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Abstract

Objectives

This study identifies predictors of severe COVID-19 following completion of two-dose
primary series of the AZD1222 COVID-19 vaccine, employing eXtreme Gradient
Boosting (XGBoost) and Shapely additive explanations (SHAP), as an explainable
artificial intelligence (Al) approach.

Method

A retrospective cohort study using linked primary care data from the Oxford-Royal
College of General Practitioners Clinical Informatics Digital Hub (ORCHID), including
computerised medical records of over 19 million people in England, for the period
from 8th December 2020-31st December 2021, as part of the Real-world effective-
ness of the AZD1222 COVID-19 vaccine in England (RAVEN) study. We evaluated

a two-dose primary series of the AZD1222 vaccine on COVID-19 related hospitalisa-
tion, ICU admission or death.

Results

A total of 4,515,280 individuals with a two-dose primary series of AZD1222 vaccine
were analysed, where 7,171 individuals had a record of severe COVID-19. Variables
with the greatest predictive weight for COVID-19 mortality in vaccinated individu-

als were age = 85 years, high Cambridge Multi-Morbidity Score, and chronic heart,
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ORCHID Hub which can only be accessed by a
third party with legitimate interest. This included
researchers of this study as per the ethics
approval by the NHS Health Research Authority
London — Bromley Research Ethics Committee
on May 2021, with REC reference: 21/HRA/1971
and IRAS Project ID: 300259. Data are however
available from the authors upon reasonable
request and with permission of the University
of Oxford, AstraZeneca, and NHS Digital.
Information for requests can be addressed to
the Primary Care Hosted Research Datasets
Independent Scientific Committee (PrimDISC)
(primdisc@phc.ox.ac.uk).

Funding: This study was supported by
Astrazeneca UK Limited in the form of a grant
awarded to SdeL and University of Oxford in
the form of a salary for AT, BMT, XF, RB, MJ,
SdelL, and DC. The specific roles of this author
are articulated in the ‘author contributions’ sec-
tion. Staff from AstraZeneca (WM, SV and ST)
and University of Oxford (AT, BMT, XF, RB, MJ,
SdeL) collaborated and worked together on the
study design, data analysis, decision to publish
and preparation of the manuscript.

Competing interests: WM, SV and ST are/
were (at the time of manuscript submis-
sion) employees of AstraZeneca and may
hold AstraZeneca stocks/shares. DAC was
supported by a National Institute for Health
Research (NIHR) Research Professorship,

an RAEng Research Chair, the InnoHK Hong
Kong Centre for Cerebro-cardiovascular
Health Engineering (COCHE), the NIHR Oxford
Biomedical Research Centre (BRC), and the
Pandemic Sciences Institute at the University
of Oxford. SdL is Director of the Research and
Surveillance Centre; has received research
funding through University of Oxford for
vaccine-related research from AstraZeneca,
GSK, Moderna, MSD, Pfizer, Sanofi, and
Seqirus; and has been a member of advisory
boards for AstraZeneca, GSK, Sanofi, and
Segirus, with any funding paid to University
of Oxford. All other authors do not declare
competing interests. This does not alter our
adherence to PLOS ONE policies on sharing
data and materials.

respiratory and kidney diseases; variables predicting COVID-19 hospitalisation
following completed primary series included high CMMS, obesity, and being offered
early COVID-19 vaccination in the national vaccine campaign (e.g., vaccinated during
the first quarter of 2021); predictors of COVID-19 ICU admission included obesity,
female sex, being offered early COVID-19 vaccination in the national vaccine cam-
paign, chronic kidney disease and diabetes. Across models, age =85 years was
highly predictive of mortality and moderately predictive of hospitalisation. However,
for ICU admission it was reported as not predictive.

Conclusion

Obesity, chronic heart, respiratory and kidney diseases were the main predictors
across models, which is comparable to the scientific literature, validating the explain-
able Al approach. XGBoost can accurately predict severe outcomes in fully vacci-
nated individuals. Predictive models built on real-world primary care data can help to
timely identify individuals to be prioritised for vaccination booster.

Introduction

The UK was one of the first countries that introduced a mass vaccination campaign
for COVID- 19 and first started vaccinating the elderly population [1]. Vaccination
with the ChAdOx1 vaccine (AZD1222) started in early January 2021. Real-world
evidence demonstrated the effectiveness of two-dose primary-effectiveness against
hospitalisation due to SARS-CoV-2 variants including Alpha, Delta, and Omicron,
similar to that with mRNA vaccines as well as durability of protection over 4—6
months against hospitalisation and death [2—5]. The Real-world effectiveness of the
Oxford/AstraZeneca COVID-19 vaccine in England (RAVEN) study was initiated in
March 2021 to assess the effectiveness of the AZD1222 vaccine. As the need for
booster COVID-19 vaccination was anticipated [6], and was introduced in the UK

in September 2021, it was recognised that the RAVEN study could also evaluate
extended objectives, such as identifying the predictors of severe COVID-19 in fully
vaccinated individuals.

