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Aims A major challenge of the use of prediction models in clinical care is missing data. Real-time imputation may alleviate this. 
However, to what extent clinicians accept this solution remains unknown. We aimed to assess acceptance of real-time im-
putation for missing patient data in a clinical decision support system (CDSS) including 10-year cardiovascular absolute risk 
for the individual patient.

Methods 
and results

We performed a vignette study extending an existing CDSS with the real-time imputation method joint modelling imput-
ation (JMI). We included 17 clinicians to use the CDSS with three different vignettes, describing potential use cases (missing 
data, no risk estimate; imputed values, risk estimate based on imputed data; complete information). In each vignette, missing 
data were introduced to mimic a situation as could occur in clinical practice. Acceptance of end-users was assessed on three 
different axes: clinical realism, comfortableness, and added clinical value. Overall, the imputed predictor values were found to 
be clinically reasonable and according to the expectations. However, for binary variables, use of a probability scale to express 
uncertainty was deemed inconvenient. The perceived comfortableness with imputed risk prediction was low, and confi-
dence intervals were deemed too wide for reliable decision-making. The clinicians acknowledged added value for using 
JMI in clinical practice when used for educational, research, or informative purposes.

Conclusion Handling missing data in CDSS via JMI is useful, but more accurate imputations are needed to generate comfort in clinicians 
for use in routine care. Only then can CDSS create clinical value by improving decision-making.
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Introduction
The use of prediction models in routine clinical care can provide action-
able insights to improve clinical decision-making.1–5 Their current use is 
however limited and frustrated by missing data in the electronic health 
records (EHR) and the inability of the integrated clinical decision sup-
port system (CDSS) to appropriately handle these missing data.6

Missing data are a hallmark of routine care datasets that are used for 
the development and validation of prediction models. Consequently, 
recommended approaches (e.g. multiple imputation) for handling miss-
ing data have been developed and made part of reporting guidelines.7–12

However, these approaches are not suitable for deployed CDSS that 
are ‘live’ used in clinical practice.13 First, common imputation strategies 
are developed for valid statistical inference of, for example, model coef-
ficients and not for application in single patients. Second, they require 
access to raw data from multiple individuals, which is not always pos-
sible in clinical practice.

Recently developed strategies such as joint modelling imputation 
(JMI) alleviate these issues as they allow for valid real-time risk predic-
tion in routine clinical care when predictors in an individual patient are 
missing.14 In brief, JMI is suitable for individual predictions, does not 
need large amounts of raw data, and can achieve near-real time handling 
of missing data that makes it attractive for use in CDSS.14–16 Joint mod-
elling imputation uses a two-step approach: first, population character-
istics (i.e. means and covariance) are estimated in raw individual patient 
data and stored in the EHR-system; and second, the CDSS handles any 
missing data by drawing imputations using the stored population char-
acteristics. However, the use of JMI requires careful interpretation by 

CDSS users, as imputations may be very uncertain (e.g. when most pre-
dictors are missing). Similarly, JMI is highly dependent on the data on 
which it is conditioned and likely requires local tailoring when trained 
on data different from the patients it may be used on. Furthermore, 
as the use of imputation is not widely adopted yet in clinical practice, 
assessment of the acceptance of using a CDSS combined with JMI in 
routine clinical care is needed.

Previous studies on imputation of missing data in clinical prediction 
models focused on the performance of the imputation method and 
did not study the acceptance in clinicians.17–19 In the current study, 
we assessed the acceptance of real-time imputation of missing patient 
data in a CDSS for cardiovascular risk management (CVRM). For this, 
we studied acceptance on three different axes (perceived clinical 
realism, comfortableness, and added clinical value) by means of a vi-
gnette study with three use cases among physicians as the intended 
users.

Methods
Participants and setting
The target population of the vignette study was the potential users of our 
cardiovascular CDSS developed in the UMC Utrecht; in other words, clin-
icians that work with patients in a field where cardiovascular risk prediction 
is used. Study participants were eligible if they were clinicians or had previ-
ous experience as a clinician [fully completed their studies to become a clin-
ical specialist (i.e. no clinicians in training)] within the departments of 
cardiology, vascular medicine, or internal medicine at the UMC Utrecht, 
The Netherlands.2,13 Potential study participants were recruited via e-mail.
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Study design
To simulate the handling of missing data as it would occur in clinical practice, 
a real-time imputation model was incorporated in a cardiovascular CDSS 
and evaluated using a vignette study to assess acceptance.

