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ABSTRACT

Introduction With an increasing number of older adults
in China, the number of people with cognitive impairment
is also increasing. To decrease the risk of dementia, it

is necessary to timely detect mild cognitive impairment
(MCI), which is the preliminary stage of dementia. The
prevalence of MCI is relatively high among older adults
with diabetes mellitus (DM); however, no effective
screening strategy has been designed for this population.
This study will construct a nurse-led screening system to
detect MCI in community-dwelling older adults with DM in
a timely manner.

Methods and analysis A total of 642 participants with
DM will be recruited (n=449 for development, n=193

for validation). The participants will be divided into MCI
and none-MCI groups. The candidate predictors will
include demographic variables, lifestyle factors, history
of diseases, physical examinations, laboratory tests

and neuropsychological tests. Univariate analysis, least
absolute shrinkage and selection operator regression
screening, and multivariate logistic regression analysis will
be conducted to identify the outcome indicators. Based
on the multivariate logistic regression equation, we will
develop a traditional model as a comparison criterion for
the machine learning models. The Hosmer-Lemeshow
goodness-of-fit test and calibration curve will be used

to evaluate the calibration. Sensitivity, specificity, area
under the curves and clinical decision curve analysis will
be performed for all models. We will report the sensitivity,
specificity, area under the curve and decision curve
analysis of the validation dataset. A prediction model with
better performance will be adopted to form the nurse-led
screening system.

Ethics and dissemination This prospective study

has received institutional approval of the Medical

Ethics Committee of Qidong Hospital of TCM (QDSZYY-
LL-20220621). Study results will be disseminated through
conference presentations, Chinese Clinical Trial Registry
and publication.

Trial registration number ChiCTR2200062855.
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STRENGTHS AND LIMITATIONS OF THIS STUDY

= This study will construct a nurse-led screening sys-
tem using a prediction model for the timely detec-
tion of mild cognitive impairment in older adults with
diabetes mellitus in communities.

= The design of this study strictly follows the trans-
parent reporting of a multivariable prediction model
for individual prognosis or diagnosis statements to
improve our methodology.

= This study will include variables available in primary
care for predictor selection, such as demographic
variables, lifestyle factors, history of diseases, phys-
ical examinations, laboratory tests and neuropsy-
chological tests.

= After comparing the traditional model established
by multilogistic regression and different models es-
tablished by machine learning algorithms, the model
with the best differentiation performance will be ad-
opted as the final model in the nurse-led screening
system.

= Data on lifestyle factors from self-reports may lead

to recall bias, which is unavoidable in this study.

INTRODUCTION

Mild cognitive impairment (MCI) refers to a
mild decline in memory and other thought
processes but not functional decline.! * A
recent study estimated that the overall prev-
alence of MCI in China is 15.5%.” MCI is a
transitional stage between normal cognitive
function and dementia.* ° Approximately
10%-15% of older adults with MCI would
develop dementia.’ Meanwhile, 10%-40%
of MCI cases can revert to normal cognition
for more than 4-5 years.” Hence, people with
MCI are the key population for secondary
prevention of dementia.
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Diabetes mellitus (DM) is an important risk factor
for dementia. DM may increase the risk of progression
from MCI to dementia, in addition to increasing the
risk of progression from intact cognition to dementia.”
Researchers have also found that diabetes and pre-
diabetes inhibit MCI reversion.” Current theories indi-
cate that hyperglycaemia, cerebral microvascular injury,
insulin resistance, altered insulin signalling, neuroinflam-
mation and build-up of cerebral amyloid and tau proteins
may contribute to the pathophysiology underlying cogni-
tive decline and DM." Globally, the prevalence of MCI
in patients with type 2DM (T2DM) is 45.0%."" Among
patients aged >60 years, up to 20% of those with T2DM
may eventually develop dementia.'” The number of older
adults with DM in China was approximately 35500000
in 2021," suggesting that a large population with DM
may have MCI or dementia. Therefore, it is essential to
promote early detection of MCI in older adults with DM.

The US Preventive Services Task Force statement stated
that MCI is most likely to be detected by screening.”
Cognitive impairment assessments have frequently been
conducted using cognitive screening tools,” '* including
the Mini-Mental State Examination (MMSE), Montreal
Cognitive Assessment Scale (MoCA), Clock Drawing
Test, Informant Questionnaire on Cognitive Decline in
the Elderly (IQCODE) and Self-administered Dementia
Screening Questionnaire (p-AD8). However, each of
these instruments has advantages and disadvantages
for MCI detection.” Despite a large body of evidence
evaluating cognitive screening tools, the cut-off values
for screening tools in older adults with DM need to be
further validated. Therefore, a simple screening method
with high accuracy and practicality for identifying MCI in
older adults with DM is urgently required.

Risk factors are considered to be significantly associ-
ated with the onset of MCI in older adults with DM.'*"®
Identifying risk factors for MCI in older adults could aid
in the prevention of dementia." Hence, early identi-
fication and control of the risk factors for MCI should
be highlighted in DM patient care or diabetes regimens.
Prediction models based on clinical predictors have been
developed for MCI. Yang et al’’ used plasma proteins to
screen for MCI and evaluated the performance of predic-
tion models for MCI at different educational levels. Wang
et al established an effective risk prediction model for
MCI among older Chinese adults.”’ Based on the identifi-
cation of risk factors for MCI, machine learning methods
have been introduced for the development of prediction
models. Yang et al* have used a random forest algorithm
to examine basic characteristics, serum biomarkers and
imaging biomarkers. The model developed by Yim et al*®
consisted of MMSE, MoCA, informant interviews and
clinical assessments, suggesting that a machine learning
algorithm could be a supportive screening tool. However,
to our knowledge, few studies have developed models
targeting older adults with DM for MCI screening, and
the factors contributing to the development of MCI in
older adults with DM are not well understood. Moreover,

whether machine learning algorithms are more appro-
priate than the existing traditional approaches (eg,
logistic regression and the Rothman-Keller model)
remains unclear. Therefore, an appropriate model based
on an integrated cognitive assessment system should be
developed to screen older populations with DM for MCI
and related risk factors.