A sub-optimal response in individuals post COVID-19 vaccination is defined as a
severe SARS-CoV-2 infection despite being fully vaccinated with two doses. Individ-
uals with suboptimal responses have been reported to have lower seroconversion
after booster vaccination, [7—9] and to include high-risk groups such as those with
immunosuppressive conditions, multimorbidity, or older age groups [10]. Large-scale
real-world routine datasets, based on electronic health records (EHRs), may allow for
the identification of previously unreported risk groups. Due to their sample size, data
heterogeneity and the potential linkage to multimodal data sources, they may be par-
ticularly suited for the implementation clinical predictive models based on explainable
artificial intelligence (Al) [11]. Explainable Al refers to methods aiming to understand
the reasoning behind Al predictions, for example by coupling predictive modelling
methods (e.g. XGBoost), to techniques rendering more intuitive explanative outputs,
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such as Shapely additive explanations (SHAP). While conventional statistical methods, such as regression analysis, allow
for adjustment for known confounders, explainable Al adds an emphasis on clinical predictive value. The combination of
such conventional and Al approaches, may render a potentially useful combination for targeting public health interven-
tions. Prompt identification of suboptimal responders may allow for early vaccination boosters or other mitigation strate-
gies to ensure the optimal protection of vulnerable populations in the face of emerging viral threats.

Explainable Al and machine learning (ML) methods have been used for predicting side effects, disease severity, and
mortality in COVID-19 [12—14]. However, to the best of our knowledge there is no investigation on the clinical predictors
of severe outcomes in vaccinated individuals which could be targeted in future epidemiological emergencies. Given that
severe outcomes such as mortality were highest amongst vulnerable populations, such as in long-term care and assisted
living facilities [15,16] which the AZD1222 vaccine was designed to address, it is imperative to understand predictors of
severe events, as a proxy for suboptimal response, in individuals who received a two-dose primary series of AZD1222
vaccination.

Aim and objectives

The aim was to investigate predictors of severe COVID-19 in individuals after receiving a two-dose primary series of
AZD1222 vaccine, where severe COVID-19 is defined as COVID-19 related hospitalisation, intensive care unit (ICU)
admission, or death, by implementing clinical predictive modelling based on explainable Al. The study objective was to
identify predictors of COVID-19 related hospitalisations, ICU admission, or death amongst those vaccinated with a two-
dose primary series of AZD1222 during 2021.

Materials and methods
Study design

This was a retrospective cohort study using linked secondary data databases in England.

This study is based on the cohort used in the RAVEN vaccine effectiveness study. The RAVEN study design matched
individuals who were vaccinated with one, two, or three doses of AZD1222 COVID-19 vaccine to unvaccinated individu-
als, and modelled the occurrence of the event of interest. The design included a rolling cohort matching approach, [17] in
which matched unvaccinated individuals who subsequently become vaccinated were censored, along with their matched
vaccinated counterpart. The newly vaccinated individual could then re-join the study within the vaccination group (pro-
vided they met the inclusion and exclusion criteria) and were matched to a new unvaccinated control.

For this analysis we focused on vaccinated individuals in the matched cohorts who received 2 doses of AZD1222
COVID-19 vaccine.

Setting and data sources

The setting was England, using primary care electronic healthcare records from the Oxford-Royal College of GPs Clinical
Informatics Digital Hub (ORCHID), a near real-time nationwide health-care dataset stored in secure Trusted Research
Environment (TRE) [18,19].

We included data from approximately 19 million individuals from the ORCHID primary care database who were linked
to secondary care and COVID-19 data. Individuals in ORCHID are broadly representative of the English population in
terms of age, gender, ethnicity, NHS Region, socioeconomic status, obesity and smoking habit [20].

The study covers the period of time from first roll-out of COVID-19 vaccines in England to the end of December 2021.

Through the NHS DARS we requested access and linkage of ORCHID to secondary care data assets collected as part
of routine care and commissioning activities in the NHS, including:

» National Immunisation Management Service (NIMS) — including datasets on COVID-19 Vaccination Status
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» Hospital Episode Statistics (HES) — covering patients attending accident and emergency (A&E) units, admitted for treat-
ment, or attending outpatient clinics at NHS hospitals in England, including details about length of stay

« Civil Registrations: Information including the date, place and certificated cause of death from the Office for National
Statistics (ONS)

* The COVID-19 Second Generation Surveillance System (SGSS) — Demographic and diagnostic information from
laboratory test reports for patients tested for COVID-19 in England only. It included the first positive results from pillar 1
(swab testing in Public Health England (PHE) and NHS hospital labs and pillar 2 (swab testing for the wider population)
(Time lag — less than 1 week)

+ COVID-19 UK Non-hospital Antigen Testing Results (Pillar 2) data includes a range of COVID19 test results, including
National Pathology Exchange (NPEX). This is broadly similar to SGSS, but only covers Pillar 2 data, however, contains
the full result set —i.e., all positive, negative and null results.

