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Background: In the United Kingdom (UK) primary care electronic health records (EHR), key demographic, clinical, and lifestyle variables
such as ethnicity, social deprivation, body mass index and smoking status are often incomplete. This incompleteness can compromise research
validity by introducing bias and reducing statistical power. There are a number of frequently used approaches to handling missing data,
including complete records analysis (CRA), missing indicator method and multiple imputation (MI), however it is not clear to what extent these
are used in primary care EHR analyses or whether their use is appropriate. This study examines current practice for applying methodologies and
reporting of missing data, in one of the largest UK primary care EHR databases, the Clinical Practice Research Datalink (CPRD).
Methods: A random ~10% sample of observational studies from the CPRD bibliography, published between 01 January 2013 and
31 December 2023, was selected. Article screening and data extraction for each paper was completed by two reviewers, who used pre-
prepared pro-forma to independently extract reporting and methods for handling missing data.

Results: From 2,481 publications during the study period, a random 220 were selected for detailed review. Missing data were reported
in 163 (74%) studies. CRA was applied in 50 studies (23%), missing indicator method was used in 44 studies (20%), MI in 18 studies
(8%), and alternative methods such as reclassification and mean imputation, in 15 studies (6%).

Conclusion: Many studies fail to follow published best practice, often relying on flawed methods like the missing indicator method.
Greater transparency, rigorous missing data techniques, and clearer reporting are needed. Improved guidance with practical examples
would enhance research quality. Without methodological consistency and scrutiny, the risk of bias and misinterpretation remains high,
making it essential to integrate missing data considerations into study design and analysis.
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Introduction

Observational data are a key resource for health researchers investigating possible relationships between exposures and
outcomes. Routinely collected electronic health records (EHRs), such as the Clinical Practice Research Datalink (CPRD),
a primary care EHR database, are widely used for research in the United Kingdom (UK)." Despite their widespread use,
missing data remain a persistent challenge, in both CPRD and similar large administrative databases.” Alongside loss of
precision and statistical power, missing data can lead to biased inferences, particularly when related to outcome, exposure
and/or confounders.® This issue is especially relevant in studies of diseases where prevalence and exposure effects vary
across key demographic, clinical, and lifestyle factors.* Given that sociodemographic factors like ethnicity, index of
multiple deprivation, clinical and lifestyle factors such as body mass index (BMI), smoking, blood pressure are often
incompletely recorded,”” this raises concerns about the validity and generalisability of findings.
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There are several analytical approaches to analyse partially observed data. These make varying assumptions about the
missingness mechanism at play in the data source and how it acts upon the outcome, exposure and confounders in the
scientific model.® Rubin’ first classified missingness mechanisms as missing not at random (MNAR), missing at random
(MAR) and missing completely at random (MCAR), and in complex data sets such as EHRs, different mechanisms may
cause the missingness of different variables. Under an MCAR mechanism, missingness is caused by factors which are
independent of those under investigation (and hence independent of variables included in statistical models to address
these questions). Under an MAR mechanism, the probability that data are missing may depend on the observed values
but, crucially, this dependence is fully explained once we control for those variables. Informally speaking, any systematic
differences can be explained by associations with the observed data. When the missingness mechanism is MNAR, given
the fully observed data, the probability that data are missing remains dependent on the unobserved values of the
incomplete variable. The challenge is that it is not possible to evaluate if the missing data are MAR or MNAR using
only the available data.'®'?

Given this, addressing missing data, by clearly stating assumptions, using appropriate methods and transparently
reporting the results is not an optional extra, but a fundamental requirement for ensuring the reliability of epidemiological
and clinical research. The consequences of failing to do so are not merely theoretical but have been demonstrated in
practice. Poorly addressed missing data can lead to misleading inferences, underscoring the need for transparent reporting
of assumptions and methods. For example, the initial QRISK study, developed to predict cardiovascular diseases revealed
substantial missingness in key variables. Although the authors did multiple imputation, they failed to specify the multiple
imputation model correctly.'® This led to the authors erroneously reporting that serum cholesterol ratio was not an
independent predictor of cardiovascular risk, highlighting how incomplete or inconsistently recorded data can undermine
the reliability of clinical decision-making tools.'* Furthermore, the robustness of the results to a range of contextually
plausible assumptions about the missing data should be explored.

