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ABSTRACT

Objective To develop an ontology to identify pregnant
women from computerised medical record systems with
dissimilar coding systems in a primary care sentinel
network.

Materials and methods We used a three-step approach
to develop our pregnancy ontology in two different coding
schemata, one hierarchical and the other polyhierarchical.
We developed a coding system—independent pregnancy
case identification algorithm using the Royal College of
General Practitioners Research and Surveillance Centre
sentinel network database which held 1.8 million patients’
data drawn from 150 primary care providers. We tested
the algorithm by examining individual patient records in a
10% random sample of all women aged 29 in each year
from 2004 to 2016. We did an external comparison with
national pregnancy data. We used xz test to compare
results obtained for the two different coding schemata.
Results 243 005 women (median age 29 years at start of
pregnancy) had 405 591 pregnancies from 2004 to 2016
of which 333 689 went to term. We found no significant
difference between results obtained for two populations
using different coding schemata. Pregnancy mean ages
did not differ significantly from national data.

Discussion This ontologically driven algorithm enables
consistent analysis across data drawn from populations
using different coding schemata. It could be applied

to other hierarchical coding systems (eg, International
Classification of Disease) or polyhierarchical systems

(eg, SNOMED CT to which our health system is currently
migrating).

Conclusion This ontological approach will improve our
surveillance in particular of influenza vaccine exposure in
pregnancy.

BACKGROUND AND SIGNIFICANCE

WHO recommends influenza vaccination in
pregnancy,’ but monitoring is challenging
because pregnancy is often poorly recorded in
medical record systems. The reliable identifica-
tion of pregnant women is frequently required
for surveillance and monitoring of infec-
tious diseases and adverse events.”” Pregnant
women who are not immunised against influ-
enza remain at risk and sentinel networks need
to be able to monitor this.*” In England, the
Royal College of General Practitioners (RCGP)
Research and Surveillance Centre (RSC)

What is already known?

» Data recorded about pregnancies are of low qual-
ity. Poor information sharing between the multiple
agencies who provide care during and after preg-
nancy contributes to this.

» Ontological approaches can greatly enhance case
finding in situations where the attributes used to
identify cases are poorly recorded.

» Algorithmic approaches to pregnancy case finding
have been limited to date.

What does this paper add?

» This is the first time that the combination of an al-
gorithmic search based on a systematic ontological
approach has been used to identify pregnancies
based on patient-level coded information.

» This the first study to describe the application to pa-
tient-level data of a reliable search algorithm which
determines the start and end dates of pregnancies
for individual women, either with reference to a sin-
gle point in time or to a defined period of time.

» The pregnancy toolkit described is enabling the first
near-real-time monitoring dashboard for influenza
vaccine uptake in primary care.

How might it impact on clinical practice in the

foreseeable future?

» The pregnancy toolkit provides a robust solution
to the problem of reliable identification of discrete
pregnancies in patient-level data and should be of
particular value to sentinel networks.

» Examples of potential future use include the sur-
veillance and monitoring of infectious diseases and
adverse events in pregnancy, adherence to guide-
lines relating to drug use in pregnancy, associations
between drug misuse during pregnancy and birth
abnormalities, quality of postnatal care for women
with gestational diabetes and pre-gestational type
2 diabetes.

monitors influenza and other infection and
contributes to the study of influenza vaccine
effectiveness®; but is not currently reporting
vaccine uptake or effectiveness in pregnancy.
Pregnancy case finding is challenging
because multiple agencies provide care
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during and after pregnancy, each with their own
recording systems in different locations using varying
formats exacerbating poor information sharing. Over
time, English general practitioners (GPs) have become
progressively less involved in obstetric care, but the GP
is still the first point of contact in 66% of all pregnancies
with 90% subsequently undergoing a postnatal check.’
It has been shown in the Netherlands that pregnancies
are often not recorded in coded GP data."” In many preg-
nancies, data are stored non-electronically in a patient’s
handheld notes to try to overcome some of the difficulties
with data sharing.""