Study population

The study population was individuals in England who received a two-dose primary series of AZD1222 COVID-19 vaccine
between the 4" January 2021 and the 315t December 2021. Study participants were aged 18 years or over, considered
eligible for vaccination by age at the time of conception of the study.

The following inclusion criteria were used:

« Eligible for vaccination by age (age 18 or over)
* Two doses of AZD1222 COVID-19 vaccination

 Be eligible for linkage with Second Generation Surveillance System (SGSS) and National Pathology Exchange (NPEX)
to identify history of prior COVID-19 infection

» Have continuous data coverage in other linked databases, including ORCHID, for a minimum of 12 months prior to 4th
January 2021 for assessment of baseline variables including socio-economic status, comorbidities, and follow-up of
outcome events.

We excluded people with a history of COVID-19 infection (confirmed by reverse transcriptase polymerase chain reac-
tion [RT-PCRY]) prior to vaccination using the SARS-CoV-2 infection datasets, SGSS and NPEX.

Individuals with missing values were excluded to avoid the introduction of noise in the analysis which could have
compromised the models as learned imputations are imperfect. The only variables which reported missing values were
ethnicity, smoking status and BMI.

Variables

Outcomes. We studied the following outcomes when occurring 15 days after the second COVID-19 vaccine dose, and
before any booster vaccine dose:

« COVID-19 related hospitalization: Including emergency inpatient admission. Defined as hospitalisation with an ICD-10
primary code for COVID-19 (U071, U072) on admission to hospital, i.e., DIAG01 in HES APC.

* COVID-19 related ICU admission: defined as an ICU admission during a hospitalisation for COVID-19 as defined
above

* COVID-19 related death: where COVID-19 is the underlying cause of death, based on an ICD-10 code (U071, U072) for
COVID-19 in ONS mortality data.
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Exposures. Exposure was defined as two doses of AZD1222 vaccine administered at least 15 days from each other,
from 4™ January 2021 onwards.

We used data from the NIMS, containing information on the COVID-19 vaccine brand, date of vaccination, and dose
sequence (first, second or booster dose).

Other covariates. Covariates were investigated as potential predictors, defined using the most recent measurement
12 months prior to the vaccine roll out date — 4" January 2021 for AZD1222 COVID-19 vaccine.

Sociodemographic characteristics included age, gender, ethnicity, NHS Region, socioeconomic status, and body mass index
(BMI) category. Comorbidities were defined following the Greenbook Chapter 14a [21], and included chronic respiratory, kidney,
heart, vascular, liver, and neurological diseases; diabetes mellitus, severe mental illness, morbid obesity, asplenia or spleen dys-
function, and immunosuppression due to disease or treatment. Composite scores included the Cambridge Multimorbidity Score
quartile (CMMS, 1=least comorbidity) [22], and the Electronic frailty score [23] category among individuals aged 65 years or older
(Fit, mild, moderate severe, missing). We included prior Influenza vaccination (last 2 years), COVID-19 vaccine batch number,
month of COVID-19 vaccination (calendar time), and long-term care (for people aged 70+). The propensity to consult (health
seeking behaviour) was measured by the number of GP visits in year prior to the baseline date, coded as 0,1,2,3,4,5+ visits).

Covariates were obtained from EHRs using ORCHID and HES - linked data. The Care Quality Commission (CQC)
register, was used to identify individuals under long-term assisted care.

Statistical methods

Summary measures. Descriptive statistics were used to describe demographic and clinical characteristics of
individuals in the study cohort. Frequencies and percentages were used to describe categorical variables. Central
tendency (mean or median) and dispersion (standard deviation or interquartile range) measures were used to describe
continuous variables. Standardised mean differences were used to compare subgroups.

Predictive modelling. A ML model using extreme gradient boosting trees (XGBoost) was trained to predict the study
outcomes among individuals with a two-dose primary series of AZD1222 vaccine. An analysis was then performed on the
trained model to identify variables that were positively associated with the positive model predictions.

Extreme gradient boosting trees: XGBoost is a ML algorithm that obtains a predictive model by assembling multiple
decision trees and is capable of modelling non-linear relationships between the predictors and the outcome. The output of
the predictive model is a weighted sum of the prediction of decision trees. Gradient boosting performs empirical risk min-
imisation to minimize the deviation or loss between the true prediction and this weighted sum of individual decision trees’
predictions. Gradient boosting starts with a single decision tree and incrementally adds more decision trees in a greedy
manner while performing the empirical risk minimisation.

We used an XGBoost classifier that consisted of 100 weak estimators or decision trees having a maximum depth
of 3 and the log-loss loss function. Hyperparameter tuning was used to select these parameters by maximising the
average AUROC across all five folds. The search spaces for the number of trees and maximum depth were limited to
{10,100,250,500,1000} and {2,3,4,5,6,7,8,9,10}, respectively. The learning rate of 0.01 was used to train the models. The
log-loss is a standard choice for binary classification/prediction tasks.

