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Objective: This study aimed to systematically review the existing research on risk prediction models for mild cognitive impairment in
patients with type 2 diabetes mellitus and to analyze the predictive performance of these models.

Methods: A systematic computerized search was conducted for studies published in CNKI, Wanfang, VIP, CBM, PubMed, Embase,
Cochrane Library, CINAHL, and Web of Science regarding risk prediction models for mild cognitive impairment in patients with type
2 diabetes mellitus, covering the period the inception of the databases through November 10, 2024. Two independent reviewers
performed literature screening and data extraction based on predefined inclusion and exclusion criteria. The risk of bias and the
applicability of the included studies were subsequently evaluated using the Risk of Bias Assessment Tool for Prediction Models.
A meta-analysis of the predictive performance of the models was performed using Stata 17.0 software.

Results: A total of 12 studies and 17 prediction models were included in the analysis, with the area under the receiver operating
characteristic curve (AUC) for the models ranging from 0.743 to 0.987. All studies were assessed to be at high risk of bias, particularly
concerning the issue of underreporting in the area of data analysis. The combined AUC value of the six validated models was 0.854,
indicating that these models exhibited favorable predictive performance. The multivariate models consistently identified age, educa-
tion, disease duration, depression, and glycosylated hemoglobin level as independent predictors.

Conclusion: The development of risk prediction models for mild cognitive impairment in patients with type 2 diabetes mellitus is still
in its infancy. In order to develop more accurate and practical risk prediction models for mild cognitive impairment in patients with
type 2 diabetes mellitus, future studies must rely on large-sample, multicenter prospective cohorts and adhere to rigorous study
designs.
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Introduction

Diabetes mellitus, particularly type 2 diabetes mellitus (T2DM), has emerged as a significant public health concern on
a global scale. The latest data from the International Diabetes Federation (IDF) indicate that the number of individuals
with diabetes worldwide has reached an alarming 537 million," with China accounting for the largest number of patients
at 140 million. T2DM is a chronic metabolic disease that accounts for over 90% of all diabetes cases. It is characterized
by insulin resistance and impaired insulin secretion, which result in persistently elevated blood glucose levels.
Prolonged hyperglycemia can cause damage to blood vessels and nerves, leading to a variety of complications, including
cardiovascular disease, nephropathy, retinopathy, and foot problems. Of particular concern is the association with
cognitive impairment, which not only affects the quality of daily life but also shortens life expectancy.”> Mild
Cognitive Impairment (MCI) represents a significant health concern for individuals with diabetes. MCI is defined as
a gradual decline in cognitive function that does not yet meet the criteria for dementia. However, it is a condition that

warrants attention and monitoring. The symptoms of MCI manifest as memory loss, diminished executive function, and
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difficulties with concentration. However, these symptoms typically do not significantly impair the individual’s ability to
perform in daily activities.® As a critical transitional phase between healthy aging and dementia, MCI presents a valuable
opportunity for early detection and intervention. It is regarded as a crucial target for the slowing of cognitive decline and
the prevention or postponement of dementia development.” A growing body of evidence indicates that individuals with
T2DM are at a significantly elevated risk of developing MCI, with a reported prevalence of up to 45%. This heightened
risk is associated with an increased likelihood of progression to dementia, which represents a substantial burden on
individuals, families, and the healthcare system.* !

In light of the strong correlation between T2DM and MCI, as well as the significant impact that MCI can have on
both individuals and the healthcare system, it is crucial to identify and manage the risk of MCI in patients with T2DM.
Although the association between T2DM and MCI has been extensively studied, a comprehensive evaluation of MCI risk
prediction models specifically for patients with T2DM is lacking. This study presents the first systematic review and
analysis of existing risk prediction models for MCI in patients with T2DM. The aim is to assess the predictive
performance and applicability of these models, as well as to explore strategies for optimizing them to improve the
early identification of MCI risk and contribute to the development of effective prevention and intervention strategies. The
findings of this study are expected to provide a solid scientific basis for managing the risk of MCI in patients with T2DM.
In the long term, these efforts are anticipated to improve patient prognosis, refine treatment options, reduce healthcare
costs, and alleviate the economic and social burdens faced by patients and their families, yielding far-reaching implica-
tions for clinical practice and public health policy.

Methods

Establishment of the Question

This study employed the PICOTS framework, as recommended by the Cochrane Prognostic Methodology Group, to
construct evidence-based questions.'? The study population (P) comprised of patients with T2DM. The intervention (I)
evaluated was the risk prediction models for MCI. There was no comparison (C). The outcome (O) measured was the
occurrence of MCI during the progression of the disease. The timing of model use (T) involved real-time measurements
throughout the course of the disease, while the setting (S) included both hospital or community environments. In this
context, T refers to the real-time measurement of T2DM patients, and S denotes the scenarios in which the model is
applied, encompassing both hospital and community settings.