Algorithmic approaches to pregnancy case finding
have been limited.”"® Studies have explored the safety
of medication use during pregnancy.” "'? A review of
automated methods used to ascertain the beginning and
duration of pregnancy in health databases® revealed that
most studies used a wide range of markers to identify preg-
nancies’ 'Y while others were limited to specific markers
(eg, gestational age).'” One study, using a rule-based algo-
rithm, experienced a high false-positive rate attributed to
incomplete recording of key clinical events.?' Others used
standardised methods to quantify maternal mortality and
‘near misses’** ™ based on the use of coded death certifi-
cates rather than on identifying the timing and duration
of discrete pregnancies in patient-level data. A pregnancy
inferencing algorithm was developed using a common
data model (CDM) to detect pregnancies across data-
bases.'® There is no obvious gold standard against which
to measure the results of these algorithmic approaches.

Ontological approaches can greatly enhance case
finding when the attributes used to identify cases are
poorly recorded. They have been used successfully to
identify and classify patients with chronic diseases such as
diabetes in GP databases.”**

To address the lack of reporting of influenza and
vaccine uptake in pregnancy in the RCGP RSC sentinel
network, we developed an ontologically driven algorithm
to identify pregnant women.

MATERIALS AND METHODS

Overview

Our conceptual approach was to look for data that signi-
fied the start and end of pregnancy, and whether or not
the pregnancy had run to term (full length). We also
applied minimum and maximum time intervals between
the possible start and end dates for each pregnancy. We
accommodated two differently structured clinical coding
systems in use by practices in the RCGP RSC.

Study cohort

We applied our approach to data from the RCGP RSC. At
December 2016, the database consisted of coded primary
care data from 178 primary care providers, in the UK
described as general practices, with a total population of
around 1.7 million patients.27 2 We extracted data which
had been collected from 2004 to 2016. The main clinical

coding systems used in the database were Read version
2 (Read v2), a hierarchical system with disease headers,
symptom codes not unlike a clinical modification of the
International Classification of Disease (ICD); and Clin-
ical Terms version 3 (CTV3), a polyhierarchical system,
sharing many of the characteristics of the Systematised
NomQ%nclature of Medicine Clinical Terms (SNOMED
CT).

Three-step ontological approach to identify pregnancy cases

We used a three-step ontological process': ontology
construction—identification of key concepts that define a
case and their inter-relationship®*’*'; coding layer derived
by application of the ontology to the coding schemata®; a
logical data extraction process, which we implemented as

an algorithm,'? 1070 %!

Step 1: ontological layer
This process involved a literature review and identifying
key concepts and their relationships. We searched the
evidence base to identify similar ontologically based work
associated with patient-level data and found none. There-
fore, we consulted a group of experienced GPs to assist
in generating the initial concept definition for the preg-
nancy ontology. We considered levels of certainty:

» Definite: case ascertainment with a high degree of
certainty (eg, using concepts declaring a diagnosis).

» Probable: case ascertainment with a moderate degree
of certainty (eg, using concepts related to a pattern of
symptoms and signs suggestive of a case).

» Possible: case ascertainment with a low degree of
certainty (eg, using concepts related to laboratory
tests without clear indication of result).

Because our prime objective was to maximise the
certainty around pregnancy detection, we limited the
ontology to definite concepts. We used the Protégé
ontology development environment and Web Ontology
Language specification. The pregnancy ontology is
published online.”

Step 2: coding layer

We mapped from ontological concepts to clinical codes

classifying individual codes according to the degree

of certainty with which they mapped from ontological
concepts™ **:

» Direct mapping: ontological concept maps directly to
specific coding scheme term s).

» Partial mapping: ontological concept can only be
mapped to term(s) in the coding system which is/are
incompletely or partially representative of the onto-
logical meaning

» No clear mapping: ontological concept cannot be
mapped to any term(s) in the coding scheme with any
certainty.

Each ontological concept had none, few or many
representations in a given coding scheme.

The ontology was applied to Read v2 and CTV3 coding
schemes which have different hierarchical structures.”
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Read v2 is hierarchical like a branching tree; codes are
meaningful and determine the hierarchical positioning
of concepts whereas in CTV3 the code is meaningless and
does not determine hierarchical position. The applica-
tion of the ontology to the two coding schemes therefore
differed significantly. We identified codes that directly
mapped from all of the ontology main concepts. Codes
sets were originally generated by searching the relevant
parts of the Read v2 hierarchy. Subsequently, for each
overarching ontological concept, the resulting data were
categorised into subconcepts. The existence of these
more granular subconcepts facilitated identification and
addition of missing codes, re-allocation of codes to more
suitable main concepts and complete removal of those
codes that did not truly fit the definitions of any of the
main concepts. The process was then repeated for the
CTV3 clinical terminology.

