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Addressing Missingness in Predictive Models That Use Electronic
Health Record Data
Shanshan Lin, ScM; Rolf H.H. Groenwold, MD, PhD; Hemalkumar B. Mehta, MS, PhD; Ji Soo Kim, PhD; and
Jodi B. Segal, MD, MPH

Electronic health record (EHR) data are increasingly
used to develop prediction models that guide clinical
decision making at the point of care. These include
algorithms that use high-frequency data, like in sepsis
prediction, as well as simpler equations, such as the
Pooled Cohort Equations for cardiovascular outcome
prediction. Although EHR data used in prediction
models are often highly granular and more current
than other data, there is systematic and nonsystematic
missingness in EHR data as there is with most data.
Despite growing use for clinical decisions, algorithms
implemented in EHRs are mostly unregulated and
are often opaque to the user. Guidelines about the

development, validation, implementation, and reporting
on clinical prediction models are sparse in their rec-
ommendations regarding missing data. This article
characterizes missingness in EHR data, summarizes
methods for attending to missing data when devel-
oping prediction models, makes recommendations
about validation and implementation of models in
practice when data are missing, and identifies research
needs in this field.

Ann Intern Med. 2025;178:1451-1463. doi:10.7326/ANNALS-24-01516
For author, article, and disclosure information, see end of text.
This article was published at Annals.org on 9 September 2025.

A62-year-old woman with type 2 diabetes consults
her internal medicine physician for guidance.

During the visit, they use the Pooled Cohort Equations
to estimate her 10-year primary risk for atherosclerotic
cardiovascular disease (ASCVD). The risk calculator is
programmed into the electronic health record (EHR),
and with a simple command, the calculator reports
10-year risk for ASCVD of 6.2%. The calculator had
incorrectly assumed that the patient is not being treated
for hypertension, as the medication data from the EHR
and the text of the clinical notes are not accessible to
the risk calculator. The physician then enters the infor-
mation into a web-based calculator and correctly enters
the patient’s active treatment for hypertension, and her
risk is 8.2%.

The ASCVD prognostic algorithm in this scenario
was developed using data from 3 large cohort studies
and is now widely implemented in practice (1, 2).
Clinicians increasingly use estimates from prognostic
models to make decisions with patients, including ini-
tiating use of statins or bisphosphonates or preparing
for kidney replacement therapy. Astute users of predic-
tion rules will question how the algorithms’ creators
attended to missing data during the model’s devel-
opment and validation and how the algorithms imple-
mented in their own EHRs respond to missing data
elements. In the instance above, the algorithm defaults
to “no” treatment for hypertension when the informa-
tion is unavailable, thus underestimating the risk for
ASCVD.

In this article, we address considerations about
missing data, specifically in the EHR, in the develop-
ment, validation, and implementation of prognostic or
predictive models intended for use in clinical practice.
For brevity, we will use the term prediction models
throughout this article. We characterize missingness in

EHR data, summarize methods for attending to missing
data when developing and validatingmodels, make rec-
ommendations about the implementation of prediction
models in clinical practice when there are missing data,
and identify research needs in this field.

This is a different challenge than using EHR data to
make inferences about treatment effects. Incompleteness
in EHR datamay contribute to biases and health inequi-
ties if the missingness varies across populations (3); the
predictions will vary in their accuracy across popula-
tions, leading to inequitable treatment recommenda-
tions. Here, we contextualize missing data in EHRs to
raise awareness among clinicians using algorithms
deployed in the EHR and to highlight outstanding
research needs in the field.

THE PROBLEM OF MISSING DATA WHEN

DEVELOPING, VALIDATING, AND IMPLEMENTING

PREDICTION MODELS IN THE EHR
Despite growing use for decision making, algo-

rithms implemented in EHRs are mostly unregulated.
Currently, few decision support software applications
are certified by the U.S. Food and Drug Administration
(FDA), although this is evolving. In 2013, a workgroup
of the International Medical Device Regulators Forum
defined “software as a device” as “software intended to
be used for one or more medical purposes . . . without
being part of a hardware medical device” (4). In 2017,
the FDA led this workgroup’s efforts in preparing
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guidance for industry about the use of software as
stand-alone medical devices (5), and in 2021, the FDA
released a framework to guide the incorporation of ar-
tificial intelligence and machine learning into software
as a medical device (6). The Office of the National
Coordinator for Health Information Technology has
issued a rule to improve transparency in algorithm
development (7).