Search Strategy

A comprehensive literature search on MCI risk prediction models for patients with T2DM was conducted using several
databases, including CNKI, Wanfang, VIP, CBM, PubMed, Embase, Cochrane Library, CINAHL, and Web of Science.
The search was restricted to literature published up to November 10, 2024. The search terms and expressions used for
both Chinese and English databases are detailed in Appendix S1.

Inclusion and Exclusion Criteria
The inclusion criteria were as follows: (1) The study subjects were patients with T2DM;? (2) The study focus on the
construction and/or validation of risk prediction models for MCI in T2DM patients; (3) The study design was either
cross-sectional, case-control, or cohort.

The exclusion criteria were as follows: (1) Studies that were genetic, cellular, or pharmacological in nature; (2)
Studies that were research protocols; (3) Studies for which the full text could not be accessed.

Literature Screening and Data Extraction

The literature was organized using EndNote 20, and two researchers (LT and ZY) screened the literature based on the
title, abstract, and full text according to the established inclusion and exclusion criteria. In the event of a discrepancy,
a third researcher (XZR) was consulted for resolution. Standardized forms were created, and information was extracted in
accordance with the Critical Appraisal and Data Extraction for Systematic Reviews of Prediction Modelling Studies
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(CHARMS)."® The data extraction was conducted independently by two researchers (LT and QY), and any discrepancy
were discussed with the third researcher (XZR). The extraction process was carried out in two stages. The first stage
involved gathering basic information, which included the following: the first author, year of publication, country, type of
study, study population, sample source, and definitions of endpoints. The second stage concentrated on model-related
information, encompassing the following: the modeling method, number of candidate variables, treatment method for
continuous variables, model performance, model validation, method for handling missing data, and predictors.

Literature Quality Assessment

In this study, both the Agency for Healthcare Research and Quality (AHRQ) and the Prediction Model Risk of Bias
Assessment Tool (PROBAST) were employed to assess the quality of the literature and the potential for bias in the
models.'*'> The AHRQ was utilized to evaluate the risk of bias in the criteria for cross-sectional studies, which consisted
of 11 items answered with “yes”, “no”, or “unclear”. A score of 1 was assigned for “yes”, while a score of 0 was given
for “unclear or no”. A total score of 8 to 11 was deemed indicative of high quality, a score of 4 to 7 was considered
indicative of moderate quality, and a score of 0 to 3 was regarded as indicative of low quality (Appendix S2). The
PROBAST tool was used to assess the risk of bias, which includes four parts: study participants, predictors, outcomes,
and statistical analysis.'” It consists of 20 key questions that are answered with “yes or probably yes”, “no or probably
no”, or “unclear”. If all questions receive a response of “yes or probably yes”, the risk is classified as low. Conversely, if
any question is answered with “no or probably no”, the risk is classified as high. If some questions marked as “unclear”
while all other questions are answered with “yes or probably yes”, the risk is deemed “unclear”. The final assessment of
risk of bias and applicability is categorized as low, high, or unclear. (Appendix S3). Two researchers independently
evaluated the quality of the literature, the risk of bias in the models, and the applicability risk. In the event of

disagreement, a discussion with a third researcher was held.

Statistical Analysis

A meta-analysis of the area under the receiver operating characteristic curve (AUC) for the predictive models was
conducted using Stata 17.0 software. The heterogeneity index Pand the Q-test were employed to assess the heterogeneity
of the included models. An *value <25% indicated low heterogeneity, 25% < I < 50% indicated moderate heterogeneity,
and ? > 50% indicated high heterogeneity. Based on the extent of heterogeneity observed in the analysis results, either
a random effects model or a fixed effects model was selected. Subgroup analysis was performed to identify the sources of
substantial heterogeneity. Sensitivity analysis was conducted to evaluate the robustness of the results. The Egger’s test
was utilized to assess the potential for publication bias, with a P-value of less than 0.05 generally accepted as indicative
of possible publication bias.

Results

Literature Screening Process and Results
A search of the database yielded 439 pieces of literature, which were subsequently subjected to a screening process. Of
these, 12 pieces were ultimately deemed suitable for inclusion (Figure 1).