This prospective observational study will construct a
nurse-led MCI screening system for older adults with DM
who are likely to have MCI simultaneously. A prediction
model will be developed and validated to assist nurses in
the prompt and accurate detection of MCI by evaluating
the contributions of the significant predictors available
in primary care. We hope that the early identification
of MCI and related predictors can aid in patient care or
modification of diabetes regimens in terms of cognitive
impairment.

METHODS AND ANALYSIS

Design

Transparent reporting of a multivariable prediction
model for individual prognosis or diagnosis checklists**
will be used to design and implement this protocol. The
prediction model in our study will be developed and vali-
dated based on a cross-sectional study.

Setting

We will sequentially recruit older adults with DM who
visit the Medical Examination Centre of Qidong Hospital
of TCM in China (October 2023 to June 2024) to
develop and validate the prediction model and nurse-led
screening system. The Medical Examination Centre of
Qidong Hospital of TCM undertakes regular checkups,
diabetes complication screening and cognitive examina-
tion projects with approximately 300 visits of older adults
with DM per month, making them available for our study.

Target population
Inclusion criteria: (a) aged 60 or more and (b) diagnosis
of T2DM (reported in electronic health records (EHRs)).
Exclusion criteria: (a) intensive care; (b) terminal
diseases; (c) vision problems, hearing impairment or any
other disability that hinders the completion of this study;
(d) acute or unstable psychiatric disorders (such as major
depression, significant head injury, substance abuse,
alcoholism and delirium) and (e) dementia diagnosis
(reported in EHRs).

Sample size

The sample size is calculated through using the pmsamp-
size package.” It requires the prevalence of the binary
outcome and the number of candidate predictor parame-
ters. According to a previous study, the prevalence of MCI
in older adults with DM in China was 21.8%.2° Therefore,
we assume that the prevalence of MCI during the study
period would be 21.8%. We expect to include 10 candi-
date variables. For an outcome proportion of 21.8%, the
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max R2Cs is 0.6496. Itis assumed that the new model would
explain 20% of the variability; hence, the expected R* is
0.12992 (equal to 0.6496x0.2). Then, the parameters,
‘pmsampsize, type(b) rsquared (0.12992) parameters
(10) prevalence (0.218) are used in Stata V.15.1. The
output indicates that the sample size required to develop
the model is 642. It is expected that 140 events and events
per candidate predictor parameter are 14. Random
number tables will be used to randomly divide the partici-
pants into two groups. A total of 449 (70% of participants)
will be assigned to a training dataset for the selection of
screening tools, predictor selection and model construc-
tion; 193 participants (30%) will be assigned to a valida-
tion dataset to evaluate the performance.””

Procedures

During older adults’ first visits for regular checkups in
the Medical Examination Centre, word-of-mouth will be
the main method of recruitment for our study. Individ-
uals will be included in this study if they meet the eligi-
bility criteria and sign consent forms requiring the use of
personal data in EHRs. Data on demographic variables,
lifestyle factors, history of diseases and laboratory tests
will be retrieved from the EHRs generated during their
check-ups.

Within a week, when the participants pay their second
visit for their check-up results, MCI diagnosis, along with
physical examinations and neuropsychological tests, will
be conducted by two researchers through face-to-face
interviews.

Patient and public involvement

This study was designed, conducted, reported and dissem-
inated without the involvement of patients or the general
public.

Outcomes

The primary outcome of the study will be the presence
of MCI in patients with DM. The MCI subtypes will not
be analysed in this study. The diagnostic criteria of MCI
refer to Petersen’s Criteria,4 2 the International Working
Group on MCI®” and Chinese expert consensus on the
prevention and treatment of cognitive impairment™:
(1) preserved general cognitive function, (2) self and/
or informant reporting impairment of objective cognitive
tasks, (3) objective memory impairment demonstrated
by neuropsychological testing (MoCA cut-off points: illit-
erate, <13; 1-6 years of education, <19 and 7 or more years
of education, < 24),”' (4) with or without minimal impair-
ment in complex instrumental functions, basic activities
of daily living (ADLs) are preserved® and (5) no diag-
nosis of dementia. If all five criteria are met, the patients
will be categorised into the MCI group; otherwise, they
will be categorised into the non-MCI group. The final
diagnosis will be confirmed by a senior neurologist.

Variables and measures
The project selection of the model will include risk factors
considered to be clinically important in the guidelines

and reviews,"® *" % or those identified by multivariate

logistic regression analysis.® ' **** Demographic variables,
lifestyle factors, history of diseases, laboratory tests, phys-
ical examinations and neuropsychological tests, will be
considered as candidate predictors.™

General characteristics

General characteristics recorded in EHRs will be analysed

for model development'®*°** %30 a5 follows:

1. Demographic variables: age, sex, education level, mari-
tal status, monthly income and living status.

2. Lifestyle factors: smoking status, drinking status, hob-
bies, self-rated status of sleepiness and physical exer-
cise.

3. Disease history: hypertension, duration of T2DM, hy-
perlipidaemia, hypoglycaemia, hyperglycaemia, chron-
ic renal insufficiency, liver insufficiency, cardiovascular
disease, neurological diseases, traumatic brain injury
and medication use.

Cardiovascular diseases are defined as ‘yes’ if the
following diseases are recorded: arrhythmias and conduc-
tion disorders, specific arrhythmias, arrhythmogenic
heart disease, endocarditis, lymphatic disease, myocar-
ditis and pericarditis, coronary artery disease, peripheral
artery disease, peripheral venous disease, heart failure
and heart valve disease. Neurological diseases are coded
as ‘yes’ if any history of the diseases, including intracra-
nial infections, demyelinating diseases, meningitis, motor
disorders and cerebellar diseases, peripheral nervous
system and motor unit diseases, attack diseases, spinal
cord lesions or stroke, is shown in EHRs.

Laboratory tests

The following laboratory tests will be included in the
model development: fasting blood glucose,'” ¥ glyco-
sylated haemoglobin,”* ** adiponectin,® 24 hours of
urine protein,1 C reactive protein,39 interleukin—G,17 40
antichymotrypsin-o,'® total cholesterol,' triglycerides,"”
low-density cholesterol*' and high-density cholesterol.”