Algorithms deployed in clinical practice are most
often models used to inform a decision. These are
developed using various sources of data, including
administrative claims data (8, 9), data from cohort
studies (10, 11), data collected in the setting of clinical
trials (12–14), and data from the EHR that are generated
during usual care (15, 16). Although still uncommon,
EHR data are increasingly used for the development of
clinical predictionmodels to inform point-of-care recom-
mendations (17, 18). These include algorithms that use
high-frequency data, like for sepsis prediction (19), and
simple equations such as the Padua tool for inpatient ve-
nous thromboembolism prediction (20). Any of these
data sources will have some missing data that must be
considered by the developers. Guidelines about the de-
velopment, validation, implementation, or reporting on
clinical prediction rules are sparse in their recommenda-
tions, and none is specific to EHR-based prediction
models (Supplement Table 1, available at Annals.org).
Most of the published recommendations simply advise
researchers to report the number of persons with miss-
ing predictors or outcomes, compare characteristics of
persons with and without missing data, and discuss lim-
itations regarding missing data. This is insufficient in
the development and implementation of a tool that
will guide clinical care.

The Pooled Cohort Equations model described ear-
lier was developed in 3 cohorts (ARIC [Atherosclerosis
Risk in Communities], CARDIA [Coronary Artery Risk
Development in Young Adults], and CHS [Cardiovascular
Health Study]) supported by the National Heart, Lung,
and Blood Institute and was then validated in 2 other
large cohorts (21). In 2013, the developers called on
EHR vendors “to incorporate these risk algorithms
directly into their products to support meaningful use”
despite neither development nor validation of these
algorithms in EHR data. The developers make nomen-
tion of addressing missing data in the development of
the algorithms nor any suggestions about how missing
data might be attended to when deployed in an EHR.
Here, we focus specifically on models that are devel-
oped, validated, or implemented using EHR data given
the abundant challenges.

Data from EHRs are highly granular and are cur-
rent, often including data from the visit in which the
clinical decision is needed (for example, body mass
index or oxygen saturation). The EHR data typically
include point-of-care measures; laboratory testing
results; diagnoses and procedures coded for submission

for payment; data collected routinely from patient survey,
such as social determinants of health or health-related
behaviors; and sometimes discrete data recorded from
testing, such as left ventricular ejection fraction. The
unstructured text recorded in clinical notes is generally
less available for modeling, although natural-language
processing makes this increasingly viable (22). The pri-
mary challenge that we address in this article is that,
despite the clinical richness of these data, there is
systematic and nonsystematic missingness in EHR
data (3). In a systematic review of prediction models
that were developed with EHR data, only 54% of the
included articles described how the developers
addressed missing data, and this was often described
very generally (17).

Also worrisome is the scant attention to the deploy-
ment of prediction tools in a clinical setting where data
elements are incompletely available because of the
usual care seeking and care delivery behaviors. Despite
this expected missingness, most EHRs do not have ana-
lytic capabilities to fill in missing information; therefore,
most prediction tools are deployed as simple calcula-
tors. An outcome is only generated if the patient has in-
formation for each required variable or the calculator is
programmed to default to a value when data are miss-
ing. Imputation—filling in missing values using a model—
requires that data be transferred from the EHR system to
a separate computing environment, with results then
returned to the EHR. Epic Systems has a computing envi-
ronment, called Nebula, for that purpose, but it is largely
used for models that assess health system performance
retrospectively and not in real time to guide individual
patient care (23). Even the carefully designed Severe
COVID-19 Adaptive Risk Predictor (SCARP) model for
prediction of death due to COVID-19 (24) has no auto-
mated provisions for addressing missing data upon
deployment; it requires the user to enter the data when
prompted by the algorithm.

In this article, we assume that data have been pre-
pared by the clinical informaticians within the institution
following best practices, meaning that the processes
for extracting, transforming, and harmonizing the data
elements are appropriate and complete and the data
are ready for use for model development. Broad con-
siderations about the use of clinical data for research,
regulatory concerns, and human subjects protection
are outside the scope of this discussion (25).

KEY MISSING DATA CONCEPTS

The key concern is that missingness is often inform-
ative, meaning that if a measurement or observation is
missing in the EHR, that missingness may convey infor-
mation about the patient that is predictive of the future
(26–28). Because missing data cannot be ignored in
inferential studies testing hypotheses, it cannot be
ignored in the development, validation, and deploy-
ment of prediction models (17, 18).
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DefiningMissingness and Its Causes
In any data set, when data are missing, there are

unobserved values that would bemeaningfully included
in analyses or models if they were observed (29).
Missingness can occur at the level of the individual,
the encounter, or values from that encounter. To con-
ceptualize the reasons for which data are missing, we
have created a few newdefinitions (Glossary).We define
absent data as data that are not generated because
there was no clinical encounter—the patient did not con-
nect with care anywhere. This may be because they did
not need care or because they were unable to receive it.
We consider ghost data to be data that are invisible
within the health system’s data because care was deliv-
ered outside the health system—the patient visits a clinic
that does not transmit data to their primary health sys-
tem. We define vanished data as data that are expected
to be present but are not—for example, there was no
note from the encounter or the patient’s weight was not
recorded.

