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Abstract

Background High natriuretic peptide levels are associated with a poor outcome in adults with chronic heart failure
(CHF). However, the incremented prediction accuracy of multivariable prognostic models after adding B-type natriu-
retic peptide (BNP) and/or N-terminal proBNP (NT-proBNP) remains unclear.

Methods We carried out a systematic review narrative analysis of added-value studies of BNP and NT-proBNP in CHF
prognostication. Primary clinical studies investigating prognostic model development or validation in adult partici-
pants with CHF were included. Any studies of individual factors'association with patient outcomes, treatment efficacy,
or those using patients with transplant/ventricular assist devices, > 10% of patients with advanced HF, or significant
comorbidities, HF secondary to congenital/reversible conditions, or > 33% of patients with valvular HF were excluded.
The databases MEDLINE, Embase, Science Citation Index, and Cochrane Prognosis Methods Group Database were
searched from January 1990 to February 2024. Predictive performance was measured in terms of discrimination

and calibration, the added value in terms of the c-statistic difference before and after adding BNP and/or NT-proBNP
to a base model, and the risk reclassification, namely, net reclassification index (NRI) and integrated discrimination
improvement (IDI). Risk of bias assessment used the Prediction model Risk Of Bias ASsessment Tool (PROBAST).

Results Fourteen added-value studies comprising a total of 50,949 individuals were included. Both BNP

and NT-proBNP consistently improved mortality prediction performance, but studies only presented separately
before and after c-statistics, without formally testing for statistically significant differences. Meta-analysis was impos-
sible due to missing data on the change in predictive performance and data heterogeneity. All studies reported
discrimination. Few reported calibration, NRI, and IDI. All studies except one were deemed to be at high risk of bias,
whereas 50% showed high applicability to the review question, with only 14% scoring high for applicability concern,
and the rest were unclear.

Conclusions Improving consistency in researching and reporting the added value of natriuretic peptide testing
to predict mortality in chronic heart failure patients could facilitate summarizing and interpreting the results more
meaningfully.

Registration This review is a refinement of the methods and a search update of the review of added-value biomark-
ers in HF prognosis (PROSPERO registration number: CRD42019086993).
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Introduction

Heart failure (HF) is a common cause of mortality and
morbidity [1]. As our population ages, the prevalence
of HF is increasing, with around 64.3 million [2] indi-
viduals worldwide living with the condition. For those
diagnosed with chronic heart failure (CHF), around
20% die within 1 year [3, 4], while 5-year survival rates
for advanced HF are worse than those for some com-
mon cancers [5, 6].

Optimising treatment of HF at an early stage can
improve patients’ quality of life and overall survival
[7]. Prognostic models help patients and clinicians to
make better-informed decisions regarding these treat-
ments based on the risk of specified outcomes occur-
ring within a given timeframe. Prognostic models
can also inform discussions around lifestyle choices,
advanced care planning, and help to set realistic expec-
tations. The accuracy of a prognostic model is assessed
in terms of its calibration (the model’s capacity to gen-
erate predicted probabilities similar to observed prob-
abilities, usually evaluated graphically and/or using the
ratio of observed to expected number of events) and
discrimination (the ability of the model to correctly
classify patients with and without the outcome of inter-
est, measured by the c-statistic or, equivalently, the
area under the receiver operating characteristic curve
(AUC)). The accuracy across different populations
(external validation studies) can be summarised with a
systematic review and meta-analysis.

Despite the potential benefits of prognostic models,
none are universally recommended by clinical guidelines
for heart failure. For instance, none are recommended by
NICE [8, 9], and even though the European Society of
Cardiology’s (ESC) HF guidelines [10] suggest that risk
models can help identify patients who are most suitable
for advanced HF therapies, ESC is cautious about their
recommendation of a few established models, includ-
ing the Seattle Heart Failure Model (SHFM) [11] and
Meta-analysis Global Group in Chronic Heart Failure
(MAGGIC) model [12]. These two models and others are
recommended by the AHA/ACC/HFSA guideline [13]
for the management of HF and the ISHLT guideline [14]
for cardiac transplantation candidates. However, prog-
nostic scores are still not widely used in routine prac-
tice, with one study reporting only 1% of patients who
received a prognostic estimate. In part, this may be due
to concerns among clinicians about the accuracy of the
scores, with previous studies demonstrating a tendency
for scores to overestimate individuals’ risk [15].

There has been increasing interest in the added value
to existing models of biomarkers with high prognostic
power, such as high-sensitive cardiac troponin T (hs-
¢TnT) [16] and natriuretic peptides [17]. None of the
established prognostic models includes these biomarkers,
but they have started featuring in more recently devel-
oped models (such as natriuretic peptide in the LIFE-
HF model [18]), which often lack an extensive external
validation assessment. Natriuretic peptides (B-type
natriuretic peptide (BNP) and N-terminal proBNP (NT-
proBNP)) are central to the current HF diagnostic path-
way, and they are known to have prognostic importance
for HF outcomes including hospitalisation and death [19,
20]. BNP is a hormone secreted by cardiomyocytes in the
heart ventricles and synthesised as a reaction to stress or
distension. During secretion, a prohormone (proBNP) is
split into the physiologically active BNP (32 amino acids)
and the biologically inactive N-terminal fragment (NT-
proBNP) [21]. The extent to which BNP and NT-proBNP
might improve the accuracy of prognostic scores remains
uncertain. A previous review of studies published up to
2012 summarised the incremental value of NT-proBNP
in predicting mortality and morbidity of individuals
with CHF [22]. This preceded the introduction of the
risk of bias tool for prediction models [23], reporting
guidelines for prediction models [24], and the publica-
tion of methods to synthesise performance data [25].
Our study aimed to implement the latest methodological
developments in prognostic model research and provide
an up-to-date summary of the added value of incorpo-
rating BNP and/or NT-proBNP into multivariable CHF
prognostic models predicting mortality.

Methods

This systematic review was reported in line with the rec-
ommendations from the Preferred Reporting Items for
Systematic reviews and Meta-Analyses (PRISMA) state-
ment [26] (Appendix 1). This review was a refinement of
the methods and a search update of the review of added-
value biomarkers in HF prognosis (PROSPERO registra-
tion number: CRD42019086993), which was itself part of
a broad umbrella review [27]. Protocol amendments are
reported in Appendix 2.

Search strategy

The original umbrella review identified potential stud-
ies by searching MEDLINE (OvidSP) [1946-], Embase
(OvidSP) [1974-], Science Citation Index (Web of
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Science Core Collection) [1900-], and the database of
prognostic studies maintained by the Cochrane Prog-
nosis Methods Group with no language restriction to
31 December 2019. The search started in 1990 when
biomarkers, in particular natriuretic peptides, gained
prominence as HF risk factors. Updates extended the
search to 23 February 2024. Published search filters [28,
29] were combined for a sensitive search strategy with
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NT-proBNP to prognostic models for CHF (Appendix
3). The PICOTS (Population, Intervention, Compara-
tor, Outcome, Timing, and Setting) in Table 1 set out the
clinical question of this review.

