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Abstract
Early identification of individuals with mild cognitive impairment (MCI) is essential to combat worldwide dementia threats. 
Physical function indicators might be low-cost early markers for cognitive decline. To establish an early identification tool 
for MCI by combining physical function indicators (upper and lower limb function) via a clinical prediction modeling strategy. 
A total of 5393 participants aged 60 or older were included in the model. The variables selected for the model included 
sociodemographic characteristics, behavioral factors, mental status and chronic conditions, upper limb function (handgrip 
strength), and lower limb function (self-rated squat ability). Two models were developed to test the predictive value of 
handgrip strength (Model 1) or self-rated squat ability (Model 2) separately, and Model 3 was developed by combining 
handgrip strength and self-rated squat ability. The 3 models all yielded good discrimination performance (area under the 
curve values ranged from 0.719 to 0.732). The estimated net reclassification improvement values were 0.3279 and 0.1862 
in Model 3 when comparing Model 3 to Model 1 and Model 2, respectively. The integrated discrimination improvement 
values were estimated as 0.0139 and 0.0128 when comparing Model 3 with Model 1 and Model 2, respectively. The model 
that contains both upper and lower limb function has better performance in predicting MCI. The final prediction model is 
expected to assist health workers in early identification of MCI, thus supporting early interventions to reduce future risk of 
AD, particularly in socioeconomically deprived communities.
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What do we already know about this topic?
Early identification of individuals with mild cognitive impairment (MCI) is essential to combat worldwide dementia threats. 
Previous studies suggested that upper and lower limb function might be low-cost early markers for cognitive decline.

How does your research contribute to the field?
Studies that simultaneously included upper and lower limb function indicators to predict MCI are rare. Our study sug-
gested that the combination of handgrip strength and self-rated squat ability may have potentials to predict MCI.

What are your research’s implications toward theory, practice, or policy?
The prediction model developed in the current study had a good performance in predicting MCI. The variables included 
in the model could be easily measured without the requirement of expensive and complicated instruments, so it has the 
potential to be utilized in socioeconomically deprived communities for screening MCI.

Original Research

Introduction

Dementia has become a major public health concern world-
wide and imposes a very large economic burden on society 
and families.1 The number of individuals living with 

dementia worldwide has been projected to reach between 
74.4 million and 131.5 million by 2050.2 Due to the high 
mortality rates associated with dementia and the difficulty 
of curing dementia, early identification and intervention of 
cognitive decline have been considered the primary 
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dementia-related strategies. Alzheimer’s disease (AD) is 
considered the most common type of dementia worldwide, 
and mild cognitive impairment (MCI), a transition stage 
from normal cognition to Alzheimer’s disease (AD), has 
been widely accepted as a key “window of opportunity” to 
reverse the cognitive deterioration process, as a substantial 
number of individuals living with MCI may return to a nor-
mal cognitive state if early detection and early intervention 
could be carried out in a timely manner.3 Although a slight 
decline in the number of people living with dementia could 
be observed in many developed countries due to the greatly 
improved social environment (ie, education status), the num-
ber of people living with dementia in low- and middle-
income countries displays a consistent increasing trend,4 
indicating the increasing need to develop an economic, sim-
ple, and effective method to identify MCI, especially in low-
socioeconomic settings.

Existing evidence has suggested that physical function 
indicators might be early markers for identifying cognitive 
decline.5 Many studies have highlighted that handgrip 
strength might predict cognitive decline among older adults,6,7 
although the associations appear to be weak. For example, it 
has been reported in a longitudinal study that every 5-kilo-
gram increase in handgrip strength was associated with a 
slightly lower risk for further deterioration of cognitive func-
tion among older American adults.8 Another study reported 
that grip strength was only associated with the attention 
dimension but was not associated with other dimensions of 
cognitive function.9 The abovementioned evidence suggests 
that MCI might be a result of the interaction of multiple fac-
tors; therefore, such diseases might not be accurately pre-
dicted by models that include handgrip strength only.8-10 
Models with higher predictive capacity need to be explored to 
improve the identification of individuals with MCI. Recently, 
growing evidence has revealed that a decline in lower limb 
function might be another indicator related to cognitive func-
tion impairment. For example, a study reported that a shorter 
time (within 12.47 s) to complete the five-time sit-to-stand 
(FTSS) test was associated with better cognitive function 
among community-dwelling older Korean individuals.11 As 

accumulating evidence has shown the significance of lower 
limb function in the process of cognitive decline, a combined 
handgrip strength and squat ability modeling strategy might 
be a better solution for the prediction of MCI.12-17

