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The risk prediction models for cognitive frailty
in the older people in China: a systematic
review and meta-analysis
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Abstract

Background Recently, many risk prediction models for Cognitive Frailty (CF) in older people in China have been
developed. However, there is a shortage of large-scale systematic and comprehensive studies of the methods, quality,
and predictors involved in model development.

Aims To systematically assess the risk prediction model of CF in older people in China and to conduct a meta-analysis
of its predictors.

Methods PubMed, Cochrane Library, EMbase, Web of Science, CNKI, Wanfang, VIP, and SinoMed were searched
from the inception to April 30, 2024. Two researchers independently screened the literature and extracted data. The
quality of studies was assessed using the PROBAST tool. Additionally, Stata 18.0 software and MedCalc software were
employed to perform a meta-analysis of the modeled predictors and area under the curve (AUQ).

Results 17 articles were included, encompassing 22 CF risk prediction models, involving 9,614 participants, of
which 2488 (25.9%) were diagnosed with CF. 15 models reported discrimination by AUC (0.710 to 0.991). 8 models
conducted internal validation, while 7 models performed external validation. PROBAST evaluation results found that
15 articles (15/17, 88.24%) exhibited a high risk of bias (ROB). The most common predictors were advanced age,
irregular exercise, malnutrition, depression, Barthel Index score, female gender, and Instrumental Activities of Daily
Living (IADL) score.

Conclusion Due to imprecise modeling methods, incomplete presentation, and lack of external validation, the
models' usefulness still needs to be determined. Seven predictive factors are established predictors for CF among
older people, including advanced age and so on, but the roles of educational level and fall incidents warrant further
investigation.
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Introduction

Population aging represents one of the primary chal-
lenges confronting numerous countries globally. Accord-
ing to data from the United Nations, by 2050, the older
people aged over 65 in China will reach 365 million [1].
“Cognitive frailty” (CF) was initially proposed by the
“International Consensus Group” in 2013 as a clinically
heterogeneous manifestation characterized by concur-
rent physical frailty and cognitive impairment among
patients without dementia [2]. As the older people demo-
graphic continues to expand, the issue of CF among
older adults has become increasingly prominent [3],
with research interest in this area growing year by year
[4]. Multiple studies have indicated that older individu-
als experiencing CF are at a heightened risk for adverse
outcomes such as falls [5], disabilities [6], hospitalization,
dementia [7], and mortality [8, 9]. Early identification of
their risk for developing CF and implementing targeted
interventions can help prevent progression to dementia
and mitigate the occurrence of these negative outcomes.
Consequently, an accurate and convenient predictive tool
is essential for identifying the risk of CF in older people.

In recent years, most of the studies on the construc-
tion and verification of CF risk prediction models for
older people were conducted by Chinese scholars, and
the sites of model construction were mostly concentrated
in the community, inpatient department, and outpatient
department (no relevant studies have been found in nurs-
ing homes), and the diseases constructed were mainly
chronic patients such as hypertension, diabetes, coronary
heart disease, and hemodialysis.

There is a study carried out a systematic review of the
CF prediction model for older people and found that
there were methodological defects, incomplete repre-
sentation, and lack of validation in the process of model
construction, but few articles were included and no cor-
relation analysis was conducted on the predictors and
AUC [10]. With the application of model quality evalu-
ation tools, researchers continue to correct flaws in the
modeling process to reduce the risk of model bias, but
the quality of existing models is still uneven, and the pre-
diction accuracy and clinical applicability of these tools
are still uncertain. Therefore, this study aims to conduct
a large-scale comprehensive comparative study on the
CF prediction model construction process, performance
evaluation, and potential data sample bias of older people
in China while conducting a meta-analysis on their pre-
dictors. To provide valuable references and guidance for
clinical practitioners in utilizing relevant risk prediction
models effectively to mitigate the occurrence and pro-
gression of CF among the elderly population.
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Methods

This systematic review was conducted following the
Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) guidelines [11]. A study proto-
col for this research has been registered in PROSPERO
(CRD42024588613).

Research problem construction
Construct evidence-based questions based on the
PICOTS model [12] recommended by the Cochrane
Methodology Group.

P (Population): 260 years old who have been living in
China for a long time;

I (Intervention model): Risk prediction models of cog-
nitive frailty;

C (Comparator): none;

O (Outcome): Presence of cognitive frailty.

T (Timing): During hospitalization, outpatient visit or
at home;

S (Setting): In a hospital, community or nursing home.