Eligibility criteria and study screening
The inclusion and exclusion criteria are outlined in
Table 2.

search terms to identify the added value of BNP and/or

Table 1 PICOTS for this systematic review

PICOTS element Description

Population
Intervention (model)

Human adults aged 18 or over with a CHF diagnosis
A base model plus added BNP and/or NT-proBNP, where the base model is a multivariable model

(two or more variables) for predicting the CHF clinical outcome mentioned below that does
not contain BNP and/or NT-proBNP as prognostic factors. The purpose of the model must be
to yield absolute risk probabilities for individual patients

Comparator The base model

Outcome All-cause mortality or a composite outcome that includes all-cause mortality

Timing Prediction horizon of 1 year or greater. The BNP and/or NT-proBNP should be measured at baseline
Setting No constraint, as this will vary between studies. Any setting delivering care to patients with CHF

The details of the systematic review’s question

Abbreviations: BNP B-type natriuretic peptide, CHF Chronic heart failure, NT-proBNP N-terminal pro-B-type natriuretic peptide, PICOTS Population, Intervention,

Comparator, Outcome, Timing, and Setting

Table 2 Inclusion and exclusion criteria

Criteria Type of studies Target population

Inclusion Only primary clinical studies of CHF with clinical models that present ~ Adult patients 18+ years old, diagnosed with CHF
the following: irrespective of left ventricular ejection fraction.
Prognostic model development, validation, or updating with/ Those patients may or may not have already
without external validation considering added-value performance received optimum medical therapy, includ-
of at least one of BNP or NT-proBNP ing medications and implantable devices (e.g.
The sources of data could be medical records, existing RCT data, implantable cardioverter defibrillator and cardiac
or large clinical databases resynchronisation therapy devices)

Exclusion Studies using exclusive assay analyses Patients who are recipients of, or already reg-

Studies published only as abstracts or clinical trials reporting

no prognostic modelling on HF patients

Studies developing models with the sole intention of evaluating
the independent or adjusted association of a factor (even if this

is a biomarker) with the outcome and not to predict individual prob-
abilities

Studies that explore the prognostic effect of treatment (e.g. medica-
tion regimes, device implantation)

Systematic reviews, unless the authors use a review to form a data
repository for developing a prognostic model. Their citation list

will be explored for further inclusion of primary studies potentially
missed by the sensitive search

Literature reviews

Case studies

Diagnostic studies

Studies focusing on economic evaluations of HF care

istered candidates for, transplantation or left/
biventricular assist devices as their HF status will
be significantly altered by this intervention

At least 10% of the patients included have
advanced/end-stage HF" and/or are receiving
end-of-life or palliative care or where a study
only included patients with HF on the basis

of having another comorbidity

Patients with HF due to congenital conditions
and secondary to reversible causes, e.g. preg-
nancy and peripartum, infection, major surgery,
pre-revascularisation, intensive care conditions,
and valvular disease (which has a maximum cut-
off of 33.3% of patients to reflect the prevalence
in the population)

Patients with concomitant disease which pre-
dominantly affects prognosis, e.g. cancer and neu-
rological disorders

Patients with AHF

The 10% and 33.3% cut-off values were based on the clinical team’s expertise
Abbreviations: AHF Acute heart failure, CHF Chronic heart failure, HF Heart failure, RCT Randomised control trial
" Advanced HF is defined as New York Heart Association class IV HF
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Records from the search were managed using End-
Note 20 and screened by two independent reviewers,
with disagreements resolved by discussion with a third
reviewer. Initial screening involved reading only the title
and abstract. The full texts of studies marked for inclu-
sion or potential inclusion by at least one reviewer were
subsequently read to assess eligibility.

Data extraction

Data were extracted and verified by a second reviewer
using a piloted extraction form based on the CHecklist
for critical Appraisal and data extraction for systematic
Reviews of prediction Modelling Studies (CHARMS) [30]
and the Prediction model Risk Of Bias ASsessment Tool
(PROBAST) [23]. Appendix 4 lists the data extracted.

Risk of bias assessment

Risk of bias for individual publications was assessed
independently by two reviewers using questions from
PROBAST integrated into the extraction forms. Follow-
ing PROBAST guidelines, the risk of bias for each study
was rated as “low”, “high” or “unclear’; overall, and within
four domains: participants, predictions, outcomes, and
analysis. The same scoring system was used to judge the
studies’ applicability to this review within the former
domains, except for “analysis” A risk of bias graph and
table were produced using RobVis [31]. The certainty of
evidence was not assessed, as there is currently no such
tool for predictive models.

Data analysis
Characteristics of the included studies and their popula-
tions were tabulated, reporting the mean and standard
deviation of continuous variables and the number and
percentage of categorical variables. Frequencies of miss-
ing values were reported for each relevant item.

Discrimination improvement was evaluated through
the change in the c-statistic. We referred to the c-sta-
tistic throughout, although sometimes AUC was
reported. When not reported, the change in c-statistic
was calculated by subtracting the corresponding value
before the addition of biomarker(s) from that recorded
after biomarker addition. For these differences, 95%
confidence intervals (95% CI) were not calculated.
Risk reclassification was considered in terms of the
net risk reclassification index (NRI) and the integrated
discrimination improvement (IDI). Calibration was
assessed using calibration plots or the Hosmer-Leme-
show test.

We planned to carry out random-effects meta-analysis
with a formal analysis of between-study heterogeneity.
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As there were insufficient studies, we instead reported
the results narratively, using summary tables and for-
est plots to present data. Homogeneity was assessed in
terms of the study conduct, purpose and quality, base
model, biomarkers, outcome definition, and the predic-
tion horizon.

Results

The search for the wider umbrella project identified
106,764 records [27] but incorporated both acute and
chronic HF and omitted any restriction on the type of
biomarker and prediction horizon. From these, we iden-
tified and screened 387 full texts, of which 373 were
excluded, largely due to not having evaluated the incre-
mental value of BNP or NT-proBNP, leaving 14 to be
included in this review (Fig. 1).

Study characteristics and model performance

Of the 14 included studies, 7 (50%) were conducted in
the USA, with the rest spread across Europe. Data were
reported for a total of 50,949 individuals across the study
populations (range 54—7876). The participants were mid-
dle-to-old age on average (range of means 56—76 years),
and of those reporting ethnicity, the proportion with
white ethnicity ranged between 66 and 93%. All included
studies, except Dunlay [32], had greater than 50% repre-
sentation of males in their sample.

A range of prognostic outcomes was reported across
the studies, for example all-cause mortality, left ven-
tricular assist device implantation (LVAD), and heart
transplantation. Where possible, data for all-cause mor-
tality alone were extracted in preference to composite
outcomes. Two studies [33, 34] only reported the com-
posite outcomes all-cause mortality/heart transplant/
LVAD and all-cause mortality/urgent heart transplant/
LVAD, respectively. The prediction horizons varied, with
1 year as the most common, and some studies consid-
ered more than one prediction horizon [33, 35]. Only one
study [33] reported a horizon of over 5 years (Table 3).

The added value of BNP and/or NT-proBNP was inves-
tigated for 10 base models across the 14 studies included,
with the SHEM [11] being the most frequently used base
model (5 studies). Appendix 5 reports factors included in
the base models. Twenty model updates arose from con-
sidering more than one prediction horizon or investigat-
ing the independent incremental value of the natriuretic
peptides or a logarithmic transformation of these. Of the
20 updates, 7 resulted from adding BNP or transformed
BNP, and the remainder used NT-proBNP or trans-
formed NT-proBNP (Table 4).

All 14 studies reported model discrimination, mostly
in terms of the c-statistic, with only 5 (36%) consistently
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Identification of studies via databases and registers

Records identified (n = 106764): =— ey —
Embase (n = 45201) ecords removed before screening:

Medline (n = 46636) — zuf"ﬁate .re::-:::rds (_n3=7 22424)
Science Citation Index (n = 14927) ot chronic HF (n = )

\ 4
Records screened (n = 47591) —D[ Records excluded (n = 47198)

\ 4
Reports sought for retrieval (n = 393) —DI Reports not retrieved (n = 6)

Reports excluded (n = 373):
Acute HF (n = 45)
Y Different outcome (n = 12)
Reports assessed for eligibility (n = 387) % Not reporting incremental value of
BNP or NT-proBNP (n = 279)
Advance HF (n = 3)
Valve disease (n = 15)
Not reporting individual predictions

\ 4 (n=12)
Records included in review (n = 14) Less than 1 year (n = 3)
Change in BNP (n = 4) Not all diagnosed with HF (n = 3)
Change in NT-proBNP (n = 8) Retracted article (n=1)
Change in both (n = 2)

Fig. 1 Adapted PRISMA flow diagram. Flow diagram showing the number of records included and excluded at each stage of the screening process
after the initial search, with reasons for exclusion. Abbreviations: BNP, B-type natriuretic peptide; HF, heart failure; NT-proBNP, N-terminal pro-B-type
natriuretic peptide

reporting a confidence interval for all model updates. sporadic, with NRI and IDI available for only 5 (25%)
Two studies reported model calibration: a bar chart of models (Table 4). Owing to the heterogeneity in the data
expected and actual outcomes [36] and the Hosmer- presented in the included studies, pooling performance
Lemeshow test [37]. Although more frequently available  data for meta-analysis was not possible.

