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Abstract 

Background  Heart failure (HF) remains a major cause of morbidity and mortality, highlighting the need for reliable 
prognostic models. This study provides a systematic review and meta-analysis of prognostic models focused on mor-
tality, hospitalization, and their composite event.

Methods  We screened 2271 papers and reviewed 58 prognostic models from 44 studies involving 362,759 HF 
patients. The predictive performance of these models was assessed, and a meta-analysis was performed for the Seat-
tle Heart Failure Model (SHFM), which focuses on mortality outcomes at 1 year. The models were evaluated 
via the PROBAST tool for risk of bias and applicability.

Results  Of the 58 models, 86% underwent internal and/or external validation in independent cohorts, with statisti-
cal models (88%) being more common than machine learning approaches (12%). Clinical data were used in 79% 
of the models, whereas the remaining models used electronic health records (EHR) or mixed sources of data. Mor-
tality models (n = 40) revealed a 1-year discrimination range between 0.66 and 0.89. The most common predictors 
included age, renal function, blood pressure, coronary artery disease, and serum sodium. A meta-analysis of 5 studies 
that applied the SHFM at 1 year revealed a pooled C-statistic of 0.71 (95% CI: 0.64–0.78), with relatively low heteroge-
neity (τ2 = 0.003). Hospitalization models (n = 9) demonstrated discrimination up to 0.86, and composite event models 
(n = 9) showed similar predictive power. The risk of bias was high in 88% of the models, largely due to univariable 
predictor selection and handling/reporting of missing values.

Conclusions  This systematic review highlighted the heterogeneity of HF prognostic models and patient populations 
in terms of severity and symptoms, emphasizing challenges in developing commonly applicable tools. Most studies 
enrolled patients with reduced ejection fraction (EF), whereas evidence for HF with preserved EF was limited. Despite 
widespread research, few HF prognostic models meet current standards for clinical implementation. The large major-
ity of the studies did not report calibration and had a poor alignment with contemporary therapies. Future model 
development should prioritize transparency, methodological rigor, and external validation.

Systematic review registration  PROSPERO CRD42023488017.
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Background
Heart failure (HF) is a clinical condition characterized 
by symptoms and/or signs resulting from a structural 
or functional problem in the heart, confirmed by ele-
vated natriuretic peptide levels or objective evidence of 
increased fluid in the lungs or body [1]. This broad clini-
cal definition encompasses multiple etiologies and phe-
notypes, which are commonly distinguished based on 
left ventricular ejection fraction (LVEF) preservation. HF 
affects 1% to 2% of adults worldwide, with the prevalence 
increasing to 10% or more in people aged 70 and older 
[2]. In the first year following a diagnosis of HF, the death 
rate in the USA and Europe varies between 10 and 40% 
[3]. As the global population ages, its prevalence is rising, 
leading to an increasing burden of disease on individuals 
and healthcare systems.

The development of strategic tools aimed at planning 
health promotion/prevention interventions at the popu-
lation level has the potential to reduce the burden of HF 
[4]. In this context, the use of automated calculators fit-
ting predictive models on routinely collected electronic 
health records could be very useful [5]. For example, 
periodically estimating the risk of progression for each 
HF patient would be useful for tailoring secondary and 
tertiary prevention and adapting the setting of care and 
follow-up. In order to develop such tools, a compre-
hensive review of known prognostic factors and models 
would be very useful. Among known prognostic factors 
of HF progression, we can identify the New York Heart 
Association (NYHA) class, LVEF, hypertension, diabetes, 
obesity, kidney failure, liver failure, smoking, and B-type 
natriuretic peptide [6]. They have been included in vari-
ous predictive models. The Seattle Heart Failure Model 
(SHFM) [7] was developed to predict 1-, 2-, and 3-year 
survival in heart failure patients and has been validated 
in several other cohorts. The MAGGIC heart failure 
score was developed to predict mortality in patients from 
30 cohort studies [8]. It comprises demographic data 
and laboratory values as well as data on device therapy 
and medication. Several other prognostic models have 
been developed for the prediction of heart failure pro-
gression [9], including both statistical models [8, 10–12] 
and, more recently, applications of machine learning 
approaches [13–16]. Both of these classes of models use 
health administrative databases and/or specific medical 
databases as sources of data and can include many differ-
ent demographic, socioeconomic, and clinical prognostic 
factors.

The available systematic reviews on the prognosis of 
heart failure patients [11, 13, 14, 16–18] revealed great 
variability in the available risk prediction models with 
respect to patient population and modelling and poor 
reporting quality. Additionally, the most updated reviews 

focused exclusively on machine learning methods. In 
general, little attention has been given to the heterogene-
ity of HF patients. Moreover, no meta-analysis of predic-
tive performances has been done on specific prognostic 
models, such as the Seattle Heart Failure Model.

The aim of the present systematic review was to obtain 
an updated view of the available prognostic models for 
heart failure patients. In particular, this review consid-
ers all studies that involve adult human subjects with 
heart failure (population); it focuses on multivariable 
regression models and machine learning techniques for 
predicting heart failure progression on the basis of demo-
graphic, socioeconomic, and clinical prognostic factors 
(models). A secondary objective is to perform a quanti-
tative synthesis of the predictive performance of specific 
prognostic models whenever enough studies are avail-
able and to identify their sources of heterogeneity. This 
includes models developed for different populations 
using different risk factors and methodologies. By doing 
so, we aim to better understand the factors contributing 
to differences across studies and gain a more compre-
hensive view of how these models perform in different 
populations. The clinical outcomes considered in this sys-
tematic review were overall mortality, HF-related and all-
cause hospitalization, emergency department access, and 
stroke as a major adverse cardiovascular event (MACE). 
We considered predictions from 1 to 5 years since enroll-
ment. These outcomes are the most frequently exam-
ined outcomes in predictive models for HF because they 
reflect critical aspects of disease management and patient 
health.