We used Shapely additive explanations (SHAP) to identify the most relevant features in XGBoost. SHAP is a game
theory-based method to explain the contribution of each feature in a model prediction for an input example. The sign of a
SHAP value indicates the positive or negative association with the model outcome. It is possible to aggregate these local
or individual contributions in order to gain a better understanding of the overall importance of features and their associa-
tion with the model outcome.

Model validation. The area under the receiver operating characteristic curve (AUROC) was used to evaluate model
performance. The model was trained in a five-fold cross-validation setup, where we used five runs, with each run using
80% data for training and 20% for testing [24].
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The model was trained multiple times with different random seeds (random initialisations) to ensure that similar average
performance (in terms of AUROC across five-fold cross-validation) and similar characteristics of sub-responders were
obtained in each run.

All analyses were performed using Python and R programming languages [25].

Sensitivity analyses. To assess variation attributable to the modelling methodology, ML models using logistic
regression (LR), and a fully connected neural network (DNN) were trained to predict the suboptimal response cases
exhibiting the study outcomes among individuals with a two-dose primary series. The same validation methods as above
described were followed (S5 and S6 in S1 File).

Missing values. People with implausible values were excluded from the main cohort prior to matching. Implausible
values included vaccination dates earlier than the first vaccine rollout date, and outlier values of BMI after observing the
empirical distribution.

For the Al modelling, individuals with missing values were excluded. Exclusion was preferred over ML-based imputa-
tions to avoid the introduction of noise in the analysis.

Ethics approval. Retrospective pseudonymized routine data were used for this study. Data was extracted for the
period between the 4" January 2021 and the 315t December 2021, including data from patients registered in practices
belonging to the Oxford Royal College of General Practitioners Research and Surveillance Centre (RCGP RSC), who did
not dissent from their data being used for research purposes at their primary care practice [26]. These data are held at the
ORCHID Hub, a TRE [26,27] that meets the NHS Digital Data Security and Protection standards [28]. The data included
only the covariates specified, and authors did not have access to information that could identify individual participants
during or after data collection. The data collection stage, when data were accessed for research purposes, was between
23rd August 2021 and the 15th December 2022. Ethics approval was granted by the NHS Health Research Authority
London — Bromley Research Ethics Committee on May 2021, with REC reference: 21/HRA/1971 and IRAS Project ID:
300259.

Results
Descriptive results

From over 18.3 million people with records in the ORCHID database, a total of 4,515,280 individuals had a record of a
two-dose primary series of AZD1222 vaccine (Fig 1). After removing those with missing values 18.40% (n=830,954), the
study population comprised 3,684,326 individuals, with a mean age of 57.2 (SD=14.0) years. Up to 52.5% (1,933,025) of
the vaccinated cohort were female, and 47.5% (1,751,301) were male (Table 1).

Outcome data

Atotal of 7,171 (1.2%; 7171/602659) individuals had a record for severe COVID-19 during the study period. This included
COVID-19 related deaths in 12.9% (925/7171), hospitalisations in 78.5% (5630/7171) and ICU admissions in 8.6%
(616/7171) of cases (Table 2).

Predictors of mortality, hospitalisation and ICU admission using trained XGBoost models and SHAP

Hospitalisation prediction. People with high CMMS score, obesity, chronic respiratory, heart and kidney disease,
diabetes, immunosuppression, age = 85 years and male sex are at a higher risk of a suboptimal response resulting in a
COVID-19 related hospitalisation according to the SHAP values of the trained XGBoost model (Fig 2 and S11 in S1 File).

People who were vaccinated earlier in the year — first quarter of 2021 — were at higher risk of hospitalisation (Fig 3a). A
larger gap between the two vaccine doses is positively associated with hospitalisation (Fig 3b); noting that time between
vaccinations in the UK was defined as 11-12 weeks at the start of the vaccination campaign; later, in May 2021, it was
reduced to 8-9 weeks.

PLOS One | https://doi.org/10.1371/journal.pone.0336449 February 20, 2026 6/22




PLO\S\%- One

| Eligible Population | Assessed for eligibility in RSC
(n=18,373,714)

Excluded 13,545,851
Died before baseline date, n=130,354
Vaccinated before baseline date, n=361,925
Age < 16 years at baseline date, n=3,365,921
Age > 108 years for men and > 112 years for women, n=20
—> Incomplete data record n=2,744,555%*
History of COVID-19 before vaccination, n=712,840
15t vaccination with another brand, n=4,165,219
Invalid GP record of death (not in ONS), n=8,806

Invalid ONS record of death and cause, n=0
Eligibility Unvaccinated, n=2,056,211
\ 4
4,827,863 vaccinated individuals who are eligible for
matching
+ + P 121,566 not matched
Individuals with only one COVID-19 4,706,297 matched vaccinated
vaccine dose individuals in VE study of 2 doses