Physical examinations

Data on physical examinations will be obtained using
the same body composition analyser for height, weight,
body fat, total fat mass and obesity,”® abdominal and
thigh subcutaneous falt,42 fatfree mass,43 muscle strength
tension, muscle mass and bioelectrical impedance® at
the second visits. Data related to diabetic complications,**
including systolic blood pressure, diastolic blood pres-
sure, conventional fundus screening, nerve conduction

velocity, vibration perception threshold, ankle-brachial ¢

index and carotid ultrasonography using colour Doppler,
will also be collected.

Neuropsychological tools

MoCA-BJ, the Beijing version of the Montreal Cognitive
Assessment, has been validated in the Chinese popu-
lation,” will be a part of the neuropsychological assess-
ments for all participants in our study. The MoCA-BJ is a

30-point screening tool with high sensitivity and specificity
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for MCI. This 10 min tool consists of eight domains: visuo-
spatial, naming, executive function, attention, language,
abstract, memory and orientation abilities. The cut-off
values for MCI vary among older adults with different
levels of education.

The Chinese version of the ADL scale’® was developed
by Lawton and Brody by combining the Physical Self-
Maintenance Scale and Instrumental ADL scale. The
Physical Self-Maintenance Scale assesses functional ability
using six categories of ADL: toileting, feeding, dressing,
grooming, physical ambulation and bathing. The Instru-
mental ADL scale includes eight items: telephone,
shopping, food preparation, housekeeping, laundry,
transportation, medication and finances. Each item is
scored from 1 (no impairment) to 4 (severe impairment),
with a total range of 14 —56 points. Higher scores indicate
lower ADL ability. If participants have two or more items
with a score 23or a total score 222, it indicates impair-
ment in complex instrumental functions.*’

Self-administered Dementia Screening Questionnaire
(p-AD8) is a participantrated tool for cognitive impair-
ment developed by Galvin et al.*® The Chinese version was
validated by Xie et al.* For suspected memory dysfunc-
tion, a p-AD8 had sensitivity and specificity of 85.7% and
77.6%, respectively. This tool briefly assesses the domains
of memory, orientation and judgement.* It takes approx-
imately 3min to complete the assessment; thus, it appears
to be a suitable screening tool for medical examination
centres and primary care settings. If the score is >2,
participants are expected to have a high risk of cognitive
impairment.

IQCODE is an informant-based screening tool.”” The
Chinese version of IQCODE was validated by Li et al,”'
with an optimal cut-off score of 3.19 for MCI with a sensi-
tivity of 0.979 and a specificity of 0.714. The IQCODE
comprises 16 items scored on a 5-point scale (1=much
improved to 5=much worse). The total score is presented
as the average of the completed items. If a caregiver or
informant is present, IQCODE should be completed.

Depressive symptoms will be evaluated using the 15-item
Geriatric Depression Scale, one suitable screening tool
for depression symptoms in community-dwelling older
adults.”® Ttem scores are simply added up, ranging from
0 to 15. A cut-off score of 5 indicates the presence of
depressive symptoms.

The Social Support Self-Rating Scale developed by
Xiao is one common instrument for measuring social
support in China.” A total of 10 items included 3 dimen-
sions: subjective support (range: 8-32), objective support
(range: 1-22) and support-seeking behaviour (range:
3-12). This total support score (range: 12—-66) consists of
three categories: low (<22), moderate (23-44) and high
(>45) levels of support.”

Quality control

All researchers should accept two training sessions (one
for clinical data collection and one for the utilisation
of neuropsychological tools), provided separately by a

senior geriatric doctor and a neuroscientist, and obtain
authorisation before screening. All the investigators
should strictly follow the protocol. If any problems appear
during the trial, the research group should promptly have
a focus group discussion and provide solutions.

Missing data

Any variable with over 5% of missing data will be excluded
from the main analysis. For complete-case analysis, we will
use multiple imputations in the R multiple imputation
procedure for missing data.

STATISTICAL ANALYSIS METHODS

Model development and validation

For model development and validation, participants will
be reclassified into two groups, a training dataset and a
validation dataset, to test the models’ ability to discrim-
inate between the cognitive stages (MCI vs non-MCI).
After comparing the traditional model established by
multilogistic regression and different models established
by machine learning algorithms, the prediction model
with the best differentiation performance will be adopted
as the final model in the nurse-led screening system. A
kappa value of >0.4 represents moderate® when it is used
to correct two groups’ unbalanced distribution.

Selection of screening tools

Screening tools will be selected for both initial and
secondary screening. For the initial assessment, screening
tools with higher sensitivity will be recommended for clin-
ical practice after comparisons between IQCODE, p-AD8
or a combination of both. The AD8 and IQCODE are self-
administered, friendly screening tools that are suitable
for prescreening to reach the maximum number of older
adults with suspected positives.55 Unlike other tools, ADS8
and IQCODE are not restricted by age, sex and educa-
tional level; thus, they are more suitable for older adults
in the community.g2 To enhance the reliability of the
screening, assessments with higher specificity are priori-
tised in secondary screening because a confirmatory test
should exclude false positives.14 The MoCA is consid-
ered as the most preferable tool for MCI screening,56
but its application among older adults with T2DM in the
communities has not been sufficiently validated. Hence,
specific screening tools or the combinations (IQCODE,
p-ADS, IQCODE+p-ADS, p-AD8+MoCA, IQCODE+MoCA
or IQCODE+p-AD8+MoCA) will be evaluated for the
preferred screening tools. The receiver operating char-
acteristic (ROC) curve analyses will be performed using
SigmaPlot V.12.5, which will provide scores for sensitivity,
specificity and the area under the curve (AUC) consid-
ering education level and age stratification. The cut-
off scores for tools that differentiate between different
groups (MCI vs non-MCI) will be calculated using the
Youden index. The significance level will be set at 5%.
The screening tools with better performance will be
included in the development of the models.
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Predictor selection

The Shapiro-Wilk test will be employed to test normality.
Values will be presented as the mean (SD) if quantita-
tive data are normally distributed or the median (quar-
tile) if not normally distributed. Quantitative data will
be compared using the Student’s t-test or Mann-Whitney
U test, according to the appropriate apphcatlon Cate-
gorical data will be analysed using the % test or Fisher’s
exact test. Statistical significance will be set at p<0.05, and
parameters with p<0.05will be analysed using the least
absolute shrinkage and selection operator logistic regres-
sion approach (LASSO).