This framing necessarily precedes the consideration
of the missing data mechanisms that are commonly
assumed when making inferences with data; data are
missing completely at random (MCAR), missing at ran-
dom (MAR), or missing not at random (MNAR) (29).
Consideration of the reasons for the missingness in
the data (absent, ghost, or vanished) suggests the
most likely missing data mechanisms (Figure 1). These
considerations are similar to what others have termed

“submechanisms,” which lead to missingness in expo-
sures, confounders, and outcomes (26). Although the
reasons for missingness in EHR data are informative
and are expected to affect a predictionmodel’s validity,
there are few empirical data to support this. Assuming
a single reason for missingness of a variable and then a
single missing data mechanism is an oversimplification,
but this is typical in practice (26).

We illustrate here that the reason for missing data
suggests the plausible mechanism that may inform the
modeling. To illustrate, if a clinic’s automated sphyg-
momanometer malfunctions with no backup and there
is no record of the blood pressure measurement, this
vanished blood pressure can be considered to be
MCAR because the malfunction is a seemingly random
event that led to missing data. In contrast, persons with
severe mental illness have less regular measurement of
hemoglobin A1c because they miss scheduled visits
due to impairment. Here, the extent of absent hemo-
globin A1c values will differ in persons with and without
severe mental illness, and missing values are best con-
sidered to beMNAR (28).

In addition, the reasons for missing datamay differ
across clinical scenarios, settings, or populations. The
clinical data collected in a subspecialty visit differ from
those collected in a primary care visit, and the com-
pleteness of coding differs for patients in a capitated
versus a noncapitated insurance plan (33). We note
also that data in the EHR are generated at irregular
intervals, unlike the data collected in clinical trials or in

Figure 1. Possible reasons for missing data at different stages of the data-generation process.
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prospective cohort studies with data collection proto-
cols. These reasons for missingness in the data should
motivate choices during model development that are
informed by an understanding of the population in
whom the tools will be deployed.

PREPARING A PREDICTION MODEL WITH

ATTENTION TO MISSINGNESS

The developers of prediction models have options
at all stages of development, validation, and implemen-
tation of a prediction model in an EHR, beginning with
consideration of how the model will be used in practice
(Figure 2). We expect that the developers of the Pooled
Cohort Equations anticipated its implementation in
EHRs, but it is unclear how this informed their model
development.

Specify the Clinical Scenarios inWhich the
ModelsWill Be Applied

The first step is to specify the clinical scenarios in
which the clinical prediction models will be applied,

including the target population for whom the model
will be used. The developer should start by consulting
with informatics professionals about the capabilities
of deploying candidate models in the local settings,
including local computing opportunities for address-
ing missing data. Given the limitations of most EHRs
(that is, the inability to do the real-time model fitting
needed with imputation), the developer must think
about the feasibility of using these methods while the
model is being developed. Developers should con-
sider how the model will be used in practice. Will the
clinician be able to query or measure the patient to fill
in missing values at the point of care (“Did your mother
have a hip fracture?”), or is this a model that will gener-
ate a predicted risk without additional input from the
user? This suggests whether the missingness in some
variables will be remediable at the point of care. In our
setting, to use the Pooled Cohort Equations, the clini-
cian needs to go outside the EHR to use a calculator at
the point of care to update the calculator with informa-
tion learned during the visit.

Prediction models ideally are transportable—that
is, the model can be validly applied in later years or
across disparate hospitals and clinics. Therefore, the
developer must seek data for model development
from a population that is representative of popula-
tions in which the model will be used. The targeted
population is expected to have some degree of miss-
ing data; thus, the developer generally should not
include only the patients having complete data for
model development, as this will not be generalizable
to most patient populations. Sometimes, however,
this is a reasonable choice. The developers of a tool
to predict relapse in patients with multiple sclerosis
opted to include only the small set of variables that
they confidently expected would not be missing in a
clinical setting (34). Therefore, they required complete
data in the cohort in which they developed themodel.

MinimizeMissing Encounters in the Data
The developer should aim to reducemissing encoun-

ters in the development data. With growing use of
health information exchanges since the passage of
the Health Information Technology for Economic and
Clinical Health (HITECH) Act in 2009, statewide or re-
gional data are more likely to be available to a given
health system (35). For example, the Chesapeake
Regional Information System for our Patients (CRISP)
facilitates the sharing of information across 57 hospi-
tals in Maryland and the District of Columbia. Within
an EHR platform, such as Epic’s Care Everywhere,
there may be sharing of patient information across
institutions (36). This shared information may be par-
ticularly valuable if the model is predicting utilization
outcomes, such as emergency department visits or
hospitalizations.