Due to the potential benefits of using both upper and 
lower limb function to construct predictive models for the 
early identification of MCI, the objective of the current study 
was to establish an early MCI identification tool by combin-
ing a set of indicators, including upper limb function (hand-
grip strength) and lower limb function (squat ability), via a 
clinical prediction modeling strategy. As it has been widely 
accepted that early identification and early intervention is the 
major way to combat the spread of AD, the tool developed in 
the current study is expected to assist health workers in the 
early identification of MCI, thus allowing at-risk individuals 
to receive interventions as early as possible, thereby reduc-
ing the risk of AD. Because the disease burden of AD has 
been reported to be significantly increasing in many develop-
ing countries, the current study might provide a new way to 
predict cognitive decline, especially in a low-socioeconomic 
context.

Methods

Ethics Statement

The study protocol was approved by Anhui Medical 
University’s Institutional Review Board (No. 2020H011).

Design and Participants

Data from the Anhui Province Healthy Longevity Survey 
(AHLS) were extracted for analysis in the current study. 
Details of the AHLS were reported elsewhere.18 Briefly, the 
AHLS was designed to investigate the efficacy and feasibil-
ity of a behavior modification strategy for controlling major 
noncommunicable diseases among adults aged 60 years or 
older dwelling in Anhui Province, China. A multistage sam-
pling strategy was adopted to provide a representative sam-
ple. First, 4 cities, that is, Chuzhou, Lu’an, Xuancheng, and 
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Fuyang, were purposefully selected to represent the eastern, 
western, southern, and northern parts of Anhui Province, 
respectively. Then, 3 to 5 streets (for urban areas) or villages 
(for rural areas) were selected in each city. Finally, perma-
nent residents aged 60 years or older were invited to partici-
pate in this study. Recruitment stopped when the sample size 
of each city reached approximately 1500 people, with equal 
proportions of participants dwelling in urban and rural areas. 
Verbal informed consent was obtained from each participant 
prior to data collection, and data from 6211 eligible partici-
pants were collected from July to August 2019. The partici-
pants were excluded if they (1) had any missing data on 
cognitive function assessment (n = 203); (2) were not able to 
complete the grip strength test (n = 98) or did not report their 
perceived squat ability (n = 5); or (3) had missing data for any 
covariates (n = 512). Finally, 5393 participants were included 
in the analysis, resulting in a response rate of 86.83%.

The required sample size for developing predictive mod-
els for binary outcomes was estimated according to the prin-
ciple of at least 10 events for each included predictor.19,20 In 
the current study, to allow 15 predictors in the final multi-
variable logistic regression model, we estimated that at least 
466 individuals with MCI were needed. In the current study, 
1739 individuals with MCI were identified so that the devel-
opment of more robust models could be expected.

Cognitive Function Assessment

The widely used Mini-Mental State Examination (MMSE)21 
was employed as a cognitive function assessment instru-
ment for the participants in the current study. The assess-
ment had no time limit and a maximum score of 30, with a 
sensitivity and specificity of 79.8 and 81.3, respectively.22 
The pilot study showed that the MMSE had acceptable inter-
nal consistency (Cronbach’s α = .69).23 A previous study sug-
gested that MMSE performance might be largely influenced 
by education level; therefore, criteria based on different 
education levels were applied in the study. Specifically, the 
participants were classified into the MCI group if they were 
illiterate and had MMSE scores lower than 18, had 0 to 
6 years of education and MMSE scores lower than 21, or had 
more than 6 years of education and MMSE scores lower 
than 25.24

Handgrip Strength

Handgrip strength data were obtained by actual measure-
ment in this study and treated as continuous variables in the 
analysis. Handgrip strength was measured by a handgrip 
dynamometer by trained investigators. Participants were 
asked to sit in an upright position, with the measurement side 
elbow alongside their torso and their other arm relaxed. All 
participants performed 6 attempts (3 with each hand),25 and 
the highest value (in kg) was used for the data analysis. The 
dynamometers were calibrated before starting the study.