Over the years, numerous methods have been developed to improve handling missing data in research studies, and
from at least 2009 there have been a number of guidance papers.®'> 7 One of the key guidelines, the Treatment And
Reporting of Missing data in Observational Studies (TARMOS) framework,” provides a structured approach for
minimising the impact of missingness on study validity. This framework emphasises three key stages: planning,
conducting and reporting the analysis:

1. Planning the analysis: This stage involves defining research questions, outlining statistical models, and pre-
specifying methods to address missing data. Researchers are encouraged to consider potential missing data
mechanisms (eg, MCAR, MAR, MNAR) and select appropriate analysis strategies.

2. Conducting the analysis: During this stage, researchers explore patterns of missing data and apply preplanned
methods to address missing data. Sensitivity analyses are recommended to test the robustness of conclusions under
different missing data assumptions.

3. Reporting the analysis: Transparent documentation of missing data handling is essential. This includes detailing
imputation techniques, reporting the proportion of missing data, and evaluating how different methods impact
study outcomes.

Key components highlighted by other frameworks include exploring the missingness patterns and performing
a sensitivity analysis to explore the robustness of the conclusions.'®'?

Among the various statistical methods available, multiple imputation (MI) is widely regarded as a robust, flexible and
practical approach.?’ The most common approach and default in statistical software, is complete records analysis (CRA),
which excludes individuals with missing values on one or more variables from the analysis. CRA is a natural starting point,
but only valid under quite restrictive assumptions, and therefore typically insufficient. Alternatively, the missing data
indicator method, primarily used for categorical variables, adds an additional category (eg, “value not observed” or
“missing”) to the categorical variable at hand. While this method allows researchers to retain all individuals in the analysis,
the resulting inferences are generally inaccurate.'” A third common method is single value imputation. This approach

replaces missing values by a single common value: for example, by the observed mean for a continuous variable, or by the
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most common category for a categorical variable. As an example of the latter, an individual whose ethnicity is missing may
be imputed as “white”.?' Another method used is reclassification which involves reassigning existing values to different
categories based on a schema or rule for example merging values into broad groups such as “white” and “non-white”.
Suboptimal approaches to handle missing data include single imputation, last observation carried forward and replacing
missing values with “best” or “worst” values.® Lastly, inverse probability weighting (IPW) can be used to correct for bias due
to missing data while preserving statistical integrity,”® but in many applications it gives less precise results than multiple
imputation.'” This is because standard IPW (i) only retains complete records, reweighted to represent the full weighted
sample and (ii) partially observed variables cannot be readily included in the weights.

While effective handling of missing data is crucial for ensuring the credibility and reliability of research findings,
previous evidence suggests that current practice often falls short.® For instance, Graham® underscores the importance of
transparent reporting and adherence to best practices in missing data analysis to maintain the robustness and validity of
research findings. Despite the availability of these frameworks, many studies fail to fully adhere to the recommended
guidelines, raising concerns about the accuracy of their results.''** The widespread variability reported in missing data
handling raises concerns about the appropriateness of current practices in EHR research.

More recent reviews have examined specific aspects of management of missing data in observational studies. Mainzer

etal®

conducted a scoping review of MI usage in causal inference studies, identifying substantial gaps in the reporting of
imputation model specifications. Similarly, Wu et al*° reviewed missing data reporting in UK critical care cohort studies,
highlighting persistent deficiencies in transparency and methodological rigor. In the same vein, Okpara et al*’ reports
a methodological survey of geriatric journals and found that 62.5% of these studies offered no clear statement or
transparent reporting of missing data issues. In pharmacoepidemiologic studies using EHR Hunt et al,*® reviewed 62
papers to assess reporting practices and statistical approaches for handling missing data. The authors found that missing
data were handled inadequately and inconsistently.

However, no recent study has systematically examined missing data management within CPRD, which is one of the
most widely used electronic health records databases for health research, nor has there been a comprehensive evaluation
of adherence to best-practice guidelines in this context.

