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ABSTRACT
Objectives: There is a need for a practical tool to aid
general practitioners in early detection of heart failure
in the elderly with shortness of breath. In this study,
such a screening rule was developed based on an
existing rule for detecting heart failure in older persons
with a diagnosis of chronic obstructive pulmonary
disease. The original rule included a history of
ischaemic heart disease, body mass index, laterally
displaced apex beat, heart rate, elevated N-terminal pro
B-type natriuretic peptide and an abnormal ECG.
Design: Cross-sectional data were used to validate,
update and extend the original prediction rule
according to a standardised state-of-the-art stepwise
approach.
Setting: Primary care with 30 participating general
practices.
Participants: Community-dwelling people aged
≥65 years with shortness of breath on exertion.
Methods and results: Validation of the existing
screening rule in our population showed satisfying
discrimination with a concordance statistic of 0.84
(range 0.80–0.85), but poor calibration. Performance
measures were most improved by adding the
predictors age >75 years, peripheral oedema and
systolic murmur, resulting in a concordance statistic of
0.88 (range 0.85–0.90) and a net reclassification
improvement of 31%. A risk score was computed,
which showed high accuracy with a negative predictive
value of 87% and a positive predictive value of 73%.
Evaluating the improved rule in the derivation set and
an independent set of patients with type 2 diabetes
aged 60 years or older showed satisfying
generalisability of the rule.
Conclusions: Our rule resulted in excellent prediction
of heart failure in the large domain of the elderly with
shortness of breath, and would help general
practitioners to select those needing echocardiography.
Trial registration number: NCT01202006.

INTRODUCTION
Heart failure is an emerging ‘epidemic’,
causing high mortality rates, substantial loss

in quality of life and high healthcare costs.1

The majority of patients with heart failure
are diagnosed and managed in primary
care.2 Diagnosing heart failure in an early
phase is difficult because symptoms and
signs such as fatigue, shortness of breath and
oedema are non-specific. Other conditions
that may even be present and already known
as comorbidities can also cause a similar clin-
ical picture. Echocardiography is the corner-
stone investigation to diagnose heart failure,
but there is limited access to this facility in
primary care.
Non-acute shortness of breath is a very

common symptom of older community-
dwelling persons, with prevalence rates of

Strengths and limitations of this study

▪ We did not perform echocardiography in partici-
pants who had a normal ECG and normal
N-terminal pro B-type natriuretic peptide levels
(<14.75 pmol/L). This may have caused partial
verification bias in the heart failure diagnosis.
However, by state-of-the-art imputation techni-
ques, we could provide an adequate prediction of
the very low risk of heart failure for such persons.

▪ The use of an outcome panel to establish heart
failure presence or absence may have resulted in
incorporation bias, by knowing the results of the
diagnostic tests under study. Importantly, there
is general consensus that the resulting overesti-
mation of the performance of some of the diag-
nostic items is outweighed by the gain in the
accuracy of the outcome assessment by the
panel.

▪ The use of tissue Doppler imaging in the assess-
ment of diastolic function is a major strength of
our study since it helps reduce misclassification
of heart failure with preserved ejection fraction.

▪ Our prediction rule is able to detect both ‘pheno-
types’ of heart failure in an early stage, and it
can help general practitioners decide who needs
referral for echocardiography.
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around 40%.3 4 Many elderly experiencing such symp-
toms visit the general practitioner (GP), but this will not
always result in an adequate diagnostic work up.
Shortness of breath is frequently incorrectly labelled as
pulmonary obstructive disease or as being caused by
ageing itself or deconditioning. Heart failure is often
not considered and high rates of unrecognised heart
failure may be found in community-dwelling older
persons labelled with chronic obstructive pulmonary
disease (COPD).5 The existing knowledge of underdiag-
nosis and misclassification underscores the need for a
practical decision tool to aid GPs in targeted screening
for heart failure of the large population of
community-dwelling older persons with non-acute short-
ness of breath.
Several diagnostic prediction rules have been devel-

oped for detecting or excluding non-acute heart failure
in the primary care setting, mainly in patients suspected
of heart failure.6–9 Simply creating another prediction
rule for people with shortness of breath would only con-
tribute to a multiplication of rules. Therefore, we set out
to validate and further develop the single existing screen-
ing rule for heart failure from primary care. This screen-
ing rule was created in a comparable group of
participants, namely, community-dwelling persons aged
65 years or older with a GP’s diagnosis of COPD.5 We
followed a state-of-the-art stepwise approach (table 1) to
validate, update and extend this previously developed
prediction rule.10