Figure 2. Process of addressingmissing data in predictionmodels.
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Select Potential Predictors for theModel,With
Consideration of Completeness

The developer will choose how the candidate pre-
dictors and outcomes are operationalized during the de-
velopment of the model and might select variables that
are expected to have less missingness than others. For
example, some predictor variables may require in-
person contact to be observed (for example, a labo-
ratory measure), whereas others do not (for example, a
prescription for an antihypertensive medicine). A labora-
tory measurement may have greater missingness in set-
tings where patients are more challenged in accessing
health care and may limit transportability of the model
(36). Some measures may be predictive of outcomes,
yet if they are infrequently measured in practice, they
are not valuable in a deployed prediction model; an
example is apolipoprotein B for ASCVD prediction.

Apply Sound EpidemiologicMethods for Defining
the Cohort inWhom theModel Is Developed

The developmental cohort is the population in
whom the model is developed. As in any cohort study,
there will be inclusion and exclusion criteria that should
reflect the population to whom the prediction model
will be applied in practice. The developers of the Pooled
Cohort Equations explicitly sought existing cohorts that
were biracial, community-based populations so that the
models would be more applicable to the U.S. popula-
tion (21). Also, the relevant time periods will be specified
in development of themodel. There is a baseline period
during which data accrue for inclusion in themodel. This
span of time depends on the use of the model: Sepsis
prediction models use very granular data from a short
interval (hours), whereas ASCVD prediction models may
use information on high-density lipoprotein cholesterol
from 2 years previously given the stability of that mea-
sure. There is a period after time zero (the end of the
baseline data collection) during which there will be ob-
servation for the outcome’s occurrence (for example,
1 day, 30 days after discharge, 2 years). Similar inclusion
and exclusion criteria and interval definitions will be
applied when themodel is validated in a new popula-
tion. Importantly, these intervals need to be clinically
relevant for the deployment of the prediction tool in
practice. If we anticipate that there will be scant data
from previous encounters, such as in an emergency
department setting, a model that uses predictors from
the past 6 months is inappropriate.

Describe theMissingness Pattern of the
Predictors

The developer should use descriptive analytics about
the frequency of missingness and its distribution in the
population in whom the model is being developed.
Missing data patterns are the distribution of missing
values in the rows and columns of data that are derived
from EHR data (29). The user can describe the extent to
which values are missing across the population (for

example, persons with severe mental illness have infre-
quently recorded screening colonoscopy) and whether
there are predictable patterns to the missingness (for
example, a missing sodiummeasure is highly correlated
with a missing potassium measure). There is software to
assist with this process; for example, software developed
for missingness when answering inferential questions
may be equally applicable here (37). Evaluation of
missing patterns will help with articulation of the missing
data reasons and mechanisms. In addition, incorporat-
ing information about the patterns of missingness into
the prediction model may improve its performance (38).
For example, the missing indicator approach, though
not widely recommended, is valuable in some situations
(39). In this approach, the prediction model includes an
additional variable that indicates whether the predictor
variable was present or absent.

State the Assumption of theMissing Data
Mechanism for Key Variables

The developer will consider why data are missing
to inform assumptions about the mechanisms and
inform the selection of methods to reduce its effect.
The most likely missing data mechanisms should be
proposed for the variables being considered for inclu-
sion in the model as well as for the outcome of interest.
The most problematic missingness is predictor variables
that are MNAR—there is a reason that these data are
missing, and it is related to the outcome that is being
predicted (40, 41) (Supplement Table 2, available at
Annals.org). Having a single missing data assumption
for all variables is generally an oversimplification; even
individual variables may be missing due to a mixture
of mechanisms. The developer may turn to external
resources or published evidence to support the missing
data assumption for a given variable. It may be most
conservative to consider all the missing variables to
be MNAR and choose appropriate models to accom-
modate this assumption, yet these models come with
additional assumptions.

Methods for AddressingMissing Data in
PredictionModels

The choice of the analytic plan to address missing
data in prediction models is guided by the assump-
tions about missing data mechanisms. In the rare situa-
tions where the data are clearly MCAR, straightforward
methods are available, including use of the last obser-
vation carried forward (if a variable is time-invariant or a
baseline covariate that does not change over time) or
simply complete-case analysis if the population with
complete data is large enough (42). In the more com-
mon situation, in which data are MAR, there are many
analytic options but limited information from simula-
tions in the context of prediction to inform selection of
themost appropriate method (41) (Table 1). The devel-
oper will weigh the tradeoffs of the methods, recogniz-
ing that some may be infeasible at the point of care
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due to computational demands. Given that individual
predictor variablesmay vary in theirmissingmechanisms,
the developer may make the conservative choice of
assuming that missing data among the predictors are
MNAR, meaning that the missingness is informative.
Generally, the methods for addressing this informative
missingness can be classified into 2 broad categories:
selection models, and pattern-mixture models (55, 56),
both of which are also options when data are MAR
(Supplement Table 2). These are statistical approaches
for handling informative missing data. Selection mod-
els assume that the probability of missingness depends
on both observed and unobserved data through a joint
model of the outcome and missingness process, and
pattern-mixture models account for missing data by
modeling the outcome distribution separately for each
missing data pattern, often requiring assumptions about
the relationship between patterns to identify parameters
(56, 57). These categories are differentiated by how they

address themissing data before the data are used in the
predictionmodels.