Basic Characteristics of the Included Literature
All twelve papers were published between 2023 and 2024, comprising five in Chinese and seven in English. Each study
utilized a cross-sectional design and was conducted during the hospitalization of patients with T2DM, with two of the

studies being multicenter investigations. Among the publications, two were dissertations and ten were journal articles
(Table 1).

Establishment of the Models
The present study encompasses twelve papers, comprising a total of 17 predictive models. Of these, eleven studies
constructed models based on logistic regression analysis.'®**?°>2” The total number of T2DM patients included in the
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Figure | Flow chart of literature screening.

studies ranged from 124 to 1319, with the incidence of MCI varying from 6.10% to 60.78%. Five studies reported
missing data and treatment methods.'”'"?*2* Of these, three studies excluded missing data directly,'’-****
studies employed multiple interpolation or a combination of methods to process the missing data.19’24(Table 2).

while two

Performance of the Model and Predictors

The area under the curve (AUC) of the subjects’ operating characteristics was reported to be range from 0.743 to 0.987
across twelve studies. Furthermore, all models exhibited favorable predictive performance, with an AUC exceeding 0.70.
Five studies employed both calibration curve plots and Hosmer-Lemeshow (H-L) goodness-of-fit tests to assess the
calibration of the models.'®?%?*?27 Four studies utilized either calibration graphs or H-L goodness-of-fit tests to
evaluate model calibration.'”"**2> Nine studies conducted internal validation of the models.'”-'#2%2%2>27 Two studies
conducted external validation of the models.?**” (Table 2). Ultimately, 17 models reported between 3 and 8 predictors,
with age, education, duration of T2DM, depression, and hemoglobin level (HbAlc) appearing with greater frequency
(Table 3).

Literature Quality Assessment

A total of twelve studies were included in this study. The AHRQ evaluation revealed that four of these papers exhibited

17,19,22,23 16,18,20,21,24-27

a high level of quality, while the remaining eight studies demonstrated a moderate level of quality.
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Table | Basic Characteristics of the Included Literature

First Author (Year) Country | Type of | Populations | Diagnostic Sample Sources Assessment
Study Criteria Tools
for T2DM
Zhang (2023)'° China Cross- T2DM ® Department of Endocrinology, Nanjing MoCA
sectional patients Drum Tower Hospital
study
Maimaitituerxun (2023)"” China Cross- T2DM ® Department of Endocrinology, Xiangya MMSE
sectional patients Hospital
study
Zhang (2023)'® China Cross- T2DM @ A Grade 3A hospital in Gansu Province MMSE
sectional patients
study
Wang (2023)"° China Cross- T2DM ® Department of Endocrinology, one of the MoCA
sectional patients three tertiary hospitals in Tianjin, China
study
Jiang (2024)%° China Cross- Older T2DM ® Department of Endocrinology, Qilu MoCA
sectional patients Hospital of Shandong University
study
Zhao (2024)*' China Cross- Older T2DM — Beijing Chaoyang Hospital, Capital MoCA
sectional patients Medical University
study
Kang (2024)* Korea Cross- T2DM — Gyeongsang National University Hospital MoCA
sectional patients Diabetes Clinic
study
Ding (2024)% China Cross- T2DM ® Department of Endocrinology, Nanjing MoCA
sectional patients Drum Tower Hospital
study
Zhang (2024)** China Cross- Older T2DM @ Department of Endocrinology, Yantai MoCA
sectional patients Penglai People’s Hospital
study
Liu (2024)% China Cross- T2DM @® Department of Endocrinology, Yanan MMSE
sectional patients University Affiliated Hospital and
study Department of General Internal Medicine,
Dongguan Branch Hospital
Yu (2024)% China Cross- | Older T2DM ® Department of Geriatrics and MoCA
sectional patients Endocrinology of the First Affiliated
study Hospital, Jinzhou Medical University
Yang (2024)% China Cross- | Middle aged @® Department of Endocrinology, Nanjing MoCA
sectional and older Drum Tower Hospital
study T2DM
patients

Notes: MoCA (Montreal Cognitive Assessment) indicates Montreal Cognitive Assessment; MMSE (Mini-Mental Status Examination) indicates Brief Mental Status.
(DGuideline for the prevention and treatment of type 2 diabetes mellitus in China (2020 edition); @Guideline for the management of diabetes mellitus in the elderly in
China (2021 edition); ®Clinical guidelines for prevention and treatment of type 2 diabetes mellitus in the elderly in China (2022 edition); ®American Diabetes Association:
Classification and Diagnosis of Diabetes: Standards of Medical Care in Diabetes (2022 edition); ®American Diabetes Association: Classification and Diagnosis of Diabetes
(2015 edition).