Self-Rated Squat Ability (SSA)

The self-rated squat ability of the participants was assessed by 
asking, “Do you have difficulty performing a squat motion 3 
times consecutively?” with the options being “No difficulty,” 
“With some difficulty,” or “Unable to perform.” The partici-
pants were divided into 3 categories according to their responses 
(without difficulty, with some difficulties, and unable).

Variable Selection

The variables selected in the model included sociodemographic 
characteristics (age,26 sex,27 residence located in rural or urban 
areas,28 education level,24 marital status,29 annual income30), 
known behavioral factors that might be related to cognitive 
function decline (such as smoking,31 alcohol consumption,32 
sleep quality,33 sedentary lifestyle,34 fruit consumption35), men-
tal status (depression36) and chronic conditions37 (overweight, 
diabetes,38 activities of daily living abilities39).

Age was self-reported by the participants and was included 
in the model as a continuous variable. Education level was 
divided into 3 categories (illiterate, 0-6 years and above 
6 years). Marital status was classified as married or other 
(including widowed, divorced, or never married). Participants’ 
annual income was divided into 3 groups (less than 6500 
RMB, 6500-24 000 RMB, and above 24 000 RMB). The 
activities of daily living abilities of the participants were 
assessed by the Barthel index of ADL (BADL39), with higher 
scores indicating better performance of daily living activity. 
The internal consistency of the BADL was acceptable in the 
pilot study (Cronbach’s α = .662). Smoking and alcohol con-
sumption status were included as dichotomous variables (cur-
rent smoker/drinker or current nonsmoker/nondrinker). Sleep 
quality over the past month was self-rated as “very good,” 
“good,” “bad” and “very bad.” Sedentary time was included 
as a continuous variable that reflected the participants’ daily 
physical activity. Body mass index (BMI) was calculated as 
weight in kilograms divided by the square of height in meters. 
Weekly fruit consumption frequency was included as a cate-
gorical variable (“less than 1 day per week,” “2-3 days per 
week,” “4-6 days per week” and “everyday”), as it has been 
reported to be related to cognitive function decline.35

Depression was evaluated by using the Patient Health 
Questionnaire (PHQ-940), which is composed of 9 questions 
related to the occurrence of depression symptoms in the past 
2 weeks. The total score ranged from 0 to 30, and a higher 
total score reflected more severe depression symptoms. The 
internal consistency of the PHQ-9 scale in the current study 
was appropriate (Cronbach’s α = .89).23

Statistical Analysis

A multivariable binary logistic regression was fitted to model 
the association of predictor variables with the presence of 
MCI. A combined modeling approach was established as 
follows:



4 INQUIRY

Model 1 included sociodemographic variables, behav-
ioral variables and handgrip strength. The model aimed to 
predict the role of upper limb function in the presence of 
MCI.
Model 2 included sociodemographic variables, behav-
ioral variables and self-rated squat ability. The model 
aimed to predict the role of lower limb function in the 
presence of MCI.
Model 3 included sociodemographic variables, behav-
ioral variables, handgrip strength and self-rated squat 
ability. The model aimed to predict the joint role of upper 
and lower limb functions in the presence of MCI.

We divided the original set into a development set and a 
validation set at a ratio of 7:3 and assessed the performance 
of the models according to discrimination, calibration, and 
reclassification. Receiver operating characteristic curves 
(ROCs) were used to distinguish individuals with MCI from 
those without MCI. The area under the curve (AUC) value 
was calculated to represent the discriminatory power of the 
model, and a larger value indicated a better discriminatory 
power to differentiate between participants who did and did 
not have MCI. The models with AUC values of 1 were 
regarded as “perfect,” and the models with AUC values 
higher than 0.7 were regarded as “good,” whereas the models 
with AUCs of 0.5 and below were regarded as “noninforma-
tive.” The Hosmer‒Lemeshow test (HL test) was used to test 
the calibration of the models. A p value greater than 0.05 
indicated a good fit between the predicted and actual mea-
surements, that is, the ability of the model to produce unbi-
ased estimation of the likelihood of the risk was good. 
Conversely, a P value less than .05 indicated a suboptimal fit. 
Model performance changes were evaluated by net reclassi-
fication improvement (NRI) and integrated discrimination 
improvement (IDI). The NRI is used to evaluate the perfor-
mance change in the number of individuals who are correctly 
classified by the new model compared with the old model. 
The IDI considers the different cut points and reflects the 
change in the difference between the predicted probabilities 
of the 2 models. Both the NRI and IDI suggest model perfor-
mance improvement, and values higher than 0 indicate posi-
tive improvement. In addition, decision-curve analysis 
(DCA) was also conducted to show the net benefits and 
interventions that were determined by the nomograms of the 
models. DCA curves were used to assess the applicability of 
the models.