Methods
The study was performed within the framework of an 
EU-funded project (PNRR-MAD-2022–1237603). It was 
conducted and reported following the Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses 
of Diagnostic Test Accuracy Studies (PRISMA-DTA) 
guidelines (checklist in Additional file  1) [19]. The pro-
tocol was registered on PROSPERO (PROSPERO 2023 
CRD42023488017; available from https://​www.​crd.​york.​
ac.​uk/​prosp​ero/​displ​ay_​record.​php?​ID=​CRD42​02348​
8017).

The review question and the adopted inclusion criteria 
are described via the PICOTS framework [20] as follows:

•	 Population: This review considered all studies that 
involved adult human subjects with heart failure, 
without a defined ethnicity. The definition of adult 
age for each primary study was accepted. All defini-
tions from primary studies were accepted, consider-
ing that the recent universal definition was published 
in 2021 [1].

https://www.crd.york.ac.uk/prospero/display_record.php?ID=CRD42023488017
https://www.crd.york.ac.uk/prospero/display_record.php?ID=CRD42023488017
https://www.crd.york.ac.uk/prospero/display_record.php?ID=CRD42023488017
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•	 Index Model: Multivariable regression models and 
machine learning techniques for predicting heart 
failure progression on the basis of demographic, 
socioeconomic, and clinical prognostic factors. We 
included studies that developed multivariable prog-
nostic models (using either regression-based or 
machine learning approaches) as well as studies that 
performed external validation of existing models.

•	 Outcome: Predictive performance of the model for 
predicting overall mortality, HF-related and all-cause 
hospitalizations, emergency department access, 
and stroke as a major adverse cardiovascular event 
(MACE) within 5 years of inclusion. All performance 
measures were considered for the systematic review, 
but meta-analysis was feasible only on the C-statistic, 
a discrimination measure that quantifies the model’s 
ability to correctly rank pairs of individuals who did 
and did not experience the event.

•	 Timing: from 1 to 5 years.
•	 Setting: Prediction models intended to be used by 

healthcare professionals at any time during heart fail-
ure progression.

A priori, the models for the different outcomes were 
described separately, and the predictive performance of 
the models with the same predictors was quantitatively 
summarized.

Both cohort and case‒control studies, as well as obser-
vational studies incorporating cohorts from randomized 
controlled trials (RCTs), were assessed for inclusion. 
Cross-sectional studies were excluded.

Search methods for the identification of studies
The search strategy was designed to access both the Pub-
Med and EMBASE full-text archives and considered all 
the articles regarding predictive and prognostic models 
published between January 1st, 2012, and November 15th, 
2023, with no language restrictions applied. Non-English 
articles were eligible, and translation support (including 
professional interpreters, if needed) was planned to ena-
ble screening and data extraction. The search string used 
combinations of terms related to HF, prediction/progno-
sis, modeling methods, and disease progression or out-
comes. It was examined and validated by a librarian, and 
then, it was applied to the specified digital archives. The 
full strings are available in the Additional file  2. Dupli-
cated records were removed via automatic procedures 
and subsequently manually checked. The deduplicated 
library of references was imported into CADIMA [21]. 
In addition to this search strategy, we manually checked 
the reference lists of the studies included as full texts 
and of previous systematic reviews of prognostic mod-
els for any heart failure complications. Abstracts and 

proceedings were evaluated for inclusion in the review. 
Letters and commentaries were not included in the 
review, but they were used as supporting material for the 
primary studies.

Selection process
During the screening process, titles and abstracts were 
independently assessed by two reviewers (GO, AM). 
Eligible records were assessed in full text for eligibility 
criteria. Disagreements were resolved by a third author 
(AA). After that, we proceeded to critical appraisal and 
data extraction via an ad hoc developed and piloted data 
extraction form tested on three studies. To develop the 
form, we used the Checklist for critical Appraisal and 
Data Extraction for Systematic Reviews of Prediction 
Modeling Studies (CHARMS) [22].

Data collection
Regarding general information, the following items were 
recorded: first author, title, journal, year of publication, 
study design during the phase of development of the 
model and during the phase of validation (cohort from 
either observational study or RCT, nested case‒con-
trol, case‒cohort), start and end of recruitment, mean 
or median age (expressed in years, with standard devia-
tion or interquartile range, depending on how it was 
reported), sex (% male), geographical location, and time 
with heart failure (expressed in years). Moreover, we 
recorded whether the study involved only some sub-
groups of HF patients (NYHA class, ejection fraction 
value, etiology of HF) and the patient eligibility criteria 
(inclusion and exclusion).

We extracted the specific endpoints predicted by the 
model (mortality, hospitalization, emergency department 
access, and stroke), the proportion of events at the last 
follow-up (%), the type of endpoint (e.g., single or com-
bined endpoints), the time of follow-up, and whether the 
endpoint was assessed without knowledge of the candi-
date predictors.