Joint modelling imputation
We used methods for performing JMI as developed in previous studies, 
though separately implemented in R to be used on clinical data.14–16 In 
general, JMI assumes multivariate normality. Any imputations are random-
ly sampled from a (multivariate) normal distribution, constructed from 
means and covariance in a training sample, which is conditioned on the ob-
served predictor values (i.e. observed values in the patient). For binary 
variables, a logistic regression model is used to transform the drawn con-
tinuous values into discrete imputations. To implement JMI in clinical prac-
tice, the expectation (mean) of all variables in the data and its covariance 
matrix have to be available. On a patient-by-patient basis, we can then 
extract which variables are missing and which are not missing. From the 
variables that are not missing, we save the observed values in a separate 
vector. Then, we estimate the conditional multivariate normal distribution 
using the provided expectations, covariance matrix, dependent variables 
(i.e. names of the missing variable), the given non-missing variables, and 
all observed values. Imputations can then be drawn from the distribution. 
If only a single imputation is desired, the most likely value is given. In this 
vignette study, single imputations are given.

Cardiovascular clinical decision support system
We made use of a modified version of the medical device directive- 
certified U-Prevent cardiovascular CDSS that was built by Ortec and 
adapted for this study to facilitate auto data fill-in and recording.20 The 
purpose of U-Prevent is to allow the application of existing risk calculators 
in routine clinical care via the use of an incorporated CDSS. As an exten-
sion to the existing CDSS, we added real-time imputation (JMI) that was 
trained on Utrecht Cardiovascular cohort–Secondary Manifestation of 
ARTerial disease (UCC-SMART) study.1,21 As we aimed to evaluate the 
use of a CVRM prediction model for secondary prevention [i.e. Second 
Manifestations of ARTerial disease (SMART) risk score], all SMART risk 
score variables were included in the imputation model. In addition to 
the imputation method, the 95% confidence interval of the imputed value 
was incorporated in the user interface to communicate variable uncer-
tainty to the clinician. For binary variables, the confidence intervals of 
the imputed values were presented on a probability scale. A preview of 
the extended CDSS dashboard and an example of the SMART risk score 
in U-Prevent can be found in Figure 1.

Vignettes
To mimic patient care, three vignettes were designed using available data 
from the Utrecht Cardiovascular cohort.22 A vignette describes a potential 
scenario, including information about the patient, in which the dashboard 
could be used (e.g. patient scheduled for a consult). We selected patient in-
formation to be made missing based on a combination of: variable types (i.e. 
binary and continuous), clinical burden on the workflow, and clinical inter-
pretation (Table 1 and Figure 2). All vignettes deliberately had a resulting 
predicted risk of around 15%, which is the general threshold for treating 
cardiovascular disease (CVD) when using the prediction model SMART.23

To be able to summarize the interpretation of our vignettes, we scored 
them into self-made categories of clinical burden and expected ease of in-
terpretation as follows: three categories for burden on the clinical work-
flow: low (i.e. when a phone call to the patient suffices), medium (i.e. if 
the patient is in the consultation room, the clinician can easily measure 
the variable), and high (i.e. the variable requires a lab test). Similarly, ex-
pected ease of clinical interpretation was categorized specifically to look 
at how well the resulting imputations, and predicted risk, may be inter-
preted by the user: easy (i.e. when variables are in the same unit scale 
and the expected uncertainty of the imputed values is low), moderate 
(i.e. when confidence intervals are wider), and difficult (i.e. when predictors 
are presented as probabilities).

In short, scenario 1 was the most prevalent and the easiest to interpret, 
scenario 2 the most extreme in terms of missingness, and scenario 3 the 

easiest to ascertain in clinical practice yet with imputations that were diffi-
cult to interpret.