Single-imputation models are simple regressions
where the missing predictor value is estimated from a
model based on the other predictor data. A variant of
this is stochastic imputation, which allows for some
uncertainty around the predicted value when the miss-
ing data are MAR. Multiple (or multivariate) imputation
fills in the missing predictors with a distribution of val-
ues from a series of models to more correctly reflect
the uncertainty around the true value. In the context of
a clinical prediction tool for sepsis prediction, Sisk and
colleagues did a set of simulations that began with their
creating missing variables that were MCAR, MAR, and
MNAR (41). They then compared the performance of
single- and multiple-imputation models while also
including missing indicators in the prediction model.
In many scenarios, Sisk and colleagues observed
comparable predictive performance under multiple

Table 1. Commonly Used Methods When Missing Data Are MAR or MCAR*

Classification† General Description Examples Pros Cons

Complete-case analysis (43) Uses only observations with
complete information on
prognostic factors

– Easy to implement Loss of information
Unrealistic assumptions in

EHR
Missing indicator approach Assigns an indicator to missing

values and retains all obser-
vations in the outcome
model

– Shown to improve
model performance
(41)

Impractical to use in clinical
settings (39)

Weighting methods (44) Estimate values based on the
observed values while
accounting for the probabil-
ity of missing values

Propensity-weighted
method

Easy to apply when there
is monotone missing-
ness due to dropout
(44)

Model that generates the
weight needs to be cor-
rectly specified (44)

May require large sample
(43)

Likelihood-based methods
(44, 45)

Impute missing values using
conditional means based on
the observed values and pa-
rameters estimated from the
previous iterations, thus
maximizing the likelihood of
complete data

E-M algorithm (ECM,
ECME, AECM, and
PX-EM algorithms)

Valuable method when
data are MAR

Model specification must be
correct (44)

Multiple imputation (46, 47) Iteratively estimates multiple
values for the missing data
based on the distribution of
the observed data

Multiple imputation, mul-
tilevel multiple
imputation

Valuable when data are
MAR or MCAR (44)

Leverages auxiliary
variables

Computationally demand-
ing at the stage of imple-
mentation (28)

Bayesian approach (48–50) Chooses reasonable priors and
computes a posterior distri-
bution for the missing values

Gibbs sampling,
Bayesian multilevel
modeling approach,
Bayesian additive
regression trees

Useful when the sample
is small

Accounts for uncertainty
in the parameters

Bayesian inference requires
a high degree of model
specification (full specifi-
cation of a likelihood dis-
tribution and priors)

Machine-learning method
(51, 52)

Uses algorithms with built-in
capabilities for handling
missing values or imputing
missing data

Random forest, decision
tree, kernel-based
methods, extreme
gradient boosting
(XGBoost), deep learn-
ing/neural network,
support vector
machine

Valuable for high-dimen-
sional data

Allows interactions and
nonlinearity

Does not need model
specification

May not actually address
the missingness

May be computationally in-
tensive and unintuitive

AECM ¼ alternating expectation conditional maximization; ECM ¼ expectation/conditional maximization; ECME ¼ expectation/conditional maximi-
zation either; EHR ¼ electronic health record; E-M ¼ expectation-maximization; MAR ¼ missing at random; MCAR ¼ missing completely at random;
PX-EM ¼ parameter-expanded expectation-maximization.
* The current framework was adopted from references 53 and 54. The assumption of the mechanism for missingness in the table is the underlying
assumption of the method to obtain an unbiased estimate, mostly discussed in the context of inferential studies.
† Items in the classification are not mutually exclusive. For example, the likelihood-based method could be regarded as an imputation technique,
while multiple imputation (using the Markov-chain Monte Carlo algorithm) is also a Bayesian approach.
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imputation and regression (single) imputation. They note
that the strategy for handling missing data at develop-
ment depends on whether missing data will be present
at deployment; if missing data are expected at both the
development and deployment of the prediction model,
which is often the case, single regression might be a
more practical alternative to multiple imputation. They
discourage inclusion of the outcome variable in the im-
putation model during development. They encourage
inclusion of missing indicators in the prediction model
only if the data are most likely MNAR. In their simula-
tions, they found that inclusion of missing indicators in
the model was inconsistently beneficial and required
the assumption that the missing mechanism was the
same in the development data and the deployment
setting, which is hard to confirm. Groenwold cautions
that the use of missing indicators in a clinical setting
may be problematic; the predictive value of a missing
indicator may change over time as clinicians change
their information-gathering behaviors as prompted by
clinical decision support based on the model. This
feedback loop can render the missing data mechanism
nonreproducible in practice, ultimately reducing the
model’s transportability (40).

