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Abstract

Aims The diagnosis of heart failure (HF) is an important problem in primary care. We previously demonstrated a 74%
increase in registered HF diagnoses in primary care electronic health records (EHRs) following an extended audit procedure.
What remains unclear is the accuracy of registered HF pre-audit and which EHR variables are most important in the extended
audit strategy. This study aims to describe the diagnostic HF classification sequence at different stages, assess general
practitioner (GP) HF misclassification, and test the predictive performance of an optimized audit.
Methods and results This is a secondary analysis of the OSCAR-HF study, a prospective observational trial including 51
participating GPs. OSCAR used an extended audit based on typical HF risk factors, signs, symptoms, and medications in
GPs’ EHR. This resulted in a list of possible HF patients, which participating GPs had to classify as HF or non-HF. We compared
registered HF diagnoses before and after GPs’ assessment. For our analysis of audit performance, we used GPs’ assessment of
HF as primary outcome and audit queries as dichotomous predictor variables for a gradient boosted machine (GBM) decision
tree algorithm and logistic regression model. Of the 18 011 patients eligible for the audit intervention, 4678 (26.0%) were
identified as possible HF patients and submitted for GPs’ assessment in the audit stage. There were 310 patients with
registered HF before GP assessment, of whom 146 (47.1%) were judged not to have HF by their GP (over-registration). There
were 538 patients with registered HF after GP assessment, of whom 374 (69.5%) did not have registered HF before GP
assessment (under-registration). The GBM and logistic regression model had a comparable predictive performance (area
under the curve of 0.70 [95% confidence interval 0.65–0.77] and 0.69 [95% confidence interval 0.64–0.75], respectively). This
was not significantly impacted by reducing the set of predictor variables to the 10 most important variables identified in the
GBM model (free-text and coded cardiomyopathy, ischaemic heart disease and atrial fibrillation, digoxin, mineralocorticoid
receptor antagonists, and combinations of renin-angiotensin system inhibitors and beta-blockers with diuretics). This
optimized query set was enough to identify 86% (n = 461/538) of GPs’ self-assessed HF population with a 33% reduction
(n = 1537/4678) in screening caseload.
Conclusions Diagnostic coding of HF in primary care health records is inaccurate with a high degree of under-registration
and over-registration. An optimized query set enabled identification of more than 80% of GPs’ self-assessed HF population.
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Introduction

Heart failure (HF) is an important and growing health
concern.1 Patients are mainly older and fragile. Thus, general
practitioners (GPs) are ideally placed to deliver care.2

However, the identification of HF in this older primary care
population is difficult because signs and symptoms are non-
specific.3 This can lead to overdiagnosis and
underdiagnosis4,5 and suboptimal diagnostic coding in the
electronic health record (EHR),3 which is associated with
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poorer outcomes in HF and other chronic illnesses.6–8

Because data on diagnostic coding are easily extractable from
the EHR, it is a particularly suitable target for audit and feed-
back strategies in primary care. These are based on the belief
that healthcare professionals are prompted to modify their
practice when given performance feedback showing that
their clinical practice is inconsistent with a desirable target.
They have been associated with small but potentially impor-
tant improvements in professional practice.9

We previously designed and reported a multifaceted
intervention in eight general practices (n = 18 011
patients ≥ 40 years) aimed at improving case-finding through
an audit in GPs’ EHR.10,11 Although the audit resulted in a
more than 74% increase in the number of registered HF diag-
noses in GPs’ EHR, the accuracy of registered HF pre-audit re-
mains unclear. In addition, the audit generated a list of
possible HF patients of whom a large majority did not have
HF, which significantly increased GPs’ time investment and
could therefore limit implementation in a real-world setting.

The aim of this paper is two-fold: first, to describe the
diagnostic HF classification sequence at three stages, namely,
pre-audit, GP assessment, and panel validation, and assess
the magnitude of GP HF misclassification; and, second, to
analyse the classification performance of the query-based
audit in the EHR and test the predictive performance of an
optimized audit.

Methods

Design and setting

We previously reported on the design and methods used in
the OSCAR-HF study.11 This was a non-randomized, non-
controlled prospective observational trial with 6 months of
follow-up conducted in eight Belgian general practices in

2017, including 51 participating GPs, and piloting the use of
a basic and extended audit in the EHR. The basic audit
queried registered HF diagnoses (coded or free text). The
extended audit queried several coded and free-text search
strings mapping known HF risk factors such as signs,
symptoms, comorbidities, as well as typical HF medications
(Table 1). These two audits resulted in a list of possible HF
patients, which participating GPs then classified as HF or
non-HF. Patients classified as having HF constituted the
OSCAR-HF study population.10 In addition, an expert panel
assessed the validity of each HF diagnosis, ruling diagnoses
as either objectified or non-objectified. Patients could be
included in the study if they were 40 years or older and were
registered in the participating practices.