than calibration reporting, risk reclassification data were
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Table 4 Reported performance measures

Publication Base model Biomarker Events,n Discrimination Risk reclassification
added to base
model
C-statistic  C-statistic’s Changein IDI NRI
95% ClI c-statistic after

model update

AbouEzzedine SHFM - 75 0.75 0.71-0.79 - - -

(2016) [36] SHFM logBNP 0.78 - 003 - -

Arzilli (2018) 3C-HF - 198 0741° - - - -

(371@) 3C-HF INNT-proBNP 078" - 0039" 0031(0013- 0351

0075) (0.115-0.587)

Azl (2018) () SHFM - 75 0.79 0.737-0844 - - -

SHFM INNT-proBNP 0818 0.766-0.869 0028 0042 (0015~ 0582
0.068) (0.352-0.812)

Dunlay (2009)  Clinical 1 - 122 0757 - - - -

(32) Clinical 1 BNP 0.789 - 0032 - -

Dupuy (2019) Clinical 2 - 63 - - - - -

(38] Clinical 2 NT-proBNP” - - - - -

Ky (2011)[39]  SHFM - 267 081 0.77-0.85 - - -
SHFM NT-proBNP 083 - 002 - -

Ky (2012)[40]  SHFM - 137 0.761 0.708-0813 - - -
SHFM log2BNP"* 0.809 0.763-0.854 0048 - 0.121

May (2007) [33]  SHFM - 2142 0.71 066-0.76 - - -

@ SHFM BNP 0.78 0.73-0.82 007 - -

May (2007) (b)  SHFM - 2142 069 065-0.74 - - -
SHFM BNP 0.73 069-0.78 004 - -

McGranaghan Clinical 3 - 33 0.84 - - - -

(2020) [41] Clinical 3 NT-proBNP 086 - 0.02 - -

Michaels 2019)  MAGGIC - 100 0664 0.644-0.684 - - -

(421 @) MAGGIC BNP 0668 0.652-0.684 0004 - -

Michaels (2019)  MAGGIC - 777 0.784 0.74-083 - - -

(b) MAGGIC NT-proBNP 082 0.78-0.85 0036 - -

Scrutinio (2022)  MAGGIC - 0.783 0.698-0.868 - - -

(34] MAGGIC logNT-proBNP 16 0.799 0.709-0.9 0016 - -

Simpson (2020)  Clinical 4 - 1453 0.70 - - - -

(351 (@) Clinical 4 NT-proBNP 071 - 001 0.005 0136

Simpson (2020)  Clinical 4 - 1453 0.69 - - - -

(b) Clinical 4 NT-proBNP 0.70 - 001 0011 0.152

Spinar (2019) [43] Clinical 5 - 162 0.773 - - - -
Clinical 5 NT-proBNP” 0.79 - 0.017 0.02 0.33 (cfNRI)

Wedel (2009) [44] Clinical6 - 934 0667 - - - -
Clinical 6 NT-proBNP* 0.719 - 0.052 - -

Welsh (2018) [45] Clinical 7 - 769 0669 0651-0.688 - - -
Clinical 7 NT-proBNP 0713 0.694-0.732 0044 - -

Some studies are described over multiple lines if they have investigated the added-value of BNP/NT-proBNP in multiple models and/or to the same model over
different prediction horizons. “Clinical” describes a model not previously reported in the literature. Appendix 5 shows the predictors included in each model. Table 3
shows details of the outcomes used for number of events in each study

Abbreviations: BNP Brain natriuretic peptide, /DI Integrated discrimination improvement, MAGGIC Meta-analysis Global Group in Chronic Heart Failure, NRI Net
reclassification index, cfNRI Continuous free net reclassification improvement, NT-proBNP N-terminal pro-brain natriuretic peptide, SHFM Seattle Heart Failure Model

“ Biomarker added to base model in combination with other predictors
* Change in area under the receiver operating characteristic curve reported when change in c-statistic not available
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Micheals 2019 (1-year ACM, before)
Micheals 2019 (1-year ACM, after)

May 2007 (1-year ACM Tx LVAD, before)
May 2007 1-year ACM Tx LVAD, after)
AbouEzzeddine 2016 (1-year ACM, before)*
AbouEzzeddine 2016 (1-year ACM, after)*
Dunlay 2019 (1-year ACM, before) -

Dunlay 2019 (1-year ACM, after)

May 2007 (5-year ACM Tx LVAD, before)

May 2007 (5-year ACM Tx LVAD, after) -

Added BNP

*

[ ]

L
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Simpson 2020 (1-year ACM, before)

Simpson 2020 (1-year ACM, after)

Micheals 2019 (1-year ACM, before) -

Micheals 2019 (1-year ACM, after) -

Arzilli 2018 (1-year ACM, before) -

Arzilli 2018 (1-year ACM, after)

Welsh 2018 (2-year ACM, before)

Welsh 2018 (2-year ACM, after) -

Simpson 2020 (2-year ACM, before)

Simpson 2020 (2-year ACM, after)

Scrutinio 2022 (3-year ACM uHT LVAD, before)** -
Scrutinio 2022 (3-year ACM uHT LVAD, after)**
McGranaghan 2020 (4-year ACM, before) -
McGranaghan 2020 (4-year ACM, after)

Ky 2011 (5-year ACM, before) -

Ky 2011 (5-year ACM, after)

0.70 0.75 0.80

C-statistic (95% Cl)

Added NT-proBNP

°
*
—_—
—e—
R
©
*
°
*
——
>
T T T T T
0.65 0.70 0.75 0.80 0.85

C-statistic (95% Cl)

Fig. 2 C-statistic and 95% confidence intervals of models before and after adding BNP or NT-proBNP. C-statistic and 95% confidence intervals,
when available, of base models before (dots) and after (diamonds) adding BNP or NT-proBNP. Arzilli (2018) [37] figures reported for SHFM update.
Abbreviations: ACM, all-cause mortality; BNP, B-type natriuretic peptide; Cl, confidence interval; LVAD, left ventricular assist device; NT-proBNP,
N-terminal proBNP; Tx, heart transplant; uHT, urgent heart transplant. * and ** denote transformations of BNP or NT-proBNP, respectively, added

to the base model

Figure 2 presents the change in c-statistic for the stud-
ies reporting results for the addition of BNP or NT-
proBNP alone. Studies reporting the addition of either

of these markers in combination with other factors were
not included here. It is consistently shown that the c-sta-
tistic increases in value after BNP or NT-proBNP was
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incorporated into the models by a range of 0.0036 [35]
to 0.07 [33]. However, there was often uncertainty in the
estimation of the c-statistic as indicated by the width of
the 95% confidence intervals. The only study for which
the intervals do not overlap is Welsh 2018 [45], but a for-
mal method should be employed to test the statistical sig-
nificance of the incremental values in general.

Missing data

For the vast majority of studies, the change in c-statistic
had to be calculated, and it was not possible to derive
confidence intervals for these figures from the avail-
able information, meaning the precision of the estimated
changes was unknown. The confidence interval for at
least one c-statistic reported was missing for 12 (60%) out
of the 20 model updates described. Regarding risk reclas-
sification data, 14 (70%) studies did not report any meas-
ure for this. Reporting on the calibration of models was
inconsistent and only present in two (14%).

Risk of bias assessments

Figures 3 and 4 depict the risk of bias and applicability
plots, respectively. All studies apart from May 2007 [33]
were deemed to be at high risk of bias for reasons includ-
ing lack of reporting on measures of both discrimination
and calibration and excluding patients on the grounds of
missing data. The research question applicability con-
cern ratings, on the other hand, showed 7 (50%) studies
to be low, with only Michaels (2019) [42] and Simpson
(2020) [35] rated as high. In both cases, this was due to
concerns over the “definition, assessment, or timing of
predictors in the model not matching the review ques-
tion” [23], for example, the NT-proBNP values being
split into categories rather than being left as a continu-
ous variable [35]. Protocols were published prior to the
study being carried out in 9 (64%) of the included studies
[36, 37, 39-43, 46, 47].