Step 3: logical data extract layer

We developed a pregnancy case identification algorithm
to handle the extraction and processing of the codes
resulting from the preceding steps taking into consider-
ation the range of possible ways that pregnancies could
be recorded in routine data. We optimised both the algo-
rithm and the ontology by conducting iterative devel-
opmental testing, searching for anomalies, identifying
causes and implementing changes to improve sensitivity
and specificity.

Internal and external validation

In the absence of any reliable external gold standard,
we limited ourselves to testing the outputs of the algo-
rithm by inspecting the individual records in a random
10% sample of all women in the RCGP RSC database
aged 29, the median age for start of pregnancy, for each
year from 2004 to 2016. We checked that all pregnancies
identified by the algorithm were clinically valid. We also
checked those cases with at least one pregnancy ontology
code entry where the algorithm had not identified preg-
nancy. Review of resulting descriptive statistics provided
a degree of internal validation. For external validation,
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Figure 1 Subcategories for two coding schemes.

we compared average age at time of pregnancy with ONS
over the period 2004 to 2016. We adjusted RCGP RSC
ages by adding 40 weeks because ONS takes age at time of
delivery while RCGP RSC takes age at start of pregnancy.
We used % test where appropriate to compare data from
the two different coding schemata.

Ethical approval and consent to participate

Better identification of pregnant women and whether
they have been exposed to influenza vaccine is a key
public function of the RCGP RSC. This development was
approved by the RCGP study approval committee. Use
of the online Health Research Authority Decision tool
(1 August 2018) indicated that further approval was not
required for this research project which is exclusively
based in England. This complies with the requirements
for ethical review set out in section 2.3 of the Gover-
nance Arrangements for Research Ethics Committees,
published by the UK Health Departments in May 2011.

RESULTS

Ontological layer

The resulting ontology had three overarching main

concepts:

1. Definite pregnancy: Any concept indicating a definite
state of pregnancy.

2. Term pregnancy (delivered): Any concept indicating
that a potentially viable baby had been delivered.

3. Non-term pregnancy: Any concept indicating the early
end of a pregnancy (most commonly by miscarriage/
termination).

Each of these main concepts was further subdivided into

a number of subcategories (online supplementary file 1).

We noted that a relatively small number of subcategories

accounted for more than 99% of the representation of

each main concept. This was true for each individual
coding scheme (figure 1) although the relative contribu-
tions of the subcategories differed between the coding
schemes. Identifying the most important subcategories
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Table 1 Comparison of findings by coding scheme for 2015

Read v2 CTV3 All systems
Demographics
No of women registered 719 451 48 347 767 798
Summary of age (minimum/mean/maximum) 0/40.67/110 0/41.86/105 0/40.75/110
Pregnancy outcome type
All pregnancies 47 278 2760 50 038
Term pregnancies (delivered) 41735 2676 44 411
Non-term 5543 84 5627
x*=53.834, p<0.001
Pregnancy cases resulting in delivery
No of women pregnant 40 398 2574 42 972
Women with one pregnancy 39 065 2472 41 537
Women with two pregnancies 1329 102 1431
Women with three pregnancies 0 4

%°=0.46906, p=0.4934

assisted in applying the ontology to a new coding scheme.
The number of subcategories accounting for 99% of the
representation of each overarching concept was 8 for
‘Definite pregnancy’, 5 for “Term pregnancy (delivered)’
and 7 for ‘Non-term pregnancy’. Details of the numbered
subcategories in order of importance are in online
supplementary file 1.

Coding layer

Table 1 provides a comparison of findings by coding
scheme (Read v2 or CTV3). The number of women regis-
tered under the CTV3 scheme was much smaller than for
Read v2. With the exception of non-term pregnancies,
the numbers were within very similar proportions. A e
test performed with Yates continuity correction revealed
no significant difference between Read v2 and CTV3

100 4 Term

80

40

Percentage of women

20 +

v T T T T T v T
V] 2 4 6 8

Number of pregnancies per woman

systems for term and non-term pregnancies per 1000
women (p=0.17).