Search strategy

We conducted a comprehensive search across PubMed,
Embase, The Cochrane Library, Web of Science, China
National Knowledge Infrastructure (CNKI), Wanfang
Database, China Science and Technology Journal Data-
base (CQVIP), and Chinese Biomedical Literature Ser-
vice Database (SinoMed) to identify relevant studies
published from inception until May 2024. The search
terms included MESH terms and keywords; search strat-
egies were tailored to each database. Additionally, we
manually searched citations for potential studies. The
search terms roughly include the following three aspects
(A complete search strategy is provided in Appendix A):

(1) Aged (Mesh), old, elderly, older adults, senior, elder*;

(2) Cognitive Frailty, Cognitive Fragilities, Cognitive
Frailness, Cognitive Frailty Syndrome;

(3) Prediction model, risk prediction, risk assessment,
risk scor*, predictive value.

Inclusion and exclusion criteria

The inclusion criteria were as follows

(1) The study population comprised individuals aged > 60
years old in China, (2) The research developed and/or
validated a prediction model for CF in older people. (3)
The research design was observational, including cross-
sectional surveys, cohort studies, and case-control stud-
ies, (4) The outcome measure was the occurrence of CF
in older people, assessed using CF assessment tools that
have been validated and demonstrate clear reliability and
validity, (5) Both Chinese or English language publica-
tions were considered.
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The exclusion criteria were as follows

(1) Repeatedly published literature, (2) Reviews, letters,
case studies, conference abstracts, and dissertations, (3)
Literature lacking a clear definition of outcome indica-
tors, (4) Unable to obtain the original literature.

Study selection

The literature was imported into Endnote X9 and dupli-
cate articles were deleted. Then, according to the pre-
defined inclusion and exclusion criteria, two reviewers
(M.R. and Y.G.) independently screened records based on
the title, abstract, and full texts. In case of any disagree-
ments, a third reviewer (W.G.) helped reach a consensus.

Data extraction

Data extraction was performed by three reviewers (M.R.,
Y.G., W.G.) who cross-checked each other’s results and
resolved any discrepancies through discussion. A data
collection table was developed based on CHecklist for
critical Appraisal and data extraction for systematic
Reviews of prediction Modelling Studies (CHARMS)
[13], encompassing the following information extracted
from individual articles: study details (first author, pub-
lication date, province, study subjects), participant
characteristics (age, sample size, incidence of outcome
indicators), modeling situation (evaluation tools, mod-
eling methods, modeling quantity, AUC and calibration
methods, model validation methods, predictors, and
model presentation style).

Assessment of study quality

Two researchers (M.R. and W.G.) utilized the PROBAST
[14] evaluation tool to assess both the ROB and the
applicability of studies independently, and if there was
disagreement, a third researcher (L.Z.) was consulted to
reach a consensus.

This tool contains 20 primary questions from four per-
spectives and evaluates the model’s bias risk from four
perspectives, including the research object, predictors,
results, and data analysis. Similarly, conduct an applica-
bility evaluation from three perspectives following simi-
lar steps as in the bias risk analysis. Each question has five
options: “yes’, “possible yes’, “no”, “possible no” and “no
information’, and the evaluation criteria for different per-
spectives are categorized into three levels: “low’;, “high’,
and “unclear”. The research is classified high risk if there
are at least one perspective is rated as “no” or “probably
no”; If there is uncertainty in one or more perspectives,
despite other perspectives being rated as low risk, the
overall risk of bias is deemed uncertain.; The research is
considered low risk only when all perspectives are unani-
mously judged to be low risk.
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Statistical analysis

Meta-analysis was conducted by Stata 18.0 to examine
the predictors (Y.G. and M.R.), with odds ratios (OR) and
95% confidence intervals (95%CI) as effect statistics. Het-
erogeneity among multiple studies was assessed using the
Q-test and I statistics. If Cochran’s Q statistic results in
P>0.1 or I’<50%, which indicates minimal heterogene-
ity, the fixed-effects model is selected to provide a more
precise estimate. Conversely, P<0.1 or I°>50% denoted
significant heterogeneity, and the random-effects model
is chosen to adjust the weight and modify the confidence
interval, thereby providing a more robust combined
effect. Additionally, sensitivity analysis identified the
potential sources of heterogeneity. The model’s predic-
tive performance (AUC) was statistically analyzed using
MedCalc software. If a study reported only the 95%CI
of the AUC but no standard error (SE), the width of the
95%CI was estimated by dividing the CI width by 3.92
[15]. Funnel plots and Egger’s test were utilized to assess
publication bias. The symmetric distribution of data
points in the funnel plot and the P>0.05 of the Egger test
indicate no significant publication bias [16]. Statistical
significance was defined as two-tailed P<0.05.

Results

Literature search results

By conducting a comprehensive search across relevant
databases, we identified a total of 718 pertinent studies.
Following a meticulous screening process, we ultimately
included 17 articles [17-33], encompassing a substan-
tial cohort of 9617 participants. The detailed procedure
and outcomes of the literature screening are visually pre-
sented in Fig. 1.

Basic characteristics of included literature

The literature included in this study was exclusively pub-
lished within the past five years in China, including 11
Chinese publications [17-27] and 6 English publications
[28-33]. The incidence rate of CF among the elderly pop-
ulation ranged from 10.0 to 65.3%. Detailed characteris-
tics of the included literature are presented in Table 1.