CPRD covers approximately 24% of the UK population, with coverage primarily concentrated in England." It is one of
the key resources for healthcare research in the UK, containing anonymised, linked individual patient data from both NHS
primary and secondary care settings. CPRD research has informed drug safety guidance and clinical practice and resulted in
approximately 3,500 peer-reviewed publications between 1988 and 2023. Additionally, CPRD’s linkage to other datasets,
such as hospital admissions and mortality records from the Office for National Statistics, enhances its utility for conducting
detailed and comprehensive analyses. Given the increasing reliance on CPRD for health research and policy development,
understanding how missing data are managed in this context is essential to ensure the robustness of research findings.*>*°

This study aims to fill this gap through a detailed review of a random sample of research articles utilising CPRD data
and listed in the CPRD bibliography. These were published in a wide range of journals, and include a range of studies,
although our focus was on cohort, cross-sectional, and case-control studies. We investigated the prevalence of missing
data, the methodologies employed to handle it, and the extent to which studies adhere to established guidelines. By
identifying dominant methodologies, assessing their appropriateness, and evaluating reporting quality, this review high-
lights gaps in current practice and offers recommendations for improving missing data management in UK primary care
research. Ultimately, this study seeks to support the process of aligning research methodologies with best-practice
standards, to avoid inappropriate handling of missing data leading to misleading scientific conclusions.

Methods

Sampling Frame
The source of scientific publications for this study is the CPRD bibliography, downloaded from https://www.cprd.com/

bibliography on 03/04/2024. The bibliography includes all peer reviewed papers published using CPRD data from the
inception of the database in 1987. This bibliography, maintained by CPRD, is updated monthly. The CPRD bibliography
is therefore a comprehensive source of publications for this study.
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Selection of papers was carried out in two phases. In the first phase, we restricted to publications between
01 January 2013 and 31 December 2023. This time frame was chosen to allow us to explore how practice has changed
over time. After applying the time restriction, there were 2,481 papers. Since this was too many for detailed review,
a random sample of 220 papers (~10%) was extracted (Figure 1).

Paper Selection

The paper selection process used the software Rayyan.?® Rayyan provided an automated randomised process which was
used to extract a proportion of the papers. Using pre-defined selection criteria (see below), from the random sample of
studies, we selected those classified as case-control, cohort, or cross-sectional studies. To check consistency and accuracy
in the application of the selection criteria, a randomly selected sample of 20 articles was independently screened for
selection by three of the four reviewers (ET, JC and IP).

Inclusion Criteria
e Published between 01 January 2013 and 31 December 2023
e Case control, cohort and cross-sectional study design
e May include comparisons or linkage to other secondary database sources

Exclusion Criteria
e Enhance any missing data with primary data collection
e Genomic research studies, eg, genome-wide association studies

Clinical trials studies (for example, informing the selection of suitable individuals to participate in a clinical trial or
use of CPRD data for individuals recruited in clinical trial)

Systematic reviews

Data Extraction

Having identified the sample of studies for inclusion, a pilot data extraction process was conducted on ten papers by all
reviewers (ET, JC, IP, and MC) to develop the data collection pro forma and establish a consistent method for completion.
Then double data extraction was independently carried out for all 220 papers by two reviewers (ET and MC) (see Table S1).
After the first set of 20 papers had been reviewed, ET and MC met to check agreement, resolve disagreements, and clarify
the questions to reduce future disagreement. At the end of the review process ET and MC met to resolve disagreements.
A small number of remaining disagreements were resolved by discussion among all authors.

Full CPRD Bibliography
(N=3,486)

-

CPRD Bibliography
between 01 Jan 2013 to
31 December 2023

(N=2,481) )

Not included: 1005

-

/ Reviewed random \
selection of cohort,
case-control and cross-
sectional observation
studies

\_ (N=220) Y,

Figure | Study Review Process.
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Extracted data were recorded and analysed using Microsoft Excel 24. The reporting process adheres to the guidelines
outlined in the Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews
(PRISMA-ScR) checklist.

Information was grouped by theme: study metadata, study design, primary statistical analysis, handling of missing
data in primary analysis, sensitivity analysis for missing data, study limitations, study variables (including confounders,
exposures and outcome variables), and reporting transparency.

For each study, we recorded the total number of individuals who satisfied the study inclusion criteria as the study size,
while we recorded the number of individuals included in the primary analysis as the analysis set size. Statistical analyses
for the primary outcome were categorised into descriptive, regression (ie, generalised linear model, generalised linear
mixed model, Cox proportional hazards model) analysis or other methods.