Data sources

We used GPs’ own EHR as a data source. Participating GPs
used CareConnect, Medidoc (Corilus, Aalter), or HealthOne
(HDMP, Anderlecht). These are three frequently used Belgian
EHR software packages conforming to federal guidelines
regarding structured data collection.12 They operate on a
MySQL relational database management system.13

Outcome

In the analysis of the classification sequence, we looked at
GPs’ assessment of HF before (coded or free-text HF diagno-
ses, i.e. registered HF) and after the audit, as well as the
panel validation of post-audit HF diagnoses.

In our optimized audit model, we used the post-audit HF
assessment by the GP as a binary outcome with the different
queries of the extended audit as predictor variables.

Table 1 Trade-off between true positive rate or sensitivity and false positive rate for four different modelling approaches including
bootstrapped confidence intervals

Model AUC [95% CI]
True positive rate

(sensitivity)
True negative rate

(specificity) [95% CI]
False positive rate

[95% CI]

GBM model 0.70 [0.65–0.77] 0.50 0.79 [0.68–0.85] 0.21 [0.15–0.33]
0.75 0.56 [0.38–0.67] 0.44 [0.33–0.62]
0.90 0.27 [0.18–0.38] 0.73 [0.62–0.82]

Logistic regression model 0.69 [0.64–0.75] 0.50 0.80 [0.71–0.85] 0.20 [0.15–0.29]
0.75 0.48 [0.41–0.59] 0.52 [0.41–0.59]
0.90 0.25 [0.16–0.41] 0.75 [0.59–0.84]

Simplified GBM model 0.70 [0.65–0.76] 0.50 0.80 [0.75–0.86] 0.20 [0.14–0.25]
0.75 0.53 [0.41–0.63] 0.47 [0.37–0.59]
0.90 0.23 [0.16–0.39] 0.77 [0.61–0.84]

Simplified logistic regression model 0.70 [0.65–0.75] 0.50 0.81 [0.75–0.86] 0.19 [0.14–0.25]
0.75 0.53 [0.40–0.63] 0.47 [0.37–0.60]
0.90 0.23 [0.16–0.39] 0.77 [0.61–0.84]

AUC, area under the curve; CI, confidence interval; GBM, gradient boosted machine.

40 W. Raat et al.

ESC Heart Failure 2022; 9: 39–47
DOI: 10.1002/ehf2.13724



Statistical analysis

We divided the total population at-risk for HF identified by the
audits into two cohorts: patients who were identified as hav-
ing HF by their GP after the audit (i.e. the OSCAR-HF study
population) and everyone else. We described the proportion
of positive responses on each query for both populations. In
addition, we analysed audit performance using a logistic
regression and gradient boosted machine (GBM) classification
tree algorithm. A GBM algorithm sequentially combines many
weak learning trees fitting upon the residuals of the previous
one until finally achieving a strong learner.14 We calculated
the relative importance of each predictor variable in our
GBM model using Breiman’s approach,15 based on the empir-
ical improvement in squared error for each splitting variable,
summed up over each boosting iteration. For the logistic
model, we calculated relative importance based on the abso-
lute value of the t-statistic for each model parameter. We con-
sequently compared four models: a GBM model and logistic
regression model utilizing all available predictor variables,
and simplified GBM and logistic regression models based on
the 10 most important predictor variables identified in the full
GBM model. We designed and tested our models using a con-
ventional training and test set partition correcting for class im-
balance in our outcome and with a five-fold cross-validation.
We plotted model performance on a receiver-operating char-
acteristic (ROC) curve. We calculated optimal thresholds using
Youden’s index weighing the cost of a false negative classifica-
tion as 10 times the cost of a false positive classification. We
calculated area under the curve and specificities for different
sensitivity cut-offs using bootstrapped confidence intervals.
We additionally compared the trade-off between true positive
and false positive cases in the audit in a precision–recall curve
based on consecutive OR addition of the 10 most important
queries. We calculated a number needed to screen for each
query combination as the total number of non-HF patients
each GP needs to screen for every ‘true’ HF patient. All statis-
tical analyses were conducted in R Version 3.6.3 using R’s
‘caret’ and ‘pROC’ packages.16,17 We included an additional
analysis with panel objectified HF as outcome in Supporting
Information, Figure S1.