Basic information on risk prediction models

A total of 22 prediction models were constructed in 17
studies [17-33]. Regarding model construction, one
study [24] employed different machine learning algo-
rithms to build the risk prediction models and selected
the best model by comparing AUC, while the remain-
ing studies solely utilized logistic regression analysis for
model establishment. In terms of processing methods of
continuous variables, only a few models [17, 19, 23, 30,
31, 33] retained the original continuous variables (=6,
35.3%). For variable screening techniques, many articles
[17,19-23, 25, 29, 32] conducted multiple-factor analysis
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Fig. 1 Flow diagram for literature screening and selection

based on single-factor analysis (n=9, 52.9%). The specific
details regarding model establishment are presented in
Table 2.

Performance of risk prediction models

The AUC of the models ranged from 0.710 to 0.991, with
sensitivities ranging from 70.00 to 95.12% and specifici-
ties ranging from 60.0 to 97.8%. 13 references [17-23, 25,
27, 29-31, 33] simultaneously reported discrimination
and calibration measures; Regarding model validation, 7
studies [18, 19, 23, 30—33] conducted external validation
while 8 studies [20-22, 24, 25, 27-29] performed inter-
nal validation using Bootstrap and sample splitting meth-
ods. The model was primarily presented as a nomogram
(n=9), while alternative approaches include risk-scoring
formulas (n=4) and risk-scoring tables (n=2). The pre-
diction model’s performance and presentation format are
illustrated in Table 3.

Literature quality evaluation
The quality of the literature was comprehensively evalu-
ated by two researchers (M.R. and W.G.) using the

PROBAST scale [14], and the evaluation results were
meticulously reviewed for accuracy. When assessing
ROB, a retrospective research design in 88.23% (15/17)
of studies resulted in high ROB within the participant
domain. However, low ROB was observed across all pre-
dictors and outcomes. In the analysis field, two articles
[30, 33] were classified as low-risk while the others were
deemed high-risk for bias. The high ROB in the overall
evaluation can be attributed to the following reasons:
(1) Insufficient sample size in the literature modeling
cohort; (2) Research involving conversion of continuous
variables into categorical variables; (3) Research-based
on single factor analysis for variable screening purposes;
(4) Failure to report whether model calibration verifica-
tion has been conducted; and (5) The absence of informa-
tion regarding internal validation or a validation sample
size below 100 cases. When assessing the application, all
components including participants, predictors, and out-
comes are deemed to pose low risk. The original study’s
incorporation of subjects, clinical design, predictor defi-
nition, evaluation process, time frame, and outcome
definition align consistently with the systematic review
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Table 1 Characteristics of included studies
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Research object

Reference .
Place Disease

Region (Province) Age

Chen et al, 2023 Southem(Zhejiang)  Inpatient Department Orthopedic surgery

Chen et al, 2022 i 2d Ci ity Physical examimation 68(66, 72)
Denget al, 2023 Southem(Guangdong) Inpatient Department Diabetes and hypertension

Wen et al, 2021 Northern (Shanxi) Outpatient Department  Stable coronary heart disease ~ (75.36+8.00)
Yangetal, 2021  Northern (Liaoning) Community Chronic disease (72.65+8.95)
Wanget al, 2022 Southem (Jiangsu)  Inpatient Department Hypertension

Lietal, 2023 Southern (Jiangsu)  Inpatient Department Hemodialysis

Zhou et al, 2023 Southern (Jiangsu) Community Physical examination 71(67, 76)
Wanget al, 2023 Southern (Shanghai) Inpatient Department Type 2 diabetes

Shen et al, 2023 Northern (Jilin)  Outpatient Department Chronic disease

Wei et al, 2023 Northern (Beijing)  Inpatient Department Hypertension (71.01£7.93)
Bai et al, 2023 Northern (Beijing) Community (84.96+5.70)
Denget al, 2023 Southemn(Guangdong) Inpatient Department Diabetes 71 (65, 77)
Peng et al, 2023 Southern (Jiangsu) Community Multi disease patients (73.35£7.99)
Huanget al, 2024 Southern (Hunan)  CLHLS (Community)

Luoetal 2022 Southem(Guangdong) Inpatient Department Chronic kidney disease 67 (63, 73)
Tsenget al, 2019 Southern (Taiwan) Community (73.1£5.4)

ITaniAcipmns ) .0ulcome N.luuber of EPV J}&SE&S!]}QI)(
development (n) validation (n) No.of Events (n) ds (%) candidate factors instrument
268 - 175 65.3 8 21.88 1516
368 158 138 36.31 21 6.57 1415
175 76 53 303 13 4.08 14
848 - 101 11.9 9 11.22 1/4:5
674 - 226 335 9 25.11 145
155 66 41 262 5 11.6 16
239 40 54 2259 13 4.15 4517
773 332 224 28.05 20 15.5 26
262 - 85 32.44 11 7.73 1@r5
207 - 75 36.23 8 9.38 24
379 - 145 383 13 1115 16
750 - 326 43% 7 46.57 24
221 94 61 27.6 13 4.69 14
840 342 293 343 9 32.56 1415
2420 3512 243 10 12 20.25 36
311 104 93 219 29 321 16
724 547 155 15.8 11 1409 48910