For missing data, we extracted the proportion of missing data in the study outcome, exposure and confounders, the
method for handling missing data in the primary analysis (eg, multiple imputation or restricting to the subset of complete
records), whether the assumptions about missing data underpinning the primary analysis were described/discussed and
whether sensitivity analyses were performed; to explore the robustness of conclusions to a range of assumptions about
the missing data. The full data collection pro forma is given in Table S2.

Results

Study sizes ranged between 76 and 17,480,766 individuals. Most papers were cohort studies (177, 81%), while the
remaining studies consisted of case-control (35, 16%) and cross-sectional designs (8, 4%). The most frequent analysis
was regression analysis (171 studies, 78%). Missing data was a prevalent issue, reported in 164 (75%) of studies. Despite
this, explicit strategies for handling missing data were often absent, with 53 studies (24%) not providing any discussions
of methods for handling missing data. For the primary analysis, MI was applied in 18 studies (8%), while 44 studies
(20%) used a missing category indicator, and 50 studies (23%) conducted CRA. No relationship was observed between
missing data method and study size (Table S3). Sensitivity analyses to assess the impact of missing data were performed
in 24 studies (11%). Reporting practices for missing data varied widely across the studies, revealing significant
inconsistencies. While 125 studies (57%) presented missing data in a table, only 90 studies (41%) described missing
data or the associated analysis comprehensively in both text and table (Table 1).

Table | Study Characteristics

Study Characteristics Study design
Case-control study 35 (15.9)
Cross-sectional study 8 (3.6)
Cohort study 177 (80.5)

Analysis type
Regression analysis (% of regression analyses)

Survival analysis 89 (52.0)
Logistic regression 47 (27.5)
Linear regression 6 (3.5)
Poisson regression 17 (9.9)
Negative binomial regression 5(2.9)
Other 7 (4.10)
Total (% of total studies) 171 (77.8)
Descriptive analysis 31 (14.1)
Other 18 (8.2)

(Continued)
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Table | (Continued).

Study size
Min-Max 76 — 17480766
Mean 525028
Median 70622
IQR 210282
Not reported 12

Analysis cohort size
Min-Max 76 — 17480766
Mean 494324
Median 69440
IQR 196740
Not reported 5

Studies with difference between number of eligible individuals and analysis cohort size | 22 (10)

Reporting Characteristics | Report missing data 163 (74.1)
Report missing data in text only 36 (16.4)
Report missing data in table only 35 (15.9)
Report missing data in text and table 90 (40.9)

Study Characteristics

The 220 papers were published in 131 different journals. Most appeared in general medicine journals (60 studies, 27%),
followed by specialist journals endocrinology (20 studies, 9%) and cardiology (15 studies, 7%). In terms of individual
titles, the most common were the BMJ Open (14 studies, 6%) and British Journal of General Practice (10 studies, 5%)
(see Table S4 for number of papers by journal specialty).

Studies were published between 2013 and 2023, with the highest proportions from 2019 (27 studies, 12%), and the
fewest from 2013 (12 studies, 6%) (Figure 2). The study sizes ranged between 76 and 17,480,766 individuals, with
a mean of 525,028 individuals, whilst mean analysis set size was 494,324 individuals. Twelve studies did not report the
study size, and of these 5 studies did not report the analysis set size, so it was not possible to infer how many individuals
were included in the analysis (Table 2).

Comparison of Total Publications and Extracted Sample
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Figure 2 Publications in the Sample by Year.
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Table 2 Method for Handling Missing Data by Study Type (Percentages of Studies Within Each Analysis Type is Given Within Each Row)

Complete record analysis (N,%) 1 (2.0) 47 (94.0) 2 (4.0 50 (100.0)
Missing indicator method (N,%) 2 (4.5) 38 (86.4) 4 (9.1 44 (100.0)
Multiple imputation (N,%) 0 (0.0 18 (100.0) 0 (0.0 18 (100.0)
Other missing data method (incl. mean imputation, median 0 (0.0) 11 (73.3) 4 (26.7) 15 (100.0)
imputation, reclassifying missing data) (N,%)

No method discussed or applied (N,%) 28 (30.1) 57 (61.3) 8 (8.6) 93 (100.0)

Regression analyses were utilised in 171 studies (78%), of these, the most common analysis was survival analysis (89
studies, 40.5% of all regression analyses), followed by logistic regression analysis (47 studies, 28% of all regression analyses).
Descriptive analyses, which did not use statistical modelling, made up 31 (14%) of studies. Other types of analyses such as
predictive modelling, post authorisation safety study and cost effectiveness studies were less common (18 studies, 8%).