1 191,017 with follow-up < 15 days
\ 4

4,515,280 matched vaccinated

- individuals with follow-up = 15 days in
Analysis VE study of 2 doses**

P{ 830,954 with missing data

\ 4

3,684,326 matched vaccinated
individuals with follow-up = 15 days in

VE study of 2 doses
925 5630 616
COVID-19related | | COVID-19 related | | COVID-19 related
deaths hospitalisations ICU admissions

Fig 1. ORCHID cohort consort diagram. * Includes people who registered within a year of baseline, and those who registered over a year before
baseline but deregistered at or in the 12 months before baseline, or between baseline and the 1st vaccination, or between their 1st and 2nd vaccina-
tion. VE — vaccine effectiveness; ONS — Office of National Statistics. **These are the full matched analysis cohorts used for the estimation of vaccine
effectiveness for COVID-19 related death.

https://doi.org/10.1371/journal.pone.0336449.9001
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Table 1. Participants included in the study cohort.

Variable Category All Vaccinated Vaccinated individuals After
individuals Removing Missing Values

Total 4515280 3684326

Age [mean (SD)] 56.5 (14.27) 57.2 (14.0)

Age category 16-24 97078 (2.1) 55595 (1.5)
25-34 216788 (4.8) 164177 (4.5)
35-39 173023 (3.8) 136877 (3.7)
40-44 437921 (9.7) 345257 (9.4)
45-49 511839 (11.3) 413206 (11.2)
50-54 649420 (14.4) 525757 (14.3)
55-59 631574 (13.9) 514851 (14.0)
60-64 523665 (11.6) 434379 (11.8)
65-69 422717 (9.4) 362115 (9.8)
70-74 425677 (9.4) 369251 (10.0)
75-79 248336 (5.5) 216286 (5.9)
80-84 86846 (1.9) 73004 (2.0)
85+ 90396 (2) 73571 (2.0)

Sex F 2292766 (50.8) 1933025 (52.5)
M 2222514 (49.2) 1751301 (47.5)

Index of multiple deprivation 1 (most) 667893 (14.8) 554972 (15.1)

quintile 2 777425 (17.2) 634658 (17.2)
3 910308 (20.2) 743230 (20.1)
4 1001820 (22.2) 814331 (22.1)
5 (least) 1157834 (25.6) 937135 (25.4)

Ethnicity White 3462715 (76.7) 3292977 (89.4)
Asian 245096 (5.4) 232231 (6.3)
Black 96936 (2.1) 92549 (2.5)
Mixed 37640 (0.8) 35228 (1.0)
Other 34405 (0.8) 31341 (0.9)
Missing 638488 (14.1) -

BMI Underweight (BMI<18.5) 77659 (1.7) 61945 (1.7)
Normal (BMI 18.5-24.9) 1404342 (31.1) 1211724 (32.9)
Overweight (BMI 25-29.9) 1519686 (33.7) 1335947 (36.3)
Obese (BMI 30—-39.9) 1040128 (23) 917531 (24.9)
Severe obesity (BMI 40+) 163833 (3.6) 144313 (3.9)

Not recorded

293248 (6.5)

Smoking status Never smoked 2476716 (54.9) 2047261 (55.6)
Active smoker 691025 (15.3) 551516 (15.0)
Ex-smoker 1283674 (28.4) 1085549 (29.5)
Not recorded 63865 (1.4) -

Region East of England 311710 (6.9) 250012 (6.8)
London 561672 (12.4) 495417 (13.4)
Midlands 776494 (17.2) 648285 (17.6)
North East and Yorkshire 534869 (11.8) 429594 (11.7)
North West 705911 (15.6) 587838 (16.0)

South East

990937 (21.9)

789698 (21.4)

South West

633687 (14)

483482 (13.1)

(Continued)
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Table 1. (Continued)

Variable Category All Vaccinated Vaccinated individuals After
individuals Removing Missing Values
Index month (month of second Jan-21 14 (0.0003) 10 (0.0002)
AZD1222 vaccination) Feb-21 1368 (0.03) 1106 (0.03)
Mar-21 148369 (3.3) 123538 (3.4)
Apr-21 1160236 (25.7) 998005 (27.1)
May-21 1653042 (36.6) 1359492 (36.9)
Jun-21 1157572 (25.6) 903795 (24.5)
Jul-21 333367 (7.4) 252406 (6.6)
Aug-21 43571 (1.0) 32252 (0.9)
Sep-21 8204 (0.18) 6314 (0.17)
Oct-21 4279 (0.09) 3323 (0.09)
Nov-21 3445 (0.07) 2683 (0.07)
Dec-21 1813 (0.04) 1402 (0.04)
Cambridge multimorbidity score 1 (lowest) 996552 (22.1) 804396 (21.8)
quartile* 2 935229 (20.7) 722086 (20.0)
3 935375 (20.7) 735556 (20.0)
4 (highest) 1648124 (36.5) 1422288 (38.6)

Comorbidities

Chronic respiratory disease

184211 (4.1)