Questionnaire
Each study participant received a written explanation about the use of the 
CDSS and a protocol for its use in practice. Participants were asked to use 
the CDSS in combination with the implemented JMI and to fill out a ques-
tionnaire. Vignettes were presented to the participants in fixed order (scen-
arios 1, 2, and 3). For each vignette, a new questionnaire was provided at 
three different points in time and of potential relevance: (i) before imput-
ation, (ii) after imputation, and (iii) after unveiling the true values of the miss-
ing patient characteristics (Figure 3). Each study participant therefore filled in 
nine questionnaires, if they fully completed the study.

We studied acceptance of the CDSS with incorporated JMI scrutinizing 
whether imputed values were perceived as clinically realistic, the users 
were comfortable with using them, and whether they provided added value 
(including the potential call to action).

Specifically, to evaluate clinical realism, participants were asked (after 
imputation) whether the imputed values were perceived as clinically 
realistic and whether the imputed values fell in their expected ranges 
(this was further evaluated by comparing the participants guess and 
the real predictor value). Similarly, to evaluate comfortableness, parti-
cipants were asked (after imputation and after unveiling true values) 
whether they were comfortable using these imputed values for predict-
ing cardiovascular disease risk in the patient. We furthermore assessed 
whether confidence intervals affected comfortableness. The added va-
lue of the imputed values was assessed by evaluating the potential to 
relieve clinical burden and the potential of direct the clinical benefit 
(measured before imputation, after imputation and after unveiling 
true values). As a baseline for calculating the added value of imputation, 
participants were asked what they thought the missing value would be 
(minimal clinical burden, no clinical benefit of imputation). Participants 
were subsequently asked whether they would have measured the miss-
ing predictor value (current burden on the workflow that could be re-
lieved by imputation) and subsequently which potential use cases for 
JMI they would consider using in clinical practice (direct benefit for clin-
ical situations). An overview which questionnaire these questions were 
asked can be found in Figure 3. Free-text comments were evaluated on 
their relevance to the study objectives and summarized in the 
Supplementary material online, tables S14 and S15. Likewise, the com-
plete list of all survey questions can be found in Supplementary material 
online, tables S2–S10.

Statistical analysis
Since this study consisted of an early investigative evaluation of JMI 
integrated into a CDSS, the analysis was primarily descriptive, using 
summary statistics to describe a user’s view on imputation, prediction, 
and CDSS use. The survey was not designed to statistically test the ef-
fect on decision-making nor to evaluate the use of the employed pre-
diction model (i.e. SMART). All analyses were performed using R 
(Version 4.1.0).

Results
Characteristics of the study participants
A total of 17 clinicians participated in the pilot, of which 13 completed 
all 9 questionnaires. All were between 30 and 50 years old, more than 
half had >6 years of clinical experience in their field (53%), and the pre-
vailing clinical specialty was cardiology (41%). Further detailed informa-
tion about the participants can be found in Supplementary material 
online, table S1.

Imputation has a potential to relieve the burden of 
missing values in the clinical workflow
Clinical estimations of the missing predictor values, measured before 
imputation as a baseline for establishing benefit, were generally quite 
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close to the real missing predictor values (Figure 4). However, all pre-
dictors, except high-sensitivity C-reactive protein (hs-CRP), would still 
have been measured if the patient was directly available in the hos-
pital. Predictors that had low clinical burden, namely years since first 
CVD event, use of anti-thrombotic medication, and diabetes, would be 
obtained via contacting the patient directly. The only variable(s) 
from those with medium or high clinical burden that were deemed 

important enough for the patient to come to the hospital were chol-
esterol levels.

Imputed values were overall perceived as very 
realistic
The type of variable did not influence realism as both continuous, such 
as systolic blood pressure (SBP) (100%), and categorical, such as 

Figure 1 Example of risk profile via CDSS. SMART, Second Manifestations of ARTerial disease; CRP, C-reactive protein; HDL, high-density lipopro-
tein; LDL, low-density lipoprotein.
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diabetes or anti-thrombotic treatment (both 77%), predictors were rated 
similar (reflected by scenario 3) (Table 2). Of particular importance, 
perceived realism was considered high for predictors with a medium 
and high clinical burden. For predictors with low clinical burden such 
as years since first CVD event (47%), diabetes (77%), or anti-thrombotic 
treatment (77%), perceived clinical realism was inconsistent.

