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Abstract

Background: The present systematic review and meta-analysis aimed to systematically evaluate a risk predic-
tion model for the readmission of patients with CHF.

Methods: The search was carried out in databases including PubMed, Embase, EBSCO, Web of Science,
Cochrane Library and also domestic databases including Chinese Biomedical Literature Database, Chinese Ac-
ademic Journal Full Text Database, Wanfang Database, and Vipu Chinese Journal Service Platform. All the
original studies published by July 2021. Two researchers identified previous studies involving readmission risk
prediction models that met our selection criteria. The quality of the included studies was evaluated based on the
CHARMS checklist, and the prediction models were systematically evaluated.

Results: Of the overall 4787 studies retrieved, nine studies—two prospective, seven retrospective—met our
selection criteria. The area under the receiver operating characteristic curve exceeded 0.63 (0.63-0.80) for all the
studies. The most common predictors in the model were B-type natriuretic peptide (BNP) or N-terminal pro-
brain BNP (Odds Ratio 4.35; 95% confidence interval (CI) 2.53-7.49; P<0.001), renal insufficiency (Odds Ra-
tio 1.60; 95%CI 1.24-2.08; P<0.001), comorbidities, and a history of hospitalization.

Conclusion: The use of non-parametric statistical methods and assessment of large samples of electronic data
improve the predictive abilities of the risk assessment models. It is necessary to calibrate and verify such mod-
els and promote the combined use of parametric and non-parametric methods to establish precise predictive
models for clinical use.
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Introduction

Chronic heart failure (CHF) is the final stage of period of discharge (2). The American Heart As-
cardiovascular disease and is the main reason be- sociation (3) reports that 83% of CHF patients
hind the hospitalization of eldetly individuals have been hospitalized at least once, and 43%
(age>65 yr) (1). Readmission refers to the patient were hospitalized at least four times (4). Identify-
being readmitted to the hospital within a short ing patients at high risk of readmission, and plan-
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ning appropriate interventions for such patients
may significantly improve their prognosis as well
as optimize the use of medical resources (5).

A risk prediction model can identify the charac-
teristics of individuals at higher risk for a specific
event, and has a high potential for predicting the
risk of readmission (6). Risk prediction models
can help medical staff identify potential problems
at an ecarly stage, appropriately modify clinical
management, and develop personalized care
plans for patients with CHF who are at a high
risk of readmission (7).

Currently, several researchers have developed risk
prediction models using prospective or retrospec-
tive methods in single or multiple centers to pre-
dict the risk of readmission for patients with
CHF (8-11). However, previously published sys-
tematic reviews and meta-analyses (12) that as-
sessed predictive models for this group (13, 14)
focused mainly on combinations of end-point
outcomes (such as readmission and death). The
predictive models regarding death as the outcome
are relatively mature, with a high level of model
effectiveness and consensus on the most predic-
tive factors. However, the predictive models that
assess readmission as the only outcome have not
been sufficiently validated (15). The performance
of most predictive models was considered “mod-
erate”, the most effectively predictive factors for
readmission are yet to be established. In order to
improve the patients’ quality of life and reduce
the waste of medical resources, it is particularly
important to accurately find the predictive factors
so as to reduce the rate of patient readmission.
Therefore, it is crucial to design a model that
specifically predicts the risk of readmission for
CHF patients.

We aimed to comprehensively search for studies
on readmission risk prediction models for pa-
tients with CHF by systematically reviewing,
summarizing, and comparing many variables to
better predict the readmission risk for patients
with CHF. The construction and application of
the model will provide a theoretical basis for
modulating the incidence of readmission of pa-
tients with CHF.
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Methods

Ethical Approval

Ethical approval for this study was obtained from
the research ethics committee of Qilu Hospital of
Shandong University (KYLL-202107-031).