165349 (4.5)

Chronic kidney disease

201946 (4.5)

178181 (4.8)

Chronic heart disease 567419 (12.6) 490497 (13.3)
Chronic liver disease 109110 (2.4) 95687 (2.6)
Chronic neurological disease 302526 (6.7) 254401 (6.9)
Diabetes 382453 (8.5) 345943 (9.3)
Severe mental illness 60866 (1.3) 54849 (1.5)
Asplenia 30642 (0.67) 26021 (0.7)
Immunosuppression 128513 (2.8) 111308 (3.0)
Flu vaccination (Current Season) 2353899 (52.1) 2122785 (50.9)

BMI — body mass index; CMMS — Cambridge multimorbidity score; EFI — electronic fragility index; N — number; NA — not applicable; SD — standard

deviation

https://doi.org/10.1371/journal.pone.0336449.t001

Table 2. Number of recorded COVID-19 related deaths, hospitalisation and ICU admission
amongst individuals with a two-dose primary series of the AZD1222 vaccine in the ORCHID cohort

(n=7,171).

Outcome categories Frequencies (%)
COVID-19 related deaths 925 (12.9)
COVID-19 related hospitalization 5630 (78.5)
COVID-19 related ICU admission 616 (8.6)

https://doi.org/10.1371/journal.pone.0336449.t002

Flu vaccination seems to have no impact on the hospitalisation risk (Fig 4). Moreover, active smoking seems to have a
negative association with hospitalisation.

Predicting ICU admissions. Similarly as for the other two study outcomes, obesity, female sex, calendar time, chronic
kidney disease, diabetes, and immunosuppression are associated to COVID-19 related ICU admission according to SHAP
values from the trained XGBoost (Fig 5 and S12 in S1 File). Age =2 85 was negatively associated with ICU admission.
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Fig 2. Beeswarm plots depicting top 25 most relevant features in XG Boost trained for COVID-19 hospitalisation prediction.

https://doi.org/10.1371/journal.pone.0336449.9002

Vaccination in the first two quarters of 2021, and a gap of over 90 days between vaccine doses are associated to
higher risk of ICU admission (Fig 6).

Flu vaccination seems to have no impact on ICU admission risk, while active smoking is negatively associated (Fig 7).

Mortality prediction. Age =85 years, high CMMS, chronic heart, respiratory and kidney disease were the variables
with the highest SHAP values predicting cases resulting in COVID-19 related mortality for the XGBoost trained model.
Males (Sex=0) have a higher mortality risk than females. Immunosuppression, obesity, older age groups (80—-84 years),
and people who got vaccinated earlier in the year (calendar time) were also associated to higher mortality (Fig 8 and S10
in S1 File).
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A higher risk of mortality is observed for a second vaccination dose received in the first quarter of the year 2021
(Fig 9a). Similarly, the larger the gap between two doses is positively associated with mortality (Fig 9b).

The SHAP values for smoking status and flu vaccination are small, and not relevant as predictors (Fig 10). However, flu
vaccination was associated to a lower risk of mortality; while being ex-smoker was negatively associated. Active smokers
do not seem to be associated to mortality as the spread contains both negative and positive SHAP values.

Discussion
Key results

Clinical predictors. In the predictive modelling with XGBoost, age = 85 years, high CMMS, and chronic heart,
respiratory and kidney diseases were the variables with the greatest weight in predicting sub-optimal responses resulting
in COVID-19 related mortality occurring at least 15 days after vaccination. For COVID-19 hospitalisation as an outcome,
high CMMS, obesity, and being offered early COVID-19 vaccination in the national vaccine campaign (e.g., vaccinated
during the first quarter of 2021) were found predictive in the model. Predictors of ICU admission included obesity, female
sex, vaccination in the first quarter of 2021 (calendar time), chronic kidney disease and diabetes.

For unvaccinated individuals, the literature reports age as the strongest risk factor for severe COVID-19, with a mortality
risk ratio (RR) >7 for those aged between 65-80 years, and RR>10.6 for people aged 285 years [29,30]. In our study with
vaccinated individuals, age = 85 years was the strongest predictor for mortality, but only the predictor with 12" highest weight
for hospitalisation. Similarly, we did not find age between 60—80 years to be a strong predictor. In unvaccinated individuals,
mortality increases with comorbidities, which is comparable to our results (e.g., CMMS). Likewise, heart, respiratory, and
kidney diseases were reported amongst the main predictors in our analyses, as in unvaccinated individuals [31].