Overall clinicians are uncomfortable with 
predicted risks using imputed values
The level of comfortableness was, altogether, low (Table 2). When 
many variables were missing, the difference in predicted risk was 
deemed unacceptable (23%) (reflected by scenario 2) when compared 
to other scenarios (80% and 92% for scenarios 1 and 3, respectively). 
Solely when few, exclusively continuous predictors, were missing, par-
ticipants were comfortable with predicting risk (67% in scenario 1). 
With too many predictors missing, independent of the clinical ease of 
predictors, few participants were comfortable (29%). Only when pre-
dictor variables were mostly binary (as reflected in scenario 3), the level 
of comfortableness changed substantially after revealing the true pre-
dictor values (from 18% to 54%). When confidence intervals were 
shown, comfortableness of physicians for predicting risk decreased, 

except for the vignette where comfortableness levels were already 
low (18% for vignette 3).

Imputation use cases do not include treatment 
purposes directly benefitting clinical situations
Across all scenarios, participants would use JMI in similar patients 
(Table 2). Use cases for JMI, common for each scenario, were learning 
purposes, informing of the patient and the determination of further re-
search (e.g. additional clinical or diagnostic tests). Treatment purposes 
(e.g. to determine what treatment to start) were generally not chosen 
much as a use-case for JMI (18%, 8%, and 15% for each scenario, 
respectively).

A summary of all individual responses specifically to the axes of per-
ceived realism, comfortableness, and added value can be found in 
Supplementary material online, tables S11–S13.

Discussion
In this pilot vignette study, we evaluated the acceptance of using a 
real-time imputation method (JMI) built into an existing cardiovascu-
lar CDSS. Generally, imputed predictor values were found to be 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 1 Summary of vignettes and categories

Missing variables Variable type Clinical burden Expected ease of clinical interpretation

Scenario 1 SBP Continuous Medium Easy

Hs-CRP Continuous High

Scenario 2 Hs-CRP Continuous High Moderate
Years since first CVD event Continuous Low

Cholesterol levels (LDL/HDL/TC) Continuous High

Scenario 3 SBP Continuous Medium Difficult
Diabetes Binary Low

Anti-thrombotic treatment Binary Low

SBP, systolic blood pressure; hs-CRP, high-sensitivity C-reactive protein; CVD, cardiovascular disease; LDL, lower-density lipoprotein; HDL, high-density lipoprotein; TC, total cholesterol.

Figure 2 Overview of vignette patients. SBP, systolic blood pressure; hs-CRP, high-sensitivity C-reactive protein; TC, total cholesterol; HDL, high- 
density lipoprotein cholesterol; LDL, lower-density lipoprotein cholesterol.
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perceived clinically realistic, yet comfortableness was low, especially 
when many predictors were missing. Moreover, clinicians felt con-
sistently motivated to measure any missing predictor variables, re-
gardless of clinical ease, and would not use the CDSS with imputed 
values to guide treatment, impeding direct added value for clinical 
practice. To our knowledge, this is the first study to not only develop 
or use an imputation method, but also study its acceptance by 
clinicians.

Impact of imputation depends on type of 
variable
The view on comfortableness in predicting risk seemed dependent 
on the variable type of the missing predictor. Imputed continuous 
predictors resulted in most participants being comfortable, assum-
ing not too many predictors were missing. In contrast, when binary 
predictors were missing, comfortableness was low. Possibly this is 
because these binary predictors are imputed with percentages, ra-
ther than a dichotomized imputed value and clinical interpretation 
is difficult (this was also mentioned in the free-text comments). 
Likewise, the use of a confidence interval (CI) for the imputed value 
was found to deteriorate the interpretability of the imputed value 
and the comfortableness in predicting cardiovascular risk. This indi-
cates an important role for the CI as a signal whether or not to 
trust the imputed value. Across all three vignettes, in the free-text 
comments, the primary concerns were CIs that were too wide or 
unrealistic (e.g. negative numbers). As a result, in its current form, 
the imputation method may primarily be perceived as useful by 
users when it is used to impute continuous variables and not too 
many predictors are missing. However, a user’s comfortableness 
was not necessarily found to be reflective of imputation perform-
ance according to the study participants, as the differences in pre-
dicted risk are often still found to be acceptable (as reflected by the 
third scenario). As such, even though the imputation method may 
perform adequately, a user may expect it to underperform under 
certain circumstances and as such be less comfortable with using 
the imputation method.