Code mapping and model building

Supporting Information, Table S1 provides an overview of the
different queries and the coding of free-text syntax that were
used to identify both registered and unregistered HF patients.

Medication information code mapping
We mapped all medications to underlying anatomical thera-
peutic chemical (ATC) classification codes and used seven
different queries based on known HF medication classes or
combinations.

Heart failure relevant well-known risk factors mapping
We mapped six different cardiovascular diseases to underly-
ing International Classification of Primary Care (ICPC-2) codes
or free-text constructs.

Heart failure relevant signs and symptoms mapping
We mapped four HF-specific signs and symptoms to underly-
ing free-text strings. We mapped free-text decompensation
as a separate query for one participating software package18

due to an idiosyncrasy in the underlying database architec-
ture in order to assess the impact on overall audit
performance.

Ethics

The OSCAR-HF pilot study conformed to the principles
outlined in the Declaration of Helsinki. Before the study be-
gan, all participating GPs provided informed consent. An
opt-out procedure was used for the identification of HF pa-
tients. Ethics committee approval was obtained from the Uni-
versity Hospitals Leuven Ethics Committee in November 2016
(B322201630391).

Results

Patient classification

Of the 18 011 patients eligible for the audit intervention,
4678 (26.0%) were identified as possible HF patients by the
combined basic and extended audits and submitted for GPs’
assessment in the audit stage (Figure 1). There were 310 pa-
tients with registered HF before GP assessment (basic
audit),10 of whom 146 (47.1%) were judged not to have HF
by their GP (over-registration). There were 538 patients with
registered HF after GP assessment,10 of whom 374 (69.5%)
did not have registered HF before GP assessment (under-
registration).

Figure 2 further illustrates this classification flow for all pa-
tients with a GP assessment of before or after the audit
(n = 684). There was a clear proportional difference in the
panel validation of HF diagnoses between GP classified pa-
tients with or without registered diagnosis before GP assess-
ment (84.8% objectified HF diagnoses vs. 58.6%,
respectively).

Search strings

Figure 3 shows the 26 different queries of the extended audit
in ascending order of frequency for the group with (n = 538)
and without (n = 4140) a GP HF assessment after the audit.
The three queries occurring most frequently in the audit pop-
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ulation were medication combinations (diuretics, beta-
blockers, and angiotensin-converting enzyme inhibitors).

Prediction modelling

The variable importance for the logistic regression and gradi-
ent boosted models is depicted in Figure 4. The most
important variables in each model were free-text cardiomy-
opathy and ischaemic heart disease, coded atrial fibrillation
and mineralocorticoid receptor antagonists, and a combina-
tion of diuretics and angiotensin II receptor antagonists. Fig-
ure 5 shows ROC curves for the four different models, as well
as optimal thresholds using a weighted Youden’s index with

corresponding sensitivities and specificities. Table 1 shows
the trade-off between increasing sensitivity and false positive
rates for three pre-defined sensitivities (0.50, 0.75, and 0.90).
The four models had comparable predictive performance as
measured by the area under the curve.

Finally, Table 2 and Figure 6 express the trade-off between
precision and recall (in this context also referred to as true
positive rate and positive predictive value) in classification
when we consecutively add the 10 most important query
parameters as dichotomous OR operators in the audit
population.

Using only four queries in an OR combination (free-text
cardiomyopathy, ischaemic heart disease, mineralocorticoid
receptor antagonists, and coded atrial fibrillation) was

Figure 1 Study flowchart describing the audit process in four stages. (1) Identification of the patient population aged 40 years or older. (2) Identifica-
tion of possible heart failure (HF) patients through an extended audit in the electronic health record. (3) Identification of patients with registered HF
before GP assessment. (4) GP assessment of the list generated in Step 2 as HF/no HF. GP, general practitioner.

Figure 2 Alluvial diagram of the classification flow of patients who had registered HF before or after general practitioner assessment. HF, heart failure.
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Figure 3 Bar chart illustrating the frequency of positive responses for each query for the entire population identified in the audit (n = 4679).
Green = patients assessed as HF by their GP, orange = patients assessed as non-HF by their GP. ACEi, angiotensin-converting enzyme inhibitor;
ARB, angiotensin receptor blocker; BB, beta-blocker; C, coded query; FT, free-text query; GP, general practitioner; HF, heart failure.