We included studies reporting time-to-event outcomes 
with a minimum follow-up of 1 year. For each study, we 
recorded the type of endpoint and whether the statistical 
analysis accounted for the timing of events (e.g., Cox pro-
portional hazards models). While some studies appropri-
ately modelled time-to-event data, others reported only 
cumulative event rates without accounting for the timing 
of events. Failure to appropriately account for time-to-
event data was considered a methodological limitation 
and contributed to a higher risk of bias in the analysis 
domain of the PROBAST assessment. This information 
was extracted to ensure transparency and to guide inter-
pretation of model performance.
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We extracted the number of different models, data 
sources (clinical, administrative, and mixed), if the pre-
dictors were blinded to the outcome and the timing of 
predictor measurement (e.g., at patient presentation, at 
diagnosis, at treatment initiation, and active call of the 
cohort extracted from the database), the sample size, the 
modelling method (logistic, survival, neural network, or 
machine learning techniques), the use of shrinkage, the 
methods/criteria for selecting predictors along with the 
resulting list, and, lastly, for multivariable regression 
models, the final equation. When more models were 
reported on the same outcome and on the same sample, 
the one with the best performance was used.

Concerning multivariable prediction models, dis-
crimination (i.e., the ability of the model to distinguish 
between participants who experience the outcome and 
those who do not) is commonly quantified by the C-sta-
tistic or the Area Under the Receiver Operating Charac-
teristic (ROC) Curve (AUC). The C-statistic quantifies 
the probability that a randomly selected individual who 
experiences the event has a higher predicted risk than 
a randomly selected individual who does not experi-
ence the event. Calibration refers to the agreement 
between predicted risks and observed outcomes, and 
can be assessed for example through calibration slope or 
observed-to-expected ratios. The Brier score is an over-
all performance metric capturing calibration and dis-
crimination aspects. With respect to machine learning 
approaches, the most commonly used predictive perfor-
mance measure is accuracy, which expresses the ratio 
between the number of correct predictions and the total 
number of predictions. We compared multivariable pre-
diction models and machine learning models through the 
C-statistic or AUC measure, which provides an aggregate 
measure of performance across all possible methods. 
We extracted data at five different possible times (1 to 5 
years). Finally, class imbalance and the handling of miss-
ing values were reported.

When confidence intervals of the performance meas-
ures were not available, we estimated them by using the 
Hanley–McNeil Wald method [23] given the reported 
sample size and number of events.

The developed data extraction form was subjected to an 
initial testing phase before implementation in CADIMA. 
The data were extracted by two different authors, who 
resolved any disagreements by discussion. If a disagree-
ment persisted, a third author resolved the disagreement. 
If data were missing, we contacted the corresponding 
author to obtain the information.

Risk of bias assessment
Risk of bias (RoB) was assessed using the prediction 
model risk of bias assessment tool (PROBAST) [24], 

designed for prognostic model studies. It comprises 4 
domains and includes a total of 20 signaling questions 
that aid in the assessment of risk of bias (i.e., the likeli-
hood that study design or analysis flaws distort the esti-
mated predictive performance) and concerns regarding 
applicability. The participants domain covers potential 
sources of bias and applicability related to the data source 
used and how the participants were selected (appropri-
ate study design data source and inclusion and exclusion 
criteria of the participants). The second domain relates to 
the predictors and addresses possible biases in relation 
to how the predictors are defined and measured. In the 
support for judgment section, reviewers had the option 
to list and explain how the predictors were defined, when 
they were assessed, and whether additional informa-
tion was available at the time of assessment. The third 
domain covered the definition and determination of the 
outcome. We analyzed if the outcome was determined 
appropriately, if there was a prespecified or standard out-
come definition used, if any predictors were excluded 
from the outcome definition, if the outcome was defined 
in a similar way for all participants, if the outcome was 
determined without knowledge of predictor information, 
and if the time interval between predictor assessment 
and outcome determination was appropriate. The last 
domain assessed the correct handling of essential statis-
tical factors. It examined whether key statistical consid-
erations were correctly addressed with questions about 
sample size, model building, handling missing data, etc. 
Internal (i.e., assessment of model performance within 
the development dataset) and external validation (i.e., 
evaluation in an independent population) were included 
as items in the quality evaluation. The questions within 
PROBAST were responded to with options such as “yes” 
(Y), “probably yes” (PY), “no” (N), “probably no” (PN), or 
“no information” (NI). Each signaling question was for-
mulated such that a “yes” response suggests a low risk of 
bias (RoB), whereas a “no” response indicates a high risk 
of bias. The inclusion of “probably yes” (PY) and “proba-
bly no” (PN) allowed assessments to be made when there 
was insufficient information to confidently answer with 
a “yes” or “no”. If relevant information was missing for 
some of the signaling questions, there was an unclear risk 
of bias. When a prediction model evaluation received low 
ratings in all domains, it was deemed suitable to assign an 
overall judgment of “low ROB” or “low concern regard-
ing applicability”. However, if the evaluation received 
a high rating in at least one domain, it was considered 
“high RoB” or “high concern regarding applicability”. In 
cases where the evaluation was unclear in one or more 
domains but had low ratings in the remaining domains, 
it was categorized as having an “unclear RoB” or “unclear 
concern regarding applicability”.
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Data synthesis
Once the data were collected and the quality of the stud-
ies was assessed, we explored the number of models pre-
dicting each outcome at each time point by the same set 
of potential features (i.e., same index prognostic model) 
[25]. We then performed a meta-analysis only on those 
index prognostic models that had been validated in at 
least five studies (with the same time horizon). This 
threshold was chosen because it ensures robust statistical 
power, enhances the representativeness of results, mini-
mizes publication bias, and allows for a comprehensive 
examination of methodological diversity and effect vari-
ability [26]. Consequently, index models that were not 
validated in at least 5 studies were not included in the 
meta-analysis. Since we anticipated heterogeneity due 
to population/case mix, study design, study setting, and 
differences in management approaches and measure-
ment methods, we conducted a meta-analysis via a ran-
dom‐effects approach. We stratified the meta-analysis 
by different time points of outcomes. The effect meas-
ure used for the meta-analysis was logit-transformed 
C-statistic. To evaluate statistical heterogeneity, we used 

the between-study variance Tau 2  [27]. With a sufficient 
number of studies (more than 10 studies), the perfor-
mance of predictive models for predefined subgroups 
(sex, age group: adult vs. elderly, HF stage/NYHA class) 
and the causes of heterogeneity would have been further 
explored through subgroup analyses. A sensitivity analy-
sis excluding studies with a high risk of bias was planned 
with a sufficient number of studies available.