However, the PROBAST evaluation indicated that all the literature was at a high risk of bias. In terms of outcome areas,

k,'72%27 while the others were classified as unclear. This classification was

only three study was classified as low ris
primarily due to the lack of clarity regarding the risk of bias, as the researchers did not provide sufficient information on
whether the outcome assessors were blinded. Regarding the domain of data analysis, all studies were identified as being
at high risk of bias. The number of events per independent variable in all studies had an events per variable (EPV) ratio

of less than 20, indicating an inadequate sample size. Additionally, six studies converted continuous variables into
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Table 2 Establishment of a Risk Prediction Model for MCl in Patients with T2DM

Study Methods | Candidate | EPV Screening Continuous T2DM MCI Model Performance Model Validation
Variables VARIABLE Variable Patients | Patients Methods
(Number) Methods Handling (Cases) (Cases)
Methods
DIV DIV AUC (95% CI) Calibration
Method
Zhang (2023)'® LR, DT 35 11.97 | Model I: single- Maintain 1284/— 419/— D: 0.763 (0.737, 0.790) — —
factor, multi- continuity D: 0.743 (0.715, 0.771)
factor analysis
Model 2: lasso
analysis
Maimaitituerxun LR 26 6.50 Single-factor, Transfer to 496/— 169/— V: 0.849 (0.815, 0.883) Calibration Internal validation
(2023)"7 multi-factor categorical curve (bootstrap)
analysis variables
Zhang (2023)'® LR 23 5.52 Single-factor, Maintain 284/142 127/66 D: 0.859 (0.816, 0.902) Calibration Internal validation
multi-factor continuity V: 0.819 (0.749, 0.888) curve (randomized splitting)
analysis H-L:
P=0.791/
0.678
Wang (2023)"? LR, ANN, 40 4.63 Single-factor, Transfer to 357/144 185/80 D: 0.919 (0.886, 0.945) — Internal validation
SVM multi-factor categorical V:0.915 (0.857, 0.955) (randomized splitting)
analysis variables D: 0.908 (0.873, 0.936)
V:0.917 (0.859, 0.956)
D: 0.920 (0.887, 0.946)
V:0.916 (0.858, 0.956)
Jiang (2024)%° LR 16 11.63 Single-factor, Transfer to 306/— 186/— V: 0.893 (0.856, 0.930) Calibration Internal validation
multi-factor categorical curve (bootstrap)
analysis variables H-L: P=0.501
Zhao (2024)*' LR 14 4.43 Single-factor, Transfer to 480/— 62/— D: 0.912 (0.874, 0.950) H-L: P=0.855 —
multi-factor categorical
analysis variables
Kang (2024)% LR 18 2.17 Single-factor, Maintain 124/— 39/— D: 0.832 (-) Calibration Internal validation
multi-factor continuity curve (bootstrap)
analysis
Ding (2024)* LR 23 12.39 Single-factor, Maintain 880/376 285/127 D: 0.751 (0.717, 0.784) Calibration Internal validation
multi-factor continuity V: 0.776 (0.727, 0.824) curve (randomized splitting)
analysis H-L:
P=0.936/
0.153
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Zhang (2024)** BPNN, 25 18.40 Single-factor, Maintain 923/396 460/197 V: 0.746 (0.698, 0.794) — Internal validation (ten-fold
RF multi-factor continuity V: 0.755 (0.708, 0.802) cross)
XGBoost analysis V: 0.756 (0.709, 0.803)
Liu (2024)% LR 26 2.69 Single-factor, Maintain 133/— 70/— D: 0.853 (0.788, 0.919) H-L: P=0.698 —
multi-factor continuity
analysis
Yu (2024)% LR 18 6.44 Lasso Transfer to 414/141 116/38 D: 0.914 (0.887, 0.941) Calibration Internal validation
categorical V: 0.859 (0.788, 0.931) curve (bootstrap) external
variables H-L: P=0.698 validation (temporal
validation)
Yang (2024)% LR 18 1.33 Lasso Transfer to 298/128 24/2 D: 0.969 (-) Calibration Internal validation
categorical V: 0.987 (-) curve (bootstrap)
variables H-L: External validation (temporal
P=0.938/ validation)
0.657

Notes: T2DM indicates type 2 diabetes mellitus; MCI indicates mild cognitive impairment; D indicates modeling set; V indicates validation set; EPV (events per variable) indicates the number of events per independent variable; AUC
indicates area under the ROC curve; Cl indicates 95% confidence interval; H-L indicates Hosmer-Lemeshow goodness-of-fit test; LR denotes logistic regression; DT denotes decision trees; ANN denotes artificial neural network; SVM

denotes support vector machines; BPNN denotes back propagation neural network; XGBoost denotes extreme gradient enhancement; RF denotes random forest; — denotes missing information.
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Table 3 Predictors of MCI Risk Prediction Model in T2DM Patients