Methodology for Handling Missing Data

Among the 163 studies (74%) that acknowledged missing data in one or more variables (Table 1), the most commonly
used approach was the missing indicator method, applied in 44 studies (27%). CRA was used in 50 studies (30%), while
MI was applied in the primary analysis of 18 studies (11%). Additionally, 15 studies (9%) employed other methods, such
as reclassification and mean imputation (Table 2).

In 20 out of the 220 (9%) studies, there was a discrepancy between the number of eligible individuals and those
included in the primary analysis, suggesting that CRA may have been used without this being explicitly stated (Table 1).
Fifty-one (31%) studies stated how missing data informed the primary analysis (Figure 3). Sensitivity analyses addres-
sing the impact of different assumptions about the missing data were performed in 25 out of the 220 (11%) studies, eg, by
excluding variables from the model or using MI.

Of the studies reporting missing data (163 studies) there were 131 (80%) cohort studies, 24 (15%) case-control
studies and 8 (5%) cross-sectional studies. MI was used in 16 out of these cohort studies (12%) and 2 (8%) out of these
case-control studies. The missing indicator method was used in cohort 32 studies (24%), 10 case-control studies (42%)
and 2 cross-sectional studies that reported missing data, respectively.

Missing Data Considered/Informed Primary Outcome
Analysis

8
6
2
: 1. I . [ I

2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
Year

Number of Publications
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Figure 3 Missing Data Informed Primary Outcome Analysis.
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Other methods such as reclassification and mean imputation accounted for a small portion across all study designs (ie,
cohort, case-control and cross-sectional), showing minimal variation in analysis approaches beyond those mentioned. In terms
of missing data method used in different statistical analyses, for 2 (1%) descriptive analyses the missing indicator methods was
used, followed by CRA in 5 (2%) studies, no methods for handling missing data were discussed for the remainder of the
descriptive studies (Table 3). In terms of the most common regression method, survival analyses, the most common methods
for handling missing data were missing indicator method (20 studies, 9%) and MI (14 studies, 6%).

Missing Data in Possible Confounding Variables
A total of 131 (60%) of the studies had missing data in possible confounding variables of the association between
exposures and outcome, such as sociodemographic factors and key health indicators. Handling of missing data among
possible confounding variables had the most diverse range of methods, suggesting greater variability in handling missing
data for these variables. MI was more commonly applied in studies with missing confounders (15 studies). Missing data
in outcome variables were relatively uncommon, with only 9 (4%) studies reporting missing outcome data (Table 4).
The health indicator, with the most missingness across studies was BMI which had a missing range of 1 to 90%
(median 17% missing) across 98 (44% of all included) studies, with methods such as MI (18% of studies reporting BMI),
addition of missing categories (29% of studies reporting BMI), and exclusion patients (11% of studies reporting BMI)
being used to handle the missingness (Table 5). In terms of sociodemographic characteristics, among the 30 studies

Table 3 Missing Data Method by Study Designs (Percentages of Studies Within Each Method is Given Within Each Row)

Case-Control Study | Cohort Study | Cross-Sectional Study | Total
Multiple imputation 2 (I1.1) 16 (88.8) 0 (0.0) 18 (100.0)
Missing indicator method 10 (22.7) 32 (72.7) 2 (4.5) 44 (100.0)
Complete record analysis 3 (6.0) 44 (88.0) 3 (6.0) 50 (100.0)
None/Not discussed 20 (21.5) 70 (75.3) 332 93 (100.0)
Other 0 (0.0 15 (100.0) 0 (0.0 15 (100.0)
Total 35 (15.9) 177 (80.5) 8 (3.6) 220 (100.0)

Table 4 Method for Handling Exposure, Outcome and Confounding Variables Across Studies

Multiple Missing Indicator Reclassification | Complete Record None/Not Other
Imputation Method Analysis Discussed
Exposure 2 (0.9) 3(14) 1 (0.5) 10 (4.5) 8 (3.6) 2 (0.9)
Outcomes 0 (0.0 1 (0.5) 1 (0.5) 2 (0.9) 5(23) 0 (0.0
Confounders | 15 (6.8) 35 (15.9) I (0.5) 37 (l6.8) 35 (15.9) 8 (3.6)

Note: Individual studies may report multiple types of missing variables; therefore, the total does not equal the number of studies.

