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Abstract

Aims Heart failure (HF) with preserved ejection fraction (HFpEF) poses significant diagnostic challenges due to its complex
aetiology and overlapping symptoms with other HF types. The heterogeneity of HFpEF, compounded by frequent comorbid-
ities, complicates diagnosis. This study aimed to enhance HFpEF prediction through a two-phase approach: a simplified risk
score and a decision tree model.
Methods and results In Phase 1, an 8-point risk score based on accessible clinical parameters was developed. In Phase 2, we
conducted comprehensive predictive modelling using decision tree analysis. Data from 560 HF patients were analysed. It
achieved an accuracy of 63.13% (sensitivity: 62.87%, specificity: 54.24%). In Phase 2, a decision tree model using broader clin-
ical variables improved accuracy to 73.04% (sensitivity: 53.89%, specificity: 81.17%).
Conclusions This dual framework provides tools for both quick screening and detailed risk stratification in various clinical
settings.
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Introduction

Heart failure (HF) remains a major public health challenge
worldwide, affecting millions and contributing to significant
morbidity and mortality.1,2 Heart failure with preserved ejec-
tion fraction (HFpEF), according to ESC guidelines, is a distinct
and increasingly recognized phenotype, with studies indicat-
ing a rising trend in its prevalence.3–5

Despite advancements in HF treatment, HFpEF presents a
unique diagnostic and therapeutic challenge due to its het-
erogeneous nature and complex pathophysiology.6 This diver-
sity in presentation and underlying mechanisms often com-
plicates the early identification and stratification of patients
with HFpEF, as well as limits the effectiveness of standard
HF therapies.5–7 Accurate prediction and timely recognition
of HFpEF among HF patients could improve clinical outcomes

by facilitating interventions specifically tailored to the nu-
ances of HFpEF.8,9

Current diagnostic approaches such as the H2FPEF score
developed by Reddy et al.10 and the HFA-PEFF algorithm from
the ESC11 have demonstrated good diagnostic accuracy but
present limitations in clinical settings. The H2FPEF score
was designed to distinguish HFpEF from non-cardiac causes
of dyspnoea rather than differentiating between HF sub-
types, while the HFA-PEFF algorithm requires complex diag-
nostic testing including detailed echocardiography and bio-
markers. These limitations highlight the need for simpler
yet effective tools that can be easily implemented in various
clinical settings, particularly when specialized diagnostic re-
sources are limited.

Current methods for assessing HFpEF risk typically rely on
general heart failure markers, which may not fully capture
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the unique characteristics of this particular subtype.8,12 While
several risk scores have been developed to estimate the like-
lihood of HFpEF, there is still room for improvement in their
specificity. To further enhance prediction accuracy and risk
stratification for HFpEF, it is important to continue exploring
and developing new assessment methods.

The primary objective of this study is to improve HFpEF
prediction among HF patients through the development and
validation of a novel risk score and a decision tree model,
using a dual approach that combines both simplified screen-
ing and comprehensive risk stratification to support various
clinical needs.

Methods

Participants

The study group included 560 patients with diagnosed heart
failure (70% male, 30% female, mean age
M ± SD = 67.4 ± 12.3 years). Clinical data were collected
and analysed from two groups of patients treated at the Uni-
versity Clinical Hospital in Wroclaw: hospitalized patients
from the Cardiology Clinic and outpatients from the Heart
Failure Outpatient Clinic. This study used a retrospective co-
hort design analysing data collected prospectively during
standard clinical care. The study was conducted between Jan-
uary 2022 and January 2024. Inclusion criteria were (1) a con-
firmed diagnosis of heart failure based on clinical and diag-
nostic criteria according to ESC guidelines, (2) age ≥18 years
and (3) patient consent to participate and for the use of their
medical information. We excluded patients with significant
valvular heart disease, pulmonary arterial hypertension, con-
strictive pericarditis, primary cardiomyopathies or history of
heart transplant.