Study Predictors

Zhang (2023)'* Model | (6 predictors): age, years of education, peripheral neuropathy, abnormal bone metabolism, lower extremity
macrovascular disease, HOMA-IS
Model 2 (3 predictors): age, years of education, HOMA-IS

Maimaitituerxun (7 predictors): age, marital status, household income, duration of T2DM, DR, anxiety, depression

(2023)'¢

Zhang (2023)"7 (6 predictors): literacy, duration of T2DM, hypertension, DR, HbAlc, FPG

Wang (2023)'® Model | (8 predictors): age, education, reading, glucose control level, homocysteine, peripheral neuropathy, depression,

social support
Model 2 (7 predictors): reading, economic income, educational attainment, social support, anxiety, exercise, blood glucose
control level

Model 3 (7 predictors): age, education, economic income, exercise, homocysteine, depression, social support

Jiang (2024)"° (6 predictors): educational attainment, duration of T2DM, HbAIc, walking speed, sedentary time, depression

Zhao (2024)%° (4 predictors): age, infrequent exercise, lack of sleep, depression

Kang (2024)2| (3 predictors): age, education, cardiac vagal function

Ding (2024)* (5 predictors): age, education, HbAlc, self-reported history of severe hypoglycemia, microvascular disease

Zhang (2024) (4 predictors): age, duration of T2DM, FPG, diastolic blood pressure

Liu (2024)24 (3 predictors): duration of education, duration of T2DM, FIB

Yu (2024)% (7 predictors): age, physical activity, smoking, living alone, HBAIc, depression, social support

Yang (2024)% (7 predictors): smoking, duration of T2DM, history of hypoglycemia, insulin 30 minutes after meals, TC, anxiety, social
support

Notes: T2DM, type 2 diabetes mellitus; DR, diabetic retinopathy; HbA ¢, glycosylated hemoglobin; FPG, fasting glucose; FIB, fibrinogen level; HOMA-IS, insulin sensitivity
index; TC, total cholesterol.

categorical variables for analysis.'”'*2!?*?" Three studies excluded missing data outright.'”**?* Only three of the 17

16,26,27

models employed Lasso analysis to screen predictors, while all utilized single-factor analysis. Notably, none of the

studies reported any complexity in the data. Furthermore, only three studies did not provide information on the model

161924 and two studies assessed calibration using only H-L goodness-of-fit tests.?'** Additionally, three

16,21,25
d’ b4 L.

calibration,
studies did not indicate whether the model was internally validate and three studies used randomized split
validation for internal validation.'®'>*® The results of the overall suitability evaluation of the model indicated that all

studies were at low risk regarding suitability (Table 4).

Table 4 Evaluation of Risk of Bias and Applicability of the Included Literature

Study ROB Applicability Overall

Participants Predictors | Outcome | Analysis Participants Predictors | Outcome ROB | Applicability

Zhang (2023)'®
Maimaitituerxun (2023)"7
Zhang (2023)'8
Wang (2023)"°
Jiang (2024)*°
Zhao (2024)*'
Kang (2024)%
Ding (2024)*
Zhang (2024)**
Liu (2024)*
Yu (2024)%
Yang (2024)*

? - +

|
+ o+ o+ + o+ o+ o+

+ 0+ + + 4+ + + o+ o+ o+ o+ 4+
+ o+ o+ o+ o+ F o+ o+ o+ o+ + o+
+ 0+ + + 4+ o+ o+ o+ o+ o+ o+ 4+
+ o+ + + + o+ o+ o+ o+ o+ o+ 4+
+ o+ o+ o+ 4+ o+ o+ o+ o+ o+ o+ 4+

+ 4+ o+ o+

Notes: ROB indicates risk of bias; - indicates high risk of bias/low applicability; + indicates low risk of bias/high applicability; ? Indicates unclear.
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Meta-Analysis Results

Some of the predictive models included in the literature lacked validation or provided insufficient data regarding the area

under the curve (AUC). Ultimately, only six studies were included in the meta-analysis.'” 2%*+*¢ One of these studies

developed and validated multiple models using various modeling approaches,'® but all were based on the same sample.