Impact of imputation depends on missing 
variable and its relation with 
cardiovascular disease risk
The view on how useful JMI would be in clinical practice was 
found to be likely dependent on the importance of the predictor 
(as indicated by free-text comments). Cholesterol, for example, 
was noted as an important predictor and study participants 
specifically stated that imputation could not be relied upon. In 
comparison, hs-CRP was not relied upon much for treatment 
and thus study participants were not concerned when it was 
imputed.

Strengths and limitations
The number of prediction algorithms that are being developed, vali-
dated, and proposed for use in clinical practice as CDSSs has greatly in-
creased over time. Previous research provided evidence for improved 
decision-making using validated prediction models in CDSS.24–30

Missing data, however, seem to be unanimously omitted from any con-
siderations when using the CDSS in real-time. Our pilot vignette study 
is, to our knowledge, the first to assess clinical acceptance of imputation 
methods for missing data in CDSS. Previous studies on imputation of 
missing data in clinical prediction models focused on the performance 
of the imputation method and did not study the acceptance in clini-
cians.17–19

We carefully designed our vignette study to mimic clinical practice, 
for example using real world data from a clinical cohort study as start-
ing point for our vignettes, and presenting the imputed results in a 
user interface that is well known for our clinicians. However, a vi-
gnette study is still artificial as compared to a clinical setting. Yet, 
we feel that in light of the current regulatory framework that prohibits 
the use of non-CE-marked Medical Device Software in clinical care, a 
vignette study was the best option to study our research question. 
Joint modelling imputation is a possible solution to the problem of 
missing data. Another solution for imputation in the absence of acces-
sibility of directly identifiable data in the electronic healthcare system 

Figure 3 Overview of survey structure and design. CI, confidence interval; JMI, joint modelling imputation.
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as a basis for imputation could be an anonymous or synthetic dataset 
that is built into the CDSS itself. Acceptance of innovation is known to 
be influenced by many things, among which hospital culture, which 
may threaten the external validity of our results. Lastly, our sample 
size is modest. We therefore may have been unable to capture 
nuanced differences across various scenarios of missing data or be-
tween age categories or specialties. More research is needed to ad-
dress these issues.

Future perspectives
New technological developments, including imputation strategies, carry 
the potential to support physicians during clinical decision-making. 
Systematic reviews on the use and acceptance of CDSS almost all indi-
cated that, in order to facilitate acceptance of CDSS among healthcare 
professionals, one needs to integrate end-users in the early stages of 
its development, to offer needs-adjusted training for the use and 

Figure 4 Comparison between clinician’s guess, real and imputed values. SBP, systolic blood pressure; hs-CRP, high-sensitivity C-reactive protein; 
CVD, cardiovascular disease; TC, total cholesterol; HDL, high-density lipoprotein cholesterol; LDL, lower-density lipoprotein cholesterol.
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providing adequate infrastructure.31 Kaiser et al.32 provided a framework 
showing the various barriers that need to be considered to ensure the 
acceptance of all of stakeholders (Table 3). Only then successful imple-
mentation of a CDSS is to be expected. Our study is among the few stud-
ies on showing how clinicians deal with missing data and accept imputed 
information in a CDSS, which touches upon aspects of trust, experience 
training and culture.

In conclusion, we showed that missing data in CDSSs are useful, but 
more accurate imputations are needed to generate the necessary com-
fort in clinicians for use in routine clinical care. This is one of the requisites 
for a CDSS to create clinical value by improving clinical decision-making.

Supplementary material
Supplementary material is available at European Heart Journal – Digital 
Health.
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