Data collection

The initial objective of the study was to develop a simplified
version of the H2FPEF diagnostic score, designed to estimate
the likelihood of HFpEF. The original H2FPEF score consisted
of six criteria: obesity (BMI > 30 kg/m2), atrial fibrillation,
age >60 years, treatment with ≥2 antihypertensive medica-
tions, e/e′ ratio >9 and pulmonary artery systolic pressure
>35 mmHg. Our goal was to create a more accessible clinical
tool by eliminating the echocardiographic criteria (e/e′ ratio
>9 and pulmonary artery systolic pressure >35 mmHg),
which can be challenging to obtain in some clinical settings
due to image quality issues, measurement variability, or lim-
ited resource availability. This simplified version was subse-
quently tested in a cohort of 560 heart failure patients to
evaluate its diagnostic utility and practical application across
various clinical settings.

For Phase 1 of the study, we selected the eight parameters
based on a comprehensive literature review of established
HFpEF risk factors and clinical predictors, focusing on vari-
ables that are easily accessible in routine clinical practice
and do not require specialized testing. We developed an
8-point HFpEF risk score based on easily accessible clinical pa-
rameters [female sex, dyspnoea, age >60 years, body mass
index (BMI) > 30 kg/m2, multimorbidity defined as the pres-
ence of at least three chronic diseases, paroxysmal or persis-
tent atrial fibrillation (AF), hypertension requiring at least two
antihypertensive medications, and chronic kidney disease
with eGFR < 60 mL/min/1.73 m2]. Each positive response
contributed one point to the total score.

For Phase 2 of the study, we included a broader set of var-
iables known to be associated with heart failure phenotypes
based on prior research, and selected the final variables for
our decision tree model through statistical significance test-
ing. A range of sociodemographic (sex and age) and clinical
data were analysed, including HF phenotype, left ventricular
ejection fraction (LVEF), BMI, heart rate, systolic blood pres-
sure (SBP), diastolic blood pressure (DBP), New York Heart
Association (NYHA) class, dyspnoea, haemoglobin level, NT-
proBNP, eGFR, creatinine level and medications (ACEI/ARB/
ARNI, beta-blockers and diuretics). Additional clinical factors
included smoking status, diabetes mellitus, chronic obstruc-
tive pulmonary disease (COPD) or asthma, coronary artery
disease, hypertension, chronic kidney disease, stroke, AF,
and multimorbidity. All data were obtained from patients’
electronic medical records.

Ethical consideration

This study was conducted in accordance with the Declaration
of Helsinki and approved by the Bioethics Committee of the
Wroclaw Medical University. Written informed consent was
obtained from participants prior to their inclusion in the study.
All patient data were anonymized to ensure confidentiality.

Statistical methods

The statistical methods applied included ROC curve analysis,
where sensitivity, specificity and accuracy were calculated at
various cut-off points to assess discriminative ability and
identify the optimal threshold for the developed 8-item risk
score. The Hosmer–Lemeshow goodness-of-fit test was per-
formed to assess calibration of the risk score model. To strat-
ify patients into groups with differing probabilities of HFpEF,
the Conditional Inference Tree (CTree)13 algorithm was used.
The analysis was conducted with a significance level of 0.05,
interpreting P-values below 0.05 as statistically significant.
All calculations were performed using R software (version
4.4.1)14 with the partykit package.15
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Results

Patient characteristics

Table 1 presents the characteristics of 560 patients, with a
classification by heart failure phenotype [HFpEF, heart fail-
ure with mild-range ejection fraction (HFmrEF) and heart
failure with reduced ejection fraction (HFrEF)]. It includes
data on key parameters such as LVEF, age, sex, BMI, heart
rate, blood pressure, dyspnoea and multimorbidity. It also
highlights the frequency of selected comorbidities and
medication use. Additionally, it reports the distribution of
patients across NYHA classes and other clinical variables
such as NT-proBNP, eGFR, creatinine and haemoglobin
levels.

Predictive analysis of the proposed model for
HFpEF risk assessment (Phase 1)

The area under the ROC curve (AUC) is 0.612 (Figure 1). The
Hosmer–Lemeshow test showed adequate calibration of the
model (χ2 = 9.83, P = 0.28). The optimal cutoff point for the
number of points is 5. The rule stating that if there are 5 or
more ‘yes’ responses, HFpEF is likely to occur, has a sensitivity
of 62.87% and has a specificity of 54.24%. The overall accu-
racy is 63.13%, indicating that this percentage of patients
was correctly diagnosed.