METHODS
Study population
Thirty primary care practices in the Netherlands partici-
pated in our study, executed between December 2010
and December 2012. Community-dwelling persons aged
65 years or older were eligible if they presented them-
selves with non-acute shortness of breath on exertion in
the previous 12 months to one of the participating GPs,
including those individuals with an already known pul-
monary disease. Shortness of breath was not necessarily
the main reason for contact. Eligibility was irrespective
of whether patients were suspected of heart failure by
their GP or not. We excluded patients with an already
known established diagnosis of heart failure (confirmed
by a cardiologist with echocardiography), those with a
life expectancy shorter than 6 months and those not
able or willing to give informed consent. The study was
approved by the medical ethical committee of the
University Medical Center Utrecht, the Netherlands.

Data collection
After signing informed consent, participants underwent
a standardised diagnostic work up. A standardised ques-
tionnaire was used to obtain information on symptoms,
comorbidities, smoking status and medication use.
Physical examination consisted of measurement of
height and weight, blood pressure (two readings), pulse,

respiratory rate, pulmonary percussion and auscultation,
heart auscultation, palpation of the apex beat, measure-
ment of the jugular venous pressure ( JVP), palpation of
the liver, and inspection of the legs for oedema and
signs of chronic venous insufficiency. An impalpable
apex beat was classified as ‘normal apex beat’, and
immeasurable JVP as ‘non-elevated JVP’.
A standard 12-lead ECG was recorded and classified

according to the Minnesota coding criteria,11 without
knowledge of the patients’ clinical status. Blood samples
were analysed for serum concentrations of N-terminal
pro B-type natriuretic peptide (NTproBNP) with a non-
competitive immunoradiometric assay (Roche,
Mannheim, Germany). NTproBNP was considered ele-
vated if the value exceeded 14.75 pmol/L (∼125 pg/
mL). This exclusionary cut-point for non-acute onset
heart failure was chosen in line with the European
Society for Cardiology (ESC) guidelines on heart
failure.12

Only participants with an abnormal ECG or an
NTproBNP level above 14.75 pmol/L underwent add-
itional echocardiography within 2 weeks. This diagnostic
strategy is advocated by the recent ESC guidelines on
heart failure and largely resembles daily practice in the
Netherlands.12 Echocardiography, including Tissue
Doppler techniques for measurement of diastolic func-
tion, was performed by a single trained and experienced
cardiac sonographer, using a Philips iE33 imaging
system (Andover, Massachusetts, USA), blinded to the
patients’ other test results and applying the recent
recommendations of the American Society of
Echocardiography.13 14

Table 1 Steps in validating and improving prediction

rules

Serial

number Step

No updating
1 Applying the original prediction model

Recalibration
2 Adjustment of the intercept using the calibration

intercept

3 Adjustment of intercept and regression

coefficients using the calibration intercept and

the calibration slope

Model revision
4 Step 3 + extra adjustment of regression

coefficients for predictors with a different

strength than in the development set

5 Re-estimation of the intercept and regression

coefficients of all predictors

Model extension
6 Step 4 + selective extension with additional

(statistically significant) predictors

7 Step 5 + selective extension with additional

(statistically significant) predictors

8 Fit a model with original and additional

predictors
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Definition of heart failure
An expert panel, consisting of two cardiologists and one
GP with special expertise in heart failure, determined
presence or absence of heart failure based on all avail-
able diagnostic test results, including echocardiography.
For classification of participants as having heart failure,
the panel followed the criteria of the guidelines of the
ESC.12

Heart failure was considered present when partici-
pants had suggestive symptoms and signs in combination
with objective echocardiographic evidence of cardiac
dysfunction at rest. Heart failure was further classified by
the panel as heart failure with reduced ejection fraction
(HF-REF) in case left ventricular ejection fraction
(LVEF) was ≤45%, heart failure with preserved ejection
fraction (HF-PEF) when there were structural or func-
tional abnormalities compatible with diastolic dysfunc-
tion and LVEF was >45%, and ‘isolated’ right-sided heart
failure.