Consequently, only one model developed using logistic regression was included in the meta-analysis. The analysis was

Study
%
D
AUC (95% CI) Weight
i
Maimaitituerxun(2023)"7 —_—
! 0.85 (0.81, 0.88) 19.84
|
Zhang(2023)'® —_—
' 0.82(0.75, 0.89) 13.10
I
Wang(2023)" —
I 0.92 (0.86,0.95) 17.70
i
Jiang(2024)2° —-
i 0.89 (0.86,0.93) 19.64
1
Ding(2024)* _—
' 0.78 (0.73,0.82) 1638
I
Yu(2024)% —_—
I 0.86 (0.79, 0.93) 1333
Overall (I-squared = 75.3%, p = 0.001) @
0.85 (0.81, 0.89) 100.00
i
i
I
NOTE: Weights are from random effects analysis :
T : T
727 1 1.38
Figure 2 Forest plot of AUC Meta-analysis of MCI prediction model in T2DM patients.
Study
%
D
AUC (95% CI) Weight
|
MMSE '
'
Maimaitituerxun(2023)"7 ——
[ 0.85 (0.81, 0.88) 19.84
Zhang(2023)'¢ —_—
! 0.82 (0.75, 0.89) 13.10
Subtotal (I-squared = 0.0%, p = 0.454) <>
' 0.84 (0.81, 0.87) 32.94
i
1
MoCA !
1
Wang(2023)"° —
' 0.92 (0.86, 0.95) 17.70
Jiang(2024)*° ——
' 0.89 (0.86, 0.93) 19.64
Ding(2024)* —_—
! 0.78 (0.73, 0.82) 16.38
Yu(2024) R P
) 0.86 (0.79, 0.93) 13.33
Subtotal (I-squared = 83.1%, p = 0.000) <>
T 0.86 (0.80, 0.92) 67.06
:
Overall (I-squared = 75.3%, p = 0.001) <>
| 0.85 (0.81, 0.89) 100.00
'
NOTE: Weights are from random effects analysis :
T ; T
727 1 138
Figure 3 AUC subgroup analysis plot of the MCI prediction model in T2DM patients.
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Meta-analysis estimates, given named study is omitted
| Lower CI Limit OEstimate | Upper CI Limit

Maimaitituerxun(2023)"7 [

Zhang(2023)'$ )

Wang(2023)" | | @)

Jiang(2024)%° @)

Ding(2024)% o

Yu(2024)% | O |

0.80 0.81 0.85 0.89 0.91

Figure 4 AUC sensitivity analysis of MCI prediction model for T2DM patients.

conducted using a random-effects model, yielding a combined AUC value of 0.854 (95% CI: 0.815-0.894) and
a heterogeneity test /> of 75.3% (P = 0.001). These results indicate a significant degree of heterogeneity among the
studies (Figure 2). To identify the source of the observed heterogeneity, further subgroup analyses were conducted based
on the type of assessment tool. The results of the analysis demonstrated that the / of the heterogeneity test for the MMSE
group was 0.0% (P = 0.454), indicating the absence of significant heterogeneity among the studies. In contrast, the * of
the heterogeneity test for the MoCA group was 83.1% (P < 0.001), indicating the presence of significant heterogeneity.
The observed heterogeneity suggests that the type of assessment tool was not a source of variability in the analyzed
results (Figure 3). Furthermore, the combined results of both subgroups exhibited a statistically significant outcome,
indicating that the MCI prediction models for T2DM patients in the study were effectively differentiated, regardless of
whether the MMSE or MoCA assessment tools were utilized. Upon exclusion of individual studies from the sensitivity
analysis, the results remained consistent with the original combined results, indicating a certain degree of robustness
(Figure 4). The results of Egger’s test demonstrated the absence of publication bias (P=0.462 > 0.05).

Discussion
MCI Risk Prediction Models for T2DM Patients are Still in the Developmental Phase