(DFrailty Phenotype (FP)
(®Revised Fried Standard
Mental State Examination (MMSE)

neurological assessments

inquiries. Consequently, the assessment of the applica-
tion is regarded as having minimal risk. In summary,
while all studies exhibit a high ROB overall, they demon-
strate a low risk in terms of predictive model application.
A detailed quality assessment is presented in Appendix B.

Meta-analysis results of predictors

Due to the lack of complete data for 3 articles [24, 29,
31], a meta-analysis was conducted using predictors with
identical definitions and measurement methods, includ-
ing more than three articles from the remaining 14 ref-
erences [17-23, 25-28, 30, 32, 33]. The results revealed
that advanced age, irregular exercise, malnutrition,
depression, low Barthel index score, female gender, and
impaired IADL were identified as independent risk fac-
tors for CF in older people (Table 4).

Sensitivity analysis

Among the 9 studies [17, 18, 20-22, 25-27, 33] that
included age as a predictor and the 6 studies [17, 18, 21,
22, 25, 27] that included malnutrition, one study appears
to be the primary source of statistical heterogeneity
[21] due to its skewed participant distribution (Appen-
dix C: Figures 1 and 3). Excluding this study resulted in
acceptable heterogeneity across the remaining studies
(I?=48.5%, P=0.059; I*=47.9%, P=0.104). Meta-analysis

(@Tiburg Frailty Index (TFT)

@Fatigue, Resistance, Ambulation, Illness and Loss of Weight Index (FRAIL)
(®Montreal Cognitive Assessment (MoCA) (&Clinical Dementia Rating (CDR) ®Minimum

®6m walking speed O@egrip ©Multiple

using fixed effect model (OR=3.03, 95%CI: 2.54 ~3.62;
OR=3.69, 95%CI: 2.90 ~4.70). Among the 7 articles that
included exercise [18, 20, 21, 23, 27, 30], significant over-
all heterogeneity remained even after excluding three
studies [18, 21, 30] with substantial heterogeneity using
the one-by-one elimination method. After three stud-
ies were excluded, acceptable statistical heterogene-
ity was achieved (I” = 6.4%, P=0.361), and a fixed-effect
model was applied for meta-analysis (OR=2.40, 95%CI:
1. 86-3. 10) (Appendix C: Fig. 2). Subgroup analysis was
conducted on 9 studies that included age as a predic-
tor, which was divided into inpatient, outpatient, and
community groups based on study population, and into
southern and northern group based on the study region.
Results showed no significant difference in model perfor-
mance between population or regions, and the source of
statistical heterogeneity remained unidentified (Appen-
dix C: Figures 4 and 5).

MedCalc analysis results

In the test set of 17 included studies, two did not report
the AUC and 95% CI [20, 33], and three reported the
AUC but omitted the 95%CI [24, 29, 32]. Therefore, we
utilized the MedCalc software to analyze the AUC and
95%CI for the remaining 12 studies [17-19, 21-23, 25—
28, 30, 31]. The results indicated significant heterogeneity
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Table 2 Model establishment status
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References Modeling method Variable selection method Number of models MisSiE Vaes Contmu(.)us varabie Number of predictors ~ Predictors*
: 2 ; processing method
Quantity Processing
2 o Single factor analysis
202 X = -
Chen et al, 2023 logistic multiple factor analysis 1 Unreported 5 (olelelole]
5 s Single factor analysis X X
Chen et al, 2022 logistic . oo : 5 1 0 - categorical variable 7 (0el6lolelel)
Binary logistic regression analysis
5 s Single factor analysis
202 A
Deng et al, 2023 logistic multiple factor analysis 1 1 Delete 5 OO0
- it Single factor analysis : :
Wen et al, 2021 logistic : : 1 12 Delete  categorical variable 6 olelelelelo]
multiple factor analysis
. Single factor analysis : 2
202 X 5
Yang et al, 2021 logistic multiple factor analysis 1 Unreported categorical variable 5 (olelelelw)
e Single factor analysis : :
2022 : ' - ®
Wang et al, 20 logistic multiple factor analysis 1 0 categorical variable 4 [olelelc)
: o Single factor analysis [ololelelln)]
202 - -
Lietal, 2023 logistic multiple factor analysis ! 0 8 (@)
Different machine Single factor analysis : ; 000000V®
202
Zhou et al, 2023 learningalgosifiims experfopiion 6 81 Delete  categorical variable 13 OOBOD
. Single factor analysis : : olelelelelnm)
202
Wang et al, 2023 logistic miipie Bickor analysis 1 8 Delete  categorical variable 8 @
o Single factor analysis : : S
Shen et al, 2023 logistic ; s ; ; 1 0 - categorical variable 8 CLE D)
Binary logistic regression analysis
; 5 Single factor analysis : :
Wei et al, 2023 logistic : s 2 ; P 1 0 - categorical variable 7 (olelelalmEbls)
Binary logistic regression analysis
Bai et al, 2023 logistic I tiple factor an.alysw 1 0 - categorical variable 7 ©B®NRN®
LASSO regression
Single factor analysis
Deng et al, 2023 logistic multiple factor analysis 1 2 Delete - 6 olaleld B E)
LASSO regression
8 Single factor analysis « ; 00000B®
202
Peng et al, 2023 logistic siultiple Bictor analysis 1 18 Delete  categorical variable 9 ®®
Huang et al, 2024 logistic Binary logistic regression analysis 1 0 - - 6 ol )]
Single factor analysi
Luo et al, 2022 logistic mg Fir gl YSI? 1 5 Delete  categorical variable 5 elela)®)
multiple factor analysis
- Single factor analysis
Tseng et al, 2019 logistic 1 0 - - 6 ol