Literature search strategy

Four Chinese medical databases (Chinese Bio-
medical Literature Database, Chinese Academic
Journal Full Text Database, Wanfang Database,
and Vipu Chinese Journal Service Platform) and
five English medical databases (PubMed, Em-
base, EBSCO, Web of Science, and Cochrane
Library) were systematically searched. A search
string was developed to identify prediction model
of readmission in patients with CHF using terms
including "Heart failure”, "chronic heart failure",
"Readmission", "Rehospitalization", "Prediction
model", "prediction", "model”, and "risk factor".
MeSH terms and free-text words were used in
combination. We also used the Boolean opera-
tors “OR” and “AND”. The search time frame
was all set as building the library until July 2021.
No restrictions were imposed on language. Titles
and abstracts were reviewed by two authors, and
full-text papers were reviewed by at least two of
the authors. Further, references of the included
studies were retrospectively reviewed. In this
study, the search strategy and the screening and
selection of the data were based on the Preferred
Reporting Items for Systematic Reviews and Me-
ta-analyses (PRISMA) guidelines.

Eligibility criteria

Studies that met the following inclusion criteria
were analyzed: 1) Patients with CHF whose
symptoms were categorized under functional
class II, III, or IV per the New York Heart Asso-
ciation (NYHA) criteria; 2) a predictive model
constructed for the readmission of patients with
CHF; 3) a detailed description for the statistical
methods used in the establishment and verifica-
tion of the model; 4) the internal or external veri-
fication performed after modeling. Patients’ re-
admission was the only end-point outcome.
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Our exclusion criteria were: 1) analyses only for
the risk factors but not modeling; 2) original data
or quantitative endpoint data was insufficient not
extracted; 3) failure to describe the modeling
method or process; 4) low effectiveness of the
final model; 5) results contained multiple end-
point outcomes; and 0) reviews, conference pa-
pers, or animal studies.

Data extraction

After retrieving the literature, two researchers
independently reviewed the studies and made
selections according to the inclusion and exclu-
sion criteria. Differences were resolved through
discussions, and if necessary, a third-party consul-
tation. As the included literature was determined,
the full text of each article was read to extract the
following data: the first author, publication year,
country or region, research type and object, mod-
eling method and sample size, verification meth-
od and sample size, modeling the incidence of
readmission, modeling or model verification area
under receiver operating characteristic curve
(AUROC), and predictive factors.

Quality assessment

The included studies were evaluated according to
the bias risk assessment tool of the CHARMS
checklist (16). The methodological quality evalua-
tions for all included studies were independently
performed by two investigators. Disagreements
were discussed and resolved through consulta-
tions. If disagreements persisted, a third investi-
gator would resolve them via arbitration.

Analysis

The extracted data were then organized accord-
ing to the requirements of the meta-analysis.
RevMan 5.3 software was used to conduct the
meta-analysis on the predictive value of the vari-
ables in the model. For different types of data,
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odds ratio (OR) or risk ratio (HR) and the 95%
confidence intervals (CI) were calculated. The
OR Q test was used to assess the heterogeneity
among the studies, and if the difference in heter-
ogeneity among independent studies was not sig-
nificant (P>0.100, 1’<50%), the fixed effects
model was used for analysis; otherwise, the ran-
dom effects model was used, and sensitivity anal-
ysis was performed.

Results

Literature screening and results

Overall, 4,787 documents were obtained during
the initial inspection, and nine were included af-
ter the tiered screening (Fig. 1). This study in-
cluded nine (8-11, 17-21) CHF readmission pre-
diction models, including two prospective studies
(17, 18), and seven retrospective studies (8-11,
18, 20, 21). Of the included studies, four (8, 9, 11,
18) used the logistic regression method, two (19,
20) employed the Cox proportional hazards
model, and the remaining three (10, 17, 21) used
a competitive risk model, ensemble learning, and
Bayesian model, with sample size of 246-27,714
cases for modeling. The sample size of the verifi-
cation model was 105-8,531 cases, among which
five studies (9, 11, 18, 19, 21) were verified inter-
nally, three (10, 17, 20) externally, and one study
(8) was verified both internally and externally.
The readmission rate varied greatly due to the
sample size and time cut-off point, ranging from
3.10% to 36.30%. All included studies reported
AUROC values, varying from 0.70 to 0.73, and
model verification AUROC values were from
0.68 to 0.80. The basic characteristics and results
of the risk of bias evaluation are presented in Ta-
bles 1 and 2, respectively.
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Through database search to obtained relevant literatures(n=4787) :

The Cochrane Library(n=385), Pubmed(n=497), Embase(n=1230),
Web of science(n=1556), EBSCO(n=326), ChinaNational Knowledge
Infrastructure(n=93), Wanfang Database(n=474), Chinese Biomedical
Literatwre Database(n=0), VIP Chinese Jownal Service Platform{n=26).