Discussion

This systematic review assessed the effect of adding BNP
or NT-proBNP as prognostic factors to the predictive
performance of multivariable CHF models that prog-
nosticate mortality risk. It was not possible to conduct
a random-effects meta-analysis due to the heterogeneity
of the pooled data from the included studies and missing
performance data; therefore, results were reported narra-
tively. Both BNP and NT-proBNP consistently improved
the predictive performance of HF prognostic models in
terms of discrimination; however, reporting of results in
the literature lacked information regarding the statisti-
cal significance of the change in c-statistic, meaning that
the possible interpretation of this information and trans-
lation into clinical practice is limited. Measures of risk
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reclassification (NRI and IDI) were scarcely reported.
Calibration reporting was also poor, and the vast major-
ity of studies were deemed to be at high risk of bias.

Comparison with other studies

This review adds to the current literature by showing
that with the available data, even a relatively specific set
of inclusion criteria did not allow for a meta-analysis due
to heterogeneity and reporting limitations among the pri-
mary studies.

A similar review, published in 2014 [22], also found
meta-analysis to be unfeasible despite assessing broader
outcomes including mortality and morbidity, as did
another study looking at acute decompensated HF mod-
els and the addition of natriuretic peptides [48]; how-
ever, these authors concluded that BNP or NT-proBNP
consistently improved prediction model performance
for mortality. One HF prognostication study did man-
age to perform meta-analysis [49]. That paper was
concerned with high-sensitivity troponin T and demon-
strated that it remained independently associated with
all-cause mortality when added to a prognostic model.
More recently, a systematic review of prognostic models
for HF with preserved ejection fraction concluded that
future studies similar to those included in their review
would benefit from improved methods in model devel-
opment, including using PROBAST, and from exter-
nally validating models to inform readers of the models’
generalisability [50]. These authors were also unable to
conduct a meta-analysis due to poor consistency in the
available data.

Authors of a 2013 review of mortality risk prediction
model performance in HF patients also found themselves
focusing on SHFM, much like in this paper, as this was
more heavily investigated than other available models
and at the time reported that the discrimination and cali-
bration left room for improvement [51].

The independent prognostic value of NT-proBNP
has been reported, with a recent cohort study finding
that patients with increased baseline NT-proBNP were
at significantly higher risk of HF-related hospitalisa-
tion or death, independent of age, the presence of atrial
fibrillation, or HF phenotype [52]. Conversely, the disad-
vantages of using NT-proBNP in CHF mortality prognos-
tication — namely its varying normal ranges depending on
patient age and gender, and its half-life — were found in
a 2025 paper assessing the use of the biomarker systemic
immune-inflammatory index (SII) for mortality prediction
in HF with reduced ejection fraction (HFrEF). In this study
of 521 outpatients with HFrEF, SII was modestly predictive
of all-cause mortality (AUC 0.602, 95% CI=0.531-0.673),
suggesting other biomarkers might help refine survival
prediction beyond NT-proBNP alone [53].



Smith et al. Diagnostic and Prognostic Research

Study

Participants
Predictions

Outcomes

(2025) 9:31

Risk of Bias

00000000060

00000V OOOO0O®O®S®
0000000000000
Ll i OX JOX JOX X JOX X JO)

0000000000000

D1: Participants
D2: Predictions
D3: Outcomes
D4: Analysis

@ Hion
= Unclear

® Lo

Page 10 of 18

Analysis

Overall

0%

50%

I Hioh [] Medium [l] Low

25%

75%

100%

Fig. 3 Risk of bias plots. The figure shows the risk of bias ratings of each study within each of the four PROBAST domains and overall. The horizontal
bar plot shows the proportion of studies achieving each risk of bias rating overall and within the above domains
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horizontal bar plot shows the percentage of studies achieving each applicability rating overall and within each domain

Our review finds that more methodologically consist-
ent research evaluating the added value of natriuretic
peptides to prognostic models is needed to confirm the
accuracy of the models for use in clinical practice.

Strengths and limitations

We have produced a thorough, up-to-date, sensitive, and
specific systematic review of the literature pertaining to
the added value afforded by the incorporation of BNP
and/or NT-proBNP into CHF mortality prognostic mod-
els. However, the lack of meta-analysis hampered our
ability to draw quantitative conclusions that could con-
tribute to advancing clinical practice.

Where data values were missing, authors of the
respective research were contacted to ask for this infor-
mation. No response was received. Consistently, 95%
CI or similar values were not available for estimates
of improvement in model discrimination measured by
the change in c-statistic. Risk reclassification measures,
used to formally assess the improvement in model per-
formance, were underreported in our study.

In terms of population characteristics and model pre-
dictor measurements within individual studies, missing
values were generally poorly reported, with very few
studies giving details of how missing data were handled
(ideally through multiple imputation). We also had to
estimate the median and interquartile range for some
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studies’ follow-up time and used them as a proxy for
the prediction horizon.

Assessment of studies’ risk of bias and applicability
using PROBAST was important as it gave context to the
results of each study. The drawback of this tool’s thor-
oughness, however, and the strict criteria for marking a
study as being at high risk of bias (only one domain need
be high risk to render the whole study also high risk), is
that it can make sensitivity analysis difficult: here, all the
studies aside from one, which was marked as unclear,
would have been excluded from a sensitivity analysis if a
meta-analysis had been carried out.

Despite more than half of the studies having prospec-
tively registered protocols, we were not able to pool the
data and therefore were unable to formally assess any
potential publication bias.

Policy implications and future research recommendations
Natriuretic peptides are known to have predictive value,
but based on the current evidence about their added
value to existing prognostic models, no definitive policy
implications can be drawn at this time. The reported
increments in model discrimination after the addition of
BNP or NT-proBNP, being small and frequently lacking
confidence intervals or tests for statistical significance,
make very limited meaningful interpretation of the pub-
lished data.

The large dataset created by pooling the studies
included in this review has the potential to provide
strong evidence for the incremental value of natriuretic
peptides. However, a more concerted effort in terms of
study design to afford the necessary homogeneity for
meta-analysis, and to ameliorate the ongoing issue of
wasted research [54], is needed. Despite narrowing the
included studies to just those using BNP or NT-proBNP,
we still encountered heterogeneity because of transfor-
mations of these values, as well as in terms of prediction
horizons and the outcomes measured.

In future, to increase the utility of studies investigating
the added value of natriuretic peptides to CHF mortal-
ity prognostic models, authors should focus on clarity of
data presentation — including sub-group summaries and
reclassification tables — and discussion of the potential
clinical significance of observed effect sizes. Formulat-
ing a standardised approach to study methodology and
reporting, with an emphasis on consistent calibration
testing and tests for statistical significance of change in
model discrimination after the addition of natriuretic
peptide, with confidence intervals for all reported values,
would allow for pooling of data from multiple studies and
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subsequent advancement of clinical practice with poten-
tial incorporation of adequately validated prognostic
models.

Our review has also highlighted the need for future
studies that evaluate model performance among more
diverse populations, focusing particularly on the pro-
portion of females, people of non-white ethnicity, and
people with HF of different ejection fractions.

Conclusion

This review has highlighted the need for consistency
in the methods used for updating CHF mortality prog-
nostic models. The included studies consistently report
that both BNP and NT-proBNP can improve the per-
formance of prognostic models for mortality in HFE.
There is uncertainty regarding the measure of improve-
ment and how this varies across populations; however,
they are not recommended for use in clinical practice.
We recommend further evaluation of the incremental
prognostic value of these natriuretic peptides when
added to existing models, with better standardisation
of methods of studies to facilitate meta-analysis and
thus provide more informative summaries of prediction
performance.