Binary logistic regression analysis

@Age; (@Nutritional; @)Coexistence of multiple illnesses; (@Falls; ®Barthel index; ®Instrumental activities of daily living(IADL); (@ Self assessed healt]
assessment of daytime mental state; (©Number of chronic diseases; Physical exercise; @Intellectual activities; @Depressive symptoms; ®@Sleep time ev

®History of diabetes; ®heart-failure; ®History of hypertension; @Living alone; ®Hypertension classification; ®Insomnia; ®Long dialysis time; @High
combined disease index; @Low serum albumin level; @Low hemoglobin level; @Gender: @Degree of education; @Multiple drug use; @Chronic pain;
impairment; @Hearing impairment; Sleep disorders; @Memory; GBMI; @Job nature; Drinking history; 8Using angiotensin receptor antagonists;
heart disease; GGrip; @®Step speed; @Subjective cognitive decline (SCD) ; @Five-times-sit-to-stand test(FTSS); @Albumin; @Calf circumference; ®@L
diabetes; @M arital status; @Social affair; @Sleep quality; @Residence Area; @®Physical disability; @Social support; ®Centripetal obesity.

(P=95.62%, P<0.0001). The random-effects model was
selected for effect size combination, yielding a combined
AUC of 0.886 (95%CI: 0.851-0.920), indicating moderate
prediction accuracy for CF using the model (Appendix D:
Fig. 6). The funnel plot shows asymmetrical distribution
of studies (Appendix D: Fig. 7), with the majority out-
side the 95%CI of the weighted aggregate AUC. Further-
more, Egger’s test confirms significant publication bias
(P=0.0006).

Subgroup analysis

For the 12 studies that simultaneously reporting AUC
and 95%ClI, a subgroup analysis was conducted based on
validation status and method. Five studies were unvali-
dated [17, 21, 23, 25, 26], five underwent internal valida-
tion [18, 22, 27, 28, 31], and three underwent external
validation [18, 19, 30] (Chen et al. [18] performed both
internal and external validation). The AUC values meet-
ing inclusion criteria were analyzed using MedCalc
software (Appendix D: Fig. 8). The results indicated sig-
nificant heterogeneity in the unvalidated and internally
validated groups (I*>50%), requiring a random-effects
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References

Predictive performance (modeling set/validation set)