[ Literatwres obtained after weight removal ( n=2997 ) l

I Read the title and abstract for preliminary screening ( n=2997 ) l

lReadthe full text for re-screening ( n=81 )]

v

Exclud (n=2916) :
- Irelevant to the subject or meet the
exclusion criteria ( n=2916 )

L

Exclud ( n=74) :
- Does not meet the selection criteria ( n=23 )
- Proceedings (n=40)

- Summary ( =2 )

- Reproducible research ( n=1)
- Unable to get the full text ( n=8 )

I Literatures included after re-screening by reading the full text (n=7) I

| Manually search the studies of 7 literatures,
supplement to obtain the literature ( n=2)

I Literatures that was finaly included in the study ( n=9 ) |

Fig. 1: Literature screening process chart

Table 1: Basic characteristics of the included studies

Included studies  coun- Type of  model- Model- Validation AUC ( Main Read-
try study ing Validation model . Out- mission
methods sample methods moc?e]ln.g / come rate
. Validation
size
)

Zachary L et al Amet- Retro- Logistic 1454-243 Internal / 0.72/- 1 month  23.00%
(2018)(8) ican spective  regression External (Internal

study validation ~ )/0.63(Exte

rnal )

Bo-yu Tan et al China Retro- Logistic 246-105 Internal val- -/0.73 3month  36.30%
(2019)(11) spective  regression idation

study
Mahajan et al Amer- Retro-  Ensemble  27714-8531 External 0.70/- 1 month  35.70%
(2019)(10) ican spective ~ Machine validation

study Learning
Leong et al  Singa- Retro- Logistic 888-587 Internal val- -/0.76 1 month 9.90%
(2017)(9) pore spective  regression idation

study
Hummel et al Amer- Retro- Cox’s 1536-445 External 0.71/0.68 6 month 18.00%
(2013)(20) ican spective propor- validation

study tional

hazards
model

Alvarez et al  Span-  prospec- compet- 2507-992 External 0.72/0.73 1 month 3.10%
(2015)(17) ish tive ing validation

study risk X
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method-
ology
Shameer et al Amer- Retro- Bayes
(2017)(21) ican spective model
study
Ying Tabak et al Amer- Retro- Logistic
(2010)(18) ican spective  regression
study
Betihavas et al  Aus-  prospec- Cox’s
(2015)(19) tralia tive propot-
study tional
hazards
model

1

50 sub-samples and repeated 200-times.

1 year
748-320 Internal val- -/0.78 1 month 16.66%
idation
1029-343 Internal val- 0.73/0.69 1 month 24.10%
idation
280-501" Internal val- -/0.80 1 month 13.00%
idation R
1 year

: The study adopted the bootstrap method in the internal verification process of the predictive model, randomly selected

Table 2: Evaluation results of the risk of bias of the included studies (CHARMS checklist)

Included studies Source  Partic- Out- Candi- Sam- Miss- Model Model Model — Re- Inter-
of Ipants  come date ple ing devel-  per-  evalua- sults( preta-
Da- (risk tobe predic- size(ri  da- op- for- tion risk tion
ta(risk of pre- tors(ris  skof ta(tisk ment(r manc (riskof  of and
ofbias)  bias)  dicted kof bias) of iskof  e(risk bias) bias) Dis-
(risk bias) bias) bias) of cussio
of bias) n(risk
bias) of bias)
Zachary L et al Low Low Low Low Low Low Low Low Low Low Low
(2018)(8)
Bo-yu Tan et al Low Low Low Low High Un- Low Low Low Low Low
(2019)(11) clear
Mahajan et al Low Low Low Low Low Low Low Low Low Low Low
(2019)(10)
Leong et al Low Low Low Low Low Un- Low Low Low High Low
(2017)9) clear
Hummel et al Low Low Low Low Low Un- Low Low Low Low Low
(2013)(20) clear
Alvarez et al Low Low Low Low Low Low Low Low Low Low Low
(2015)(17)
Shameer et al Low Low Low High Low Un- Low Low Low Low Low
(2017)(21) clear
Ying Tabak et al Low Low Low Low Low Low Low Low Low Low Low
(2010)(18)
Betihavas et al Low Low Low Low High Un- Low Low Low Low Low
(2015)(19) clear