Table 2 shows the individual contributions of the eight var-
iables in our simplified risk score model. Female sex (OR 2.13,
95% CI 1.46–3.11, P< 0.001), age >60 years (OR 1.87, 95% CI
1.22–2.86, P = 0.004) and atrial fibrillation (OR 1.94, 95% CI
1.33–2.84, P < 0.001) were the strongest predictors of HFpEF
in our model. While diabetes mellitus showed a trend toward
association with HFpEF in univariate analysis (OR 1.33, 95% CI
0.92–1.92, P = 0.13), it did not reach statistical significance for
inclusion in our final model.

Table 1 Sociodemografhic and clinical characteristics of the study
group

Parameter Overall (N = 560)

Phonotype of HF HFrEF and HFmrEF 393 (70.18%)
HFpEF 167 (29.82%)

LVEF (%) Mean (SD) 41 (13.12)
Median (quartiles) 40 (30–52)
Range 13–75
n 560

Age (years) Mean (SD) 67.4 (12.3)
Median (quartiles) 70 (63–75)
Range 23–91
n 560

Sex Women 169 (30.18%)
Men 391 (69.82%)

BMI (kg/m2) Mean (SD) 29.1 (5.9)
Median (quartiles) 28.2 (24.9–32.3)
Range 17.9–68.2
n 556

BMI Normal weight 148 (26.4%)
Overweight 197 (35.9%)
Obesity 215 (38.4%)

Heart rate (b.p.m.) Mean (SD) 77 (16.52)
Median (quartiles) 75 (65–86)
Range 37–150
n 559

SBP (mmHg) Mean (SD) 128 (20.48)
Median (quartiles) 127 (113–140.25)
Range 80–197
n 560

DBP (mmHg) Mean (SD) 78 (13.58)
Median (quartiles) 77 (69–85)
Range 46–155
n 559

NYHA class I 74 (13.21%)
II 218 (38.93%)
III 176 (31.43%)
IV 92 (16.43%)

Dyspnoea No 292 (52.14%)
Yes 268 (47.86%)

Hgb (g/dL) Mean (SD) 13.5 (1.93)
Median (quartiles) 13.7 (12.2–14.8)
Range 7.1–18.5
n 560

NT-proBNP (pg/mL) Mean (SD) 4273 (8512)
Median (quartiles) 1998 (736–4203)
Range 60–70 000
n 557

eGFR (mL/min/1.73 m2) Mean (SD) 69 (26)
Median (quartiles) 68 (53–88)
Range 5–147
n 560

Creatinine [mg/dL] Mean (SD) 1.35 (1.42)
Median (quartiles) 1.06 (0.84–1.33)
Range 0.53–22.5
n 560

ACEI/ARB/ARNI No 52 (9.29%)
Yes 508 (90.71%)

Beta-blockers No 15 (2.68%)
Yes 545 (97.32%)

Diuretics No 71 (12.68%)
Yes 489 (87.32%)

Active nicotinism No 444 (79.29%)
Yes 116 (20.71%)

Diabetes mellitus No 266 (47.50%)
Yes 294 (52.50%)

COPD/Asthma No 480 (85.71%)
Yes 80 (14.29%)

(Continues)

Table 1 (continued)

Parameter Overall (N = 560)

Coronary artery disease No 272 (48.57%)
Yes 288 (51.43%)

Hypertension No 100 (17.86%)
Yes 460 (82.14%)

Chronic kidney diseases No 393 (70.18%)
Yes 167 (29.82%)

After stroke No 509 (90.89%)
Yes 51 (9.11%)

Atrial fibrillation No 274 (48.93%)
Yes 286 (51.07%)

Multimorbidity No 97 (17.32%)
Yes 463 (82.68%)
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Algorithm to develop a prediction model for
HFpEF risk assessment (Phase 2)

Assuming that a probability above 50% read from the deci-
sion tree indicates HFpEF, and a probability below 50% in-
dicates HFmrEF or HFrEF, this rule has a sensitivity of
53.89% and a specificity of 81.17% (Figure 2). In compari-
son, it is slightly less sensitive but significantly more spe-
cific than the previously described proposed model for
assessing the risk of HFpEF. The overall accuracy of the
decision tree is 73.04%, meaning that this percentage of
patients was correctly diagnosed. Table 3 presents a com-
parison between two models, emphasizing their respective
performance metrics, including sensitivity, specificity and
overall accuracy.