Presentation form

Discrimination Calibration Sensitivity(%) Specificity(%) Accuracy (%)
Chen et al, 2023 AUC: 0.852/- H-L: 0.432/- 87.30/- 71.00/- - Formula
AUC: 0.920/- .
Chen et al, 2022 CI' 0.910/0.850 Brier: 0.117/0.145 79.70/- 89.10/- 85.6/- Nomogram
Deng et al, 2023 AUC: 0.893/0.836  Brier: 0.116/0.146 86.80/- 77.90/- - Nomogram
Wen et al, 2021 CI: 0.835/- H-L: 0.103/- - - - Nomogram
Yang et al, 2021 AUC: 0.970/- H-L: 0.985/- - - - Nomogram
AUC: 0.883/0.770 .
Wang et al, 2022 CI: 0.886/0.781 H-L: 0.431/0.352 95.12/82.93  72.81/68.42 - Nomogram
Lietal, 2023 AUC: 0.990/- H-L: 0.966/- 92.60/77.78  97.80/87.10 -/85.00 Formula
logistic AUC: 0.824/- - 79.10/- 70.70/- - -
Naive Bayes AUC: 0.834/- - 72.10/- 79.70/- - -
Random Forest AUC: 0.889/- - 83.70/- 83.70/- - Risk score
Zhou et
al, 2023 Eatreme AUC: 0.859/- - 84.90/- 75.20/- - -
gradient
K-nearest AUC: 0.824/- - 81.30/- 70.00/- - -
neighbor
Support Veetor sy 0,831/- - 80.50/- 77.90/- - -
Machine
Wang et al, 2023 AUC: -/0.897 H-L: 0.437/- -
Shen et al, 2023 AUC: 0.870/- - 70.70/- 89.30/- - Formula
Wei et al, 2023 AUC: 0.770/0.737 H-L: 0.893/- 60.70/- 83.80/- - Formula
. AUC: 0.845/-
Baiet al, 2023 CI° 0.805/- - - - - Nomogram
Deng et al, 2023 AUC: 0.866/0.821 H-L: 0.305/- - - - Nomogram
Peng et al, 2023 AUC: 0.991/0990  H-L: 0.870/0.942 - - - Nomogram
Huang et al, 2024 AUC: 0.830/0.840 Calibration curve 90.70/- 84.40/- - Nomogram
. Artificial Neural
Luo et al, 2022 AUC: 0.913 - 80.65/- 88.61/- 86.36/- Network (ANN)
Tseng et al, 2019 CI: 0.710/0.690 H-L: 0.480/- 70.0/- 60.0/- 63.0/72.0 Risk score
model. The pooled AUC and 95%CI of the unvalidated = Discussion

group was 0.923 (0.873 to 0.972), whereas those for the
internal validation group was 0.818 (0.758 to 0.878). In
contrast, no significant heterogeneity was observed in the
external validation group (I = 0.00%), allowing a fixed-
effects model, and the pooled AUC and its 95%CI for this
group were 0.841 (0.822 to 0.859).

The unity of evaluation tools should be considered

Currently, the assessment tools for CF lack standardiza-
tion, so different studies have utilized varying evaluation
tools to diagnose CF, leading to discrepancies in diagno-
sis. Only five studies included in this analysis employed
identical evaluation tools, specifically a combination of
the Frailty Phenotype scale (FP), Montreal Cognitive
Assessment Scale (MoCA), and Clinical Dementia Rat-
ing scale (CDR). Thus, future research efforts should
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Table 4 Meta-analysis results of Predictors
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References

Predictors (number) Heterogeneity text Pooling model Meta analysis
P (%) P OR (95%CI) z P

Advanced age 9 89.3 <0.001 Random Effects Model 426 (2.51, 7.24) 5.37 <0.001
Irregular exercise 7 97.7 <0.001 Random Effects Model 4.07 (1.12, 14.86) 2.12 0.034
Malnutrition 6 953 <0.001 Random Effects Model 6.76 (2.36, 19.38) 3.56 <0.001
Depression 4 96.3 <0.001 Random Effects Model 9.53 (1.80, 50.50) 2.65 0.008
Low level of education 4 94 <0.001 Random Effects Model 0.86 (0.32, 2.33) 0.29 0.773
Low Barthel index score 3 375 0.202 Fixed Effects Model 443 (291, 6.76) 691 <0.001
Female gender 3 0 0.913 Fixed Effects Model 236 (1.92, 2.90) 8.16 <0.001
impaired IADL 3 93.4 <0.001 Random Effects Model 5.76 (2.04, 16.26) 3.31 0.001
Falls 3 97.1 <0.001 Random Effects Model ~ 1.25 (0.10, 15.00) 0.18 0.861

prioritize developing standardized CF-evaluation tools
to reduce inconsistencies among studies, which may fur-
ther improve the accuracy of CF diagnostic and model
prediction.

The model’s accuracy and reliability need to be further
verified

The ROB in the included studies is significant, which may
compromise the accuracy and reliability of the findings.
Future researchers are advised to thoroughly study the
PROBAST predictive model evaluation tool [14] prior
to conducting relevant studies. This will enable them to
identify the primary sources of model bias and mitigate
these issues during the implementation process.

Research objects

Regarding the research objects, 90.9% (20/22) of the
model data are derived from retrospective studies, intro-
ducing a significant ROB. Therefore, future investigations
should prioritize prospective or registered datasets as
modeling sources to mitigate biases [14]. Furthermore,
participants should be strictly included based on the
predefined inclusion criteria, and attention should be
paid to maintaining the balance of subjects across differ-
ent stages to minimize sample bias. Additionally, during
data collection, diagnoses should be made using a con-
sistent, pre-specified, and standardized outcome defini-
tion, while ensuring an appropriate time interval between
the assessment of predictors and the determination of
outcomes.