Appendix 1

The Preferred Reporting Items for Systematic
Reviews and Meta-Analyses statement (PRISMA)
Checklist [26].

Section/topic # Checklist item Reported on page #
TITLE
Title 1 Identify the report 1
as a systematic review,
meta-analysis, or both.
ABSTRACT
Structured sum- 2 Provide a structured 2-3
mary summary including,

as applicable: back-
ground; objectives;
data sources; study
eligibility criteria, par-
ticipants, and interven-
tions; study appraisal
and synthesis meth-
ods; results; limitations;
conclusions and impli-
cations of key findings;
systematic review
registration number.
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Section/topic # Checklistitem Reported on page # Section/topic # Checklistitem Reported on page #
INTRODUCTION Data collection 10 Describe method 6-7
Rationale 3 Describe the ration- 3-5 process ofdata extrac-
ale for the review tion from reports
in the context of what (e.g, piloted forms,
is already known. !n(?jepe;ndfr;tly, 4
o ) o in duplicate) and any
Objectives 4 Ptrotvlde a? e;(pllcwt 6 processes for obtaining
statement of ques- and confirming data
tions being addressed from investiga?or&
with reference to par- ) ) )
ticipants, interven- Data items 11 List and define all Appendix 4
tions co;nparisons variables for which
outcomes, and study data were sought
dEngﬁ (P|COS) Fe.g., P|COS, fund-
ing sources) and any
METHODS assumptions and sim-
Protocolandregis- 5  Indicate if a review 6 plifications made.
tration protocol exists, Risk of bias inindi- 12 Describe methods 7
gand wherg ('t can vidual studies used for assess-
€ accessed (e, ing risk of bias
X\/eb ﬁdg‘ress), arl;j, of individual studies
I avallable, provide including specifica-
registration informa- ;on of vv%etpherthis
t?on including registra- was done at the study
tion number. or outcome level),
Eligibility criteria 6  Specify study charac- 6 and how this informa-
teristics (e.g., PICOS, tion is to be used
length of follow-up) in any data synthesis.
?ndtrgp(()rt charac- Summary measures 13 State the principal -
eristics (&g, years summary measures
considered, language, eg. riskyratio, differ-
publication status) ence in means).
used as criteria ) )
for eligibility, giving Synthesis of results 14 Describe the meth- -
rationale ' ods of handling data
' and combining results
Information sources 7 tDescribe all i?forma— 6 of studies, ifdc?ne,
1on sources (€.g., including measures
d?tabases with dates of consistency (e.g, 1)
0 _tcr?vtergge, ct%ntact for each meta-analysis.
with study authors ) ) )
to identify additional Risk of blas. 15 Spepfy any assessment 7
studies) in the search across studies of risk of bias that may
and date last searched. aff‘ith the(cumulag;{e
evidence (e.g., publica-
Search 8  Present full electronic  Appendix 3 tion bias, selgct?ve
3 ies).
base, including any » )
limits used. such that it Additional analyses 16 Describe methods -
could be répeated of additional analyses
' (e.g., sensitivity or sub-
Study selection 9  State the process 6 9 Y

for selecting studies
(i.e., screening, eligibil-
ity, included in sys-
tematic review, and,

if applicable, included
in the meta-analysis).

group analyses, meta-
regression), if done,
indicating which were
pre-specified.
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Section/topic # Checklistitem Reported on page # Section/topic # Checklistitem Reported on page #
RESULTS Limitations 25 Discuss limitations 12-13
Study selection 17 Give numbers 8 at study and outcome
of studies screened, level (e.g., ‘nsk of bias),
assessed for eligibil- and atreview level
ity, and included (e.g, incomplete
in the review, with rea- retrieval of |denF|ﬁed
sons for exclusions research, reporting
at each stage, ideally bias).
with a flow diagram. Conclusions 26 Provide a general inter- 14
Study character- 18 For each study, 8-9 pretation of the results
istics present characteristics in the context of other
for which data were evidence, and impli-
extracted (e.g, study cations for future
size, PICOS, follow-up research.
period) and provide FUNDING
the citations. Funding 27 Describe sources 16
Risk of bias 19 Present data on risk 10 of funding for the sys-
within studies of bias of each study tematic review
and, if available, any and other support (e.g,,
outcome-level assess- supply of data); role
ment (see ltem 12). of funders for the sys-
Results of individual 20  For all outcomes 9 tematic review.
studies considered (benefits
or harms), present,
for each study: (a)
simple summary data
for each intervention
group and (b) effect Appendix 2
estimates and confi- h hod
dence intervals, ideally Post-hoc changes to protocol methods.
with a forest plot. All references to “biomarkers” in the protocol, here
Synthesis of results 21 Present results of each - mean BNP, or NT-proBNP.
meta-analysis done, “To identify studies exploring the prognostic ability and/
including confidence . . . . .
intervals and measures or added-(prognostic)value of biomarkers in patients with
of consistency. established heart failure (HF) of any type (i.e. ischemic,
Risk of bias 22 Presentresultsofany 10 non-ischemic, chronic, acute, or decompensated)”

assessment of risk
of bias across studies
(see Item 15).

across studies

Give results of addi-
tional analyses,

if done (e.g,, sensitivity
or subgroup analyses,
meta-regression [see

Additional analysis 23

[tem 16]).
DISCUSSION
Summary of evi- 24 Summarize the main
dence findings includ-

ing the strength of evi-
dence for each main
outcome; consider
their relevance to key
groups (e.g., health
care providers, users,
and policy makers).

10-11

— This review was restricted to studies investigating
chronic heart failure and BNP and/or NT-proBNP
only.

The outcome has been changed from a composite of
any of “overall survival, or hospitalisation related to HF,
or cardiac transplantation, or mechanical assist devices
implantation in end-stage HF patients” to all-cause mor-
tality or a composite containing all-cause mortality.

“We will consider any time prediction period”

— This review only included studies with a prediction
horizon of 1 year or greater.
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Appendix 3
Search strategy for Medline for the current review.

# A

o LN wN

~

10

12
13
14
15
16
17
18

v~ woN

O 0 N O

13
14
15
16
17
18
19

Update - December 2019

Searches

exp Heart Failure/

((heart or cardiac) adj2 failure).ti,ab.

Tor2

Validat$.mp. or Predict$ ti. or Rule$.mp.

(Predict$ and (Outcomes or Risk$ or Model$)).mp.

((History or Variable$ or Criteria or Scor$ or Characteristic$ or Finding$ or Fac-
tor$) and (Predict$ or Model$ or Decision$ or Identif$ or Prognoss)).mp.

(Decision$ and (Model$ or Clinical$)).mp. or Logistic Models/

(Prognostic and (History or Variable$ or Criteria or Scor$ or Characteristic$
or Finding$ or Factor$ or Model$)).mp.

(Stratification or Discrimination or Discriminate or c-statistic or ¢ statistic
or "Area under the curve" or AUC or Calibration or Indices or Algorithm
or Multivariable).mp. or ROC Curve/

4or5or6or7or8or9

3and 10

(case reports or comment or editorial or letter or news or "review").pt.
11 not 12

exp animals/not humans.sh.

13 not 14

limit 15 to yr="2000 -Current"

(2018* or 2019* or 2020%).ed,ezyr.

16and 17

Update - February 2024

Medline (Ovid MEDLINE® Epub Ahead of Print, In-Process & Other
Non-Indexed Citations, Ovid MEDLINE® Daily and Ovid MEDLINE®) 1946
to present

exp Heart Failure/

((heart or cardiac) ad;j2 failure).ti,ab.
Tor2

Natriuretic Peptide, Brain/

("b-type natriuretic peptide?" or "type b natriuretic peptide?" or "brain natriu-
retic peptide?" or "probrain natriuretic peptide?" or "natriuretic factor 32"
or bnp or nt-pro-bnp or nt-probnp or ntpro-bnp or ntprobnp).tiab,kf.

4or5
ValidatS.mp. or Predict$.ti. or Rule$.mp.
(Predict$ and (Outcome$ or Risk$ or Model$)).mp.