The graphs in figure 2 compare the total pregnancy
counts per woman (expressed as a percentage of the total
number of pregnant women) for the pregnancy outcomes
term pregnancy (delivered) and non-term. It can be seen
that, as expected, for both outcomes, the number of
women rapidly drops away for increasing total pregnancy
counts. The rates of drop-off for the two different coding
schemes fit very closely especially for term-pregnancy
(delivery) outcome.

Logical data extract layer

We designed the pregnancy case identification algorithm
to move forward in time through individual medical
records looking for any codes defined by the pregnancy

Non-term

Read v2
CTV3

80 +

40 4

20

0 2 4 6 8

Number of pregnancies per woman

Figure 2 Graph of pregnancy counts per woman for term pregnancy (delivered) and non-term pregnancies (for Read v2 and
CTV3 systems). Term pregnancies (deliveries) (for number of pregnancies from 1 to 4): ¥?=6.4592, p<0.1; non-term outcome (for

number of pregnancies 1-3): X?=57.834, p<0.001.
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BAP{A3.00 2017) Patient currently pregnant (13.06.2017)
Attended antenatal clinic 16 weeks (27.08.2017)
Gestational age (value=22 weeks) (13.09.2017)
Normal delivery (12.12.2017)

Patient A Ap.0 May Jun 8 Jul

Aug 16:£22 Oct Nov D38

Jan 0 Feb Mar [8

]
LMP (13.01.2017)I
Miscarriage (13.03.2017)

Patient B

0 an  Feb Marl;lL‘- May Jun Jul Aug Sep Oct 40lov 46¢c
| i
Start of pregnancy (15.01.2017) (calculated)

Postnatal check (03.12.2017)
Normal delivery (22.10.2017)

Jan F0 Marm May Jun 16Ju22 Aug Sep Oct No\40 Dec

Patient C

End of pregnancy (27.11.2017) (calculated)

Gestational age (value=22 weeks) (24.07.2017)
Attended antenatal clinic 16 weeks (12.06.2017)

Start of pregnancy (20.02.2017) (calculated)

‘ Recorded event (weeks). Calculated event (weeks)

Figure 3 Timeline of three example patients and their pregnancies as identified by pregnancy ontology during 2017. Patient A
had two pregnancies with clearly recorded start and end indicator events recorded. Patient B has one pregnancy with only the
end of pregnancy indicator events recorded. Patient C has one pregnancy with both start and end dates calculated. LMP, last

menstrual period.

ontology. Codes relating to the ontological definite preg-
nancy main concept were primarily used to calculate the
start date of a pregnancy whereas codes relating to the
other two ontological main concepts were used to deter-
mine the end date and also the pregnancy outcome (eg,
delivery of baby or non-term, typically as a result of a
miscarriage).

Description of resulting algorithm

The algorithm was designed to search through time until
it found a first code indicating pregnancy and, based on
the characteristics of the concept represented by that
code, to assign pregnancy start and end dates and also
a search period end date set beyond the expected preg-
nancy end date (figure 3). The search was extended in
this way to ensure that later codes relating to a given
pregnancy were appropriately processed and not misin-
terpreted as representing the start of a subsequent
pregnancy. Where successive codes were found in a preg-
nancy search period, the algorithm recalculated the start
and/or end dates, depending on the characteristics of
the code. Where that calculation resulted in an earlier
start and/or end date, then generally these were to be
adopted. The precise processing behaviour of the algo-
rithm on encountering codes during a search period
depended on the ontological categories of the codes
found.

Details of the rules governing algorithm processing,
along with configurable table-driven parameters, can be
found on the ontology website.*

Inputs and outputs

The minimum required inputs relating to every woman
in the source database were a unique identifier, a date
of birth formatted to support calculation of age at the
time of any event, and the combination of code, associ-
ated term and clinically relevant date for every instance
of every pregnancy ontology dataset code.