Statistical analysis

In the statistical analysis, the inclusion of 17 studies has
revealed several inherent issues, leading to a substantial
increase in the risk of bias within the obtained statistical
results. First, the number of samples in some studies is
insufficient, only 29.4% (5/17) of the studies have an EPV
(Event Per Variable, the frequency of events associated

with each variable in statistics or data analysis) =20, and
merely 35.3% (6/17) of the studies have a validation sam-
ple size >100. Therefore, future research should establish
appropriate inclusion and exclusion criteria and select
suitable sample size estimation methods based on the
study type to enhance the representativeness and gen-
eralizability of the sample [34]; Secondly, the handling
of continuous variables was inappropriate. In 64.7%
(11/17) of the studies, continuous variables such as age
were converted into categorical variables without adher-
ing to standardized definitions, conversion methods, or
consistent segmentation points which renders the data
unsuitable for secondary analysis. Consequently, future
research should aim to preserve the continuity of vari-
ables whenever possible. If categorization is necessary,
researchers should divide the variables into four or more
groups rather than dichotomizing them, thereby mini-
mizing information loss. Finally, the missing values were
not adequately addressed, and the 7 studies with missing
values were unrepaired. It is crucial to identify whether
missing values exist and, if so, to repair them using meth-
ods such as multiple interpolation, built-in mechanisms
[35], or missing indicator method [36] which can directly
handle missing data during the development, valida-
tion, or implementation of the prediction model to pre-
vent result bias. In summary, the sample size should be
appropriately expanded and properly managed continu-
ous variables and missing values to avoid overfitting the
model [37].

Variable screening

In terms of variable screening, the majority of studies
have predominantly utilized single-factor analysis with-
out adequately investigating the combined effects of
other variables [14], which may result in incorrect predic-
tor selection or variable omission. Therefore, all factors
should be directly incorporated into multivariate analy-
sis, or novel variable selection methods, such as LASSO
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regression, Ridge regression, and ElasticNet regression,
should be adopted. These approaches can effectively
mitigate the risk of model overfitting while enhancing
screening accuracy.

Modeling approach

In all models, 94.1% (16/17) were developed using con-
ventional logistic regression (LR) analysis methods. Only
Zhou et al. [24] utilized six machine learning algorithms
to construct multiple CF prediction models for the same
sample. The findings demonstrated that the random for-
est algorithm yielded superior predictive performance in
developing the prediction model. However, integrating
multiple algorithms also has inherent limitations, such
as greater reliance on data, low interpretability, incom-
patibility, and black-box model [38]. Therefore, future
research should endeavor to enhance the predictive capa-
bility of models by integrating multiple algorithms that
overcome their limitations by using a proper dataset,
building a giant model, and explainable artificial intelli-
gence (XAI).

The prediction model’s performance is good, but the
necessity of model validation

The AUC and H-L tests are the widely used methods for
evaluating the performance of predictive models in the
included studies. All 22 prediction models exhibited an
AUC=0.7 and a pooled AUC of 0.886, indicating good
discrimination and effective identification of high-risk
CF among older people. Among these models, 45.4%
(10/22) were subjected to the H-L test, with all resulting
P=0.05, suggesting a favorable agreement between pre-
dicted outcomes and actual observations. However, only
18.1% (4/22) of the models were validated using both
internal and external verification methods. The limited
comprehensiveness of their reported results constrained
the completeness of the secondary study. The AUC sub-
group analysis results demonstrate that model valida-
tion not only effectively reduces heterogeneity within the
study but also enhances the model’s generalization ability
and practical applicability. So it is important to employ
methods such as bootstrapping and cross-validation for
internal validation during the development of the pre-
diction model, unless the sample size and EPV are suf-
ficiently large [14]. These techniques are crucial for
quantifying the degree of overfitting in the developed
model and assessing the optimism in prediction perfor-
mance. Additionally, adjusting or shrinking the model’s
prediction performance estimates based on internal vali-
dation results can avoid prediction bias when the model
is applied by others. Therefore, appropriate indicators
should be employed to comprehensively evaluate the
predictive performance of the model upon its comple-
tion. Additionally, rigorous verification processes must
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be conducted to ensure the accuracy and reliability of the
model, which are essential for developing a high-quality
and scalable model.

Predictors are objectively quantifiable and readily
measurable

The meta-analysis revealed that the predictors of CF in
older adults encompassed four domains: demographic
characteristics (advanced age, female), behavior and life-
style factors (irregular exercise), physiological function
factors (malnutrition, impairment in IADL, low Barthel
index score), and psychosocial factors (depression).

Four studies [25, 27, 28, 32] have identified the level
of education as a predictor. Among these, three studies
[25, 27, 28] indicate that higher levels of education are
associated with a decreased risk of CF. Conversely, Luo
et al. [32] report a positive correlation between education
level and CF, resulting in non-significant differences find-
ings in the meta-analysis, potentially attributable to an
imbalance in the distribution of educational levels among
older adults included in the study, as the majority were
primary school graduates or below. Therefore, future
research should focus on ensuring the balance of predic-
tors when developing models and further investigate the
relationship between educational level and CF in older
populations.