Table 5 Missingness in Key Health Indicators and Sociodemographic Factors

BMI 0.6-90.0 Total 98 (44.5)
Complete record analysis | 11 (5.0)
Multiple imputation 19 (8.6)
Missing indicator method | 28 (12.7)
None/Not discussed 32 (14.5)
Other 8 (3.7)

(Continued)
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Table 5 (Continued).

Smoking 0.1-90.0 Total 95 (43.2)
Complete record analysis | 11 (5.0)
Multiple imputation 15 (6.8)
Missing indicator method | 34 (15.5)
None/Not discussed 30 (13.6)
Other 5(23)
Alcohol Consumption 0.6-85.6 Total 38 (17.3)
Complete record analysis | 4 (1.8)
Multiple imputation 9 (4.1)
Missing indicator method | 15 (6.8)
None/Not discussed 2 (0.9)
Other 8 (3.6)
Ethnicity/Ethnic Group 1.4-82.0 Total 29 (13.2)
Complete record analysis | 2 (0.9)
Multiple imputation 7 (3.2)
Missing indicator method | 10 (4.5)
None/Not discussed 7 (3.2)
Other 3(1.4)
Index of Multiple Deprivation (IMD) | 0.0-45.2 Total 17 (7.7)
Complete record analysis | | (0.5)
Multiple imputation 4 (1.8)
Missing indicator method | 5 (2.3)
None/Not discussed 7 (3.2)
Other 0 (0.0

reporting ethnicity data, the proportion of missing ethnicity ranged between 1% and 82% missingness (median 42%). The
most frequent missing data methods used were adding a missing category (10, 33% of studies reporting ethnicity) or MI
(7, 23% of studies reporting ethnicity). One study reclassified ethnicity into two broad groups: “white” and “non-white’°
and another reclassified all missing ethnicity as “white”.>' Lastly, the Index of Multiple Deprivation (IMD) data was
missing up to 45% of individuals (median 23%) across 17 (6% of all included) studies, with missing data handled
through MI (4, 24% of studies reporting IMD) or the addition of a missing category (5, 29% of studies reporting IMD)

(for more details on other key health indicators refer to Table 5).

Discussion

Strengths and Shortcomings of Current Practice
The results show both the variety of methods used to handle missing data in CPRD analyses and wide variation in the

3235 stood out because they followed guidelines by discussing the assumptions

quality of reporting. Four studies
underpinning their primary CRA analysis. These articles provide useful examples for researchers to follow. By critiquing
the assumptions their primary analyses rest on, and transparently reporting the methods used, they enhance confidence in
the validity of their research findings.

Three studies®®>® demonstrated good practice in their handling of missing data by providing sufficient information for
their results to be reproduced. Consistent with key guidance papers'> these studies outlined the MI procedure used, including
the number of imputed datasets and the application of Rubin’s rules. This strengthens research validity (c.f).>**

One study stood out for reporting the extent of missing data and discussing potential missingness mechanisms.*!
Another study reported missingness for all variables, conducted MI, and specified the number of imputation datasets
created. It also compared results before and after imputation, allowing the readers to see the robustness of the conclusions

to different assumptions about the distribution of the missing data.**
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Unfortunately, alongside these examples of good practice, around 80% of studies did not follow one or more key
recommendations of the TARMOS framework for handling missing data. For example, a paper presented CRA as
a sensitivity analysis, without explaining how the CRA assumptions differed from those used to justify the primary
analysis.*> While CRA is valid when the probability of a complete record, given the covariates, is independent of the
response, the contextual plausibility of this assumption needs to be discussed. Further, because CRA are often very
inefficient (limiting conclusions that can be drawn), it is usually useful to complement them with more efficient analyses,
eg, multiple imputation.

One study reclassified missing ethnicity data into a separate category without assessing the potential bias
introduced.** It also excluded data on IMD, often strongly associated with ethnicity, without further explanation or
consideration of the implications. This mishandling of missing data raises concerns about the robustness of the findings.