Results
Literature search
We identified 2271 potentially relevant articles from 
electronic databases reporting results on prognos-
tic models for HF (PRISMA flow diagram —Fig.  1). 
Of these, 2149 were excluded after title and abstract 
screening. The full texts of 2 articles were not acces-
sible. After full-text assessment of the remaining 120 
studies, 76 were excluded for the following reasons: not 
respecting the inclusion criteria for the target popula-
tion (n = 14), not including multivariable predictive 
models (n = 16), and not respecting the inclusion crite-
ria for the outcome measure (n = 28) or timing (n = 7). 

Fig. 1  PRISMA flow diagram for the identification of the studies
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Additionally, 8 studies were duplicate publications 
on the same cohort and same endpoint as the other 
included studies. Primary summary statistics were not 
presented in 3 studies.

The remaining 44 articles were included in the sys-
tematic review, which included a total of 58 prognostic 
models. All studies included in the final analysis were 
published in English, and all screened articles provided 
an English abstract.

Study characteristics
The 44 eligible studies (Table  1) included a total of 
362,759 patients with HF. Eight studies were based in the 
USA, 4 in Spain, 4 in China, 3 in Italy, 3 in the UK, 2 in 
Japan, and 2 in Singapore, whereas the other studies were 
mainly based in European or Asian countries or included 
different countries.

Most of the studies (n = 34, 77%) were based on clini-
cal data (26 from observational cohort studies and 8 from 
randomized trials), whereas 8 used data from electronic 
health data and 2 from mixed sources. The mean age 
ranged between 53 and 78 years, and the percentage of 
males ranged between 39 and 98%. The median follow-
up among studies ranged between 1 and 5 years, with 10 
studies presenting a follow-up of 1 year and 8 with a fol-
low-up of at least 4 years.

Almost all the studies (n = 42) reported left-sided HF, 
whereas 2 did not report the type of HF. Most of the 
studies (n = 35, 80%) did not include a selection crite-
rion on the basis of the NYHA class, whereas 5 included 
only patients with an NYHA class between II and IV, 3 
included patients with an NYHA class between III and 
IV, and 1 included only patients with class II/III. With 
respect to LVEF, 23 studies did not use any inclusion 
criteria on the basis of this criterion, while 14 included 
only patients with reduced EF (HFrEF, from < 30% to 
< 40%), 3 included patients with mildly reduced (HFm-
rEF) or reduced EF (up to < 50%), and the remaining 4 
focused on patients with preserved EF (HFpEF, > 50%, 
n = 2) or patients with mildly reduced or preserved 
EF (up to > 40%, n = 2). With respect to etiology, only 1 
study included specifically patients with chronic HF of 
ischemic cause, whereas the others did not report the 
causes of HF (27, 61%) and/or included different causes. 
Given the heterogeneity of the patient population in 
Table 1, when possible, we classified the studies according 
to the mean value of EF [2] and to the universal definition 
of HF [1], and we used these values to separate the stud-
ies that focused on patients with (i) advanced HF (n = 12), 
(ii) symptomatic or not with R + mR-reduced EF (n = 7), 
(iii) symptomatic with preserved EF (n = 7) or studies that 
included any stage of HF (n = 18). Among the latter, only 
one study [54] stratified patients according to EF.

Model characteristics
Fifty (86%) of the 58 models underwent internal and/
or external validation, but calibration was very poorly 
reported: only 4 reported the calibration slope, and 3 the 
Brier score. Almost all the models were statistical-based 
approaches (n = 51, 88%), with 45 models applying the 
Cox proportional hazards model. Interestingly, almost all 
machine learning-based approaches used methods based 
on decision trees or their extensions (3 decision trees, 
2 random forests, and one XGBoost). Only one used 
dynamic radius means (extensions of the fixed radius 
nearest neighbor algorithm) after feature selection based 
on the orthogonal relief algorithm. Among the 51 statisti-
cal models, 28 did not apply any selection method in the 
multivariable model, whereas 10 applied backward selec-
tion of predictors, 9 applied stepwise or forward selec-
tion, and the remaining 4 performed both backward and 
forward selection.

The most common outcome was all-cause mortality (40 
out of 58), followed by hospitalization (9 out of 58) and 
the composite outcome of death or hospitalization (8 out 
of 58). Only one study considered stroke as the endpoint, 
in combination with mortality and myocardial infarction 
[38].

Risk of bias and applicability
Figure 2 shows the distribution of the overall risk of bias 
across the 58 predictive models within each of the four 
PROBAST domains: participants, predictors, outcomes, 
and analysis (details in Additional file  3). The models 
generally reported a low risk of bias for predictors and 
outcome assessment. In the participants’ domain, 62% 
of the models presented a low risk of bias, whereas 21% 
presented a high risk, mainly due to the exclusion of 
patients with missing data, with 17% marked as unclear. 
For the predictor domain, 86% of the models were rated 
as low risk, and 14% were rated as high risk. In the out-
come domain, almost all the models (91%) presented a 
low risk of bias, whereas 7% presented a high risk, and 
2% were classified as unclear. The analysis domain was 
the one with the highest number of models presenting a 
high risk of bias (n = 43, 74%), mainly due to the selection 
of predictors on the basis of univariable analysis (n = 32, 
55%) and inadequate handling/reporting of missing data 
(n = 10, 17%). On the other hand, 21% of the models 
(n = 12) were low risk, and 5% (n = 3) were unclear.