Modeling methods included in the study

The modeling methods of the included studies
were analyzed. Four studies (8, 9, 11, 18) used
logistic regression to screen the predictive factors
of readmission for CHF patients. Logistic regres-
sion model is a generalized Linear model, which
solves the problem that the dependent variable is
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dichotomous. Two (19, 20) employed the Cox
proportional hazards model to build prediction
model. Cox proportional hazards model is the
most widely used and classic modeling method in
survival analysis. The Naive Bayes model was
employed in one study (21) to predict patients'
readmission trisk based on Bayes' theorem and
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independent assumptions of characteristic condi-
tions. For specific training samples, the feature
attributes were first determined and then divided.
Subsequently, a classifier was generated using an
algorithm. Finally, the classifier was used to clas-
sify the new data and output the results of read-
mission risk. The ensemble learning method for
modeling was adopted in one research (10),
which integrated 10 basic learning models, and
applied the prediction results with the best AU-
ROC to the final integrated model, called the me-
ta-learner. Four studies (9, 17, 19, 20) used the
factor scoring method, and one (19) used a nom-
ogram to calculated the final readmission risk
probability. The remaining three studies (9, 17,
20) calculated the sum of the scores for each fac-
tor according to their weights of the OR or HR,
then calculated to predict the risk of readmission
for CHF patients. Simultaneously, the scores
were divided, and the specific method of risk
stratification was reported. Among the three
studies, two (9, 17) divided the readmission rate
into three levels according to the sum of factor
scores, while one (20) divided it into four levels
based on the factor scores.

Predictors included in the model

Of the nine included prediction models for the
readmission of CHF patients, the most included
predictors were 105 (21), while the least included
predictors were three (11, 17). B-type natriuretic
peptide (BNP) or N-terminal pro-brain natriuret-
ic peptide (NT-proBNP) were the most common
predictors, followed by renal insufficiency (in-
cluding diagnoses of nephritis, abnormal glomer-
ular filtration rate, renal failure, or dialysis),
comorbidities, and previous hospitalization histo-
ry. Some of the models included variables that
may be amenable to intervention, such as seden-
tary lifestyle (19), drug abuse history (cocaine,

Available at:  http://ijph.tums.ac.ir

etc.)(19) and treatment compliance (18). Such
predictors revealed a higher OR or HR value in
models, indicating that appropriate targeted and
personalized interventions could be provided to
patients. The specific conditions of the included
predictors are presented in Table 3.

Meta-analysis results

BNP or NT-proBNP and renal insufficiency, as
the common factors in the prediction model on
the readmission of CHF patients, were assessed
in the meta-analysis. Comorbidities and a history
of admission were included in the model in four
(8, 11, 19, 20) and three studies (8, 9, 20) , respec-
tively. However, meta-analysis could not be per-
formed because of the different evaluation and
classification methods, and time cut-off points
used in the study. Two studies on machine learn-
ing (10, 21) were excluded due to the inability to
extract relevant data.

Four studies (9, 11, 17, 20) (5,177 patients) re-
ported the efficacy of BNP or NT-proBNP in
predicting the readmission of HF patients. The
heterogeneity among independent studies was
statistically significant (P<0.0001, 1°=88%). The
difference was also significant using the random
effects model for analysis (Z=2.41, P=0.020), and
the combined OR was 2.28 (1.17-4.45). The for-
est diagram is illustrated in Fig. 2.