Discussion

Our two-phase analysis of HFpEF prediction reveals several
important findings in the context of existing literature
and current clinical approaches. When examining traditional
risk scores, our initial score’s modest performance
(AUC = 0.612) aligns with challenges reported in previous
scoring systems. For comparison, the H2FPEF score devel-
oped by Reddy et al. achieved higher discrimination
(AUC = 0.841) in their validation cohort, focusing on distin-
guishing HFpEF from non-cardiac causes of dyspnoea rather
than other forms of heart failure.10 Similarly, while the
HFA-PEFF scoring system from the ESC demonstrated better
diagnostic accuracy, it requires more complex diagnostic
testing including echocardiographic parameters and
biomarkers.11 This substantial difference in performance
highlights the challenge of developing a simplified tool while
maintaining accuracy, particularly when distinguishing be-
tween heart failure subtypes rather than between cardiac
and noncardiac causes of symptoms.

The relatively lower performance of our simplified score
emphasizes a crucial point also demonstrated by Lip et al.16

while simplification of diagnostic criteria may improve clinical
applicability, it often comes at the cost of accuracy, as seen
in other cardiovascular risk scores like CHADS2 versus
CHA2DS2-VASc for atrial fibrillation.17

Regarding machine learning approaches, our decision tree
model’s performance (accuracy 73.04% and specificity
81.17%) compares favourably with other machine learning

Figure 1 ROC curve illustrating the diagnostic accuracy of the proposed model for HFpEF risk assessment.

Table 2 Univariate analysis of predictors included in the simplified
HFpEF risk score

Parameter Odds ratio 95% CI P-value

Female sex 2.13 1.46–3.11 <0.001
Dyspnoea 1.42 0.98–2.05 0.064
Age >60 years 1.87 1.22–2.86 0.004
BMI > 30 kg/m2 1.55 1.07–2.26 0.022
Multimorbidity 1.68 0.95–2.99 0.078
Atrial fibrillation 1.94 1.33–2.84 <0.001
Hypertension (≥2 medications) 1.76 1.09–2.84 0.021
CKD (eGFR <60 mL/min/1.73 m2) 1.38 0.94–2.03 0.102
Diabetes mellitusa 1.33 0.92–1.92 0.131
aNot included in the final risk score model.
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approaches in HFpEF prediction. As reviewed by Ahman
et al., recent studies using random forests and neural net-
works have reported similar accuracy ranges of 70%–
75%.17 The high specificity of our model stands out when
compared with Segar et al. random forest model at 76%
specificity18 and Zhang et al. deep learning approach at
79% specificity.19 Our decision tree’s primary split on gender
aligns with emerging literature on sex-specific differences in
HFpEF. Lam et al. have highlighted distinct pathophysiologi-
cal pathways in male versus female patients.20 Our model’s
structure provides quantitative support for these observa-
tions and suggests different diagnostic approaches may be
needed based on gender.

The importance of gender as the primary discriminating
factor in our model suggests potential value in developing
sex-specific HFpEF diagnostic and risk stratification ap-
proaches. Based on our findings, the pathophysiological path-
ways leading to HFpEF appear to differ significantly between
men and women, with hypertension playing a more promi-
nent role in women while treatment patterns and cardiac re-
modelling may be more influential in men. This supports
growing evidence for the need to tailor diagnostic algorithms

and treatments based on gender differences in cardiovascu-
lar disease phenotypes.