There have been other simulations to compare im-
putation methods for clinical prediction. Deforth and
colleagues simulated 36 data sets to predict risk for
long COVID. The data sets varied in the proportion of
noncomplete cases and the mechanisms for the miss-
ingness in the 9 predictor variables (58). They applied
3 existing imputation algorithms that are based onmul-
tivariate imputation by chained equations (MICE) and
are available as R packages (mice, aregImpute, and
missForest). MICE is also implemented in other statistical
software, including Stata (MI command) and SAS (PROC
MI and MIANALYZE), both of which provide thorough
documentation. They compared the performance of the
resultant models and found that the differences in
model performance with the 3 imputation methods
were generally small, although missForest had the low-
est predictive accuracy. They found that the choice of
algorithm affected discrimination more than it affected
model calibration. Similarly, Hoogland and colleagues
compared methods using both simulated data and
data from a project in which they predicted mortality
among recipients of implantable cardioverter defibril-
lators (59). They stressed that the methods used in de-
velopment and validation should be those that are
appropriate for making predictions in a “new” patient
with missing information. They compared 6 modeling
approaches and concluded that the differences in per-
formance of the methods were small when the amount
of missing data was low (<5%). As Sisk and colleagues
concluded, they also recommend avoidance of inclu-
sion of the outcome in the test set when validating a
model for use in practice. These simulations provide
valuable information to support that only missing pre-
dictors should be imputed when prediction models

are developed, which had been raised as an unresolved
question by Little and Rubin (60).

As mentioned earlier, a further complication when
using EHR data is that the predictors are values that
come at irregular intervals given that patients seek care
irregularly. There are methods to interpolate missing
values that come at irregular intervals. These include
models that capture subject-specific trends as random
effects as well as the population mean trend as a fixed
effect (61–65). In addition, Kalman filtering (66, 67),
which is often used to describe trajectories, can also
be used for recursive updating of the missing values
while incorporating time dependence in a state tran-
sition model. State transition models are used when
there are observed or latent time-dependent meas-
ures. A current state is modeled using past states and
other predictors that define how longitudinal measures
evolve over time (68, 69). We have not seen examples
of simulations that have tested these methods for de-
velopment or validation of clinical prediction rules.

Evaluation of the DevelopedModel
Considerable research has focused on the effect

of missing data in inferential studies where the goal is
to understand a relationship between an exposure and
an outcome. When making inferences, the missing data
management choices affect bias and precision in the
estimates of interest. When doing prediction modeling,
the missing data management choices will affect the
model’s validity, which is often reported as the model’s
discrimination and calibration (70) (Glossary). Best cali-
bration may be particularly important as these models
are intended to guide decision making based on pre-
dicted risk, which should mirror the actual risk (71). It is
increasingly recommended to report metrics beyond
traditional measures such as calibration and discrimina-
tion to assess the model’s potential effect on decision
making, patient outcomes, and equity (72). We sum-
marize the metrics that have been used and reported
in Supplement Table 3 (available at Annals.org). There
are many metrics for model evaluation, although these
have not been specifically assessed for their appropri-
ateness across missing data management options.
Similarly, there is little in the literature to suggest which
evaluation metrics are better in small populations or for
evaluatingmodel performance in subgroups.

External Validation Considerations
A prediction model needs to be externally validated—

that is, its performance must be assessed in data other
than those in which it was developed. This may be in a
population that is external to the health system or within
the health system but later in time. The developer must
confront the possibility that the extent or pattern of miss-
ing data or the mechanisms of missingness differ in the
new data relative to the development data. If the miss-
ingness metrics (extent, patterns, mechanism) are mark-
edly different, that may deleteriously affect model
performance. The developer may need to reconsider
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Table 2. Proposed Recommendation About Methods for Addressing Missing Data in Prediction Studies, Extended From the
TRIPOD Checklist*

Section/Topic Item Development
or Validation?

Checklist Item Suggested Missingness Considerations

Methods
Source of data 4a D;V Describe the study design or source of data

(e.g., randomized trial, cohort, or registry
data) separately for the development and
validation data sets, if applicable

Mitigate the amount of missing data
through data integration or data linkage.
[Section 3. Minimize missing
encounters]

Predictors 7a D;V Clearly define all predictors used in develop-
ing or validating the multivariable prediction
model, including how and when they were
measured

Report any missingness caused by data
preparation choices [Section 3.
Minimize missing encounters; Select
potential predictors for the model with
consideration of completeness]

Missing data 9 D;V Describe how missing data were handled
(e.g., complete-case analysis, single imputa-
tion, multiple imputation), with details of any
imputation method

[Delete row and discuss elsewhere]

Statistical analysis
methods

10b D Specify type of model, all model-building pro-
cedures (including any predictor selection),
and method for internal validation