Four studies (8, 9, 17, 20) (4849 patients) report-
ed the effectiveness of renal insufficiency in pre-
dicting re-hospitalization in HF patients. The
heterogeneity test results confirmed the hetero-
geneity among the independent studies (P=0.005,
I’=77%). The random effects model was used for
analysis (Z=1.85, P>0.050), but the resulting dif-
ference was not statistically significant, and the
combined OR was 1.39 (0.98-1.96) (Fig. 3).
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Table 3: Predictors of included studies

Included Num
studies ber of
pre-
dic-
tors

Predictors

Zachary L et al 23
(2018)(8)

Bo-yu Tan etal 3
(2019)(11)

Leong et al 7
(2017)(9)

Hummel et al 7
(2013)(20)

Alvarez et al 3
(2015)(17)

Ying Tabak et 11
al

(2010)(18)

Betihavas et al 6
(2015)(19)

Age; gender; race;Socioeconomic Status(SES)vulnerability ;distance from home to hospital; comorbidi-
ties (Renal Failure; Other Gastrointestinal Disorders; Major Psychiatric Disorders;Diabetes Mellitus or
Diabetic Complications; Other Utrinary Tract Disorders; Chronic Obstructive Pulmonary Disease; His-
tory of Coronary Artery Bypass Graft Surgery; Peptic Ulcer, Hemorrhage, Other Specified Gastrointes-
tinal Disorders; Fibrosis of Lung or Other Chronic Lung Disorders; Cancer, History of coronary angio-
plasty of stenting, Dementia/ Alzheimer’s disease) ;Blood Urea Nitrogen(BUN)>40 mg/dL (

1mg/d.=88.4 umol/1) or Serum creatinine>>2.5 mg/dl; Index Admission Serum Sodium; BMI;

glucose >200 mg/dL; Index Hospital Admission Presentation(Emergent;Urgent;Elective);Number

Hospital Admissions with Emergent Presentation in past 12 months.
NT-proBNP;  red cell volume distribution width (RDW-CV); Chatlson Comorbidity Index (CCI).

Number of preceding admissions for heart failure in preceding 1 year; Length of Stay (days); Serum

creatinine>125umol/L; NT-proBNP>6000 pg/m; Electrocardiograph QRS duration (msec);Number
of Medical Social Service indications for referral; Bblocker upon discharge.

BUN; log BNP; NYHA class; Hospitalization within:1 month, 2-6 month; Atrial fibrillation/ flutter;
Diabetes mellitus.
Framingham left HF signs; e GFR< 60 mL/min/1.73 m% BNP>150 pg/mL ot NT-proBNP>1000
pg/mL.
History of depression or anxiety; Single; Male; Medicare; Number of home address changes; Residence
census tract in lowest
socioeconomic quintile; History of cocaine use; History of missed clinic visit; Used a health system
pharmacy; No. prior inpatient admissions; Presented to emergency department 6 AM—6 PM for index
admission.

Age; Women versus men; Lives alone; Sedentary; No. of comorbid conditions; Number of years with
CHF

PS:Two studies [10, 17] established models for machine learning methods, not described in the table. Because the machine learning
method provides effective information for prediction through the interaction between variables, it is impossible to extract specific

variables to fully explain.

Odds Ratio Odds Ratio
Study or Subgroup  log[Odds Ratio] SE_Weight IV, Random, 95% Cl IV, Random, 95% ClI
Bo-yu Tan et al.(2019) 15213 03415 235% 4.58 [2.34,8.94] —
Hummel et al.(2013) 0.1398 0.0464 30.5% 1.15[1.05,1.26)] o
Leong et al.(2017) 05933 0.2359 26.8% 1.81[1.14,2.87] —
Alvarez et al.(2015) 1.3737 0.474 19.3%  3.95[1.56,10.00] —
Total (95% CI) 100.0% 2.28[1.17,4.45] -
Heterogeneity: Tau®= 0.38; Chi*= 25.53, df= 3 (P < 0.0001); F= 88% t f t |
Testfo?nverg;l effect Z=2.41 (P=0.02) ( : o0 o1 L 10 100
Favours [experimental] Favours [control]