The prominent role of ACEI/ARB use in our tree model pro-
vides interesting insights when compared to recent clinical tri-
als. While the PARAGON-HF trial showed overall neutral results
for sacubitril/valsartan in HFpEF, it did demonstrate benefit in
specific subgroups, particularly in patients with LVEF between
45% and 57% and in women.21 This heterogeneity in treatment
response aligns with our model’s identification of medication
use as an important stratification factor, suggesting that treat-
ment patterns may have diagnostic value because they reflect
physicians’ assessment of underlying phenotypes. While the
PARAGON-HF trial showed limited overall benefit with sacubit-
ril/valsartan in HFpEF, our findings suggest that ACEI/ARB (in
men) use might be an important stratification factor in diagnos-
tic algorithms. Our model’s handling of comorbidities reveals
patterns that both support and challenge existing literature.
Hypertension’s role (in our analysis only in women) as a key
predictor aligns with pathophysiological models proposed by
Paulus and Tschöpe, supporting the systemic inflammation hy-
pothesis in HFpEF development.22 Furthermore, the interac-
tion between COPD/asthma and kidney function in our model
suggests more complex relationships than previously
described in singular risk factor analyses.

From a methodological perspective, our dual approach
differs from previous studies that typically focus on either sim-
plified scores or complex algorithms. Similar dual-
methodology approaches have proven successful in other
areas of cardiovascular medicine, as demonstrated by Fox
et al. in the development of the GRACE score for acute coro-
nary syndromes.23

Figure 2 The decision tree model for diagnosing HFpEF. ACEI/ARB, angiotensin-converting enzyme inhibitors/angiotensin receptor blockers; AF, atrial
fibrillation; CAD, coronary artery disease; CKD, chronic kidney disease; COPD, chronic obstructive pulmonary disease; eGFR, estimated glomerular fil-
tration rate (measured in mL/min/1.73 m2); Hgb, haemoglobin; HR, heart rate; HT, hypertension; Multimorb., multimorbidity; NYHA, New York Heart
Association functional classification; Sex, Gender (Male - M, Female - F).

Table 3 Comparison of the analysed models for diagnosing HFpEF

The proposed
risk model

The decision
tree model

Sensitivity 62.87% 53.89%
Specificity 54.24% 81.17%
The overall accuracy 63.13% 73.04%
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Limitations

This study has several limitations that should be considered.
First, the sample size, while adequate, may not fully represent
the broader population of heart failure patients, limiting the
generalizability of the findings. Additionally, the study relied
on retrospective data, which may introduce biases and limit
the ability to draw causal conclusions. We acknowledge the
need for external validation of our models in different health-
care settings and geographic regions to confirm their general-
izability and robustness. We are currently planning a multicen-
tre validation study to address this important limitation. The
novel risk score and decision tree model, although promising,
have not yet been externally validated, and their accuracy may
vary in different clinical settings. Furthermore, the decision
tree model, while demonstrating higher specificity, showed
slightly lower sensitivity, which may affect its performance in
identifying all patients at risk for HFpEF. The inclusion of treat-
ment variables (ACEI/ARB use) as predictors in our decision
tree model may introduce circular reasoning, as medication
choice might have been influenced by the known or suspected
heart failure phenotype. However, this reflects real-world clin-
ical decision-making and may still provide valuable informa-
tion for phenotype prediction. Lastly, the study did not explore
the long-term impact of using these predictive models on pa-
tient outcomes, which warrants further investigation.

Implication for practice

This study highlights the importance of improving risk assess-
ment for HFpEF. Our findings offer clinicians two complemen-
tary tools that can be applied based on available resources
and specific needs: a simplified clinical score for rapid screen-
ing in resource-limited settings, and a more detailed decision
tree model for comprehensive risk stratification when more
data are available. The identification of sex-specific pathways
in our model suggests that gender-specific approaches to
HFpEF diagnosis may improve accuracy, with particular atten-
tion to hypertension in women and treatment patterns in
men. Additionally, the moderate performance of our simpli-
fied score reminds clinicians that when feasible, incorporat-
ing echocardiographic and laboratory parameters signifi-
cantly improves diagnostic accuracy.

The proposed dual-phase approach offers a new perspec-
tive on how predictive tools can enhance the identification
and stratification of HFpEF risk. While further research and
validation are needed, this method could provide valuable in-
sights for clinicians, supporting more accurate evaluation and
decision-making. Continued exploration of new assessment
tools is essential to better understand and manage HFpEF, ul-
timately leading to improved patient care.