As a sensitivity analysis, a k-fold cross-validation method 
was performed to verify whether the models were overfitted. 
The data in the development set were randomly split into 
k = 10 partitions, each of which accounted for 10% of the 
development set. Nine partitions were included in the train-
ing set, and the remaining partition was used as the test set. 
The procedure was repeated 10 times until each of the parti-
tions had been used as a test set. The method was performed 
to check model generalizability and to ensure that the model 
was not overfitted.41-44

All analyses were performed by using Stata 16.0 for 
Windows (Stata Corp, College Station, TX). The signifi-
cance level was set at P < .05.

Results

Model Development

The comparison of the distribution of variables between the 
development set and the validation set is shown in Table 1. 
The mean age was 71.00 years in the development set 
and 70.96 years in the validation set. Illiterate individuals 
accounted for nearly 50% of individuals in both sets (49.37% 
and 50.53%, respectively). A total of 61.03% of the partici-
pants in the development set and 59.75% of the participants 
in the validation set had annual incomes less than 6500 
yuan. The prevalence of MCI in the development set was 
32.43% (n = 1232), and the corresponding proportion in the 
validation set was 31.79% (n = 507). The mean grip strength 
was 21.32 kg in the development set and 21.27 kg in the vali-
dation set. More than half of the participants self-rated no 
difficulty regarding their squatting ability (54.90% and 
54.92% in the development set and validation set, respec-
tively). There was no significant difference in predictors at 
the individual level between the development set and vali-
dation set.

Model Discrimination and Calibration

Overall, the 3 models yielded good discrimination perfor-
mance (AUC = 0.719–0.732). Compared with Model 1 and 
Model 2, the AUC value was slightly higher in Model 3 
(Model 3 AUC values were 0.730 and 0.732 in the develop-
ment and validation sets, respectively) (Figure 1A-F).

Figure 2 shows the predicted risk of MCI compared to the 
observed risk. Overall, the results of the Hosmer–Lemeshow 
goodness-of-fit test showed nonsignificant differences (all 
P > .05) between the predicted risks and the observed risks 
in the 3 models, indicating good calibration in all 3 models 
(Figure 2A-F).

In the sensitivity analysis, the results of the 10-fold cross 
validation indicated that all 3 models had good discrimina-
tion without overfitting (Supplemental Figure 1A-C).

Model Comparison

The estimated NRI values were 0.3279 and 0.1862 in 
Model 3 when comparing Model 3 to Model 1 and Model 
2, respectively (both P < .01), indicating a significant 
improvement in the reclassification proportion in the com-
bined model. The IDI values were estimated as 0.0139 and 
0.0128 (both P < .001) when comparing Model 3 with 
Model 1 and Model 2, respectively. The DAC curves dem-
onstrated that Model 3 had the highest net benefit in the 
prediction probability of any of the 3 prediction models. 
Interventions guided by Model 3 had a higher net benefit 
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than those guided by Model 1 and Model 2 when the thresh-
old probability was between 0.1 and 0.8 in both datasets. 
(Supplemental Figure 2A).

Model Selection

In the comparison of the 3 models, Model 3 was found to 
have the best performance. The final expression of Model 3 
is shown as follows:

Table 1. Distribution of Predictor Variables in Development and 
Validation Set of Model Combined Handgrip Strength and Self-
Rated Squat Ability to Predict MCI.

Development 
set (n = 3798)

Validation set 
(n = 1595)

Sociodemographic factors  
Age(years) (mean, SD) 71.00 (7.09) 70.96 (7.02)
Marital  
 Married 2765 (72.80) 1165 (73.04)
 Unmarried 1033 (27.20) 430 (26.96)
Residence located in rural or 
urban areas (%)

 