In recent years, prediction models for the risk of MCI in patients with T2DM have increasingly become a focus point of
research within the academic community, both domestically and internationally. This study presents a comprehensive
analysis of 17 prediction models derived from 12 papers, all of which demonstrated high predictive efficacy (AUC > 0.7).
Among these, six validated models exhibited a combined AUC value of 0.854. However, significant heterogeneity was
observed in the analysis results. It was noted that the Mini-Mental State Examination (MMSE) exhibits high sensitivity
for diagnosing dementia; however, its specificity and sensitivity as a screening tool for MCI are limited and influenced by
the educational level of the subjects.”® In contrast, the Montreal Cognitive Assessment (MoCA) demonstrates enhanced
sensitivity and specificity, even identifying patients with MCI who score within the normal range on the MMSE.” This
suggests that the choice of different MCI assessment instruments may impact the outcomes. Nevertheless, the subgroup
analysis in this study did not identify the assessment tool as a source of heterogeneity, which may be attributed to the
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limited number of models included in the meta-analysis and the small number of studies in each subgroup. Consequently,
further investigation into whether different assessment tools affect the predictive performance of models is warranted.
Despite the improved predictive efficacy of the models, shortcomings in study design and statistical methodology
resulted in a heightened risk of bias across all studies. Regarding the outcome domain, nine studies did not report blinding
in outcome determination,'®'® > leaving the risk of bias remains uncertain. The lack of blinding not only compromises the
internal validity of the studies but also undermines the objectivity and generalizability of the results. Future studies should
provide comprehensive details regarding the blinded evaluations of predictor indicators. This includes ensuring mutual
blinding between predictor and outcome indicators, as well as minimizing the potential for subjective judgments among
predictors. In terms of data analysis, all studies were found to be at high risk of bias. The EPV for each study was less than
20, indicating that the sample size was insufficient. This limitation could easily lead to overfitting of the model, thereby
affecting prediction accuracy. Future studies should aim to increase the sample size, utilize external data for validation, or
adopt statistical methods that are appropriate for small samples. Additionally, three studies did not validate their

16,2125 18,1923
models, ™ )19,

and three studies employed random splitting for model validation, which may increase the risk of
overfitting and reduce the predictive accuracy of the models. Internal validation evaluates the consistency of a model’s
performance. Common methods for internal validation include random split validation, K-fold cross-validation, and
bootstrap methods. Future researchers should consider factors such as sample size, model complexity, and intended
application when selecting appropriate internal validation techniques. External validation reflects the generalizability of
the model. While it does not directly validate internal validity, external validation is essential for confirming the model’s
generalizability and extrapolation. This process necessitates validation with datasets that differ from the original study,
which may be either temporally and geographically independent or entirely distinct, in order to provide reliable estimates of

the model’s performance on other datasets. Three studies excluded missing data directly,' >

and inappropriate treatment
of missing data may lead to overestimation of model discrimination. Researchers are advised to select suitable processing
strategies, such as multiple imputation, which has been shown to outperform other methods in terms of bias and precision,
depending on the characteristics of the data and the objectives of the research. Six studies converted continuous variables

into categorical variables,'’'? 2122’ 16,18-25

and nine studies used single-factor analysis to screen predictors, which may
have led to the omission of significant predictors. In conclusion, the research and development of MCI risk prediction
models for patients with T2DM is an ongoing process that necessitates continuous optimization and updates to align with

advancements in medical technology and the evolving needs of clinical practice.

Analysis of Risk Predictors for MCl in Patients with T2DM

The predictive models in this study identified several common predictors, with high-frequency predictors proving critical for
the rapid identification of individuals at higher risk of MCI in patients with T2DM. The high-frequency predictors most
frequently identified by the models included age, education, duration of T2DM, depression, and glycosylated hemoglobin
(HbAlc). Age is an irreversible risk factor that significantly impacts the development of MCI in patients with T2DM.
Cognitive decline occurs at a rate approximately 50% faster in elderly patients with T2DM compared to the general elderly
population.”” This phenomenon may be attributed to the increased likelihood of older patients with T2DM accumulating
diabetes-related risk factors, such as chronic poor glycemic control, insulin resistance, and vascular complications, which
accelerate cognitive decline.’*>' Additionally, degenerative changes in the brain associated with aging, such as a reduction in
neural cells and diminished nerve conduction velocity, interact with diabetic pathological processes, potentially exacerbating
cognitive impairment.**>> Furthermore, a high level of education served as a protective factor for cognitive function in
patients with T2DM. Higher educational attainment is closely linked to an enhanced cognitive reserve, which improves an
individual’s health awareness and disease self-management abilities, effectively delaying the external manifestations of
cognitive decline.***** Furthermore, disease duration is the most significant risk factor for the emergence of MCI in patients
with T2DM. A substantial increase in the risk of MCI has been demonstrated with the prolongation of T2DM disease
duration.** This may be associated with chronic ischemia and hypoxia of brain tissue due to long-term metabolic disorders, as
well as a notable increase in the levels of inhibitory neurotransmitters.**~> Moreover, prolonged depressive disorders not only
intensify psychological stress and impair brain structures through the action of stress hormones, such as cortisol, particularly
affecting critical areas for cognition, such as the hippocampus; they may also alter patients’ daily routines by reducing social
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and physical activities, which diminishes cognitive stimulation in the brain and consequently impacts cognitive functions.?’
A negative correlation has been observed between HbA 1c levels and cognitive function test scores. For each 1% increase in
HbAlc levels in patients with T2DM, test scores associated with cognitive decline are significantly lower.”*>* This
phenomenon may be attributed to chronic hyperglycemia and the accumulation of advanced glycosylation end-products
(AGEs) resulting from it. AGEs exert toxic effects on nerve cells through multiple mechanisms, thereby accelerating cognitive
decline.”****2337 Additionally, the history of hypoglycemia, low-density lipoprotein cholesterol levels, and monthly
household income were identified as risk factors for the development of MCI in patients with T2DM this study. Future
research should consider multiple dimensions when exploring potential predictors of MCI risk in patients with T2DM. Key
factors to examine include age, educational background, disease duration, psychological status, and biochemical indicators. It
is essential to emphasize that studies should not focus solely on the isolated effects of individual factors. Instead, researchers
should investigate how these risk factors interact with one another and the cumulative impact of these interactions on the risk
of MCI. This approach will improve the accuracy predictions and assessments related to the potential risk of developing MCI
in patients with T2DM. Consequently, it will facilitate the development of more precise prevention and intervention strategies
for clinical practice.