LASSO is used to process multicollinearity since a
great number of various variables included in this study
may present possible collinearity. The LASSO approach
can reserve the predictors with the strongest effects and
improve the interpretability of the model by shrinking
some coefficients to zero.”” The optimal parameters will
be estimated using a 10-fold cross-validation method.

Multivariate logistic regression analysis will include the
variables selected from the LASSO regression in order
to determine the independent factors predicting MCI.
In this study, the multiple logistic regression analysis
adopts Wald backward selection to effectively control for
confounders.

Model development

The traditional model

The traditional model will be used as a comparison
criterion for machine learning models. Clinical data,
including demographic variables, lifestyle factors, history
of diseases, physical examinations, laboratory tests
and neuropsychological tests, will be evaluated. The R
package of ‘rms’ will be applied to establish the traditional
model. In this study, 1000 bootstraps will be adopted for
internal verification and determination of the predicted
cut-off value to prevent overfitting. We will assess the
sensitivity, specificity and AUC for the differentiation
performance. To evaluate the calibration, the Hosmer-
Lemeshow goodness-of-fit test and calibration curve will
be performed, and a p>0.05will be acceptable.” The
precision of the traditional model will be evaluated by the
Brier score, which is 0-1 points, and the higher the score,
the worse the calibration degree. Clinical decision curve
analysis (DCA) will be used to measure the clinical appli-
cability of the prediction model with ‘rmda’ R package.”

Machine learning algorithms

Machine learning models will evaluate data from neuro-
psychological tools, demographic variables, lifestyle
factors, medical history, physical examinations and labo-
ratory tests. Machine learning models will be applied
using several algorithms, including binary logistic regres-
sion, penalised binary logistic regression, naive Bayesian
classification model, decision tree and random forest.
The R software (http://www.r-project.org) will be used
to measure the performance of the machine learning
models. Repeated iterative cross-validation will be applied

to all algorithms to determine the hyperparameters
affecting the efficiency of the learning process with the
minimal error. Using two stratifications (healthy partic-
ipants and those with MCI), we will calculate the sensi-
tivity, specificity, ROC curves and DCA of each machine
learning model. Statistical significance will be set at
p<0.05.

Validation

The validation dataset, comprising 20% of the partici-
pants, will be used for external validation of the perfor-
mance. ROCs and AUCs of the validation dataset will be
assessed. We will also calculate DCA to evaluate its clinical
applicability.

DISCUSSION

Screening for MCI is not routinely performed in primary
care settings. The special plan of exploration of Alzhei-
mer’s prevention and treatment” mentioned that ‘the
rate of older adults in the community screened for cogni-
tive function should reach 80%’. Hence, we will develop
a nurse-led screening system for older adults with DM,
particularly those living in the community. For the initial
screening, this system could avoid unnecessary compre-
hensive cognitive tests for older adults with DM who are at
low risk of cognitive impairment. Furthermore, the high
sensitivity of secondary screening may lead to an effective
cognitive screening using the machine learning models.
Thus, older adults with DM who are at high risk of cogni-
tive impairment can be transferred to a general physician
or psychiatrist for diagnosis in a more effective way.

In this study, we consider as many important factors
as possible, including demographic variables, lifestyle
factors, history of diseases, physical examinations, labo-
ratory tests and neuropsychological results, which can
be extracted in primary care settings. Machine learning
methods applied to screen for MCI in communities could
accelerate MCI screening process. As claimed by the
Healthy China initiative (2019-2030),°' ‘early identifica-
tion and control of the risk factors of cognitive impair-
ment, and routine intervention of cognitive impairment
are the main methods of the management of cognitive
impairment’. The application of machine learning models
is conducive to successfully interpreting data with a high
degree of accuracy for classification.”> We hope that the
nurse-led screening system using the prediction model
will provide an accurate detection of MCI in communities
and that the identification of predictors could aid in DM
patient care for cognitive impairment.

Proposal of a two-step strategy for MCI screening

In contrast to previous models,21 2262 e aim to form
a screening system led by nurses in communities or
primary care for the purpose of timely detection of MCI
among older adults with T2DM using simple and accu-
rate predictors and screening tools. Hence, we propose
a two-step method to detect the early stages of cognitive
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Proposal of a two-step strategy for MCI screening. DM, diabetes mellitus; IQCODE, Informant Questionnaire on

Cognitive Decline in the Elderly; MCI, mild cognitive impairment; p-AD8, Self-administered Dementia Screening Questionnaire;

impairment, as shown in figure 1. Initial MCI screening
with self-reported screening tools, such as p-AD8 or
IQCODE, can be performed in community-dwelling
older adults under the guidance of nurses because MCI
is often underrecognised within communities.”” Partic-
ipants with T2DM will be classified into the high-risk
and low-risk groups. Individuals with T2DM who are
predicted to be at high risk of cognitive impairment will
be transferred to primary care settings. Subsequently, a
prediction model for secondary screening will be imple-
mented.'* Then, older adults whose results are positive
in the secondary period will be transferred to a general
physician or psychiatrist for a final diagnosis. The low-risk
group in the first period and the negative group in the
secondary screening will be followed up by nurses every
2 years.” We hope to promote this two-step strategy to
effectively screen for MCI in communities and primary
care centres in the future.