Median/mean imputation, was another method used in four studies.>**>*’ Because the median value of the variable is
unrelated to other data from a patient, this approach biases the result, in ways that are not always easy to predict. For
example, median imputation of missing values for confounder can mean that important unadjusted confounding remains,
thus biasing the reported effects of exposure.®

The failure to provide justifications for excluding data was an issue in at least 20% of studies using complete case
analysis (Table 3). For example, a study by Kostanjsek et al*® which investigated whether undergoing bariatric surgery is
associated with a reduced risk of developing new-onset heart failure among individuals with obesity excluded partici-
pants with missing BMI, a critical indication for bariatric surgery, without explaining the rationale. The question is
whether this exclusion might have introduced a potential bias in their findings.

Within EHR settings, outcome variables which are the consequence of health care needs, ie, driven by disease
incidence or recurrence are generally well captured. This is because they reflect underlying costs, and capturing these
costs is the primary purpose of the database. Typically, when outcomes are not captured, they are deemed not to have
occurred. However, this should not be uncritically assumed; it is important to remember that databases like CPRD only
captures what is in the patient’s electronic health records. Often, we find that incidence and prevalence of a number of
conditions are slightly lower in electronic health records compared to community/population surveys.*’

A similar issue arises with exposure variables, if an exposure is the result of a cost, it is likely to be recorded. For
example, we can be relatively confident about drugs a patient has been prescribed (though not, of course, whether they
took them). In the same way, we have also seen that people with chronic conditions (eg, diabetes, cardiovascular
diseases, COPD, etc) covered by the Quality Outcome Framework (QOF) are more likely to have health indicators
recorded on regular basis.” However, as with outcomes, studies typically make the implicit assumption that the reason for
any missing exposure data is unrelated to the study question, so does not bias the results. This point is particularly
relevant for conditions classified using syndromic definitions, where diagnosis is often inferred from a combination of
recorded symptoms and prescriptions. If key components are not documented, the condition may be under- or
misclassified rather than truly absent. Again, in our survey, we did not find any papers that discussed this point.

To mitigate the limitations in capturing outcomes and exposures, a natural approach is to seek supplementary
information through data linkage of CPRD with complementary sources such as the Hospital Episode Statistics, or
ONS records. In addition, when direct measurement is not available, population level imputation using linked external
datasets can be used to improve multiple imputation of missing values.*'

Across 170 studies (77%), the methodology for handling missing data was either poorly documented or entirely
absent. For example, while 125 studies (57%) acknowledged missing data in tables only a few discussed it in their
methods, results, or discussion sections, limiting reproducibility (e.g).’® The lack of reporting also contributed to
a recurring challenge during the review as it was unclear whether studies actually used CRA. Many papers mentioned
missing data without clarifying how missing data were handled in subsequent analyses (e.g).,”'">* which made it difficult
to evaluate whether the methods employed appropriately addressed potential biases caused by missing data.

Adherence to Reporting Guidelines
Several guidelines have been developed to help authors with study design, methodology and analysis.’*>* Reporting is
covered by the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) guideline and more
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specifically an extension RECORD guideline was developed to provide a checklist for improving the transparency and
completeness of reporting in studies using routinely collected health data. Although the guideline states that the authors
should explain how missing data were addressed, they do not specifically require authors to articulate their assumptions
regarding missing data.>® This issue is particularly relevant for UK primary care studies, where additional guidelines and
their consistent application are necessary.

Based on established best-practice guidelines for handling missing data,>®>’

we would have expected a more
standardised and transparent approach across the reviewed studies. We had hoped to find that missing data reporting
was typically following recommendations, with detailed documentation in tables and methodological sections outlining
the proportion of missingness, missing data assumptions, and justification for and reproducible description of the
methods used. Unfortunately, this was far from the case. Many studies fell short of meeting the reporting standards
required for contemporary research practices for several reasons including not stating how missing data informed the
primary outcome analysis (77%), or only reporting missing data in a table (16%). For instance, in the study by

Kontopantelis et al,”®

it was difficult to determine the number of individuals included in the analysis, underscoring
a lack of transparency in reporting key methodological details. Similarly, in studies where person-years were the primary
outcome, it was often challenging to ascertain the number of individuals included in the denominator or the actual size of
the cohort, further complicating the interpretation of the results (eg,).””**°