The output from the algorithm was directed to two
tables. The ‘Pregnancy Episode’ table held data about
every pregnancy episode found including patient ID,
pregnancy number, patient age at the start of the preg-
nancy, pregnancy start and end dates, and the pregnancy
outcome. The ‘Pregnancy Episode Codes’ table held
information about every pregnancy ontology dataset
code encountered during any single pregnancy episode
including the event date and a composite key made up of
patient and pregnancy number.

Pregnancy case identification workflow

The pregnancy case identification workflow started with
the creation of the input table as described above. The
input table was then parsed to identify pregnancies,
resolve any ambiguous cases and finally write the results
into the two output tables. Once the pregnancy case

Liyanage H, et al. BMJ Health Care Inform 2019;26:¢100013. doi:10.1136/bmjhci-2019-100013 5
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Pregnancy case

Clinical ‘ identification -
database algorithm
Data related to
concepts in
pregnancy ‘
ontology

Time period filter -

Exposure of interest
filter

Figure 4 Pregnancy ontology function pipeline.

identification algorithm had been executed, the output
tables could be repeatedly reused until the next source
database update (eg, influenza in pregnancy) (figure 4).

Algorithm output check

Each pregnancy identified by the pregnancy case identi-
fication algorithm in the 10% random samples of women
aged 29 was carefully checked and found to be clinically
credible. The records of women with at least one preg-
nancy ontology code but no pregnancy were also checked.
There was no evidence that the algorithm had missed any
clinically identifiable pregnancy in this group.

Descriptive statistics

The application of the toolkit to the whole RCGP RSC
database detected 405 591 pregnancies with start dates
ranging from 28 February 2004 up to 11 November 2016.
Table 2 shows details of the entire content of the resulting
output tables.

The majority of pregnancies ended with a delivery
outcome. In total, 12 018 pregnancies with unclassified
outcome had not yet resolved either into a term preg-
nancy (delivered) or non-term pregnancy at the time that
the data were extracted. The median duration of term
(delivered) pregnancies was 280 days (range, 176-308).
Pregnancies with a non-term outcome had a shorter
median duration of 98 days (range, 42-279) as would be
expected. The median number of ontologically relevant
coded entries detected and processed per pregnancy was
3 (range, 1-49). We also examined the toolkit output
table data for single calendar years along with data from
the RCGP RSC database relating to all women actively
registered in each of those years. Table 2 shows the results
for the calendar year 2015. Overall, 767 798 women

Patient ID Pregnancy # | Start Date End Date

P001 1 Jan -2007 Nov-2007
P001 2 June - 2010 Feb-2011
P002 1 Oct-2005 Aug-2006
P002 2 Jan-2009 Oct-2009
P002 3 Feb-2015 Dec-2015

Input: Time penod From 2000 to 2010

Patient ID Start Date End Date

Jan -2007 Nov-2007
P002 1 Oct-2005 Aug-2006
P002 2 Jan-2009 Oct-2009

Input: Exposure of interest = “Influenza”

Patient ID Start Date End Date

Oct-2005 Aug-2006

P002 2 Jan-2009 Oct-2009

accounted for 50 038 pregnancies. A total of 42 972
women had 44 411 term pregnancies (deliveries). More-
over, 41 357 women had one pregnancy with delivery
outcome. There were 1431 women who had two preg-
nancies with delivery outcome. Four women had three
pregnancies with delivery outcome. Though unlikely, it is
logically possible for a woman to have had three pregnan-
cies with delivery outcome reported within 12 months. In
such cases, the tool would have picked up the delivery
at the end of the earliest pregnancy, the start and end
of the second pregnancy, and the beginning of the third
pregnancy (ie, with most of the pregnancy plus delivery
occurring during the subsequent year). We checked all
full years of data from 2005 to 2015 and obtained similar
results. In no case was any woman reported in any one
year to have had more than three pregnancies resulting
in deliveries. We also checked the number of pregnancies
reported for each woman over the period 2004 to 2016.
The number of women rapidly fell away with increasing
pregnancy count regardless of the outcome (table 3).
Mean ages at time of pregnancy over successive years
from 2004 to 2016 showed a consistent upward trend in
both Office of National Statistics (ONS) and RCGP RSC
data (figure 5). After adjustment, there was no significant
difference between ages derived from RCGP RSC and
ONS (p=0.218).