Limitations

This study will be conducted as a single-centre trial.
Although we will use a large number of methods to vali-
date the models and construct the screening system, the
scope of this study may be limited because of the lack of
data from different medical centres in China. Second, to
improve the feasibility, the proposed model will contain

clinical information and assessments commonly available
in primary care. In addition, the data on lifestyle factors
from self-reports may lead to recall bias. Some indica-
tors with potential effectiveness reported in the previous
studies,” " such as imaging indicators, nerve electrophys-
iological examination or cerebrospinal fluid examina-
tions, will not be incorporated into the evaluation system
because they are less accessible in the primary care. Third,
the screening system is only applicable for differentiating
cognitive status but not for predicting prognosis, owing
to its cross-sectional design for the purpose of early detec-
tion of MCIL.

CONCLUSIONS

This study will develop a nurse-led screening system for
the timely detection of MCI in community-dwelling older
adults with DM. Potential predictors will be identified
through a comprehensive evaluation of demographic
variables, lifestyle factors, history of diseases, physical
examinations, laboratory tests and neuropsychological
tests. This may assist nurses or health workers in modi-
fying diabetes regimens or providing support for patient
care in terms of cognitive impairment. The application
of the model with the best performance in this study may
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help improve the efficiency of MCI detection in primary
care and offer opportunities for early interventions for
dementia prevention.

Ethics and dissemination

Written informed consents are required for older adults’
participation. Before enrolment, individuals will be given
sufficient time to ask questions and clarify issues regarding
the commitment, benefits and risks of the study. Ethical
approval was obtained from Medical Ethics Committee of
Qidong Hospital of TCM (QDSZYY-LL-20220621). Study
results will be disseminated through conference presenta-
tions, Chinese Clinical Trial Registry and publication. We
will deidentify and store all acquired data electronically
with password protected.

Author affiliations

"Medical School, Nantong University, Nantong, Jiangsu, China

%Qidong Hospital of TCM, Nantong, Jiangsu, China

SNantong Shibei Nursing Home, Nantong, Jiangsu, China

4Nantong Third People's Hospital, Affiliated Nantong Hospital 3 of Nantong
University, Nantong, Jiangsu, China

Contributors WM and YL conceptualised the study. WM, HX and WY were involved
in study design. CZ conducted the review of the literature. XQ and JC calculated
sample size. YL, GG and XQ obtained funding. WM and YL drafted and critical
revised the manuscript. JC and GG supervised the protocol; all authors contributed
to its revision and approval.

Funding Project of Nantong Health Commission (Grant No. MS2022111),
Nantong Science and Technology Project (Grant No. CXY08), 2022 Nantong Basic
Science Research and Social Livelihood Science and Technology Plan Project
(Grant Number: MSZ2022114) and The Key Project of Philosophy and Social
Sciences Research in Colleges and Universities in Jiangsu Province (Grant No.
2021SJZDA055).

Competing interests None declared.

Patient and public involvement Patients and/or the public were not involved in
the design, or conduct, or reporting, or dissemination plans of this research.

Patient consent for publication Not applicable.
Provenance and peer review Not commissioned; externally peer reviewed.

Open access This is an open access article distributed in accordance with the
Creative Commons Attribution Non Commercial (CC BY-NC 4.0) license, which
permits others to distribute, remix, adapt, build upon this work non-commercially,
and license their derivative works on different terms, provided the original work is
properly cited, appropriate credit is given, any changes made indicated, and the use
is non-commercial. See: http://creativecommons.org/licenses/by-nc/4.0/.

ORCID iD
Guiling Geng http://orcid.org/0000-0001-8019-0649

REFERENCES

1 Morley JE. An Overview of Cognitive Impairment. Clin Geriatr Med
2018;34:505-13.

2 Petersen RC, Smith GE, Waring SC, et al. Mild cognitive impairment:
clinical characterization and outcome. Arch Neurol 1999;56:303-8.

3 JiaL, DuY, Chu L, et al. Prevalence, risk factors, and management
of dementia and mild cognitive impairment in adults aged 60 years
or older in China: a cross-sectional study. Lancet Public Health
2020;5:e661-71.

4 Petersen RC. Mild cognitive impairment as a diagnostic entity.

J Intern Med 2004;256:183-94.

5 Petersen RC. Clinical practice. Mild cognitive impairment. N Engl J
Med 2011;364:2227-34.

6 Petersen RC, Lopez O, Armstrong MJ, et al. Practice guideline
update summary: Mild cognitive impairment: Report of the Guideline

20

21

22

23

24

25

26

27

28

29

30

Development, Dissemination, and Implementation Subcommittee of
the American Academy of Neurology. Neurology 2018;90:126-35.
Patnode CD, Perdue LA, Rossom RC, et al. Screening for Cognitive
Impairment in Older Adults: Updated Evidence Report and
Systematic Review for the US Preventive Services Task Force. JAMA
2020;323:764-85.

O’Toole SM, Walker RJ, Garacci E, et al. Explanatory role of
sociodemographic, clinical, behavioral, and social factors on
cognitive decline in older adults with diabetes. BMC Geriatr
2022;22:39.

Makino K, Lee S, Bae S, et al. Diabetes and Prediabetes Inhibit
Reversion from Mild Cognitive Impairment to Normal Cognition. J Am
Med Dir Assoc 2021;22:1912-8.

Ehtewish H, Arredouani A, El-Agnaf O. Diagnostic, Prognostic, and
Mechanistic Biomarkers of Diabetes Mellitus-Associated Cognitive
Decline. Int J Mol Sci 2022;23:11.

You Y, Liu Z, Chen Y, et al. The prevalence of mild cognitive
impairment in type 2 diabetes mellitus patients: a systematic review
and meta-analysis. Acta Diabetol 2021;58:671-85.

Srikanth V, Sinclair AJ, Hill-Briggs F, et al. Type 2 diabetes and
cognitive dysfunction-towards effective management of both
comorbidities. Lancet Diabetes Endocrinol 2020;8:535-45.

National Center of Gerontology. Chinese Society of Geriatrics,
Diabetes Professional Committee of Chinese Aging Well Association.
Guideline for the management of diabetes mellitus in the elderly

in China (2021 edition).. Chinese Journal of Diabetes Mellitus
2021;13:33.

Zhuang L, Yang Y, Gao J. Cognitive assessment tools for mild
cognitive impairment screening. J Neurol 2021;268:1615-22.