Conclusions

Our two-phase analysis demonstrates that while a simplified
risk score has limited predictive value for HFpEF, a decision
tree model can achieve superior accuracy. The combination
of approaches provides a comprehensive framework for
HFpEF prediction in heart failure patients, offering both sim-
ple screening tools and sophisticated risk stratification
methods. The hierarchical nature of the decision tree model
provides insights into the relative importance of different
clinical factors and their interactions. Implementation of this
dual approach could improve the identification and manage-
ment of HFpEF patients in various clinical settings.

Acknowledgements

Our sincere thanks go to the patients who provided consent
for the use of their health data, enabling this research to
move forward.

Conflict of interest

The authors declare that there are no conflicts of interest re-
garding the publication of this paper.

Funding

This work did not receive any specific funding.

References

1. Savarese G, Becher PM, Lund LH,
Seferovic P, Rosano GMC, Coats AJS.
Global burden of heart failure: a com-
prehensive and updated review of epide-
miology. Cardiovasc Res 2022;118:
3272-3287. doi:10.1093/cvr/cvac013

2. Butler J, Petrie MC, Bains M,
Bawtinheimer T, Code J, Levitch T,
et al. Challenges and opportunities for
increasing patient involvement in heart
failure self-care programs and self-care
in the post-hospital discharge period.

Res Involv Engagem 2023;9:23.
doi:10.1186/s40900-023-00412-x

3. McDonagh AT, Metra M, Adamo M,
Gardner RS, Baumbach A, Böhm M,
et al. 2021 ESC guidelines for the diag-
nosis and treatment of acute and chronic

6 I. Uchmanowicz et al.

ESC Heart Failure (2025)
DOI: 10.1002/ehf2.15333

 20555822, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/ehf2.15333 by E

dinburgh N
apier U

niversity, W
iley O

nline L
ibrary on [02/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55


heart failure. Eur Heart J 2021;42:
3599-3726. doi:10.1093/eurheartj/
ehab368

4. Oktay AA, Rich JD, Shah SJ. The emerg-
ing epidemic of heart failure with pre-
served ejection fraction. Curr Heart Fail
Rep 2013;10:401-410. doi:10.1007/
s11897-013-0155-7

5. Kapelios CJ, Shahim B, Lund LH,
Savarese G. Epidemiology, clinical char-
acteristics and cause-specific outcomes
in heart failure with preserved ejection
fraction. Card Fail Rev 2023;9:e14.
doi:10.15420/cfr.2023.03

6. von Haehling S, Assmus B, Bekfani T,
Dworatzek E, Edelmann F, Hashemi D,
et al. Heart failure with preserved ejec-
tion fraction: diagnosis, risk assessment,
and treatment. Clin Res Cardiol 2024;
113:1287-1305. doi:10.1007/s00392-
024-02396-4

7. Komorowska A, Lelonek M. Heart failure
with preserved ejection fraction: the
challenge for modern cardiology. Folia
Cardiol 2020;15:407-412. doi:10.5603/
FC.2020.0060

8. McDowell K, Kondo T, Talebi A, Teh K,
Bachus E, de Boer RA, et al. Prognostic
models for mortality and morbidity in
heart failure with preserved ejection
fraction. JAMA Cardiol 2024;9:
457-465. doi:10.1001/jamacardio.2024.
0284

9. Lin CY, Sung HY, Chen YJ, Yeh H-I, Hou
CJ-Y, Tsai C-T, et al. Personalized man-
agement for heart failure with preserved
ejection fraction. J Pers Med 2023;
13:746. doi:10.3390/jpm13050746

10. Reddy YNV, Carter RE, Obokata M,
Redfield MM, Borlaug BA. A simple,
evidence-based approach to help guide
diagnosis of heart failure with preserved
ejection fraction. Circulation 2018;138:

861-870. doi:10.1161/CIRCULATION
AHA.118.034646

11. Pieske B, Tschöpe C, de Boer RA, Fraser
AG, Anker SD, Donal E, et al. How to diag-
nose heart failure with preserved ejection
fraction: the HFA-PEFF diagnostic algo-
rithm: a consensus recommendation from
the Heart Failure Association (HFA) of
the European Society of Cardiology
(ESC). Eur Heart J 2019;40:3297-3317.
doi:10.1093/eurheartj/ehz641

12. Ho JE, Enserro D, Brouwers FP, Kizer JR,
Shah SJ, Psaty BM, et al. Predicting
heart failure with preserved and re-
duced ejection fraction: the interna-
tional collaboration on heart failure sub-
types. Circ Heart Fail 2016;9:e003116.
doi:10.1161/CIRCHEARTFAILURE.115.0
03116

13. Hothorn T, Hornik K, Zeileis A. Unbiased
recursive partitioning: a conditional in-
ference framework. J Comput Graph Stat
2006;15:651-674.