With respect to the overall judgment of risk of bias, 6 
models (10%) were classified as low risk, while 51 (88%) 
had high risk, and only one (2%) had an unclear risk of 
bias. Considering applicability, the overall judgment 
rated most of the models (n = 46, 79%) as low concern, 
10 (17%) as high concern, and only 2 (4%) as unclear 
concern.
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Mortality
Among the 40 models for all-cause mortality, the per-
centage of events at the last follow-up ranged between 
7 and 56%. A summary of these models is reported in 
Table  2. Discrimination is reported by the C-statistic, 
where higher values indicate better ability to separate 
patients with and without events.

Twenty-one validated studies reported discrimination 
at 1 year, ranging between 0.66 (95% CI: 0.62–0.70) and 
0.89 (95% CI: 0.85–0.93), with 8 studies using data from 
EHRs (n = 6) or mixed sources (n = 2). Fourteen stud-
ies reported discrimination at 2 years, 8 at 3 years, 4 at 4 
years, and 7 at 5 years. Calibration has been very poorly 
described, with only a few studies reporting Brier scores 
or calibration slopes.

We counted the number of times each predictor was 
included in the abovementioned models. The ten predic-
tors that recurred most frequently were as follows: age, 
renal function, blood pressure, presence of coronary 
artery disease (CAD), sodium value, NYHA class, ejec-
tion fraction, sex, weight or body mass index (BMI), and 
B-type natriuretic peptide (Table 3).

Twenty-six out of the 40 models did not use a previ-
ously derived score but developed their own score, of 
which two did not validate it. Among the other mod-
els, most used the Seattle Heart Failure Model, some-
times improved with additional predictors, whereas 
other predictive models (such as the MAGGIC, ADHF/
NT-proBNP, or H2FPEF score) did not appear more 
than once as the best performing model in our system-
atic review. Considering the 6 studies reporting the pre-
dictive performance of the SHFM at any time point, we 
performed a meta-analysis of the 5 studies presenting the 
C-statistic at 1 year (Fig.  3), since at the following time 

points, fewer than 5 studies reported the discrimina-
tion of the SHFM. The pooled C-statistic was 0.71 (95% 
CI: 0.64–0.78). The estimated 95% CI prediction interval 
was 0.50–0.86, and the random effects model showed 
low heterogeneity across studies, with a between-study 
variance of τ2 = 0.003. Higgins’ and Thompson’s I2 val-
ues were high (I2 = 90.2%) because of the high number of 
included patients [27]. In fact, when the larger study by 
Williams et  al. [63] was removed, the I2 was 80.1%, but 
the pooled C-statistic remained similar (0.73, 95% CI: 
0.64–0.81). As expected, all five models used statistical-
based approaches and mainly regarded symptomatic HF 
patients with reduced ejection fraction, with only one 
study also including patients with preserved EF. Four out 
of the five models presented low concern regarding appli-
cability, whereas only one [41] presented a low risk of 
bias. The main concern regarded the lack of reporting of 
inclusion criteria [29, 32], the definition and assessment 
of predictors [32, 63], and the handling of missing data 
[42, 63]. A sensitivity analysis excluding studies with risk 
of bias was not performed because of the low number of 
studies.

Hospitalization
With respect to hospitalization, we found 9 models 
(derived from 7 studies, Table 4), of which 2 regarded all-
cause hospitalizations (with 1 and 3 years of follow-up) 
and the others regarded HF-related hospitalizations, with 
the percentage of events ranging from 5.4% in the study 
of Bulluck et al. [65] with 1 year of follow-up to 65% in 
the study of Sun et al. [14] with a median follow-up of 2.3 
years. Five studies out of 7 used clinical data, whereas the 
other two used data from EHRs (n = 1) or mixed sources 
(n = 1).

Fig. 2  Risk of bias of the included studies
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Table 3  Most consistent and strongest predictors of risk of death across studies