Langa KM, Levine DA. The diagnosis and management of mild
cognitive impairment: a clinical review. JAMA 2014;312:2551-61.
Anita NZ, Zebarth J, Chan B, et al. Inflammatory markers in type 2
diabetes with vs. without cognitive impairment; a systematic review
and meta-analysis. Brain Behav Immun 2022;100:55-69.

Sun L, Diao X, Gang X, et al. Risk Factors for Cognitive Impairment
in Patients with Type 2 Diabetes. Journal of Diabetes Research
2020;2020:1-10.

Yuan XY, Wang XG. Mild cognitive impairment in type 2 diabetes
mellitus and related risk factors: a review. Rev Neurosci
2017;28:715-23.

Angevaare MJ, Vonk JMJ, Bertola L, et al. Predictors of Incident Mild
Cognitive Impairment and Its Course in a Diverse Community-Based
Population. Neurology 2022;98:e15-26.

Yang H, Gu S, Wu Y, et al. Plasma Protein Panels for Mild Cognitive
Impairment Among Elderly Chinese Individuals with Different
Educational Backgrounds. J Mol Neurosci 2020;70:1629-38.

Wang B, Shen T, Mao L, et al. Establishment of a Risk Prediction
Model for Mild Cognitive Impairment among Elderly Chinese. J Nutr
Health Aging 2020;24:255-61.

Yang J, Sui H, Jiao R, et al. Random-Forest-Algorithm-Based
Applications of the Basic Characteristics and Serum and Imaging
Biomarkers to Diagnose Mild Cognitive Impairment. CAR
2022;19:76-83.

Yim D, Yeo TY, Park MH. Mild cognitive impairment, dementia, and
cognitive dysfunction screening using machine learning. J Int Med
Res 2020;48:0300060520936881.

Collins GS, Reitsma JB, Altman DG, et al. Transparent Reporting of a
Multivariable Prediction Model for Individual Prognosis or Diagnosis
(TRIPOD). Circulation 2015;131:211-9.

Riley RD, Ensor J, Snell KIE, et al. Calculating the sample

size required for developing a clinical prediction model. BMJ
2020;368:m441.

Li W, Sun L, Li G, et al. Prevalence, Influence Factors and Cognitive
Characteristics of Mild Cognitive Impairment in Type 2 Diabetes
Mellitus. Front Aging Neurosci 2019;11:180.

Lu J. Construction of a risk prediction model for mild
cognitiveimpairment in elderly hypertensive patients in the
community. Master: Guangxi Traditional Chinese Medical University,
2022.

Portet F, Ousset PJ, Visser PJ, et al. Mild cognitive impairment
(MCI) in medical practice: a critical review of the concept and new
diagnostic procedure. Report of the MCI Working Group of the
European Consortium on Alzheimer’s Disease. J Neurol Neurosurg
Psychiatry 2006;77:714-8.

Winblad B, Palmer K, Kivipelto M, et al. Mild cognitive impairment-
-beyond controversies, towards a consensus: report of the
International Working Group on Mild Cognitive Impairment. J Intern
Med 2004;256:240-6.

Chinese Diabetes Society. Chinese expert consensus on the
prevention and treatment of cognitive dysfunction. Chinese Journal
of Diabetes Mellitus 2021.

Miao W, et al. BMJ Open 2024;14:e075466. doi:10.1136/bmjopen-2023-075466

'salfojouyoal Jejiwis pue ‘Buiurel) |y ‘Buluiw erep pue 1xa1 01 palelal sasn Joj Buipnjoul ‘1ybluAdoos Agq paloslold

* (s3gv) Jnauadns juswaublasug
| 8p anbiyde.bol|qig sousby 1e 5Z0z ‘2T aunr uo jwod [wq uadolwa//:dny wouy pspeojumoq 20z Arenigad 2 uo 99¥5/0-£202-uadolwa/9eTT 0T Se paysiignd isiiy :usdO (NE


http://creativecommons.org/licenses/by-nc/4.0/
http://orcid.org/0000-0001-8019-0649
http://dx.doi.org/10.1016/j.cger.2018.06.003
http://dx.doi.org/10.1001/archneur.56.3.303
http://dx.doi.org/10.1016/S2468-2667(20)30185-7
http://dx.doi.org/10.1111/j.1365-2796.2004.01388.x
http://dx.doi.org/10.1111/j.1365-2796.2004.01388.x
http://dx.doi.org/10.1056/NEJMcp0910237
http://dx.doi.org/10.1056/NEJMcp0910237
http://dx.doi.org/10.1212/WNL.0000000000004826
http://dx.doi.org/10.1001/jama.2019.22258
http://dx.doi.org/10.1186/s12877-021-02740-7
http://dx.doi.org/10.1016/j.jamda.2021.02.033
http://dx.doi.org/10.1016/j.jamda.2021.02.033
http://dx.doi.org/10.3390/ijms23116144
http://dx.doi.org/10.1007/s00592-020-01648-9
http://dx.doi.org/10.1016/S2213-8587(20)30118-2
http://dx.doi.org/10.3760/cma.j.cn115791-20201209-00707
http://dx.doi.org/10.1007/s00415-019-09506-7
http://dx.doi.org/10.1001/jama.2014.13806
http://dx.doi.org/10.1016/j.bbi.2021.11.005
http://dx.doi.org/10.1155/2020/4591938
http://dx.doi.org/10.1515/revneuro-2017-0016
http://dx.doi.org/10.1212/WNL.0000000000013017
http://dx.doi.org/10.1007/s12031-020-01659-9
http://dx.doi.org/10.1007/s12603-020-1335-2
http://dx.doi.org/10.1007/s12603-020-1335-2
http://dx.doi.org/10.2174/1567205019666220128120927
http://dx.doi.org/10.1177/0300060520936881
http://dx.doi.org/10.1177/0300060520936881
http://dx.doi.org/10.1161/CIRCULATIONAHA.114.014508
http://dx.doi.org/10.1136/bmj.m441
http://dx.doi.org/10.3389/fnagi.2019.00180
http://dx.doi.org/10.1136/jnnp.2005.085332
http://dx.doi.org/10.1136/jnnp.2005.085332
http://dx.doi.org/10.1111/j.1365-2796.2004.01380.x
http://dx.doi.org/10.1111/j.1365-2796.2004.01380.x
http://dx.doi.org/10.3760/cma.j.cn115791-20210527-00291
http://dx.doi.org/10.3760/cma.j.cn115791-20210527-00291
http://bmjopen.bmj.com/

31 LuJ, Li D, Li F, et al. Montreal cognitive assessment in detecting 49 XieY, GaoY, Jia J, et al. Utility of AD8 for cognitive impairment in
cognitive impairment in Chinese elderly individuals: a population- a Chinese physical examination population: a preliminary study.
based study. J Geriatr Psychiatry Neurol 2011;24:184-90. ScientificWorldJournal 2014;2014:804871.