Provide possible reasons for missing pre-
dictors and articulate plausible missing
data mechanisms [Section 3. State the
assumption of missing data mecha-
nism for key variables]

Specify analytic choices based on missing
mechanism assumptions [Section 3.
Methods for addressing missing data
in prediction models]

Describe sensitivity analyses assessing
robustness of missing data assumptions
and analytic choices [Section 3.
Evaluation of the developed model]

Describe sensitivity analyses assessing
impact of study design choices on miss-
ingness [Section 3. Evaluation of the
developed model]

Development vs.
validation

12 V For validation, identify any differences from the
development data in setting, eligibility crite-
ria, outcome, and predictors

Inspect missingness and missingness pat-
terns, including separately in data sets
used for development and validation
[Section 3. External validation
considerations]

Results
Participants 13a D;V Describe the flow of participants through the

study, including the number of participants
with and without the outcome and, if appli-
cable, a summary of the follow-up time.
A diagram may be helpful.

Describe missingness throughout the
patient selection process [Section 3.
Apply sound epidemiologic methods
for defining the cohort in whom the
model is developed]

13b D;V Describe the characteristics of the participants
(basic demographics, clinical features, avail-
able predictors), including the number of
participants with missing data for predic-
tors and outcome

Compare the characteristics of individuals
with and without missing data.
[Section 3. Describe the missingness
pattern of the predictors]

Describe the association of missing predic-
tors with observed outcome (assumption
for predictors) [Section 3. State the
assumption of missing data mecha-
nism for key variables]

Model specification 15b D Explain how to use the prediction model Specify clinical scenarios in which the clini-
cal prediction models will be applied,
and discuss the availability of predictors
and possible changes in missing mecha-
nism assumptions if the implementation
setting differs substantially from the de-
velopment setting [Section 3. Specify
the clinical scenarios in which the clini-
cal prediction models will be applied,
including the target population for
whom the model will be used]

Continued on following page
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the variables in the model and select variables that are
more consistently measured.

IMPLEMENTATION

Despite their importance in development models,
imputation methods may not be feasible in models
implemented at the point of care because the com-
puting environment may not accommodate imputation.
When clinical prediction rules are deployed in practice,
they often use nothing more complex than a calculator.
There may be a simple point system that is assigned
given the patient information, or perhaps a weight
where the presence of a covariate is multiplied by a
coefficient from a model to generate a score. There
are more recent examples where the EHR data are
directed to a cloud-based application that allows
more complex analytics, with the “answer” returned to
the EHR to inform clinical care (73, 74). Different health
care systems have different tolerances for allowing their
clinical data to leave the protected environment.

Some methods are more feasibly implemented
within the environment of a health system’s EHR than
other methods. For example, pattern-mixture models
are considered more computationally feasible (56).
Tree-based models that use sorting functions can be
implemented within EHRs more easily than models
that require regression or other real-time model fitting.
Notably, BARTm (75), a tree-based Bayesian pattern-
mixture model that incorporates missingness as part of
the splitting criterion in the decision tree, may be a
valuable model for use in practice. SCARP is a tree-
based prognostic tool that accommodates missing
data and has been used to predict risk for progres-
sion or death among adults hospitalized with COVID-19
(24). The more similar the patients and their missing-
ness patterns are to those in the development and
validation cohorts, the more likely it is that the predic-
tion model will have similar performance in the setting
of its intended use. When selecting the missing data
approach for the implemented model, the planned
approach at implementation should generally match
the methods used at validation (76, 77).

Transparent reporting of decisions by prediction
model developers will inform use of the model. It is
important to report sufficient information about the
missing data so the user can evaluate the appropriate-
ness of assumptions and the selection of statistical
methods. Our review of existing guidelines found that

missing data recommendations are insufficiently detailed
(78) (Supplement Table 1). We suggest extensions to
the TRIPOD (Transparent Reporting of a multivariable
prediction model for Individual Prognosis Or Diagnosis)
statement to promote more complete reporting about
missing data considerations (79) (Table 2). Furthermore,
as prediction models are often developed with data
frommultiple health systems or hospitals, we urge inves-
tigators to review the TRIPOD-Cluster checklist, although
its recommendations for missing data do not differ from
those in the original TRIPOD statement and are also
incomplete (80). In addition, we highlight the publi-
cation of TRIPODþAI (81), which explicitly updates
and replaces the original TRIPOD statement for studies
developing or validating prediction models, regardless
of whether regression or machine-learning methods
are used.

MOVING FORWARD

Additional methodological work is needed to es-
tablish best practices for development and validation
of clinical prediction rules using EHR data when there is
missingness. A prominent need is best practices when
the observations are clustered, which is more likely than
not to occur. There may be missingness at any level of
the multilevel clustered data, such as missing clinics,
missing encounters, or missing measures within an en-
counter. In 2006, Reiter and colleagues prepared simu-
lations and a real-world example using data from the
National Health and Nutrition Examination Survey (not
EHR data) (82). These investigators suggested that
there are benefits to using hierarchical models for im-
putation of missing data relative to using fixed-effects
models, although they may be difficult to fit. They sug-
gested that it may be possible to fit sequential hierarch-
ical models (83).