Data analysis
Imputation
The decision to not perform echocardiography was
based on earlier test results, namely a normal ECG and
NTproBNP value <14.75 pmol/L. As a consequence, the
outcome, presence or absence of heart failure, was par-
tially missing ‘at random’ in our data set.15

Methodological studies showed that if values are missing
at random, multiple imputation of these variables results
in rather unbiased estimates, even when the missing vari-
able is the missing reference standard.16

We used logistic regression for single imputation of
two missing ECGs and three missing NTproBNP values,
and multiple logistic regression imputation for the
outcome value.17 Based on the percentage of missing
information on the outcome (37.4%), we performed 40
repetitions of multiple imputation.18

Analyses were performed in each of the 40 imputed
sets and, subsequently, combined estimates of regression
coefficients and their variances were computed follow-
ing Rubin’s rules.19

Validation of the original rule
The original prediction rule includes a history of ischae-
mic heart disease, body mass index, laterally displaced
apex beat, heart rate, NTproBNP and ECG. The predic-
tion rule has the following form: α+β1×predictor 1
+β2×predictor 2+…+β6×predictor 6, with α being the
intercept and β1–β6 the regression coefficients. For valid-
ation (step 1) we applied the original intercept, regres-
sion coefficients and predictors before further updating.

Model improvement
In step 2, we recalibrated the model by adjustment of
the intercept, and in step 3, by adjustment of both the
intercept and the regression coefficients.
Steps 4 and 5 are model revisions in which predictors

are re-estimated in the validation set. In step 4, only

predictors with a different strength in the validation set
after recalibration were adjusted. We tested whether
deviations from the recalibrated regression coefficients
had added predictive value by performing likelihood
ratio tests in a forward stepwise manner. In step 5, all
the predictors were newly fitted in the model.
Steps 6–8 are model extensions considering other vari-

ables for inclusion in the model. In step 6, predictors
were included with additional value after performance
of step 4 and in step 7, predictors were included with
additional value after performance of step 5. Variables
with a p<0.15 in univariable logistic regression were
selected from the validation set and added in a forward
stepwise manner, including the predictor with the stron-
gest effect first. In step 8, a model with original and add-
itional predictors was newly estimated. We included a
maximum number of three additional predictors in the
multiple regressions, to retain sufficient power of the
model and prevent overfitting.20

Shrinkage of the regression coefficients
In steps 4–8, the value of the individual regression coef-
ficients was estimated in the validation set. Owing to
overfitting, these estimations are often too optimistic,
resulting in overly extreme predicted probabilities when
the model is applied in a new data set.19 We reduced
overoptimism by shrinkage of the regression coefficients,
following the formulas described by Janssen et al.21

Model performances
To study the performance of the rules after the various
updating and extension steps, we compared the
predicted risks with the observed outcomes. We studied
calibration with calibration plots and the Hosmer-
Lemeshow goodness-of-fit test, and discrimination with
the concordance statistic (C-statistic).21

Combining C-statistic estimates from 40 imputed sets
into one estimate is not possible with Rubin’s rules since
C-statistics are bounded by zero and one.22 Hence, we
used the median and range to describe the distribution
of this value over the imputed sets, as was carried out
earlier by Clark and Altman.23

We used the χ2 difference test to evaluate the added
value of each step and thereby determine the best per-
forming rule.24

We then cross-tabulated the probability classification
of patients according to this improved rule with the ori-
ginal rule to assess reclassification. We calculated the net
reclassification improvement (NRI) for cases upward
and for non-cases downward the probability of heart
failure scale.25 We used a cut-point of 10% risk, consider-
ing heart failure to be absent below, and ‘possibly
present’ above, that threshold (hence regarding it as an
indication for referral for echocardiography).
Finally, we transformed the regression coefficients of

the predictors from the improved rule to the nearest
integers according to their relative contributions to the
risk estimations to construct risk scores for practical use.
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After calculating the score points for each patient, we
estimated the absolute percentages of correctly diag-
nosed patients across score categories. We also calcu-
lated the sensitivity, specificity and predictive values at
different score thresholds.
To test the improved rule on its generalisability, we

assessed the performance of the rule in the derivation
cohort of community-dwelling older persons with
COPD, and in another, independent cohort of 581
community-dwelling persons aged 60 years and older
with type 2 diabetes who had been assessed
echocardiographically.26

Data were analysed with SPSS V.17.0 for Windows
(SPSS Inc, Chicago, Illinois, USA) and R V.3.0.1.