32 Cai M, Hu Q, Jia S, et al. Strategy for the Choice of Appropriate Mild 50 Jorm AF, Jacomb PA. The Informant Questionnaire on Cognitive
Cognitive Impairment Screening Scales for Community-dwelling Decline in the Elderly (IQCODE): socio-demographic correlates,
Older Adults. Chinese General Practice 2022;25:3191-5. reliability, validity and some norms. Psychol Med 1989;19:1015-22.

33 Chinese Society of Endocrinology, The Blood Pressure Control 51 LiF Jia XF, Jia J. The Informant Questionnaire on Cognitive Decline
Targetin Diabetes (BPROAD) Rexcurch Group. Chinese expert in the Elderly individuals in screening mild cognitive impairment
consensus on the prevention and management of cognitive with or without functional impairment. J Geriatr Psychiatry Neurol
impairment in patients with type 2 diabetes mellitus. Chinese Journal 2012;25:227-32.
of Endocrinology and Metabolism 2022;38:453-63. 52 Zhao H, He J, Yi J, et al. Factor Structure and Measurement

34 Fu X, Wang J, Zhang P, et al. Diagnosis of TCM symptoms and Invariance Across Gender Groups of the 15-Item Geriatric
analysis of risk factors of mild cognitive impairment in patients with Depression Scale Among Chinese Elders. Front Psychol
type 2 diabetes mellitus. Am J Transl Res 2021;13:12980-7. 2019;10:1360.

35 Hendrie HC, Zheng M, Li W, et al. Glucose level decline precedes 53 Xiao S. The theoretical basis and applications of Social Support
dementia in elderly African Americans with diabetes. Alzheimers Rating Scale (SSRS) (in Chinese). J Clin Psychiatry 1994;4:98-100.
Dement 2017;13:111-8. 54 Xiao J, Huang B, Shen H, et al. Association between social support

36 Liu Z-Q, Zhang M-X, Wang J, et al. Analysis of correlation between and health-related quality of life among Chinese seafarers: A cross-
the mild cognitive impairment (MCI) and level of adiponectin in sectional study. PLoS ONE 2017;12:e0187275.
elderly patients with type 2 diabetes mellitus (T2DM). Eur Rev Med 55 Razavi M, Tolea MI, Margrett J, et al. Comparison of 2 informant
Pharmacol Sci 2017;21:5471-7. questionnaire screening tools for dementia and mild cognitive

37 Wu P, Zhao Y, Zhuang X, et al. Low glucagon-like peptide-1 (GLP-1) impairment: AD8 and IQCODE. Alzheimer Dis Assoc Disord
concentration in serum is indicative of mild cognitive impairment in 2014;28:156-61.
type 2 diabetes patients. Clin Neurol Neurosurg 2018;174:203-6. 56 Abd Razak MA, Ahmad NA, Chan YY, et al. Validity of screening

38 Xue M, Xu W, Ou Y-N, et al. Diabetes mellitus and risks of cognitive tools for dementia and mild cognitive impairment among the
impairment and dementia: A systematic review and meta-analysis of elderly in primary health care: a systematic review. Public Health
144 prospective studies. Ageing Res Rev 2019;55:100944. 2019;169:84-92.

39 Tao Q, Alvin Ang TF, Akhter-Khan SC, et al. Impact of C-Reactive 57 Tibshirani R. Regression Shrinkage and Selection Via the Lasso.
Protein on Cognition and Alzheimer Disease Biomarkers in Journal of the Royal Statistical Society: Series B (Methodological)
Homozygous APOE ¢4 Carriers. Neurology 2021;97:e1243-52. 1996;58:267-88.

40 Tian S, Huang R, Han J, et al. Increased plasma Interleukin-13 58 Sun Z. Medical statistics. 3rd Edition. People’s Medical Publishing
level is associated with memory deficits in type 2 diabetic patients House, 2014.
with mild cognitive impairment. Psychoneuroendocrinology 59 Maimaitituerxun R, Chen W, Xiang J, et al. The use of nomogram for
2018;96:148-54. detecting mild cognitive impairment in patients with type 2 diabetes

41 Xia S-S, Xia W-L, Huang J-J, et al. The factors contributing to mellitus. J Diabetes 2023;15:448-58.
cognitive dysfunction in type 2 diabetic patients. Ann Transl Med 60 National Health Commission of the PRC. The special plan of
2020;8:104. exploration of Alzheimer’s prevention and treatment. 2020. Available:

42 Spauwen PJJ, Murphy RA, Jonsson PV, et al. Associations of fat http://www.gov.cn/zhengce/zhengceku/2020-09/11/content_
and muscle tissue with cognitive status in older adults: the AGES- 5542555.htm
Reykjavik Study. Age Ageing 2017;46:250-7. 61 National Health Commission of the PRC. Healthy China initiative

43 Bae S, Shimada H, Park H, et al. Association between body (2019-2030). 2019. Available: http://www.gov.cn/xinwen/2019-07/15/
composition parameters and risk of mild cognitive impairment in content_5409694.htm
older Japanese adults. Geriatr Gerontol Int 2017;17:2053-9. 62 ZhuF, Li X, Mcgonigle D, et al. Analyze Informant-Based

44 American Diabetes Association. 12. Older Adults: Questionnaire for The Early Diagnosis of Senile Dementia Using Deep
Standards of Medlical Care in Diabetes-2020. Diabetes Care Learning. IEEE J Transl Eng Health Med 2020;8:2200106.
2020;43(Suppl 1):S152-62. 63 Galvin JE, Tolea MI, Chrisphonte S. What older adults do

45 Zhang S, Qiu Q, Qian S, et al. Determining Appropriate Screening with the results of dementia screening programs. PLoS One
Tools and Cutoffs for Cognitive Impairment in the Chinese Elderly. 2020;15:e0235534.

