper.R
micro_urinestaph Urine positive for any micro_urinecult (as defined above) == 1 AND buggenus N/A https://github.com/david

other pathogen

(as defined by Qingze in provided link) == ("S AUREUS)

eyre/ehr _tools/blob/mai

n/bug grouper.R
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
micro_urinecult_nu | Number of urine Number of urine cultures (micro_urinecult == 1) N/A
m cultures taken requested in previous 30, 60, 180, and 365 days
micro_bloodcult Blood culture taken battestcode == “BLC” OR battestname == “BLOOD N/A
CULTURE”
micro_bloodstaph Blood positive for S. micro_bloodcult (as defined above) == 1 AND buggenus N/A https://github.com/david
Aureus (as defined by Qingze in provided link) =="S AUREUS" eyre/ehr_tools/blob/mai
n/bug_grouper.R
micro_bloodcult_n | Number of blood Number of blood cultures (micro_bloodcult == 1) N/A
um cultures taken requested in previous 30, 60, 180, and 365 days
micro_bkvscreen Screen for BK virus battestname == "BKV VIRAL LOAD" N/A
micro_cdiffcarr Faeces positive for C. battestcode == "CDGD", "CDT" and result == "CDTV", N/A
diff carriage "DET"
micro_cdifftox Faeces positive for C. battestcode == "CDT" and result == "DET" N/A
diff toxin
micro_cmvebvscree | CMV or EBV screen battestname == "CMV VIRAL LOAD", "EBV VIRAL LOAD" N/A
n
micro_cnscult CNS culture taken battestcode == "CSFC" or battestname == "CSF CULT AND | N/A
MICRO"
micro_faecescult Faeces culture taken battestname, "FAECES EXAMINATION", "FAECES N/A
MOLECULAR ASSAY", "MICROSCOPY OF FAECES" or
battestcode == "FCU", "FPCR", "FMIC", "CDGD", "CDT"
micro_flursvpcr FLU/RSV PCR battestname == "FLU & RSV A/B PCR" or battestcode == N/A
"FRAB"
micro_mrsapos Screen positive for (battestname == "MRSA SCREEN" or battestcode == N/A
MRSA "MRS") and bugcode == "MRSA"
micro_mrsascreen Screen for MRSA battestname == "MRSA SCREEN" or battestcode == "MRS" | N/A
micro_otherscreen | Screen for viruses (not | battestname =="CPE SCREEN", "ESBL SCREEN" N/A
BK, CMV, or EBV)
micro_puscult PUS culture taken battestname == "PUS MICRO / CULTURE", "STERILE SITE N/A

CULT" or battestcode == "PMC", "STER"
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag

micro_respcult Respiratory culture battestname == "RESP. CULT AND MICRQO" or battestcode | N/A
taken =="RESP"

micro_resppaerug Respiratory sample (battestname == "RESP. CULT AND MICRQO" or battestcode | N/A
positive for =="RESP") and (bugname == "PSEUDOMONAS
Pseudomonas AERUGINOSA" or bugcode == "PSAR")
Aeruginosa

micro_resppcr Respiratory PCR battestname == "RESPIRATORY PCR" or battestcode == N/A
sample taken "RPCR"

micro_surfswabcult | Surface swab culture battestname == "SURFACE SWAB CULTURE" or N/A
taken battestcode == "SFC"

Blood tests lims_albumin Albumin testname == "ALBUMIN" N/A
lims_alkphosphatas | Alkaline phosphatase testname == "ALK.PHOSPHATASE" N/A
e
lims_alt Alanine testname == "ALT" N/A

transaminase (ALT)
lims_bilirubin Bilirubin testname == "BILIRUBIN" N/A
lims_creatinine Creatinine testname == "CREATININE" N/A
lims_crp C-reactive protein testname == "CRP" N/A
lims_eosinophils Eosinophils testname == "EOSINOPHILS", "M EOSINOPHILS" N/A
lims_haemoglobin Haemoglobin testname == "HAEMOGLOBIN" N/A
lims_hbalc HbAlc testname == "HBA1C (DCCT)", "HBA1C (IFCC)". Convert N/A
DCCT to mmol/mol units as follows: (value - 2.15)*10.929.
lims_lymphocytes Lymphocytes testname = "LYMPHOCYTES", "M LYMPHOCYTES" N/A
lims_neutrophils Neutrophils testname == "NEUTROPHILS", "M NEUTROPHILS". Drop N/A
values out of range 0.02-150 X10*9/L or 0-100 %.
lims_platelets Platelets testname == "PLATELETS" N/A
lims_potassium Potassium testname == "POTASSIUM" N/A
lims_psa Prostate-specific testname == "PROS SPEC AG" N/A
antigen (PSA) test
lims_serumb12 Serum B12 testname == "SERUM B12" N/A
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
lims_serumfolate Serum folate testname == "SERUM FOLATE" N/A
lims_sodium Sodium testname == "SODIUM" N/A
lims_transferrin Transferrin testname == "TRANSFERRIN" N/A
lims_urea Urea testname == "UREA" N/A
lims_whitecells White cell count testname == "WHITE CELLS". Drop values out of range 0.1- | N/A
150 X10*9/L
limsflag_psa Any PSA test requested | Binary variable for having had a previous PSA test in IORD | N/A
in the past X years
limsflag_serumb12 | Any serum B12 test Binary variable for having had a previous serum B12 test N/A
requested in IORD in the past X years
limsflag_serumfolat | Any serum folate test Binary variable for having had a previous serum folate test | N/A
e requested in IORD in the past X years
limsflag_transferrin | Any transferrin test Binary variable for having had a previous transferrin test N/A
requested in IORD in the past X years
Vital signs vital_dbp Diastolic blood All results from eventname == “Diastolic Blood pressure”. | N/A
pressure Drop if below 10 mmHg or above 200 mmHg
vital_heartrate Heart rate All results from eventname == “Heart Rate”. Drop if below | N/A
20 bpm or above 350 bpm
vital_oxygensat Oxygen saturation All results from eventname == “Oxygen Saturation”. Drop | N/A
if below 50% or above 100%.
vital_resprate Respiratory rate All results from eventname == “Respiratory Rate”. Drop if | N/A
below 4 br/min or above 80 br/min
vital_sbp Systolic blood pressure | All results from eventname == “Systolic Blood Pressure”. N/A
Drop if below 20 mmHg or above 300 mmHg.
vital_temperature Temperature All results from eventname == “Temperature Tympanic”. N/A
Drop if below 25C or above 45C.
Personal trait_weight Weight (kg) eventname == "weight_measured", "weight_working", N/A
traits "weight_estimate", "weight_unknown".
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Dataset Variable name Short variable Definition Previously Previously published link
description published
flag
trait_height Height (cm) eventname == "height" N/A
trait_bmi BMI (kg/m2) Calculated from weight and height values as weight N/A

(kg)/(height (m)"2)
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