((History or Variable$ or Criteria or Scor$ or Characteristic$ or Finding$ or Fac-
tor$) and (Predict$ or Model$ or Decision$ or Identif$ or Prognoss)).mp.

(Decision$ and (Model$ or Clinical$)).mp. or Logistic Models/

(Prognostic and (History or Variable$ or Criteria or Scor$ or Characteristic$
or Finding$ or Factor$ or Model$)).mp.

(Stratification or Discrimination or Discriminate or c-statistic or ¢ statistic
or "Area under the curve" or AUC or Calibration or Indices or Algorithm
or Multivariable).mp. or ROC Curve/

7or8or9or10orilori12

3and6and 13

(case reports or comment or editorial or letter or news or "review").pt.
14 not 15

exp animals/not humans.sh.

16 not 17

(2019* or 2020% or 2021* or 2022* or 2023* or 2024*).ed,ezyr.

18and 19
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Appendix 4
List of extracted data.

General information: author, title, publication journal
and date

Source of data: for example, existing cohort, registry
data

Participants’ information: eligibility and recruitment
method, study dates, treatments received, ethnicity,
age and sex distributions

Outcomes to be predicted: definition, blinding and
time of measurement

Information on missing data

Sample size and how it was obtained

External validation method (including temporal, geo-
graphical, different setting, different patients)
Information about how the predicted individual out-
comes or probabilities were calculated (using the
model’s equation or a web-calculator)

Assessment of the performance of the model in an
external validation sample and whether the model
was updated in response, e.g. intercept recalibrated,
predictor effects adjusted, or new predictors added.
The list and distribution of predictors (that is, the
mean and standard deviation, as well as the presence
of missing data and/or missing predictors) reported
in the validation datasets, considering those of the
derivation study as the reference.

Model performance measures: calibration and dis-
crimination. The corresponding estimates together
with their standard error, 95% confidence interval,
and (if applicable) p values, when reported and as
appropriate. For discrimination, the area under the
receiver operating characteristic curve (AUC), the
c-statistic (c-index or concordance statistic). For cali-
bration, whether a calibration plot was reported, cali-
bration slope, calibration intercept, Hosmer-Leme-
show goodness of fit test (for logistic models), and/or
observed/expected outcomes ratio (O/E ratio).

We extracted the following measures of change in
prediction accuracy usually reported by added-value
studies: change in c-statistic or AUC; net reclassifica-
tion improvement (NRI), which is a relative measure
that assesses two models’ capacities to discriminate
between patients at high and low risk of an outcome
[55] and integrated discrimination improvement
(IDI), which is used for evaluating a marker’s ability
to predict a binary outcome [56].
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Appendix 5
Predictors used in models reported.

Table A Predictors used in models reported in the included studies

Age Sex Race Region/ BMI/ NYHA EF HF Heart  Blood Smoking COPD Aetiology Cardiac Diabetes  Vascular
clinical weight  class duration  rate pressure pathology mellitus pathology
site

AbouEzzedine V Vv V

2016

AZlli2018 @) Vv v AV Vv

Arzilli 2018 () v v v v

Dunlay 2009 J V V V Vv

Dupuy 2019 V V v

Ky 2011 v v v v V v v C

Ky 2012 V V v Vv v V

May 2007 v v v

McGranaghan ~ +/ v v v v v v v M V Ca

2020

Michaels 2019V V v vV v vV V2 Vv v

Scrutinio 2022 Vv v Vv v v v v

Simpson 2020+ v V v v V Vv V V V Vv P

Spinar 2019 v v

Wedel 2009 v Vv v v v v M Vv v

Welsh 2017 v vy v v v v v v v

Total/15 o3 3 9 14 13 4 2 11 4 3 5 2 7 3
Renal Revascularisation I1CD/  ACEi Beta Digoxin NoRAS  Diuretics Statin  Allopruinol Lipids Sodium  Uricacid Hb/anaemia Lymphocytes
dys-/ PPM  or blocker inhibitor
function ARB

AbouEz- cr Vv v V! v v v v

zedine 2016

Arzilli 2018 v v V v

(@

Arzilli 2018 v v v v v v v

(b)

Dunlay 2009 Cr V

Dupuy 2019

Ky 2011 Cr V V v

Ky 2012 V Vv v v

May 2007 cr Vv V V! v v v v

McGrana- Cr V v

ghan 2020

Michaels Cr V v

2019

Scrutinio Cr V v

2022

Simpson v B

2020

Spinar 2019 W V Vv v

Wedel 2009 Cr P V

Welsh 2017 Vv v

Total/15 8 2 4 6 8 2 3 5 4 1 2 5 2 3 1

Abbreviations: A Atrial fibrillation, ACEi Angiotensin converting enzyme inhibitor, ARB Angiotensin receptor blocker, BM/ Body mass index, C Cardiomyopathy, Ca
Carotid artery disease, COPD Chronic obstructive pulmonary disease, Cr Serum creatinine, £F Ejection fraction, Hb Haemoglobin, HF Heart failure, / Ischaemic, including
ischaemic cardiomyopathy, /ICD Implantable cardioverter defibrillator, M Myocardial infarction, NYHA New York Heart Association functional classification, P Peripheral
artery disease, PPM Permanent pacemaker, RAS Renin-angiotensin system inhibitor, I/ Severe valve disease, V Yes

" Beta blocker includes carvedilol

2 Current smoker

3 Specifically no sacubitril or valsartan

4 Includes intermittent claudication, stroke, aortic aneurysm

% Includes percutaneous coronary intervention, and coronary artery bypass graft. Lipids include hyperlipidaemia, cholesterol, triglycerides, low density lipoprotein.
Total is out of 15 base models investigated (different to the 10 base models mentioned in the main text due to multiple studies investigating the same model)
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Abbreviations

AUC Area under the receiver operating characteristic curve

BNP B-type natriuretic peptide

CHARMS Checklist for critical Appraisal and data extraction for systematic
Reviews of prediction Modelling Studies

CHF Chronic heart failure

@] Confidence interval

cfNRI Continuous free net reclassification improvement

HF Heart failure

HFrEF Heart failure with reduced ejection fraction

DI Integrated discrimination improvement

LVAD Left ventricular assist device implantation

MAGGIC Meta-analysis Global Group in Chronic Heart Failure

NT-proBNP  N-terminal proBNP

NRI Net reclassification index

PICOTS Population, Intervention, Comparator, Outcome, Timing, and
Setting

PRISMA Preferred Reporting Items for Systematic reviews and Meta-
Analyses statement

PROBAST Prediction model risk of bias assessment tool

SD Standard deviation

SHFM Seattle Heart Failure Model

Sl Systemic immune-inflammatory

Authors’ contributions

M.D.LAV.M. and K.S.T conceived the study, provided access to included stud-
ies in the umbrella review, and supervised C.A.S. and AM,, including double-
checking screening decisions and providing statistical advice. N.R. carried
out the searches. CAS. screened studies for inclusion in this study, extracted
and summarised the data. A.M. screened studies identified in the updated
search (February 2024) and extracted the corresponding data. CA.S. and AM.
double-checked each other’s data extractions. CAS, KS.T.and M.D.LAV.M.
drafted the manuscript. CJT, N.RJ, DR, and FD.R.H. provided clinical advice
during the project and writing up. All authors critically revised the manuscript
and approved the final version to be submitted. CA.S. was affiliated with the
University of Oxford for the majority of the work done here and has recently
moved to the above listed institution.

Funding
This project received no funding.

Data availability

The dataset supporting the conclusions of this article is included within

the article (and its additional files). The source data from the reports of the
included studies are publicly available and accessible using the search algo-
rithms presented in Appendix 3.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details

'Royal Devon University Healthcare NHS Foundation Trust, Royal Devon

and Exeter Hospital, Exeter, UK. >Nuffield Department of Primary Care Health
Sciences, University of Oxford, Oxford, UK. >Department of Emergency
Medicine, Medical University of Vienna, Vienna, Austria. “Oxford Clinical Trials
Research Unit, Nuffield Department of Orthopaedics, Rheumatology and Mus-
culoskeletal Sciences, University of Oxford, Oxford, UK. °Bodleian Health

Care Libraries, University of Oxford, Oxford, UK. ®Institute of Applied Health
Research, University of Birmingham, Birmingham, UK.