A greater than 90-days gap between the first and second dose was positively associated with the three severe COVID-
19 outcomes studied. Individuals who received their second dose earlier in 2021 — during the first and second quarter of
2021 — were more likely to be sub-responders. This could have multiple confounders, including the prevalence of less
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Fig 4. Box plots depicting the SHAP values for each category of smoking and flu vaccination status corresponding to XGBoost trained for
COVID-19 hospitalisation prediction.

https://doi.org/10.1371/journal.pone.0336449.9004

virulent variants in the latter parts of 2021, vaccine waning with time, or prioritisation of high-risk groups for early vacci-
nation. Since the cut-off date of analysis was December 2021, people who were vaccinated earlier in the year would be
expected to exhibit more waning. Similarly, time between vaccinations in the UK was defined as 11-12 weeks at the start
of the vaccination campaign; later, in May 2021, it was reduced to 8-9 weeks. Therefore, individuals prioritized for earlier
vaccination may have been older and with more comorbidities, and would have had a longer follow-up, more time for wan-
ing, and an overall higher risk of presenting the study outcomes [2,32,33].

In the sensitivity analysis comparing three different ML methods (XGBoost, LR and DNN), cardiovascular multimorbidity
was consistently amongst the main predictors, including chronic heart, respiratory and kidney diseases. Obesity, immuno-
suppression, diabetes and vaccination in the first quarter of 2021 were also consistently reported across all study outcomes
in the three models. All three ML models reported age = 85 years as highly predictive for mortality and moderately predic-
tive for hospitalisation. However, for ICU admission as an outcome, age =85 years was reported as not predictive by the
XGBoost and DNN models, and protective by the LR model (S5 in S1 File). This finding can reflect on how age impacted
on the pathways of care at the time of the COVID-19 pandemic. Further qualitative research can investigate potential asso-
ciated factors, such as the ICU referral criteria or resource allocation considerations at the time of the pandemic [34].

Interpretations of the clinical predictive modelling. Increased mortality in suboptimal vaccination response
cases in older people, immunosuppressed groups and people with chronic respiratory disease are in keeping with other
studies. A recent prospective study showed that people with chronic obstructive pulmonary disease (COPD), living in
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care homes and who were having grade B chemotherapy had a significantly higher risk of mortality [35,36]. Conversely,
younger people and with a record of flu vaccination in the current year are associated with lower risk of mortality. For
example, a recent systematic review and meta-analysis showed that flu vaccination was associated with lower SARS-
CoV-2 infection by 24%, death by 32%, hospitalisation by 25% and ICU admissions by 29% [37]. Whilst not establishing
a causal relationship, it replicates our findings, suggesting further research could investigate potential confounders in the
association between flu vaccination and severe COVID-19 outcomes. Lastly, immunosuppressive treatments and kidney
disease are associated to low antibody and cell-mediated immune response, which could be plausibly associated to
breakthrough infections after vaccination [38,39].
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There are multiple risk factors for hospitalisation due to COVID-19 in vaccinated individuals. Between January and
December 2021, there was significant mutation in the SARS-CoV-2 virus (54). The response to vaccination can be dis-
parate in different ethnicities [40]. In addition to chronic respiratory and kidney disease, our study found severe obesity is
a strong predictor of sub-optimal response following COVID-19 vaccination [41]. Severely obese people with COVID-19
infection are at a higher risk of ICU admission due to poor respiratory reserve, metabolic derangement [42] and non-
alcoholic hepato-steatosis (NASH) [43], low level vasculitis, a prothrombotic and proatherogenic milieu [44,45]. The cyto-
kine storm associated with COVID-19 infection is much more pronounced in severely obese people [46,47]. The immune
response after vaccination in severely obese people can be compromised [48], resulting more severe infection causing
multi-organ failure, requiring intensive care to provide respiratory, cardiac and renal support. People with severe obesity
are more likely to need convalescent plasma or hyperimmune immunoglobulin [49] and therefore ICU admission rate was
higher in this group of people.

In our study, we found the risk of mortality, hospitalisation, and ICU admissions in current, ex- and non-smokers were
lower, which is counterintuitive. Some studies reported that smoking was a protective factor for COVID-19 outcome [50],
while other studies found it increased the risk of mortality [51,52]. Smokers with pre-existing COPD were particularly at a
higher risk of the study outcome following SARS-CoV-2 infection [53], even in younger smokers [54]. However, the impact
of smoking on the severity of COVID-19 infection can be varied due to its effect on nicotinic receptor and immune system.
SARS-CoV-2 virus adheres to ACE-2 receptor which upregulates the expression of ACE 2 receptor in smokers causing
more severe disease [55]. On the other hand, chronic smokers may have a dampened immune response, and therefore,
may not be able induce a cytokine storm [56,57]. Further study is needed to explain the impact of smoking on COVID-

19 related mortality, hospitalisation, and ICU admissions, as our retrospective study cannot make a causal relationship
between smoking and COVID-19 outcomes due to the coding of and misclassification of smoking status as potential
limitations.
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Fig 7. Box plots depicting the SHAP values for each category of smoking and flu vaccination status corresponding to XGBoost trained for
COVID-19 ICU admission prediction.

https://doi.org/10.1371/journal.pone.0336449.9007

Implications of ML modelling on clinical practice. The sensitivity analysis showed comparable AUROC
performance between all three predictive models, with XG-Boost reporting only slightly better results than LR and DNN.
This is consistent to other studies comparing ML methodologies [14,58]. This suggests XG-Boost is an accurate predictor
of suboptimal COVID-19 vaccine response in high-risk patients, defined as a severe SARS-CoV-2 infection despite
being fully vaccinated with two doses. When combined with SHAP explanations, it fulfils the best practice of enabling
stakeholders to understand why a particular prediction was reached [59].