More recent work has used Markov-chain Monte
Carlo (MCMC) methods, assuming that the missing-
ness was MAR, to impute data for an upper level using
weighted data from the lower levels (84). These investi-
gators also demonstrated the use of auxiliary variables,
which are included in the model to predict missing val-
ues that are not included in the outcome prediction
model. Another recent analysis used New York State
Vital Records Registry data rather than EHR data and
used a joint imputation model where the variance-
covariance structure was modified to reflect the corre-
lated data units (85). As in the previous example, the

Table 2–Continued

Section/Topic Item Development
or Validation?

Checklist Item Suggested Missingness Considerations

Model performance 16 D;V Report performance measures (with CIs) for
the prediction model

Include performance metrics from sensitiv-
ity analyses to assess the effect of miss-
ingness [Section 3. Evaluation of the
developed model]

D ¼ development; TRIPOD ¼ Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis; V ¼ validation.
* Only relevant rows are included. Boldface indicates the original checklist items that contain information about missing data for comparison.
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researchers usedMCMC sampling techniques. They also
described an alternative approach, a variable-by-variable
imputation method (similar to sequential regression
imputation), although they stated that this would be
uncommonly used in multilevel settings.

Perhaps more important, additional work with sim-
ulation is needed to evaluate whether more complex
methods have important effects on predictions at
deployment. Sisk and colleagues’ work suggests that
simple regression is often adequate (41); Hoogland
and Deforth and their respective colleagues suggest
that there are only small differences in model fit
between imputation approaches, particularly when
the extent ofmissing data is small (58, 59). Indeed, simple
may be better if computing environments and patient
data protection practices do not allow advanced impu-
tation in real time. Earlier, we mentioned Epic's cloud-

based platform, Nebula. This is computing space out-
side the EHR where data can be sent for calculations,
including imputation, with results then reimported. With
HL7 FHIR (Fast Health Interoperability Resources), this
can be accomplished in real time, although more typi-
cally the data are sent once daily. Currently, Nebula is
mostly used for operational decision making and not
for individual-level predictions. A preprint manuscript
describes the Amazon Web Services cloud computing
platform for individual-level prediction of diabetes (86).
In this example, investigators integrated data from an
EHR, biochemical indicators, and lifestyle data to predict
diabetes. They describe using the “Imputer” to fill miss-
ing values for important features, such as blood glucose,
blood pressure, body mass index, and age. The authors
do not describe the results with and without use of the
Imputer, but this manuscript nicely describes the real-
time use of cloud computing and imputation for missing
values, althoughwithout much detail about that process.

CONCLUSION

The Pooled Cohort Equations, which were rigorously
developed and validated using cohort data, illustrate
some challenges that arise with a prediction model
that is intended for direct clinical care. Implementation
details, such as how missing data are addressed in the
embedded software of users’ EHRs, are needed to
understand the model's usability in practice; this was
not considered at the time of development and vali-
dation of this ASCVD prediction tool.

As EHR data are increasingly used for clinical pre-
diction and to guide care decisions, there is an urgent
need to think carefully about how missing data are
addressed, particularly as there may be less transparency
in these models than in models developed for inference.
This is becoming increasingly important as machine-
learningmethods are used in predictionmodels, which
may further reduce transparency. Simulations are still
needed for missing data approaches, where there are
assumptions that the missing data mechanisms are
representative of those encountered in clinical practice,
and for evaluation of the technical feasibility of apply-
ing thesemethods at the point of care.
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GLOSSARY

Absent data: Data not generated because there was no
clinical encounter.

Calibration: The absolute risk estimates and the corre-
spondence between predicted and observed risk.

Clinical prediction tool: Algorithm deployed in clinical
practice based on a prognostic or prediction model.

Discrimination: The extent to which the model can dis-
tinguish between those who will develop the outcome
of interest and those who will not. In the case of a binary
outcome, discrimination is often quantified with the
c-statistic; for time-to-event (survival) models, the
c-index is reported.

Ghost data: Data that are invisible to the user because
care was delivered outside the health system of record.

Missing at random: The missingness depends on the val-
ues of the data only through the observed components.

Missing completely at random: The missingness is inde-
pendent of the values of the data.

Missing not at random: The missingness depends on the
missing components.

Prediction model: A mathematical model that generates
patients’ expected outcomes conditional on characteris-
tics measured at baseline and treatment.

Prognostic model: A mathematical model that generates
patients’ expected outcomes conditional on characteristics
measured at baseline.

Vanished data: Data where information is expected but
is not present.
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