DISCUSSION

To our knowledge, this is the first time that a systematic
ontological approach has been used to identify pregnan-
cies based on patient-level coded information. We believe
that our system is capable of producing reliable results

6 Liyanage H, et al. BMJ Health Care Inform 2019;26:¢100013. doi:10.1136/bmjhci-2019-100013
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Table 2 Overall results from database (2004 to 2016)

No of pregnancy cases
Women with at least one pregnancy
Total no of pregnancies found
Term pregnancies (delivered)
Non-term pregnancies
Unclassified pregnancies
GP first aware within 12 weeks (%)
All pregnancies
Term pregnancies (delivered)
Non-term pregnancies
Duration of pregnancies (days)
All pregnancies
Term -pregnancies (delivered)
Non-term pregnancies
Summary of ages for pregnancy cases
Age at start of any pregnancy (2004 to 2016)
Age at start of first pregnancy (2004 to 2016)
Age at start of any pregnancy —2005
Age at start of any pregnancy—2015
No of clinical codes processed per pregnancy

Pregnancies with two or more codes
Pregnancies with only one code

243 005
405 591
333 689
59 884
12018
75.9
79.7
50.2
Minimum Median Mean Maximum
42 280 243.4 308
176 280 269.2 308
42 98 92.31 279
10 29 29.16 69
10 29 29.29 69
11 31 30.61 69
10 29 28.97 69
1 3 3.99 49
282 197
123 394

GP, general practitioner.

across different coding systems used within the same
healthcare setting. Full details of the pregnancy ontology
toolkit and its functionality can be found on our ontology
webpage and online supplementary file 2. Our litera-
ture review identified examples of the multiple problems
encountered in attempts to identify discrete pregnancies
in patient-level data. There were many references to the
poor quality of the data recorded about pregnancies,

often worsened by a general lack of communication
between the multiple agencies involved in the delivery of
patient care,? 1013717202128 Apart from the Matcho study,'®
we did not find any other ontologically based solution
developed to overcome these problems.

The low median and mean numbers of codes processed
by the toolkit for each detected pregnancy reflect the spar-
sity of pregnancy-related data available in the RCGP RSC

Table 3 Table of pregnancy count, all term pregnancies (delivered) and non-term pregnancies

Number of pregnancies All pregnancies Delivered Non-term Ongoing
1 136 488 138 833 40 044 12018
2 136 784 127 268 13 670 0
8 77 157 48 405 4176 0
4 34 040 14 396 1360 0
5 13 675 3585 415 0
6 4920 900 132 0
7 1673 238 21 0
8 576 64 48 0
9 207 0 18 0
10 60 0 0 0
11 11 0 0 0
Totals 405 591 333 689 59 884 12018
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Figure 5 Comparison of mean ages at time of pregnancy
between Office of National Statistics (ONS) and Royal
College of General Practitioners Research and Surveillance
Centre (RCGP RSC) for 2004-2016.

database. The algorithm was functioning in most cases
on no more than two or three codes and in many cases
on just one code per detected pregnancy (figure 6) while
having the flexibility to handle much larger numbers of
codes when available. In many cases, there was no event
coded in the data to represent either the pregnancy start
date or the pregnancy end date so that one or both of
these had to be calculated. This will clearly have had an
adverse effect on the precision of these dates and thus also
of the duration of the pregnancy. The paucity of the data
also made it necessary to fine tune the parameter table to
obtain plausible durations and also to ensure that search
periods were optimised to avoid either misinterpreting
late-coded entries as new pregnancies or alternatively
incorrectly including them into a previous pregnancy
when in fact they signalled a true new pregnancy.
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Figure 6 Number of coded entries processed per
pregnancy in the database.

We started with a hierarchical (Read v2) terminology
and our ontological approach enabled us to extend
this into a polyhierarchical terminology (CTV3). In the
coming year we will use this same approach to incorpo-
rate SNOMED CT* * concepts when UK GP systems
have migrated to that coding scheme. Others could use
our approach to work with ICD or one of its clinical
modifications.