Study reference Age RF BP CAD/IHD Sodium NYHA class EF Gender Weight/BMI BNP

Advanced HF

  Oh, C. (2012) [28] x x x

  Regoli, F. (2013) [29] x x x

  Richter, B. (2013) [30 ] x x

  Scrutinio, D. (2014) [31] x x x x x

  Smith, T. (2012) [32] x x x x x x x x

  Ketchum, E.S. (2012) [33] x x x x x x x x

  O’Connor, C.M. (2012) [34] x x x x x

  Simpson, J. (2020) [35] x x x x x x x

  Upshaw, J.N. (2016) [36] x x x x x x x x x x

  Zhang, J. (2013) [37] x x x x x

  Nymo, S.H. (2014) [38] x

  Li, H. (2020) [39] x x x x x

Symptomatic or not with HFrEF + HFmrEF

  Clemens, M. (2012) [40] x x x x x x x

  Vishram-Nielsen, J.K.K. (2020) [41] x x x x x x x x x

  Laszczynska, O. (2016) [42] x x x x x x x x x

  Bayes-Genis, A. (2014) [43] x x x x x x x x

  Fontanive, P. (2013) [44] x x x x x

  Siriopol, D. (2021) [45] x x x x

  Panahiazar, M. (2016) [46] x x x x x x x x

Symptomatic with HFpEF

  Barlera, S. (2013) [47] x x x x x x x x

  Han, Y. (2023) [48] x x x x x x x

  Kasahara, S. (2019) [50] x x x x

  Mendez Fernandez, A.B. (2020) [51] x x x x x x

  Sun, Y. (2021) [52] x x x x x

  Angraal, S. (2020) [53] x x x

Any

  Hammadah, M. (2014) [55] x x x x x x x x

  Honold, J. (2013) [56] x x x x x x x

  Jackson, C.E. (2015) [57] x x x x x

  Ky, B. (2012) [59] x x

  Voors, A.A. (2017) [60] x x x x x x

  Zafrir, B. (2012) [61] x x x x x

  Escobar, A. (2017) [62] x x x x x x

  Williams, B.A. (2018) [63] x x x x x x x x

  Bowen, G.S. (2018) [64] x x x x x

  Jing, L. (2020) [66] x x x x x x x x

  Sartipy, U. (2014) [67] x x x x x x x

  Yap, J. (2019) [68] x x x x x x

  Quiros-Lopez, R. (2019) [69] x x x x x x

  Wang, L. (2012) [70] x x

  Wang, Z. (2018) [71] x x

Total occurences as final variable 33 31 27 24 21 20 19 19 18 16

% 83% 78% 68% 60% 53% 50% 48% 48% 45% 40%

Advanced HF 62% 46% 62% 54% 38% 46% 54% 54% 46% 46%

Symptomatic or not with HFrEF + HFmrEF 83% 100% 67% 67% 83% 83% 83% 67% 50% 33%

Symptomatic with HFpEF 100% 83% 67% 50% 17% 67% 17% 17% 83% 50%

Any 93% 87% 73% 60% 60% 33% 40% 47% 27% 33%
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In detail, all the models underwent internal or external 
validation, and only 2 studies reported discrimination at 
1 year (C-statistics 0.86, 95% CI: 0.82–0.89, in Bulluck 
et al. [65] and 0.82, 95% CI: 0.81–0.82, in Wang L. et al. 
[70]).

Interestingly, the study of Nadruz et  al. [54] was the 
only one stratifying patients with respect to LVEF, and its 
predictive model for patients with an LVEF of 40% to 49% 
is the only one we found that focused only on patients 
with mildly reduced EF. In this study, HF-related hospi-
talizations were 31.7, 11.8, and 13.8% in patients with an 
LVEF < 40%, 40% to 49%, and ≥ 50%, respectively, result-
ing in 2-year discriminations of 0.70 (95% CI: 0.66–0.74), 
0.74 (95% CI: 0.61–0.87), and 0.81 (95% CI: 0.72–0.9), 
respectively. This study was based on clinical data.

With respect to the modelling method, the study of 
Angraal et  al. [53] was the only one that used a ML 
method (i.e., the random forest) for hospitalization and 
showed a discrimination in terms of C-statistics of 0.76 
(95% CI: 0.71–0.81), with a Brier score of 0.19, for all-
cause hospitalization at 3 years of follow-up.

Composite end‑points
The remaining 9 models, derived from 8 studies, 
addressed composite end-points primarily combin-
ing death and hospitalization (Table  5). Most models 
focused on all-cause mortality (6 out of 9) rather than 
restricting the end-point to cardiovascular death (3 out 
of 9). With respect to hospitalization, 5 models included 

only HF-related hospitalizations, 3 considered all-cause 
hospitalizations, and one model by Nymo et  al. [38] 
incorporated a broader composite end-point including 
cardiovascular mortality, nonfatal myocardial infarction 
(MI), and nonfatal stroke.

The percentage of composite events of death and hos-
pitalization in the related 8 models ranged from 37.4% in 
the study of Nymo et  al. [38], with a median follow-up 
of 2.7 years, to 67% in the study of O’Connor et al. [34], 
with a similar follow-up of 2.5 years. Only one study was 
based on mixed sources of data [70], resulting in a 1-year 
discrimination of 0.77 (95% CI: 0.77–0.77). At the same 
follow-up time (1 year), models based on clinical data 
reported higher discrimination: in particular, the study 
of Zhang et al. [37], which used a ML approach (i.e., the 
decision tree), reported a C-statistic of 0.80 (95% CI: 
0.75–0.85), while the study of Kadowaki et al. [58], which 
employed a Cox model, found an apparent (not validated) 
C-statistics of 0.82 (95% CI: 0.75–0.90). At the following 
time points, only two studies were validated: O’Connor 
et al. [34] and Voors et al. [60] that reported 2-year dis-
criminations of 0.64 (95% CI: 0.62–0.67) and 0.68 (95% 
CI: 0.66–0.7), respectively.

Discussion
Summary and interpretation of findings
This systematic review and meta-analysis provides a 
comprehensive overview of the prognostic models devel-
oped in patients with HF, including both HFpEF and 

Table 3  (continued)
BP blood pressure, RF renal function, EF ejection fraction, BMI body mass index, CAD coronary artery disease, IHD ischemic heart disease, BNP B-type natriuretic 
peptide, NYHA New York Heart Association, HFpEF heart failure with preserved ejection fraction, HFrEF heart failure with reduced ejection fraction, HFmrEF heart failure 
with mid-range ejection fraction

Fig. 3  Pooled C-statistic of the meta-analysis of the SHFMs for the prediction of 1-year risk of death
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HFrEF populations, and a range of outcomes includ-
ing mortality, hospitalization, and composite endpoints. 
Overall, a wide range of models has been proposed, but 
important methodological limitations and suboptimal 
reporting were frequently observed. Thus, the real-world 
clinical applicability remains limited.