Falls have been investigated as a predictor in three
studies [17, 19, 23]. However, Chen’s study [17] reports
a lower incidence of falls in the CF group (20.6%) com-
pared to the non-cognitive frailty group (62.4%), indicat-
ing that falls may not serve as an independent predictor
of CF in this specific context. This could be attributed
to the population consisting of older patients following
orthopedic surgery, where the fall incidence is higher
than in the general older population and directly linked
to the underlying disease. Therefore, future research-
ers should avoid including such factors that are directly
related to disease.

The findings indicate that depression is a significant
predictor of CF in older people (OR=9.53). This asso-
ciation may be attributed to the detrimental impact of
depression on activities of daily living, social engagement
avoidance, and intentional reduction in activities, which
subsequently impairs advanced cognitive functions such
as memory, reasoning, and spatial ability [39]. There-
fore, it can be inferred that depression plays a crucial role
in the development of CF among older adults. Future
research should prioritize investigating these predictors
due to their objectivity or availability of corresponding
evaluation scales, thereby facilitating this model’s wider
adoption and application.
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The considerations and prospects for the model update
mechanism

With the passage of time and the advancement of
research, new predictive factors or assessment tools
may emerge, so it is essential to continuously monitor
the dynamic changes in the data and the models per-
formance, and update them timely manner to maintain
prediction accuracy and reliability in the practical appli-
cation of the model. The model can be updated through
recalibration, refitting, and dynamic updating to intro-
duce new variables and features. The specific methods
include the logistic regression model, Bayesian model
updating, and other machine learning algorithms. Sev-
eral studies have focused on refining existing models;
for instance, Hartmann et al. [40] used three methods
to update the schizophrenia prediction model and con-
cluded that the dynamic updating method may dem-
onstrate the best predictive performance consistently
across the validation period. It is important to highlight
that model updating still necessitates the calculation
of sample size. The required sample size for this data-
set depends on the specific approach used to update
the model, as well as whether additional predictors have
been incorporated [34]. Furthermore, the updated model
must undergo performance evaluation to ensure its accu-
racy and reliability. A comparison of the performance
between the original and updated models is also essential
to validate the effectiveness of the update.

Strengths and limitations

Our study offers a systematic evaluation of existing mod-
els for predicting the risk of CF in older people in China,
along with a comprehensive, objective, and quantitative
combing and integration of numerous original studies.
It clarifies the performance and existing issues of these
models, which provides method guidance for the subse-
quent construction or updating of the model, and helps
to promote the application of this type of risk predic-
tion model in clinical practice. Furthermore, the quan-
titative synthesis of predictors identified in existing
studies can inform the design of effective interventions
for CF in older people. Nevertheless, it is imperative to
acknowledge the limitations of this study. In addition to
the deficiencies identified in the model development pro-
cess discussed in the article, several inherent constraints
warrant attention. Firstly, the literature search for this
study was restricted to English and Chinese, with a focus
on older people in China, which may have introduced
publication bias. Secondly, three studies were excluded
from the meta-analysis due to incomplete data report-
ing, potentially leading to bias. Thirdly, lack of uniformity
in evaluation methods, including assessment of CF and
predictors. The diverse CF assessment methods used in
the included studies led to diagnostic inconsistencies.
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Meanwhile, some predictors lack consistent evaluation
methods, which hinders the possibility of conducting a
comprehensive meta-analysis. For instance, sleep-related
predictors are assessed using diverse parameters such
as insomnia status, sleep duration, and sleep quality.
Finally, the meta-analysis revealed a substantial degree
of heterogeneity, potentially attributable to variations in
study design, participant populations, and assessment
tools. Consequently, future researchers are encouraged
to unify evaluation methods for various indicators, com-
prehensively report research data, and actively develop
standardized measurement tools for CF. When con-
ducting meta-analyses, it is essential to perform exhaus-
tive searches across literature in multiple languages and
databases while defining a more homogeneous study
population to minimize heterogeneity and enhance the
reliability of findings.

Conclusion

In summary, our systematic review included 17 origi-
nal studies, with a pooled AUC of 0.886, suggesting
that although the current CF prediction model for older
adults demonstrates satisfactory performance, its devel-
opment process lacks sufficient rigor. Additionally, the
absence of large-scale, multi-center validation raises
concerns about its clinical feasibility and generalizabil-
ity. Advanced age, female gender, irregular exercise, mal-
nutrition, diminished self-care ability, and depression
have been identified as consistent predictors of CF in
older adults. However, research findings regarding falls
and educational level remain inconsistent. Future stud-
ies should strictly follow the PROAST model criteria
and validate it through large-scale, multi-center trials to
enhance its applicability and adaptability. This will help
accurately identify CF risk in older people. Investigating
predictors of CF risk is crucial for developing effective
interventions. Existing research shows that improving
nutrition, promoting physical activity, enhancing men-
tal health, strengthening self-care, and optimizing social
support can delay CF onset and progression. Further
research is needed to confirm these findings.
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