RESULTS
The mean age of the 585 participants was 74.1 (SD±6.3)
years, and 54.5% were females. In total, 366 participants
(62.6%) underwent echocardiography.
The panel diagnosed newly onset heart failure in 92

patients (15.7% of all participants); 17 (2.9%) with
HF-REF, 70 (12.0%) with HF-PEF and 5 (0.9%) with

isolated right-sided heart failure. Characteristics of parti-
cipants according to presence or absence of heart
failure, considering those with a normal ECG and
NTproBNP<14.75 pmol/L as not having heart failure,
are shown in table 2.
The 40 imputed sets resulted in a mean number of 6

(range 2–13) imputed heart failure cases in the 219 par-
ticipants who did not have echocardiography because
they had a normal ECG and an NTproBNP value
<14.75 pmol/L.
Validation of the original rule (step 1) showed good

discrimination with a C-statistic of 0.84 (range 0.80–
0.85) (table 3). Calibration, however, was insufficient
because of overly extreme predictions (figure 1).
After recalibration and revision, the predictors age

>75 years, cardiovascular comorbidity, atrial fibrillation,
nocturia, pulmonary crepitations, peripheral oedema
and systolic murmur were tested for model extension.
Age >75 years, peripheral oedema and a systolic murmur
had the highest added value beyond the original six pre-
dictors, and were used in the extension steps. The best
performing rule was created with step 8, resulting in a
C-statistic of 0.88 (range 0.85–0.90). Regression

Table 2 Characteristics of 585 participants according to presence or absence of HF, considering those with a normal ECG

and NTproBNP<14.75 pmol/L as not having HF

Characteristics

HF present HF absent OR

p Value(n=92) (n=493) (95% CI)

History

Mean age in years (SD) 78.1 (6.0) 73.3 (6.0) 1.13 (1.09 to 1.17)* <0.001

Female sex 48 (52.2) 271 (55.0) 0.89 (0.57 to 1.40) 0.62

Median pack years of smoking (IQR)† 7.8 (0.0–30.0) 8.0 (0.0–30.0) 1.01 (1.00 to 1.02)* 0.99

Orthopnoea or paroxysmalnocturnal dyspnoea 18 (19.6) 72 (14.6) 1.42 (0.80 to 2.52) 0.23

Nocturia ≥ twice/night 31 (33.7) 110 (22.3) 1.77 (1.09 to 2.86) 0.02

Comorbidities and risk factors‡

Ischaemic heart disease§ 30 (32.6) 86 (17.4) 2.29 (1.40 to 3.75) 0.001

Cardiovascular comorbidity¶ 72 (78.3) 279 (56.6) 2.76 (1.63 to 4.68) <0.001

Atrial fibrillation 17 (18.5) 25 (5.1) 4.24 (2.19 to 8.23) <0.001

Physical examination

Mean BMI in kg/m2 (SD) 29.9 (4.6) 27.2 (4.3) 1.13 (1.08 to 1.19)* <0.001

Mean heart rate in bpm (SD) 71.9 (16.4) 74.0 (11.7) 0.99 (1.97 to 1.00)* 0.23

Pulmonary crepitations 26 (28.3) 83 (16.8) 1.95 (1.17 to 3.25) 0.01

Peripheral oedema 45 (48.9) 101 (20.5) 3.72 (2.34 to 5.91) <0.001

Laterally displaced apex beat** 7 (7.6) 14 (2.8) 2.82 (1.11 to 7.19) 0.024

Systolic murmur 32 (34.8) 94 (19.1) 2.26 (1.40 to 3.67) 0.001

Additional tests††

Median NTproBNP in pmol/L (IQR) 46 (24–89) 13 (7–20) 1.02 (1.02 to 1.03)* <0.001

Abnormal ECG‡‡ 60 (65.9) 160 (32.5) 4.06 (2.53 to 6.50) <0.001

Values are numbers (percentage) unless stated otherwise.
*OR per unit change.
†In current and former smokers.
‡Comorbidities mentioned by the patient during history taking.
§Including myocardial infarction, angina pectoris, percutaneous coronary intervention or coronary artery bypass grafting.
¶Diabetes mellitus, hypertension, stroke, or peripheral arterial disease.
**Laterally displaced in supine position or broadened/sustained in left cubital position.
††There were two missing values for ECG measurements and three missing values for NTproBNP measurements.
‡‡Atrial fibrillation, sinus tachycardia (heart rate >100 bpm), left and right bundle branch block (complete or incomplete), left anterior and
posterior fascicular block, left ventricular hypertrophy, Q-waves suspected for previous myocardial infarction, P-wave abnormalities compatible
with left atrial enlargement or P-pulmonale, or any ST segment/T-wave abnormalities.
BMI, body mass index; HF, heart failure; NTproBNP, N-terminal pro B-type natriuretic peptide.
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coefficients of this improved rule can be found in
online supplementary table S1.
The NRI for the improved rule was 31.0%, mainly