Fig. 2: Forest plot of the effect of BNP or NT-proBNP on readmission of patients with chronic heart failure
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0Odds Ratio Odds Ratio
Study or Subgroup _ log[Odds Ratio] SE_Weight IV. Random, 95% CI IV, Random, 95% CI
Hummel et al.(2013) 0.01 0.0051 36.3% 1.01 [1.00, 1.02] []
Leong et al.(2017) 0.5766 0.2891 18.4% 1.78[1.01,3.14] =
Zachary Let al.(2018) 0.3784 01731 26.9% 1.46 [1.04, 2.05) el
Alvarez et al.(2015) 0.6259 0.2896 18.4% 1.87 [1.08, 3.30] —
Total (95% CI) 100.0% 1.39[0.98, 1.96] >
Heterogeneity: Tau®= 0.09; Chi*=12.88, df=3 (P=0.005); F=77% I f t |
Test fnrgnver:!u effect Z=1.85 (P = 0.06) ( ’ 0o 01 10 100
Favours [experimental] Favours [control]

Fig. 3: Forest plot of the effect of renal insufficiency on re-admission of patients with chronic heart failure

Sensitivity analysis results

Sensitivity analysis is required for BNP or NT-
proBNP and renal insufficiency. After excluding
two studies (9, 20), there was no heterogeneity
between studies (P=0.800, I’=0%). The fixed-
effects model was used for analysis, and the
combined OR value was 4.35 (2.53-7.49; Z.=5.31;
P<0.001). The possible reasons for this hetero-
geneity may be the difference in research areas,

time limits, and predictive factor thresholds. One
study conducted in Singapore (9) focused on the
readmission risk within 30 d in CHF patients, and
another study (20) in the United States focused
on the readmission risk within 180 d. Motreover,
the judgment thresholds on the BNP and NT-
proBNP levels were also different between the
two studies. Refer to Fig. 4 for the forest diagram
after the sensitivity analysis.

Odds Ratio Odds Ratio
Study or Subgroup __log[Odds Ratio] SE_Weight IV, Fixed. 95% CI IV. Fixed, 95% CI
Bo-yu Tan et al.(2019) 156213 03415 65.8% 4.58([2.34,8.94]
Hummel et al.(2013) 0.1398 0.0464 0.0% 1.15[1.05,1.26)
Leong et al.(2017) 05933 02358  0.0% 1.891[1.14,2.87)
Alvarez et al.(2015) 1.3737  0.474 34.2% 3.95[1.56,10.00] e
Total (95% CI) 100.0% 4.35[2.53,7.49] -
Heterogeneity: Chi*= 0.06, df=1 (P = 0.80); = 0% ) t t |
o 0.01 0.1 1 10 100
Testfor overall effect: 2= 5.31 (P < 0.00001) Favours [experimental] Favours [control]

Fig. 4: Forest plot after sensitivity analysis of BNP or NT-proBNP

There was no heterogeneity between studies
(P=0.700, I’=0%) after eliminating one study (18)
according to the sensitivity analysis of renal insuf-
ficiency, and a combined OR of 1.60 (1.24 -2.08;
2=3.57; P<0.001) was obtained through the
fixed-effects model analysis. The heterogeneity

may be related to the different evaluation indica-
tors for renal insufficiency used in the excluded
study, where blood urea nitrogen threshold low
can lead to deviations in predictive performance
(Fig. 5).

Test for overall effect: Z= 3.57 (P = 0.0004)

Favours [experimental] Favours [control]

Odds Ratio Odds Ratio

Study or Subgroup  log[Odds Ratio] SE Weight IV, Fixed, 95% CI IV, Fixed, 95% CI
Hummel et al.(2013) 0.01 0.0051 0.0% 1.01[1.00,1.02)
Leong et al.(2017) 05766 0.2891 209% 1.78[1.01,3.14] =
Zachary L et al.(2018) 03784 01731 583% 1.46[1.04,2.09] il
Alvarez et al.(2015) 06259 0.2896 20.8% 1.87[1.06, 3.30] =
Total (95% CI) 100.0% 1.60 [1.24, 2.08] L 2

e = - - CRE= I + 1 d
Heterogeneity: Chi*=0.71, df= 2 (P=0.70); F=0% 0.01 01 10 100

Fig. 5: Forest plot after sensitivity analysis of renal insufficiency

Awvailable at:

http://ijph.tums.ac.ir

1488


http://ijph.tums.ac.ir/

Iran J Public Health, Vol. 51, No.7, Jul 2022, pp.1481-1493

Discussion

This systematic review included nine readmission
risk prediction models for CHF patients, among
which four (8, 10, 17, 18) were of high quality,
and five (9, 11, 19-21) were of medium quality.
The AUROC of all models in the modeling and
verification methods was greater than 0.63,
demonstrating an excellent model performance.
The common predictors in the model were BNP
or NT-proBNP, renal insufficiency, comorbidi-
ties, and admission history.