The heterogeneity of the HF patient population, par-
ticularly in terms of disease severity and symptom pro-
file, was rarely explicitly addressed in prognostic studies, 
making the classification of studies by HF stage chal-
lenging. Most studies included patients across multiple 
stages, with only a minority focusing on more homogene-
ous cohorts, primarily patients in stage C of the Univer-
sal Definition of HF [1] or patients with reduced ejection 
fraction. Consequently, evidence supporting prognostic 
modelling in patients with preserved ejection fraction 
remains limited. This work also offers a systematic evalu-
ation of methodological quality and risk of bias using 
PROBAST, identifying recurrent weakness across differ-
ent domains. Calibration emerged as a key unmet need, 
as it was rarely reported. Only the Seattle Heart Failure 
Model was supported by a sufficient number of studies 
reporting discrimination at 1 year, allowing a meta-anal-
ysis to be performed. The pooled C-statistic of 0.71 (95% 
confidence interval: 0.64, 0.78; 95% prediction interval: 
0.50, 0.86) not only indicates moderate discriminative 
ability but also highlights substantial variability across 
setting and populations.

Most models exhibited a moderate to high risk of bias, 
largely driven by methodological limitations in the analy-
sis domain [24], while predictor and outcome assessment 
were generally well addressed in the included studies. 
The frequent use of univariable predictor selection and 
inadequate handling of missing data represent well-rec-
ognized sources of bias in prediction modelling studies 
and may compromise the predictive performance and 
generalizability of the models [72]. Notably, among the 58 
models, only 7 reported calibration metrics, confirming 
calibration as the Achilles heel of predictive modelling 
[73]. Yet, calibration is crucial in risk prediction [20, 74, 
75] as it ensures that predicted probabilities accurately 
reflect observed outcome rates and real-world risks. A 
model may show good discrimination while still provid-
ing inaccurate risk estimates, thereby limiting its reliabil-
ity for clinical decision-making. Moreover, the absence of 
calibration information restricts the communication of 
individualized risk estimates to patients, limiting shared 
decision-making and appropriate patient counseling. 
Therefore, predicted risks should be interpreted with 
caution, particularly when models are used to support 
individualized decision-making or risk communication.

A key finding of this review is that the majority of stud-
ies did not use previously derived scores but instead 

developed new, study-specific models. Specifically, 
among the 58 identified prognostic models, 21 evaluated 
or validated an existing risk score, whereas 37 developed 
newly derived models. Among previously established 
scores, the SHFM was the most frequently evaluated. 
Most newly derived models relied on a largely overlap-
ping set of core clinical and laboratory predictors. The 
predictors most frequently included were age, renal func-
tion, blood pressure, presence of CAD, serum sodium, 
NYHA class, ejection fraction, sex, weight or BMI, and 
B-type natriuretic peptide. Most of these predictors are 
also components of the SHFM. When the SHFM (incor-
porating demographic data, laboratory values, and infor-
mation on device therapy and medication) was applied, 
the estimated discrimination at 1 year was 0.71 (95% con-
fidence interval: 0.64, 0.78; 95% prediction interval: 0.50, 
0.86), indicating acceptable discrimination with moder-
ate heterogeneity, partially attributable to differences in 
patient populations. Notably, most SHFM validations 
were performed in patients with reduced ejection frac-
tion, while its applicability to preserved ejection frac-
tion populations remains mostly unproven. Moreover, 
the SHFM, published in 2006, was derived mainly from 
cohorts enrolled before the widespread adoption of 
implantable cardioverter-defibrillators (ICDs) and car-
diac resynchronization therapy (CRT). Consequently, 
it reflects pre-device-era mortality patterns, limiting its 
temporal validity and generalizability to contemporary 
HF populations.

Among the 58 models included in this systematic 
review, only three explicitly incorporated device therapy 
(ICD or CRT) among their final predictors—namely, 
those by Hammadah et al. [55], Ketchum et al. [33], and 
Regoli et  al. [29], the latter including a CRT-P device. 
Most models were developed between 2012 and 2020, 
when the adoption of ICD/CRT and contemporary phar-
macotherapy (e.g., ARNI, SGLT2 inhibitors) was still 
evolving. This is also a limit of our literature search that 
was conducted through to 2023, but we expect future 
model updates to explicitly incorporate contemporary 
therapies and evaluate their incremental prognostic con-
tribution [76, 77].

Our findings also highlight a narrow conceptualization 
of prognosis in existing models, which focused predomi-
nantly on mortality (40 out of 58 models). Other clinically 
relevant outcomes, such as hospitalization, were less fre-
quently considered. A subset of models (9 models from 
8 studies) used composite endpoints combining death 
and hospitalization, and in one case, stroke. Composite 
endpoints can increase event rates and improve model 
discrimination, but they also introduce heterogeneity 
because components differ in clinical relevance. Overall, 
models using composite endpoints showed reasonable 
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short-term discrimination, although longer-term vali-
dation was limited. Composite endpoints are accept-
able in this setting [78], but multidimensional prognostic 
approaches, such as ordinal longitudinal models [79], 
may better integrate survival with quality-of-life and 
functional trajectories. This approach is particularly rel-
evant in HF populations, where frailty is common and 
strongly influences patient-centered outcomes and clini-
cal decision-making [80, 81].

Statistical models remain more common than machine 
learning (ML) approaches (88% versus 12%). Although 
direct comparison was not possible, available evidence 
suggests that ML models (e.g., random forest, decision 
trees or boosting) did not consistently outperform tra-
ditional statistical approaches (e.g., Cox models and 
logistic regression) in predicting HF outcomes. Overall, 
ML models achieved similar performance in predict-
ing all-cause mortality or HF-related hospitalization, 
depending on the type and richness of predictors. At 
present, ML methods have not demonstrated sufficient 
added value to substantially change prognostic modelling 
in HF, as also reported by the systematic review of Sun 
et al. [14], although their potential is of interest. A recent 
review focusing on ML methods for predicting HF sur-
vival highlighted superior performance of ML algorithms 
compared with traditional statistical approaches [82]. 
However, these comparisons are often flawed because 
statistical regression models are applied without ade-
quately accounting for the complexity of the data. Addi-
tionally, ML models frequently suffer from issues such 
as data leakage, leading to overly optimistic performance 
estimates [83]. Furthermore, ML-based models continue 
to face challenges related to their limited interpretability, 
restricting their clinical applicability.