Received: 25 June 2025 Accepted: 29 September 2025
Published online: 09 December 2025

Page 17 of 18

References

1.

20.

21

Taylor CJ, Ordénez-Mena JM, Roalfe AK, Lay-Flurrie S, Jones NR, Marshall
T, et al. Trends in survival after a diagnosis of heart failure in the United
Kingdom 2000-2017: population based cohort study. BMJ. 2019;364:1223.
Lippi G, Sanchis-Gomar F. Global epidemiology and future trends of heart
failure. AME Med J. 2020;5:15.

Taylor CJ, Ryan R, Nichols L, Gale N, Hobbs FR, Marshall T. Survival
following a diagnosis of heart failure in primary care. Fam Pract.
2017;34(2):161-8.

Jones NR, Roalfe AK, Adoki |, Hobbs FDR, Taylor CJ. Survival of patients
with chronic heart failure in the community: a systematic review and
meta-analysis. Eur J Heart Fail. 2019;21(11):1306-25.

Dunlay SM, Roger VL, Killian JM, Weston SA, Schulte PJ, Subramaniam AV,
et al. Advanced heart failure epidemiology and outcomes: a population-
based study. JACC Heart Fail. 2021;9(10):722-32.

Society AC. Survival rates for breast cancer 2025. Available from: https://
www.cancer.org/cancer/types/breast-cancer/understanding-a-breast-
cancer-diagnosis/breast-cancer-survival-rates.html.

Schunkert H.The importance of early intervention in CHF-signs and symp-
tom relief. J Renin-Angiotensin-Aldosterone Syst. 2000;1(Suppl 1):17-23.
National Guideline Centre (UK). Chronic Heart Failure in Adults: Diagnosis
and Management. London: National Institute for Health and Care Excel-
lence (NICE); 2018. PMID: 30645061.

National Clinical Guideline Centre (UK). Acute Heart Failure: Diagnosing
and Managing Acute Heart Failure in Adults. London: National Institute
for Health and Care Excellence (UK); 2014. PMID: 25340219.

. McDonagh TA, Metra M, Adamo M, Gardner RS, Baumbach A, Bohm M,

etal. 2021 ESC guidelines for the diagnosis and treatment of acute and
chronic heart failure: developed by the task force for the diagnosis and
treatment of acute and chronic heart failure of the European Society
of Cardiology (ESC) with the special contribution of the Heart Failure
Association (HFA) of the ESC. Eur Heart J. 2021:42(36):3599-726.

. Levy WC, Mozaffarian D, Linker DT, Sutradhar SC, Anker SD, Cropp AB,

et al. The Seattle Heart Failure Model. Circulation. 2006;113(11):1424-33.

. Pocock SJ, Ariti CA, McMurray JJV, Maggioni A, Keber L, Squire IB, et al.

Predicting survival in heart failure: a risk score based on 39 372 patients
from 30 studies. Eur Heart J. 2012;34(19):1404-13.

Heidenreich PA, Bozkurt B, Aguilar D, Allen LA, Byun JJ, Colvin MM,

et al. 2022 AHA/ACC/HFSA Guideline for the Management of Heart
Failure: a report of the American College of Cardiology/American Heart
Association Joint Committee on Clinical Practice Guidelines. Circulation.
2022;145(18):2895-1032.

Peled Y, Ducharme A, Kittleson M, Bansal N, Stehlik J, Amdani S, et al.
International Society for Heart and Lung Transplantation Guidelines for
the Evaluation and Care of Cardiac Transplant Candidates—2024. J Heart
Lung Transplant. 2024;43(10):1529-628.e54.

Canepa M, Fonseca C, Chioncel O, Laroche C, Crespo-Leiro MG, Coats

AJ, et al. Performance of prognostic risk scores in chronic heart failure
patients enrolled in the European Society of Cardiology Heart Failure
Long-Term Registry. JACC: Heart Failure. 2018;6(6):452-62.

Demissei BG, Cotter G, Prescott MF, Felker GM, Filippatos G, Greenberg
BH, et al. A multimarker multi-time point-based risk stratification strategy
in acute heart failure: results from the RELAX-AHF trial. Eur J Heart Fail.
2017;19(8):1001-10.

McDowell K, Kondo T, Talebi A, Teh K, Bachus E, de Boer RA, et al. Prog-
nostic models for mortality and morbidity in heart failure with preserved
ejection fraction. JAMA Cardiol. 2024,9(5):457-65.

Burger PM, Savarese G, Tromp J, Adamson C, Jhund PS, Benson L, et al.
Personalized lifetime prediction of survival and treatment benefit in
patients with heart failure with reduced ejection fraction: the LIFE-HF
model. Eur J Heart Fail. 2023;25(11):1962-75.

Maisel AS, Krishnaswamy P, Nowak RM, McCord J, Hollander JE, Duc P,

et al. Rapid measurement of B-type natriuretic peptide in the emergency
diagnosis of heart failure. N Engl J Med. 2002,347(3):161-7.

Taylor CJ, Lay-Flurrie SL, Ordériez-Mena JM, Goyder CR, Jones NR, Roalfe AK,
et al. Natriuretic peptide level at heart failure diagnosis and risk of hospitali-
sation and death in England 2004-2018. Heart. 2022;108(7):543-9.
Palazzuoli A, Gallotta M, Quatrini I, Nuti R. Natriuretic peptides (BNP and
NT-proBNP): measurement and relevance in heart failure. Vasc Health
Risk Manag. 2010,6:411-8. https.//doi.org/10.2147/vhrm.s5789. PMID:
20539843; PMCID: PM(C2882893.


https://www.cancer.org/cancer/types/breast-cancer/understanding-a-breast-cancer-diagnosis/breast-cancer-survival-rates.html
https://www.cancer.org/cancer/types/breast-cancer/understanding-a-breast-cancer-diagnosis/breast-cancer-survival-rates.html
https://www.cancer.org/cancer/types/breast-cancer/understanding-a-breast-cancer-diagnosis/breast-cancer-survival-rates.html
https://doi.org/10.2147/vhrm.s5789

Smith et al. Diagnostic and Prognostic Research

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33

34

35.

36.

37.

38.

39.

40.

41.

(2025) 9:31

Don-Wauchope AC, Santaguida PL, Oremus M, McKelvie R, Ali U, Brown
JA, et al. Incremental predictive value of natriuretic peptides for prognosis
in the chronic stable heart failure population: a systematic review. Heart
Fail Rev. 2014;19(4):521-40.

Wolff RF, Moons KGM, Riley RD, Whiting PF, Westwood M, Collins GS, et al.
Probast: a tool to assess the risk of bias and applicability of prediction
model studies. Ann Intern Med. 2019;170(1):51-8.

Collins GS, Reitsma JB, Altman DG, Moons KG. Transparent reporting of

a multivariable prediction model for individual prognosis or diagnosis
(TRIPOD): the TRIPOD statement. BMJ. 2015;350:97594.

Debray TPA, Damen JAAG, Snell KIE, Ensor J, Hooft L, Reitsma JB, et al.

A guide to systematic review and meta-analysis of prediction model
performance. BMJ. 2017;356:i6460.

Moher D, Liberati A, Tetzlaff J, Altman DG. Preferred Reporting Items for
Systematic reviews and Meta-Analyses: the PRISMA statement. PLoS Med.
2009;6(7):21000097.

Vazquez-Montes M, Debray TPA, Taylor KS, Speich B, Jones N, Collins GS,
et al. Umbrella protocol: systematic reviews of multivariable biomarker
prognostic models developed to predict clinical outcomes in patients
with heart failure. Diagn Progn Res. 2020;4:13.

Ingui BJ, Rogers MA. Searching for clinical prediction rules in MEDLINE. J
Am Med Inform Assoc. 2001:8(4):391-7.