14. R Core Team. 2024. R: a language and
environment for statistical computing.
R Foundation for Statistical Computing,
Vienna, Austria. https://www.R-project.
org/. Accessed 30 October 2024

15. Hothorn T, Zeileis A. Partykit: a modular
toolkit for recursive partytioning in R. J
Mach Learn Res 2015;16:3905-3909.

16. Lip GY, Nieuwlaat R, Pisters R, Lane DA,
Crijns HJ. Refining clinical risk stratifica-
tion for predicting stroke and thrombo-
embolism in atrial fibrillation using a
novel risk factor-based approach: the
Euro heart survey on atrial fibrillation.
Chest 2010;137:263-272. doi:10.1378/
chest.09-1584

17. Ahmad FS, Luo Y, Wehbe RM, Thomas
JD, Shah SJ. Advances in machine
learning approaches to heart failure with
preserved ejection fraction. Heart Fail

Clin 2022;18:287-300. doi:10.1016/j.
hfc.2021.12.002

18. Segar MW, Patel KV, Ayers C, Basit M,
Tang WHW, Willett D, et al.
Phenomapping of patients with heart
failure with preserved ejection fraction
using machine learning-based unsuper-
vised cluster analysis. Eur J Heart Fail
2020;22:148-158. doi:10.1002/
ejhf.1621

19. Zhang J, Gajjala S, Agrawal P, Tison GH,
Hallock LA, Beussink-Nelson L, et al.
Fully automated echocardiogram inter-
pretation in clinical practice. Circulation
2018;138:1623-1635. doi:10.1161/
CIRCULATIONAHA.118.034338

20. Lam CSP, Arnott C, Beale AL, et al. Sex
differences in heart failure. Eur Heart J
2019;40:3859-3868. doi:10.1093/
eurheartj/ehz835

21. Solomon SD, McMurray JJV, Anand IS,
Ge J, Lam CSP, Maggioni AP, et al. An-
giotensin-neprilysin inhibition in heart
failure with preserved ejection fraction.
N Engl J Med 2019;381:1609-1620.
doi:10.1056/NEJMoa1908655

22. Paulus WJ, Tschöpe C. A novel paradigm
for heart failure with preserved ejection
fraction: comorbidities drive myocardial
dysfunction and remodeling through
coronary microvascular endothelial in-
flammation. J Am Coll Cardiol 2013;62:
263-271. doi:10.1016/j.jacc.2013.02.
092

23. Fox KA, Dabbous OH, Goldberg RJ,
Pieper KS, Eagle KA, Van de Werf F,
et al. Prediction of risk of death and
myocardial infarction in the six months
after presentation with acute coronary
syndrome: prospective multinational ob-
servational study (GRACE). BMJ 2006;
333:1091. doi:10.1136/bmj.38985.646
481.55

A two-phase approach to identifying HFpEF in heart failure patients: Risk score evaluation and decision tree development 7

ESC Heart Failure (2025)
DOI: 10.1002/ehf2.15333

 20555822, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/ehf2.15333 by E

dinburgh N
apier U

niversity, W
iley O

nline L
ibrary on [02/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55
https://doi.org/10.1136/bmj.38985.646481.55

	A two‐phase approach to identifying HFpEF in heart failure patients: Risk score evaluation and decision tree development
	Abstract
	Introduction
	Methods
	Participants
	Data collection
	Ethical consideration
	Statistical methods

	Results
	Patient characteristics
	Predictive analysis of the proposed model for HFpEF risk assessment (Phase 1)
	Algorithm to develop a prediction model for HFpEF risk assessment (Phase 2)

	Discussion
	Limitations
	Implication for practice
	Conclusions
	Acknowledgements
	Conflict of interest
	Funding
	References