Figure 4 Variable importance score for each query for two different modelling strategies, scaled on the most important variable. ACEi,
angiotensin-converting enzyme inhibitor; ARB, angiotensin receptor blocker; BB, beta-blocker; C, coded query; FT, free-text query; GBM, gradient
boosted machine; GP, general practitioner; HF, heart failure.
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enough to identify almost 60% of GPs’ self-assessed HF pop-
ulation, with GPs having to screen slightly more than four
non-HF patients for every HF patient. Adding six additional
queries increased identification to 86% but increased GPs’ au-
dit burden to six non-HF patients for every HF patient, which
still amounted to a screening caseload reduction of 33%
(n = 1537).

Discussion

Our study in 18 011 patients (recruited from 51 GPs) demon-
strated that GPs’ diagnostic coding accuracy of HF is

inadequate. Almost half of all patients with a registered HF
diagnosis pre-audit were judged not to have HF following
an audit in the EHR. Conversely, more than two-thirds of pa-
tients identified as having HF by their GP after the audit did
not have a registered HF diagnosis before GP assessment. In
addition, we demonstrated comparable performances on HF
classification for both a classical statistical and machine learn-
ing approach. A simple query set using only search strings for
cardiomyopathy, ischaemic heart disease, atrial fibrillation,
digoxin, mineralocorticoid receptor antagonists, and combi-
nations of renin-angiotensin system (RAS) inhibitors and
beta-blockers with diuretics allowed identification of 86% of
GPs’ self-assessed HF population and a 33% reduction in
screening caseload for the GP.

Figure 5 Comparison of sensitivity and specificity in a receiver-operating characteristic curve for the identification of heart failure patients using four
different modelling strategies. The labels indicate the sensitivity and specificity at the optimal cut-off for each strategy. GBM, gradient boosted
machine.

Table 2 Comparison of the positive predictive value and true positive rate in the electronic health record audit for a consecutive addition
of the 10 most important dichotomous queries (gradient boosted machine model) in the electronic health record

Query
GP non-HF classification

(n = 4340)
GP HF classification

(n = 538)
Positive predictive
value (precision)

True positive
rate (recall)

Number needed
to screen

CMP (FT) 57 (1.3%) 48 (8.9%) 0.46 0.09 1.19
+ IHD (FT) 649 (15.0%) 158 (29.4%) 0.20 0.29 4.11
+ MRA 1057 (24.4%) 252 (46.8%) 0.19 0.47 4.19
+ AF (C) 1383 (31.9%) 316 (58.7%) 0.19 0.59 4.38
+ AF (FT) 1465 (33.8%) 330 (61.3%) 0.18 0.61 4.44
+ Diuretics and ARB 1704 (39.3%) 369 (68.6%) 0.18 0.69 4.62
+ CMP (C) 1787 (41.2%) 382 (71.0%) 0.18 0.71 4.68
+ Digoxin 1816 (41.8%) 386 (71.7%) 0.18 0.72 4.70
+ Diuretics and ACEi 2242 (51.7%) 432 (80.3%) 0.16 0.80 5.19
+ Diuretics and BB 2680 (61.8%) 461 (85.7%) 0.15 0.86 5.81

ACEi, angiotensin-converting enzyme inhibitors; AF, atrial fibrillation; ARB, angiotensin receptor inhibitors; BB, beta-blockers; C, coded
query; CMP, cardiomyopathy; FT, free-text query; GP, general practitioner; HF, heart failure; IHD, ischaemic heart disease; MRA, mineral-
ocorticoid receptor antagonists.
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With regard to our first aim, a description of the accuracy
of registered HF in primary care records, the problem of EHR
HF misclassification echoed previous studies demonstrating
overdiagnosis of one-third to half of all HF patients4,5,19 and
underdiagnosis of around one-sixth of patients in primary
care settings, although this last finding was in a cohort of
patients 65 or older presenting with dyspnoea on exertion.3

This is likely due to the difficulty of diagnosing HF in
mainly older primary care HF populations and contrasts with
the generally high validity of HF diagnoses in hospital
records.20–22 In addition, we cannot rule out that several
free-text HF diagnoses were working hypotheses that were
later retracted by the GP, thus falsely elevating the level of
registered HF. These findings have important consequences
for health professionals trying to establish HF quality
improvement (QI) initiatives in primary care because the
clinical audits essential to the QI process23 hinge upon a cor-
rect identification of target populations. Our findings indicate
that this identification process cannot be solely contingent on
elementary coded or free-text HF diagnoses and should first
improve coding accuracy, for example, through an extended
EHR audit with GP assessment. Interestingly, only a small
number of patients (n = 25) in which GPs confirmed a
pre-audit diagnosis of HF turned out to have non-objectified
HF according to the experts. This suggests that performing
even a very basic audit and feedback querying only the regis-
tered HF population can greatly enhance the specificity of
registered HF in the primary care EHR.