caused by the correct down-classification of non-cases
(table 3). The calibration plot of the improved rule is
depicted in figure 1. Neither the original nor the
improved rule performed differently between sexes
(table 3).
Tables 4 and 5 show the construction of the risk score

with the improved rule and the result of calculating indi-
vidual risks and dividing participants over score categor-
ies, respectively. Dichotomising the scale by considering
heart failure absent under the score of 21 points and
considering heart failure possibly present (regarding it
as an indication for echocardiography) above this score,
yielded a positive predictive value (PPV) of 73% and a
negative predictive value (NPV) of 87%.
The improved rule showed good performance with a

C-statistic of 0.76 (95% CI 0.70 to 0.81) in the derivation
cohort of community-dwelling older persons with
COPD, exactly matching with the C-statistic of the ori-
ginal rule in that data set. In the independent cohort of
community-dwelling persons aged 60 years and older
with type 2 diabetes, the discrimination was even better,
with a C-statistic of 0.80 (95% CI 0.76 to 0.84).

DISCUSSION
We used a stepwise approach to further develop an
existing prediction rule that may help GPs identify
which community-dwelling older persons presenting
with shortness of breath on exertion might have non-
acute heart failure. By extending the original six pre-
dictors with three additional predictors, performance
measures were most improved, resulting in a
good-to-excellent C-statistic of 0.88 (range 0.85–0.90)
and an NRI of 31.0%. A risk score was computed,
which showed high accuracy with a NPV of 87% and a
PPV of 73%. The improved rule was tested on its gener-
alisability with satisfying results in two sets (C-statistic
0.76 and 0.80).

Table 3 Performance measurements of the improved rule

compared with the original rule

Original rule Improved rule

C-statistic (range) 0.84 (0.80–0.85) 0.88 (0.85–0.90)

Males 0.84 (0.82–0.86) 0.88 (0.85–0.90)

Females 0.84 (0.78–0.85) 0.89 (0.84–0.90)

HL-test 0.02 0.56

N cases correctly upgraded 0

N cases incorrectly downgraded 6

N non-cases correctly downgraded 180

N non-cases incorrectly upgraded 0

% NRI 31.0

The median C-statistic and range from the 40 imputed analyses
are given.
NRI is defined as the difference in proportions of patients moving
up and down for cases and non-cases separately, and is
interpreted as the percentage reclassified, adjusted for
reclassification direction.
C-statistic, concordance statistic; HL-test, Hosmer-Lemeshow test;
NRI, net reclassification improvement.

Figure 1 Calibration plots of the original (A) and improved

(B) prediction rule. Agreement between the predicted risks of

heart failure according to the different prediction rules and the

observed proportions in the validation set. The broken line

indicates ideal calibration (line of identity), the dotted line is

the non-parametric calibration line and the smooth line the

parametric calibration line.

Table 4 Risk score for estimating the probability of heart

failure with the improved rule

Predictor Points

Ischaemic heart disease 2

Body mass index >30 kg/m2 4

Laterally displaced apex beat 4

Heart rate >90 bpm 1

NTproBNP>14.75 pmol/L 9

Abnormal ECG 5

Peripheral oedema 4

Age >75 years 3

Systolic murmur 3

Median C-statistic 0.88

Range from 40 analyses 0.85–0.89

C-statistic, concordance statistic; NTproBNP, N-terminal pro
B-type natriuretic peptide.
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Our study has several limitations. Not performing
echocardiography in those with a normal ECG in com-
bination with NTproBNP levels below 14.75 pmol/L may
have caused partial verification bias. Importantly, heart
failure in such patients is very unlikely.12 27 Moreover, by
state-of-the-art imputation techniques, we could provide
adequate predictions of the very low risk of heart failure
for these patients who did not underwent echocardiog-
raphy. A study by de Groot et al16 demonstrated that mul-
tiple imputation is the preferred correction method in
case of partial verification bias. The authors performed
a series of simulations in a data set with complete verifi-
cation by setting a varying number of outcome values to
missing and comparing the performance of various cor-
rection methods. In case the mechanism of missing data
is known, such as in our study, multiple imputation
showed reliable estimates. Even introducing up to 30%
missings resulted in estimates of performance fluctuat-
ing around the ‘true’ values, only at the costs of wider
CIs with increasing numbers of missing outcomes.
After imputation, six cases of heart failure were added:

2.7% of those who did not undergo echocardiography.
This percentage corresponds very well with a previous
diagnostic study evaluating suspected heart failure
patients from primary care showing a prevalence of
heart failure in 2.9% of patients with a normal ECG and
NTproBNP levels <14.75 pmol/L.27 In the cohort of
older COPD patients from primary care in which the
original prediction rule was developed, this percentage
was somewhat higher: in total, 5% of the patients had
heart failure in the presence of a normal ECG and
NTproBNP<14.75 pmol/L; all these cases had HF-PEF.5

It is reassuring that by multiple imputation of missing
outcomes comparable percentages of heart failure cases
were imputed in our study.
To evaluate the effect imputation might have had on

our results, we executed a kind of sensitivity analysis.
We also performed validation and model
improvement steps in two other data compositions; a
data set in which patients with a normal ECG and
NTproBNP<14.75 pmol/L were straightforwardly consid-
ered not to have heart failure (set 2), and a data set
comprised of those who had undergone echocardiog-
raphy, selectively excluding 219 persons with a normal
ECG and NTproBNP<14.75 pmol/L (set 3). The results
are presented in the online supplementary material. In
short, the overall performance of the prediction rule in

set 2 was close to our imputed data set (C-statistic 0.89,
95% CI 0.86 to 0.92), while set 3, consisting of the selec-
tion of 366 persons who underwent echocardiography,
was lower (C-statistic 0.82, 95% CI 0.77 to 0.87). Set 3
represents another domain, that is, older patients with
dyspnoea on exertion who have an abnormal ECG and/
or NTproBNP>14.75 pmol/L; a more selective patient
category with a higher probability of heart failure. As
could be expected, especially, the ability to rule out
heart failure was reduced, resulting in a lower NPV than
the rule in our imputed data set (81% vs 87%).
As in all diagnostic heart failure studies, appliance of

the outcome panel may have resulted in incorporation
bias, by knowing the results of the diagnostic tests under
study. Importantly, however, there is general consensus
that the resulting overestimation of the performance of
some of the diagnostic items (eg, signs and symptoms) is
outweighed by the gain in the accuracy of the outcome
(heart failure presence or absence) assessment of the
panel.28

A major strength of our study is the use of tissue
Doppler imaging (TDI) in the assessment of diastolic
function. Previously developed prediction rules vary in
their definition of heart failure and, especially, the defin-
ition of HF-PEF has changed over time and by study.
Nowadays, HF-PEF is considered present when heart
failure symptoms and signs concur with structural or
functional abnormalities of the heart, preferably
visualised with echocardiography including TDI
of ventricular wall movement, to reduce the risk of
misclassification.12

We chose not to make separate rules for prediction of
HF-REF and HF-PEF. Our aim was to construct a rule to
detect both ‘phenotypes’ of heart failure in an early
stage. Implications for therapy differ between both ‘phe-
notypes’ and therefore it is important to make an
adequate distinction with echocardiography. The main
advantage of the rule and resulting risk score is that it is
helpful to GPs in dealing with older persons with short-
ness of breath by easing the shift between those who
need and those who do not need referral for echocardi-
ography. For this utility one rule can be used.
Earlier research on diagnosing heart failure focused

on the development of prediction rules in people sus-
pected of heart failure. Our rule is of unique value
because it is applicable to all elderly individuals who visit
the GP with shortness of breath, irrespective of being

Table 5 Presence and absence of heart failure (HF) per score category with the improved rule, and corresponding

sensitivity, specificity and predictive values when dichotomised at different thresholds

Risk category (points) HF (n=98)

No HF

(n=487) Sensitivity Specificity

Positive predictive

value

Negative predictive

value

Very low (≤9), n=268 5 263

Low (10–15), n=128 11 117 0.95 0.54 0.29 0.98

Medium (16–21), n=149 53 96 0.84 0.78 0.43 0.96

High (22–30), n=40 29 11 0.30 0.98 0.73 0.87
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suspected of heart failure; a much larger population that
may even be as large as 40% of those aged 65 years and
over.3 4 Importantly, suspicion of heart failure is subject-
ive, and physicians may be affected by ‘cognitive bias’
because of prior misclassification of shortness of breath
and fatigue as caused by a respiratory disease.
Misclassification of symptoms as being caused by a pul-
monary disease may have unfortunate consequences, as
treatment with bronchodilators potentially may cause
adverse cardiac effects.29