Age at start of any pregnancy ranged from 10 to 69
(table 2), but of the overall 405 591 pregnancies, more
than 99% had ages in the range 15-44. The small
numbers at the extremes were checked (RCGP RSC
database review) and found to be genuine. There were
differences relating to coding schemes and systems in
use even allowing for the much smaller number of preg-
nancies relating to CTV3 use. Most notably, there were
fewer non-term pregnancies in the CTV3 group than in
the Read v2 group (figure 2). This cannot be explained
by differences in the coding schemes because CTV3
provides the same or a greater range of concepts as
Read v2. However, the system supporting CTV3 is signifi-
cantly different from those supporting Read v2, and the
difference may be due to a more stringent application
of Information Governance preventing the extraction of
sensitive codes relating to termination and abortion. In
contrast, for pregnancies resulting in delivery per woman,
we demonstrated that the algorithm performed consis-
tently across the two coding schemes Read v2 and CTV3
(figure 2).

To improve accuracy, the Matcho study'® deliberately
excluded any pregnancy represented by less than two
coded entries. If the same exclusion had been be applied
to our UK RCGP RSC data, we would have lost about 30%
of all of the pregnancies detected. The CDM approach
used can be expected to lose detail as clinical terms are
condensed into CDM concepts. In contrast, our ontolog-
ical approach enables us to leverage the richness of the
clinical data and enable more inferences to be made at
a more granular level. This may be particularly valuable
where the data are sparse. Our approach may be prefer-
able for those studies that need more reliable detection
of any pregnancies represented in the data while the
Matcho study CDM approach may be more appropriate
for studies where precise duration of identified preg-
nancies is more important than reliability of pregnancy
detection.

We demonstrated that a high proportion of the repre-
sentation of each ontological concept was accounted for
by a small number of subcategories suggesting that the
task of mapping the pregnancy ontology to other coding
schemes could be simplified by excluding the lower order
subcategories (figure 1). Furthermore, this optimisation
should enable the algorithm to scale well with respect to
big datasets.

Our internal validation was limited to checking the
working of the algorithm and reviewing the findings on
the RCGP RSC database. There was no external validation
such as checking original medical records or comparison

8 Liyanage H, et al. BMJ Health Care Inform 2019;26:¢100013. doi:10.1136/bmjhci-2019-100013

" Je 6TOZ 'T JOQUIBAON U0 /w02 [wig soiewioul//:dny wois papeojumoq "6T0Z AINC ¥ U0 £TO00T-6T0Z-1PYIWA/9ETT 0T Se pays!ignd i1y :wioju| ared yiesH CINg

"ybuAdoo Aq paroslold


http://informatics.bmj.com/

I

1e 6TOZ ‘T JOQWIBAON UO /W0 [ sorewojul//:dny woly papeojumod 6102 AINC U0 £TO00T-6T0Z-10UlWA/9ETT 0T St paysiignd 1siy ‘wiojul 81ed yyesH CINg

with external data. Pregnancy data are available from
secondary care. In England, these are called Hospital
Episode Statistics,” but they are only available 3 to 6
months in arrears. Such data were not available for vali-
dation of term pregnancies identified in this study due to
time taken to obtain approval and cost. In any case, they
are not without problems.* *' However, such validation
may be possible in future. The close agreement between
ONS and adjusted RCGP RSC mean ages at time of preg-
nancy was reassuring.

The RCGP RSC network has a dashboard capability
which enables us to feedback to practices and improve
data quality. This pregnancy ontology will go live in our
dashboard* across the 2018/2019 season and report
vaccine exposure to pregnant women alongside older
people, high-risk groups and children which are fed back
already. Other uses planned or in train include adher-
ence to guidelines relating to drug use in pregnancy, asso-
ciations between drug misuse during pregnancy and birth
abnormalities, quality of postnatal care for women with
gestational diabetes and pre-gestational type 2 diabetes.

CONCLUSIONS

We have designed a reliable search algorithm for patient-
level GP data which determines the start and end dates of
pregnancies for individual women either with reference
to a single pointin time or to a defined period of time. We
encourage researchers analysing pregnancy data to adopt
our approach and for those in adjacent fields to extend
the ontology further. Our pregnancy toolkit provides a
robust ontologically based solution to the problem of
reliable identification of discrete pregnancies in routine
patient-level data and should be of particular value to
sentinel networks.
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