Ideally, researchers should pre-specify missing data strategies during study design, explicitly discussing the extent of
missing data, whether data are plausibly MCAR, MAR, or MNAR, and how this informs the analysis. Given the frequent
missingness observed in sociodemographic and key health indicator variables (which are key confounding covariates in
many analyses), MI should have been the predominant method, as it is widely regarded as the most statistically valid
approach when covariates are approximately missing at random, and a natural method for exploring sensitivity of
conclusions to departures from this assumption, as recommended and illustrated in the TARMOS framework. Likewise,
CRA should be limited to cases where its assumptions are plausible. The implementation of sensitivity analyses can be
supported by the adoption of missingness-directed acyclic graphs (m-DAGs), which provide a structured and transparent
approach to addressing uncertainty about missing data assumptions.®’

One study combined the missing data with another category such as “other”.** This practice introduces a loss of
meaning by conflating unknown and infrequent categories. Further, since the new, combined, category contains a range
of true (underlying) values, confounding may not be properly adjusted for. In other studies we were unable to determine

any methods for handing missing data as the methods were unclear and the reporting was very ambiguous.*>%

Study Limitations
Given the study objectives, the only feasible approach was to carry out a detailed review of a random sample of papers.
This also avoided the challenge of identifying papers for inclusion in the study by checking the abstracts and keywords
for information about how missing data were handled. However, the challenges of missing data and their handling are
likely to be similar across other EHR databases. For instance, Petersen et al demonstrated that health indicators are also
frequently missing in another UK primary care database, The Health Improvement Network, and that the patterns of
missing data may be associated with an individual’s health status.® Nevertheless, future research could usefully confirm
whether similar issues with missing data handling are present in publications using data from other EHR databases.

Another potential limitation of this study is the reliability of data extraction, as differences in interpretation could
affect how missing data practices were classified. This concern was mitigated through a double-review process, where
each paper was independently assessed by two researchers, and discrepancies were resolved through discussion (see
methods). This approach helped enhance consistency and accuracy in data classification.

While a larger sample of papers would have allowed for a more extensive evaluation, the number of studies reviewed was
sufficient to provide a reliable assessment of current missing data practices. The sample size ensured that the findings captured
meaningful trends without introducing significant uncertainty, making it appropriate for addressing the study’s objectives.
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Conclusion

This study highlights the need for improvements in both the choice of analysis methods for, and reporting of, missing
data CPRD studies. While it is true that not all papers aimed at a clinical audience are required to report on missing data,
doing so remains a key aspect of methodological transparency. Missing data can introduce bias, reduce statistical power,
and compromise the generalisability of findings. These issues are directly relevant to clinical interpretation and
application. Given that clinical decisions and guidelines may be informed by such research, even brief reporting on
the extent, handling, and potential impact of missing data strengthens the validity and utility of the findings. Encouraging
consistent reporting of missing variables, particularly in studies using routine data, is therefore not just a methodological
concern but a matter of clinical relevance. While some studies, eg, those highlighted above, are exemplary, it is
disappointing that, despite guidelines for good practice being widely available, these are a small minority.

The widespread use of the missing indicator approach and the approach that assigns missing values of a categorical
variable the most frequent value (eg, missing ethnicity assigned to “white”) is particularly concerning, since it has been
accepted in the literature for many years that these methods are not valid under plausible assumptions about the missing
data and generally give misleading inferences.

In the light of this, we argue that a step-change is needed. Alongside dissemination of exemplars of good practice to
guide researchers, we believe journal editors and reviewers have a key role to play. Three key points are (i) checking
missing data are discussed in every manuscript; (ii) challenging authors who have used the missing indicator or most
frequent category method; (iii) asking for justification of the assumptions for complete records analysis and/or multiple
imputation. Ideally, in addition to these three points, authors, reviewers and editors should ask themselves if the
conclusions are likely sensitive to the missing data assumptions, and if so, consider a sensitivity analysis.

With large observational datasets, missing data are inevitable; for ~30% of papers to ignore this issue is not acceptable
Addressing missing data must be recognised as fundamental to producing high-quality, reliable research in primary care.
Without greater methodological consistency, transparency, and scrutiny, the risk of bias and misinterpretation will persist. To
drive meaningful change, researchers, journals, and institutions must work together to establish and enforce higher standards,
ensuring that the handling of missing data is no longer an afterthought, but a core element of study design and reporting.
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