The reliability of a systematic review is closely
related to the quality of the included studies (22).
Two studies (11, 19) had low sample sizes, of
which one (11) did not adopt special statistical
methods for processing, which may have affected
the accuracy of parameter estimation to an ex-
tent. Another article (19) used a bootstrap re-
sampling method to achieve the small sample
expansion, so that the obtained model was more
stable. Four studies (8, 10, 17, 18) specifically re-
ported the missing data. Among these, two (17,
18) used the multiple regression interpolation as a
solution; one(8) used the mean filling method,
and the remaining one(10) used the multiple fill-
ing method of the chain equation.

All prediction models included in this study were
internally or externally verified, and most of the
modeling or model verification AUROCs were
greater than (.70, indicating that the included
models were of considerable utility in evaluating
readmission risk of CHF patients. Most studies
used logistic regression and Cox risk regression
methods for modeling. Notably, two studies in-
volving machine learning (10, 21) presented char-
acteristics that were different from traditional
studies in terms of predictive factors. Traditional
statistical methods (logistic regression and Cox
risk regression model) generally assume that the
independent variable and the dependent variable
are linear, and limit the number of independent
variables. The organizational structure and mode
of machine learning is more suitable for analyzing
big datasets and multivariate data. It objectively
requires more predictors to meet the require-
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ments of machine autonomous learning. Howev-
er, a larger number of predictors are conducive to
the use of machine learning models for complex
nonlinear interactions between multiple variables;
to output more refined and detailed prediction
results; and to improve the scope of discrimina-
tion and prediction of the outcomes of HF (23).
The combination of parameterization and ma-
chine learning methods allows for better perfor-
mance of the prediction model.

Among all predictive models in this study, the
significantly overlapping predictors included
BNP or NT-proBNP, renal insufficiency,
comorbidities, and previous hospitalization histo-
ry. Meta-analysis revealed that BNP or NT-
proBNP levels and renal insufficiency were inde-
pendent predictors of readmission in CHF pa-
tients. However, meta-analysis could not be con-
ducted because of the different evaluation and
classification methods, and cut-off time points
used in the included studies. For some variables,
a textual description analysis was performed.

It was observed that BNP or NT-proBNP and
renal insufficiency were the most common pre-
dictors of readmission among the nine prediction
models. BNP and NT-proBNP are mainly secret-
ed by ventricular myocytes in the event of ven-
tricular volume and pressure overload. Heart dys-
function, such as ventricular myocyte damage or
HF, leads to elevated levels of BNP and NT-
proBNP in blood circulation (24, 25). Therefore,
they are considered to potentially reflect the
body's compensatory pathophysiological changes,
and restore circulatory stability. The BNP in the
AUROC close to 0.70 was the best biomarker for
predicting the readmission of HF patients within
60 d (26). Renal insufficiency can manifest as re-
nal failure, abnormal glomerular filtration rate, or
high BUN or serum creatinine (27). In patients
with CHF and renal insufficiency, the cardiovas-
cular system encounters accelerated atherosclero-
sis, left ventricular hypertrophy, and remodeling.
Furthermore, decreased kidney function can lead
to the activation of inflammatory factors in the
body, which aggravates already-damaged heart
tissue, and further worsens the prognosis of HF
patients (28). The deterioration of renal function
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was a sensitive sign of reduced organ perfusion
and an important independent predictor of the
readmission risk in patients with CHF (29).

Four studies (8, 11, 19, 20) included comorbidi-
ties as predictive factors for analyses, but due to
different evaluation forms and grading methods
used, a meta-analysis could not be conducted.
Two of the papers (8, 20) separately analyzed
some of the diseases included in the comorbidi-
ties. The remaining two (11, 19) used the comor-
bidity index to represent the comorbidities, from
which the data on renal insufficiency could be
extracted for the meta-analysis. These four stud-
ies revealed that the comorbidity index or signifi-
cant independent risk factors (such as renal insuf-
ficiency and diabetes) increase the risk of re-
hospitalization of CHF patients. This may be be-
cause diabetes and its related comorbidities exac-
erbate the progression of HF, making the pa-
tient's cardiovascular system motre prone to im-
balance (30).