Front Psychiatry 2021;12:773281. 64 Benson GS, Bauer C, Hausner L, et al. Don’t forget about tau: the

46 Lawton MP, Brody EM. Assessment of Older People: Self-Maintaining effects of ApoE4 genotype on Alzheimer’s disease cerebrospinal
and Instrumental Activities of Daily Living. The Gerontologist fluid biomarkers in subjects with mild cognitive impairment-data
1969;9(3 Part 1):179-86. from the Dementia Competence Network. J Neural Transm (Vienna)

47 LiuY, LuY, Xu S, et al. Application of the Chinese Version of the 2022;129:477-86.

General Practitioner Assessment of Cognition in Screening for Mild 65 Hanon O, Vidal J-S, Lehmann S, et al. Plasma amyloid beta predicts
Cognitive Impairment in Older Physical Examinees in Primary Care. conversion to dementia in subjects with mild cognitive impairment:
Chinese General Practice 2021;24:2819-25. The BALTAZAR study. Alzheimers Dement 2022;18:2537-50.

48 Galvin JE, Roe CM, Coats MA, et al. Patient’s rating of cognitive 66 Tian Q, Bilgel M, Moghekar AR, et al. Olfaction, Cognitive
ability: using the AD8, a brief informant interview, as a self-rating tool Impairment, and PET Biomarkers in Community-Dwelling Older
to detect dementia. Arch Neurol 2007;64:725-30. Adults. J Alzheimers Dis 2022;86:1275-85.

8 Miao W, et al. BMJ Open 2024;14:¢075466. doi:10.1136/bmjopen-2023-075466

'salfojouyoal Jejiwis pue ‘Buiurel) |y ‘Buluiw erep pue 1xa1 01 palelal sasn Joj Buipnjoul ‘1ybluAdoos Agq paloslold

* (s3gv) Jnauadns juswaublasug
| 8p anbiyde.bol|qig sousby 1e 5Z0z ‘2T aunr uo jwod [wq uadolwa//:dny wouy pspeojumoq 20z Arenigad 2 uo 99¥5/0-£202-uadolwa/9eTT 0T Se paysiignd isiiy :usdO (NE


http://dx.doi.org/10.1177/0891988711422528
http://dx.doi.org/10.12114/j.issn.1007-9572.2022.0274
http://dx.doi.org/10.3760/cma.j.cn311282-20220518-00320
http://dx.doi.org/10.3760/cma.j.cn311282-20220518-00320
http://dx.doi.org/34956514
http://dx.doi.org/10.1016/j.jalz.2016.08.017
http://dx.doi.org/10.1016/j.jalz.2016.08.017
http://dx.doi.org/10.26355/eurrev_201712_13937
http://dx.doi.org/10.26355/eurrev_201712_13937
http://dx.doi.org/10.1016/j.clineuro.2018.08.012
http://dx.doi.org/10.1016/j.arr.2019.100944
http://dx.doi.org/10.1212/WNL.0000000000012512
http://dx.doi.org/10.1016/j.psyneuen.2018.06.014
http://dx.doi.org/10.21037/atm.2019.12.113
http://dx.doi.org/10.1093/ageing/afw219
http://dx.doi.org/10.1111/ggi.13018
http://dx.doi.org/10.2337/dc20-S012
http://dx.doi.org/10.3389/fpsyt.2021.773281
http://dx.doi.org/10.1093/geront/9.3_Part_1.179
http://dx.doi.org/10.12114/j.issn.1007-9572.2021.00.228
http://dx.doi.org/10.1001/archneur.64.5.725
http://dx.doi.org/10.1155/2014/804871
http://dx.doi.org/10.1017/S0033291700005742
http://dx.doi.org/10.1177/0891988712464822
http://dx.doi.org/10.3389/fpsyg.2019.01360
http://dx.doi.org/10.1371/journal.pone.0187275
http://dx.doi.org/10.1097/WAD.0000000000000008
http://dx.doi.org/10.1016/j.puhe.2019.01.001
http://dx.doi.org/10.1111/j.2517-6161.1996.tb02080.x
http://dx.doi.org/10.1111/1753-0407.13384
http://www.gov.cn/zhengce/zhengceku/2020-09/11/content_5542555.htm
http://www.gov.cn/zhengce/zhengceku/2020-09/11/content_5542555.htm
http://www.gov.cn/xinwen/2019-07/15/content_5409694.htm
http://www.gov.cn/xinwen/2019-07/15/content_5409694.htm
http://dx.doi.org/10.1109/JTEHM.2019.2959331
http://dx.doi.org/10.1371/journal.pone.0235534
http://dx.doi.org/10.1007/s00702-022-02461-0
http://dx.doi.org/10.1002/alz.12613
http://dx.doi.org/10.3233/JAD-210636
http://bmjopen.bmj.com/

	Study protocol for a prediction model for mild cognitive impairment in older adults with diabetes mellitus and construction of a nurse-­led screening system: a prospective observational ﻿
﻿study
	Abstract
	Introduction﻿﻿
	Methods and analysis
	Design
	Setting
	Target population
	Sample size
	Procedures
	Patient and public involvement
	Outcomes
	Variables and measures
	General characteristics
	Laboratory tests
	Physical examinations
	Neuropsychological tools

	Quality control
	Missing data

	Statistical analysis methods
	Model development and validation
	Selection of screening tools
	Predictor selection

	Model development
	The traditional model
	Machine learning algorithms
	Validation


	Discussion
	Proposal of a two-step strategy for MCI screening
	Limitations

	Conclusions
	Ethics and dissemination

	References