While conventional statistical regression methods allow for adjustment for known confounders, with a degree of causal-
ity [59], explainable Al emphasises on clinical predictive value. Although predictive models do not imply causal inference,
they may be of additional utility for public health interventions by individually flagging high-risk patients through large-scale
EHR data. It has been discussed [60] that ML methods are better suited to integrate diverse and complex data sources,
such as EHRs. ML also allows combining different types of modelling, and may improve the performance for temporal
modelling when using epidemiological data, which may be irregularly sampled.

Improving the content and quality of large-scale datasets, for example, through multimodal linkage at the national or
international levels, may improve the predictive performance of explainable Al methods [11,60]. Further research can
investigate how to implement feedback mechanisms from centralised data models to clinicians and decision makers.

This would enable an action point for complex clinical predictive models based on multimodal linked datasets, which for
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https://doi.org/10.1371/journal.pone.0336449.9008

the moment can only be implemented by centralised data aggregators, rather than as a clinical on-site tool. Thus, predic-
tive models built on primary care data could help identify individuals at high-risk of severe COVID-19 outcomes, or other
infectious respiratory diseases, to be prioritised for vaccination booster. In such case, real-world data modelling can inform
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community-based interventions to promote COVID-19 vaccine uptake in those population subgroups identified as having
higher vaccine hesitancy [61].

Strengths and limitations

Generalisability is a strength of the study as the cohorts were derived from a national population included in ORCHID,
the sentinel network of volunteer primary care practitioners who have been recording data on respiratory diseases and
vaccinations for over 50 years [62]. To improve representativeness, larger recruitment of practices in the eastern region,
and target recruitment into the practice network is necessary [20]. Although the AZD1222 vaccine was our focus, further
research can explore how the findings would apply to other COVID-19 vaccines.

This analysis did not actively consider the dynamics of vaccine waning. The analysis was restricted to people who
received their second vaccine dose in 2021. As a result, an individual who received a vaccine dose in January has more
time to exhibit vaccine waning than someone who got vaccinated in the later months of 2021. Further research may
investigate the potential effect of waning on predictions in individuals to whom early vaccination was indicated due to the
presence of risk factors, including older age and comorbidities.

Records with missing data were excluded from the cohort, which may potentially introduce bias towards those with
high comorbidities. Missing data could signify lower health literacy or lack of visits to primary care, representing potentially
better health or lower co-morbidities. However, excluding missing data prevented the introduction of noise into the ML
models. Also, since sub-optimal response is associated with higher morbidity and lower health, the direction of the results
presented is not expected to be impacted. The results show no evidence of data not being missing at random, which sup-
ports the representativeness of the study population.

Although the k-fold cross validation method used is a common method in ML, it may have limitations in the valida-
tion results, compared to temporal or external validation. However, an objective of the study was to develop a clinical
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Fig 10. Boxplots depicting the SHAP values for smoking category and flu vaccination status corresponding to XGBoost trained for COVID-
19 mortality prediction. Figure legend: Individuals who not belonging to a category and vice-versa are represented with 0 (Absent). Features such as
Non-Smoker with no impact on model exhibit zero SHAP values. Some boxes degenerate to median line if there is no variance in SHAP values, e.g., Flu
vaccination.

https://doi.org/10.1371/journal.pone.0336449.9010

predictive model from EHR data, which allows for further research to externally validate it across other national or large-
scale routine databases.

A limitation from the use of routinely collected data is the possible impact of missing or incorrect vaccination data. For
example, data from individuals in the ORCHID database that could not be linked to their vaccination records, or those indi-
viduals who were vaccinated outside England. We do not have information about the success of the linkage of data from
the ORCHID database with COVID-19 vaccination records. However, pre-specified definitions for exposure and severe
COVID-19 outcomes were defined using curated ORCHID variable definitions and ICD10 codes (e.g., hospital admis-
sions). Death certification was linked to the cohort so that primary reason for death could reliably be established.

Conclusion

Obesity, chronic heart, respiratory and kidney diseases were reported as main predictors of severe COVID-19 in previ-
ously vaccinated individuals across ML models, which is comparable to the scientific literature, validating the explainable
Al approach. Although age 2 85 years was highly predictive for mortality and moderately for hospitalisation, it was nega-
tively associated with ICU admission.

XGBoost can accurately predict occurrence of severe COVID-19 in individuals who have received a two-dose primary
series of AZD1222 vaccine. While conventional statistical methods, such as regression analysis, allow for adjustment for
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known confounders, explainable Al adds an emphasis on clinical predictive value, which may provide a potentially useful
combination for targeting public health interventions.
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