Three studies (8, 9, 20) incorporated the history
of admission as a predictor in the model for anal-
ysis, that is, whether the patient was admitted to
the hospital (HF or all causes) within the speci-
fied time (1 month, 6 months, and 1 year) and
the number of admissions were used as inde-
pendent characteristic variables to predict the
readmission risk for HI patients. Since the three
studies did not use the same evaluation methods
and cut-off time points, it was impossible to con-
duct meta-analysis. HF before admission or a his-
tory of emergency admissions can increase the
readmission risk in patients with CHF. At least
one HF admission or recorded history of HF
within 1 year before admission is a significant
predictor in the model (31).

The predictors included in the current prediction
models for the re-hospitalization of chronic HF
patients are inconsistent. The reasons include
differences in the populations at baseline and dif-
ferent data sources. Moreover, some variables
could not be included in the meta-analysis due to
different evaluation and classification methods,
and cut-off timepoints used. We could not obtain
data-supported specific predictors of CHF read-
mission because meta-analyses were only per-
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formed on some well-known variables. There-
fore, it is necessary and important to build a risk
prediction model only for the readmissions of
CHF patients.

According to The China Heart Failure Diagnosis
and Treatment Guidelines, 2018 (32) and Guide-
lines for Rational Use of Medicines for Heart
Failure (Second Edition) (33), measures such as
exercise, weight control, and improvement of
drug compliance can effectively improve the
prognosis of patients with CHF. Additionally,
there is evidence that water and sodium re-
striction, aerobic exercises (34), medication com-
pliance (35), and psychological intervention (306)
can reduce the readmission rate of patients with
CHF (37). Nurse-led education interventions
could effectively reduce the readmission rate (38).
However, most prediction models focus on the
predictive ability of the clinical parameters, while
few studies concentrate on the preventable pre-
dictive factors concerning readmission. A seden-
tary lifestyle increases the risk of readmission in
CHF patients, and it is difficult for the patients’
admission clinical parameters and other indica-
tors to provide direct guidance to the medical
staff (21). Relative to these indicators, researches
dedicated to finding adjustable and preventable
indicators, such as exercise, diet, depression, and
drug compliance, in order to reduce the incidence
of readmission in CHF patients may provide
more practical clinical significance for medical
staff.

This study has certain limitations. First, like all
meta-analyses, this work is limited by variations
in the original studies, it was difficult to conduct
a meta-analysis on some of the high-weightage
predictors in this systematic review due to the
different evaluation methods, classification
methods, and cut-off time points, so that a de-
tailed textual description analysis was performed.
Second, studies on the readmission of CHF pa-
tients often take the readmission rate and mor-
tality as a combined result. There are few models
that consider readmission rate as a single result,
thus the number of studies that could be included
in the analysis was relatively insufficient, risk pre-
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diction models for readmission in patients with
CHF should be increased in the future.

Conclusion

This systematic review included nine readmission
risk prediction models for patients with CHF,
exhibited good predictive performance, and can
effectively screen high-risk readmitted patients.
BNP or NT-proBNP, renal insufficiency,
comorbidities, and previous hospitalization histo-
ry are independent predictors of readmission risk
in patients with CHF. The complexities of dis-
ease management and high readmission rates in
CHF patients drive the need for the development
of innovative risk prediction models. Through
statistical methods such as machine learning, a
large amount of electronic data can be used to
design a prediction model, which may improve
the model’s efficacy and overcome the limitations
of the traditional modeling methods. In the fu-
ture, researchers should aim to combine tradi-
tional parametric and non-parametric modeling
methods to build a prediction model that can bet-
ter fit the characteristics of clinical work and the
individualized characteristics of the target popula-
tion. This will lead to the development of appro-
priate interventions for patients at different risk
levels, and promote the fair distribution of medi-
cal resources, while reducing the readmissions of
CHF patients.
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