Implications for Future Research

Given the limitations of current MCI risk prediction models for patients with T2DM related to study design and statistical
methods, there is generally a high risk of bias. Existing models are mostly constructed based on cross-sectional studies,
which may encounter several limitations, including unclear causality, restricted generalizability, an inability to capture
dynamic changes, and sample size constraints. These factors can adversely affect the accuracy and utility of the models.
In the future, prospective study designs should be implemented to investigate causality through multi-center, real-time
data collection. Additionally, it is essential to validate the effectiveness of these models in clinical settings to ensure it
can effectively support practical medical decision-making. Simultaneously, a mechanism for the dynamic updating of the
model should be established to incorporate the latest medical research findings promptly, thereby maintaining the model’s
relevance and accuracy. Furthermore, establishing a data-sharing platform will facilitate data comparison and validation
across studies, promoting standardization in data collection and reporting. This approach will enhance the general-
izability and replicability of study results. The objective of predictive modeling is to provide a foundation for clinical
interventions. Consequently, the development of these models should be closely integrated with early interventions to
more effectively manage the risk of MCI in patients with T2DM. To achieve this goal, future research should promote
interdisciplinary collaboration and integrate expert knowledge from various fields, including endocrinology, neurology,
epidemiology, and statistics. Such collaboration will facilitate a more comprehensive study design and enable a deeper
interpretation of results, ultimately enhancing the accuracy, generalizability, and applicability of predictive models in
clinical setting. This approach will ensure that these models maximize their utility in real-world applications.

Limitations

In this systematic evaluation, we conducted a comprehensive review of MCI risk prediction models for patients with
T2DM, but it is important to acknowledge several limitations that may impact our conclusions: (1) This study includes
only literature published before November 2024, which means our findings may not reflect scientific developments that
have occurred since then. As medical research continues to advance, we recognize that our existing conclusions may
need to be updated in light of the latest findings. (2) Although we evaluated the overall predictive performance of the
models, the variability in data processing methods across the original studies imposed limitations on our in-depth
analyses at the predictor level. This variability may have hindered our comprehensive understanding of the models’
predictive power. Future research should address these limitations by enhancing the consistency and comparability of
studies through the standardization of data collection and analysis methods. (3) Most of the predictive models included in
this study were based on research conducted within Chinese populations. This geographic bias may have constrained our
insight into the variations in MCI risk prediction across different populations. Consequently, our conclusions may not
fully represent of the specifics of various populations worldwide. Despite these limitations, our systematic evaluation
offers a valuable perspective on the current state of MCI risk prediction models in patients with T2DM. We recommend
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that future studies expand the scope of literature screening, update the timeframe, harmonize statistical methods, and
consider the representation of diverse ethnic groups to obtain more comprehensive and accurate findings.

Conclusion

The twelve papers and seventeen prediction models included in this study exhibited AUC values ranging from
0.743-0.987. The meta-analysis revealed a combined AUC value of 0.854, indicating that the models demonstrated
a good overall performance; however, they generally presented a high risk of bias. It is recommended that future research
involve prospective cohort studies with large sample sizes and multicenter designs to enhance the generalizability and
applicability of the results. Additionally, researchers should adhere to the PROBAST assessment framework to optimize
study design and follow the TRIPOD reporting statement. A comprehensive report on the model construction process
should be provided to further refine the MCI risk prediction model for patients with T2DM, thereby offering a more

robust scientific basis for clinical decision-making.'>-®
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