Geersing G-J, Bouwmeester W, Zuithoff P, Spijker R, Leeflang M, Moons K.
Search filters for finding prognostic and diagnostic prediction studies in
MEDLINE to enhance systematic reviews. PLoS ONE. 2012;7(2):e32844.
Moons KG, de Groot JA, Bouwmeester W, Vergouwe Y, Mallett S, Altman
DG, et al. Critical appraisal and data extraction for systematic reviews

of prediction modelling studies: the CHARMS checklist. PLoS Med.
2014;11(10):¢1001744.

McGuinness L, Higgins JPT. Risk-of-bias VISualization (robvis): an R pack-
age and Shiny web app for visualizing risk-of-bias assessments. Res Syn
Meth. 2020;2020:1-7.

Dunlay SM, Gerber Y, Weston SA, Killian JM, Redfield MM, Roger VL. Prog-
nostic value of biomarkers in heart failure: application of novel methods
in the community. Circ Heart Fail. 2009;2(5):393-400.

May HT, Horne BD, Levy WC, Kfoury AG, Rasmusson KD, Linker DT, et al.
Validation of the Seattle Heart Failure Model in a community-based
heart failure population and enhancement by adding B-type natriuretic
peptide. Am J Cardiol. 2007;100(4):697-700.

Scrutinio D, Conserva F, Guida P, Passantino A. Long-term prognostic
potential of microRNA-150-5p in optimally treated heart failure patients
with reduced ejection fraction: a pilot study. Minerva Cardiol Angiol.
2022;70(4):439-46.

Simpson J, Jhund PS, Lund LH, Padmanabhan S, Claggett BL, Shen L, et al.
Prognostic models derived in PARADIGM-HF and validated in ATMOS-
PHERE and the Swedish Heart Failure Registry to predict mortality and
morbidity in chronic heart failure. JAMA Cardiol. 2020;5(4):432-41.
AbouEzzeddine OF, French B, Mirzoyev SA, Jaffe AS, Levy WC, Fang JC,

et al. From statistical significance to clinical relevance: a simple algorithm
to integrate brain natriuretic peptide and the Seattle Heart Failure

Model for risk stratification in heart failure. J Heart Lung Transplant.
2016;35(6):714-21.

Arzilli C, Aimo A, Vergaro G, Ripoli A, Senni M, Emdin M, et al. N-terminal
fraction of pro-B-type natriuretic peptide versus clinical risk scores for
prognostic stratification in chronic systolic heart failure. Eur J Prev Cardiol.
2018;25(8):889-95.

Dupuy AM, Kuster N, Curinier C, Huet F, Plawecki M, Solecki K, et al.
Exploring collagen remodeling and regulation as prognosis biomarkers in
stable heart failure. Clin Chim Acta. 2019;490:167-71.

Ky B, French B, McCloskey K, Rame JE, McIntosh E, Shahi P, et al. High-
sensitivity ST2 for prediction of adverse outcomes in chronic heart failure.
Circ Heart Fail. 2011;4(2):180-7.

Ky B, French B, Levy WC, Sweitzer NK, Fang JC, Wu AHB, et al. Multiple
biomarkers for risk prediction in chronic heart failure. Circ Heart Fail.
2012;5(2):183-90.

McGranaghan P, Dingen HD, Saxena A, Rubens M, Salami J, Radenko-
vic J, et al. Incremental prognostic value of a novel metabolite-based
biomarker score in congestive heart failure patients. ESC Heart Fail.
2020;7(5):3029-39.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

Page 18 of 18

Michaels A, Aurora L, Peterson E, Liu B, Pinto YM, Sabbah HN, et al. Risk
prediction in transition: MAGGIC score performance at discharge and
incremental utility of natriuretic peptides. J Cardiac Fail. 2019;18:18.
Spinar J, Spinarova L, Malek F, Ludka O, Krejci J, Ostadal P, et al. Prognostic
value of NT-proBNP added to clinical parameters to predict two-year
prognosis of chronic heart failure patients with mid-range and reduced
ejection fraction - a report from FAR NHL prospective registry. PLoS ONE.
2019;14(3):e0214363.

Wedel H, McMurray JJ, Lindberg M, Wikstrand J, Cleland JG, Cornel JH,

et al. Predictors of fatal and non-fatal outcomes in the Controlled Rosu-
vastatin Multinational Trial in Heart Failure (CORONA): incremental value
of apolipoprotein A-1, high-sensitivity C-reactive peptide and N-terminal
pro B-type natriuretic peptide. Eur J Heart Fail. 2009;11(3):281-91.

Welsh P, Kou L, Yu C, Anand |, van Veldhuisen DJ, Maggioni AP, et al.
Prognostic importance of emerging cardiac, inflammatory, and renal bio-
markers in chronic heart failure patients with reduced ejection fraction
and anaemia: RED-HF study. Eur J Heart Fail. 2018;20(2):268-77.

Berezin AE, Kremzer AA, Martovitskaya YV, Samura TA, Berezina TA, Zulli A,
et al. The utility of biomarker risk prediction score in patients with chronic
heart failure. Int J Clin Exp Med. 2015;8(10):18255-64.

Goetze JP, Hilsted LM, Rehfeld JF, Alehagen U. Plasma chromogranin a is
a marker of death in elderly patients presenting with symptoms of heart
failure. Endocr Connect. 2014;3(1):47-56.

Santaguida PL, Don-Wauchope AC, Ali U, Oremus M, Brown JA, Bus-
tamam A, et al. Incremental value of natriuretic peptide measurement in
acute decompensated heart failure (ADHF): a systematic review. Heart
Fail Rev. 2014;19(4):507-19.

Aimo A, Januzzi JL, Vergaro G, Ripoli A, Latini R, Masson S, et al. Prognostic
value of high-sensitivity troponin T in chronic heart failure. Circulation.
2018;137(3):286-97.

JiaYY, Cui NQ, Jia TT, Song JP. Prognostic models for patients suffering a
heart failure with a preserved ejection fraction: a systematic review. ESC
Heart Fail. 2024;11(3):1341-51.

Alba AC, Agoritsas T, Jankowski M, Courvoisier D, Walter SD, Guyatt GH,
et al. Risk prediction models for mortality in ambulatory patients with
heart failure: a systematic review. Circ Heart Fail. 2013;6(5):881-9.
Teramoto K, Tay WT, Tromp J, Ouwerkerk W, Teng TK, Chandramouli

C, et al. Longitudinal NT-proBNP: associations with echocardio-

graphic changes and outcomes in heart failure. J Am Heart Assoc.
2024,13(9):2032254.

Ozmen M, Altinkaya O, Sarac I, Aydemir S, Aydin S, Aydinyilmaz F, et al.
Prognostic impact of systemic immune inflammatory index in patients
with reduced ejection fraction heart failure. BMC Cardiovasc Disord.
2025;25(1):559.

Macleod MR, Michie S, Roberts |, Dirnagl U, Chalmers |, loannidis JPA,

et al. Biomedical research: increasing value, reducing waste. Lancet.
2014;383(9912):101-4.

McKearnan SB, Wolfson J, Vock DM, Vazquez-Benitez G, O'Connor PJ.
Performance of the net reclassification improvement for nonnested
models and a novel percentile-based alternative. Am J Epidemiol.
2018;187(6):1327-35.

Kerr KF, McClelland RL, Brown ER, Lumley T. Evaluating the incremental
value of new biomarkers with integrated discrimination improvement.
Am J Epidemiol. 2011;174(3):364-74.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.



	Natriuretic peptides testing and survival prediction models for chronic heart failure: a systematic review of added prognostic value
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 
	Registration 

	Introduction
	Methods
	Search strategy
	Eligibility criteria and study screening
	Data extraction
	Risk of bias assessment
	Data analysis

	Results
	Study characteristics and model performance
	Missing data
	Risk of bias assessments

	Discussion
	Comparison with other studies
	Strengths and limitations
	Policy implications and future research recommendations

	Conclusion
	Appendix 1
	Appendix 2
	Appendix 3
	Appendix 4
	Appendix 5
	References