Finally, model usability and implementation aspects 
were rarely addressed. Many models require numerous 
or non-routinely available predictors, limiting ease of 
use, while few studies discussed integration into clini-
cal workflows or electronic health records. These practi-
cal limitations further restrict the translation of existing 
prognostic models into real-world clinical practice.

Implications for future prognostic model development
The limitations of the studies included in this systematic 
review warrant careful consideration. Substantial clini-
cal variability among patients and methodological het-
erogeneity across studies limited the comparability of 
predictive performance and complicated meta-analytic 
synthesis. The only meta-analysis performed was based 
on a limited number of studies and was subject to poten-
tial risk of bias in the original studies. Accordingly, sum-
mary estimates of predictive performance should be 
interpreted with caution. These limitations underscore 

the need for transparent and standardized methodologi-
cal practices in the design and reporting of prognostic 
research in this field. This is particularly relevant for ML 
techniques, as their application in medicine is still rela-
tively early and pioneering studies may be methodologi-
cally immature. Further work is required to clarify how 
these approaches can be robustly developed, validated, 
and implemented in clinical settings [14].

Future prognostic models should adhere to transparent 
reporting standards such as TRIPOD and TRIPOD-AI 
[74, 75], ensuring full transparency of model specifica-
tions and performance metrics. Adequate study size is 
essential to develop and validate reliable prognostic mod-
els [84] and to minimize overfitting. Rigorous methods 
for model development should be employed; for example, 
strong internal validation using resampling techniques 
that repeat all modelling steps may prevent expensive and 
time-consuming validation of poorly performing mod-
els [72]. External validation should routinely assess both 
discrimination and calibration in independent cohorts, a 
practice that was rarely observed in the included studies. 
Validation across diverse geographic and temporal set-
tings should be a prerequisite for clinical adoption [20, 
74, 85]. Models should also be periodically updated to 
reflect evolving therapeutic scenarios [86], including the 
impact of contemporary pharmacological and device-
based therapies on prognosis [84, 87]. Future models may 
further benefit from including psychosocial and behav-
ioral predictors, frailty indicators, and patient-reported 
outcomes [78, 88–91].

It is also important to ensure adequate representa-
tion of under-studied groups, including older adults, 
sex-based subgroups, patients with preserved ejection 
fraction, and multimorbid patients. Explicit inclusion 
of these populations in both derivation and validation 
cohorts is essential to improve generalizability [92].

Emerging data sources such as wearable sensors and 
home telemonitoring offer the potential to improve 
prognostic models by capturing longitudinal trajecto-
ries of physiological parameters, functional status, and 
patient-reported outcomes within dynamic prediction 
frameworks [93–95]. However, their integration requires 
standardization, prospective validation, and robust ana-
lytic methods to manage high-frequency and noisy data 
[96, 97]. While these approaches introduce challenges 
related to data quality, privacy, interoperability, and 
model complexity, they also represent a promising path 
for improving predictive performance [98]. Artificial 
intelligence and ML methods may facilitate the identifi-
cation of complex, non-linear relationships and dynamic 
patterns [99, 100], but they should be applied within 
transparent, reproducible frameworks and subjected 
to the same rigorous validation standards as traditional 
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models [101] acknowledging their typically larger sample 
size requirements [102, 103].

Finally, to translate prognostic modelling into tangible 
clinical benefit, collaborative frameworks involving cli-
nicians, statisticians, data scientists, and policymakers 
are needed. Prospective studies evaluating the clinical 
impact of model-guided decision-making on patient out-
comes should represent the next frontier of research in 
heart failure prediction [20, 74].

Conclusions
In summary, this systematic review and meta-analysis 
shows that, although numerous prognostic models for HF 
have been developed, most exhibit substantial methodo-
logical limitations that restrict their clinical applicability. 
At present, the real-world usefulness of most models for 
individual risk stratification and clinical decision-making 
remains limited. Discrimination was generally moder-
ate, as illustrated by the pooled C‑statistic of 0.71 for the 
SHFM at 1 year, but calibration was poorly reported in 
the majority of studies, limiting the assessment of abso-
lute risk predictions and generalizability.

Considerable heterogeneity was observed across stud-
ies in patient populations, outcome definitions, follow-up 
durations, and modeling approaches, including both tra-
ditional statistical models and ML methods.

Among the evaluated models, the SHFM remains the 
tool with the strongest evidence and was the only model 
suitable for meta-analysis; however, its clinical utility is 
constrained by incomplete calibration reporting and lim-
ited applicability to contemporary therapies and diverse 
patient phenotypes. Most other models also lacked exter-
nal validation, calibration, representation of diverse HF 
phenotypes (including preserved ejection fraction), and 
alignment with contemporary therapeutic contexts.

Future efforts should prioritize transparent reporting, 
robust external validation across diverse cohorts, inclusive-
ness across patient phenotypes, incorporation of current 
therapeutic strategies, and the development of dynamic, mul-
tidimensional, patient-centered models that integrate clini-
cal, functional, and patient-reported outcomes. Ultimately, 
improving methodological rigor and aligning model devel-
opment with evolving therapies and data innovations will 
enhance the potential for prognostic models to guide person-
alized management and decision-making in heart failure.
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