The nine predictors included in our clinical predic-
tion rule are known for being associated with heart
failure, and are comparable with those used in rules for
people suspected of heart failure.6–9 In contrast to most
other rules, however, in our rule, male gender was not
independently related to heart failure. This could at
least partly be explained by the relatively large group of
patients with HF-PEF in our study, with HF-PEF being
known to be more prevalent in females.
The number of predictors in our rule is fairly high,

but this is not unique.9 Most importantly, each predictor
had independent added value. It is generally accepted,
from a methodological point of view, that the final rule
should consist of determinants gaining independent
added value with multivariable logistic regression ana-
lysis. With modern technology, the number of items
should not form a barrier to implementation because
clinical prediction rules can be built into medical elec-
tronic systems or in apps to be downloaded on mobile
devices. Implementation in primary care would largely
increase the yield of case findings of heart failure
without being inefficient, costly and time-consuming.
Starting with the large number of persons with shortness
of breath to be considered for screening, our rule can
help GPs select the sample of persons who need echo-
cardiography, with a low risk of incorrectly excluding
heart failure.
By using the threshold of 21 points to select those

needing referral for echocardiography, especially early
stages of HF-PEF could be missed (13% false negatives)
in the low-risk and medium-risk groups. Given the
chronic progressive character of heart failure, these
patients may have another chance of being detected in
case of persistence or progression of symptoms. Such a
strategy would best fit in a setting with open access to
echocardiography. Open access, however, is still limited
in many countries, including the Netherlands, mainly
because of the belief that it may lead to unnecessary
referrals. Given the relatively high PPV of 73% in our
study, the number of false-positives is limited when con-
sidering the screening setting. By targeting resources at
the high-risk group found with our selective screening,
this approach is most likely to be efficient.
Early detection of heart failure could lead to timely

management. For HF-REF the effect of renin-angioten-
sin system inhibitors and β-blockers on mortality and
heart failure related hospitalisations is well established.

Disappointingly, these medications have, at best,
shown a tendency to improve the prognosis in HF-PEF.
However, focusing only on prognostically beneficial treat-
ment would be too nihilistic. Establishing the diagnosis
of HF-PEF is also important to help explain its symptoms
to patients, to prevent misclassification (ie, such as a pul-
monary disease) and to help predict prognosis. Most
importantly, diuretics are known to relieve shortness of
breath and other symptoms related to fluid and salt
retention, and the blood pressure should be adequately
managed to reduce the afterload for the heart.
Moreover, there are multiple ongoing studies investigat-
ing novel compounds aimed at targets such as inflamma-
tion, coronary microvascular dysfunction and early
stages of myocardial fibrosis. One or more of these com-
pounds may eventually show to have clear prognostically
beneficial effects.30

Whenever evidence-based prognostically beneficial
treatment for HF-PEF becomes available, selective
screening for heart failure with our improved rule could
prove to be cost-effective, given the high number of dis-
covered cases of previously undetected HF-PEF.
We used the original rule of Rutten et al5 for the devel-

opment of our improved rule. We re-estimated the inter-
cept and regression coefficients of all predictors (old
and new) on the data of our own set. Therefore, we had
to test our improved rule again on its generalisability. A
real cohort similar to ours is lacking in the literature
and we therefore had to use validation cohorts with a
somewhat different domain. We first validated the rule
in the derivation cohort consisting of elderly
community-dwelling persons with a diagnosis of COPD,
with good discrimination as a result (C-statistic 0.76,
95% CI 0.70 to 0.81). Our improved rule also showed
good discrimination in a completely independent
cohort of community-dwelling elderly individuals with
type 2 diabetes (C-statistic 0.80, 95% CI 0.76 to 0.84).
Although these validation results are reassuring, we rec-
ommend first to perform an impact study before consid-
ering large-scale implementation in daily practice.31

In conclusion, further development of an existing rule
to selectively screen for heart failure in a large popula-
tion of community-dwelling older persons with non-
acute shortness of breath resulted in an excellent per-
forming prediction rule that is readily applicable, and
has large potential impact on daily general practice and
population health.
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