Our EHR audit, composed of several coded and free-text
search strings in a relational database management system,

used several identical coded comorbidities and medication
combinations as previous primary care audits24–27 but also
included free-text strings, signs and symptoms, and a larger
variety of medication classes. Although algorithmic HF
detection through administrative data sources has been
extensively studied, most studies use coded information in
hospital records,28,29 limiting validity in outpatient settings.
This is the first study analysing such an EHR algorithm in pri-
mary care records. Our findings of a clear improvement in HF
identification with diminishing marginal returns for increased
query sets and the identification of those queries that are
most important to HF identification in this primary care
population are therefore particularly relevant. The adequate
registration of these queries could be the focus of QI
initiatives such as EHR training for GPs or natural language
processing tools performing back-end query registration in
the EHR, although it remains to be established whether more
accurate registration leads to improved health outcomes and
whether the substantial upfront time investment incumbent
on even an optimized search algorithm limits implementation
in routine clinical practice.

Strengths and limitations

The major strengths of our study are the extensive diagnos-
tic validation process involving patients’ own GP and a
decision tree approach mirroring real-world binary query
combinations in the EHR with logical AND/OR operators.
There are a few limitations, however. First, we used GPs’

Figure 6 Precision–recall curve illustrating the benefit of adding queries with a logical OR operator in the entire data set. The y-axis indicates precision
or positive predicative value (PPV). The x-axis indicates recall or true positive ratio (TPR). Integers in the graph depict the number of queries combined.
The size of the circles expresses the total number of identified patients; the green inner circle expresses the proportion of OSCAR-HF patients. ACEi,
angiotensin-converting enzyme inhibitors; AF, atrial fibrillation; ARB, angiotensin receptor inhibitors; BB, beta-blockers; C, coded query; CMP, cardio-
myopathy; FT, free-text query; HF, heart failure; IHD, ischaemic heart disease; MRA, mineralocorticoid receptor antagonists.
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assessment of HF as the outcome of interest for our classifi-
cation models, rather than objectified HF according to the
expert panel. This could lead to an overestimation of the
true HF population. However, this reflects real-world imple-
mentation, where GPs’ judgement on HF would be the out-
come rather than an expert panel HF diagnosis. Moreover,
this audit should be regarded as part of a continuous QI
process rather than a precise diagnostic instrument. For
example, a GP could be triggered by the audit to refer
patients to a cardiologist for validation when uncertain
about an HF diagnosis, ideally leading to rapid feedback on
his diagnostic decision-making. In addition, our study design
was not ideal for objectively quantifying the accuracy of HF
diagnoses in unaudited GP HF records, because patients
with a registered HF diagnosis and a ‘non-HF’ assessment
by their GP were not presented for panel validation. Second,
we were somewhat confined in the audit optimization pro-
cess because we could only test variables on patients identi-
fied in the extended audit procedure, thus potentially
missing patients in the broader primary care population of
>18 000 patients. However, the extended audit was com-
prehensive and conducted in primary care practices with
good EHR registration. Because HF prevalence levels in the
extended audit population were in accordance with other
primary care studies,10 this ‘dark number’ is likely low. Third,
we did not use other potentially more powerful machine
learning models, such as neural networks or more recent de-
cision tree algorithms, which could have negatively impacted
classification performance. However, we chose the classical
GBM model because of its well-established method to
assess our primary objective, variable importance.

Conclusions

Diagnostic coding of HF in primary care health records is inac-
curate with a high degree of underclassification and overclas-
sification. An optimized query set using only search strings for
cardiomyopathy, ischaemic heart disease, atrial fibrillation,
digoxin, mineralocorticoid receptor antagonists, and combi-
nations of RAS inhibitors and beta-blockers with diuretics en-
abled identification of more than 80% of GPs’ self-assessed
HF population, albeit with modest specificity.
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