 Urban 1870 (49.24) 786 (49.28)
 Rural 1928 (50.76) 809 (50.72)
Years of education (%)  
 0 1875 (49.37) 806 (50.53)
 0-6 1067 (28.09) 426 (26.71)
 >6 856 (22.54) 363 (22.76)
Individual annual income (%)  
 <6500 RMB 2318 (61.03) 953 (59.75)
 6500-24 000 RMB 860 (22.64) 386 (24.20)
 >24 000 RMB 620 (16.32) 256(16.05)
 BMI (kg/m²) (mean, SD) 24.19 (3.69) 24.24 (3.60)
Current smoker  
 Yes 796 (20.96) 346 (21.69)
 No 3002 (79.04) 1249 (78.31)
Current drinker  
 Yes 1487 (39.15) 614 (38.50)
 No 2311 (60.85) 981 (61.50)
With diabetes (%) 582 (15.32) 246 (15.42)
Sedentary time (h/day) (mean, SD) 4.34 (2.48) 4.28 (2.49)
Sleep quality (%)  
 Very well 806 (21.22) 309 (19.37)
 Well 2074 (54.61) 901 (56.49)
 bad 760 (20.01) 330 (20.69)
 Very bad 158 (4.16) 55 (3.45)
Weekly fruit consumption 

frequency (%)
 

 7 days 759 (19.98) 338 (21.19)
 4-6 days 346 (9.11) 149 (9.34)
 2-3 days 1049 (27.62) 440 (27.59)
 Less than 1 day 1644 (43.29) 668 (41.88)
PHQ-9 score (mean, SD) 3.69 (4.31) 3.71 (4.33)
BADL score 87.64 (8.62) 87.82 (8.44)
Self-rated squat ability (%)  
 No difficulty 2085 (54.90) 876 (54.92)
 With some difficulty 1054 (27.75) 440 (27.59)
 Unable to perform 659 (17.35) 279 (17.49)
Handgrip strength (kg) (mean, SD) 21.32 (9.16) 21.27 (8.85)
Mild cognitive impairment (MCI) 1232 (32.43) (31.79)

i

p

i ix
=

∑ ≈
0

β 0.04 * age + 0.26 × residence located in rural 

or urban area −0.26 × income −0.01 × gender + 0.78 ×  
10−4 × BADL + 0.31 × 10−4 × BMI + 0.01 × diabetes + 
 0.02 × PHQ-9 score + 0.08 × fruit consumption frequency 
 + 0.02 × education + 0.11 × marital status −0.17 × 10−4 ×  
drinking −0.02 × smoking −0.17 × 10−4 × sedentary hours  
+ 0.05 × sleeping quality + 0.40 × self-rated squat ability  
−0.04 × grip strength −4.57

P
X

i

P

i i

 =
+ −


 




=∑
1

1
0

exp β

Note: continuous variables: age, BADL score, BMI, hand-
grip strength, PHQ-9 score, sedentary hours; categorical 
variables: residence located in rural or urban area 
(urban = 1*, rural = 2*), income (less than 6500 RMB = 1, 
6500-24 000 RMB = 2 and more than 24 000 RMB = 3), 
gender (male = 1, female = 2), diabetes (yes = 1, no = 0), 
weekly fruit consumption frequency (7 days = 1, 4-6 days = 2, 
2-3 days = 3, less than 1 day = 4), education (illiteracy = 1, 
0-6 years = 2, above 6 years = 3), marital status (married = 1, 
other = 2), drinking (current = 1, noncurrent = 0), smoking 
(current = 1, noncurrent = 2), sleeping quality (very well = 1, 
well = 2, bad = 3, very bad = 4), self-rated squat ability (with-
out difficulty = 1, with some difficulties = 2, and unable = 3)

Discussion

In the current study, we developed 3 MCI prediction models 
for identifying individuals with MCI and validated the perfor-
mance of the 3 models by using a large and representative 
sample of older Chinese adults. The results of our current 
study suggested that models with combined upper and lower 
limb function predictors had better performance in predicting 
MCI. The data for the variables that were included in the final 
model could be easily obtained, and the full risk equation was 
also reported so that the model could be validated and applied 
in practice in similar settings. To our knowledge, this study is 
the first to model upper limb function (handgrip strength) and 
lower limb function (Self-rated squat ability) to predict MCI.

Many previous studies have indicated correlations between 
upper and lower limb function and cognitive decline, the 
conclusions of which are consistent with our findings.5,6,11,45 
However, studies that simultaneously included indicators of 
upper and lower limb function to predict cognitive function 
decline are still very rare. A study reported correlations 
between fore-finger tapping and toe-tapping performance 
with the MMSE score; however, the requirements for spe-
cific instruments and trained professionals were relatively 
high.46 In the current study, we employed handgrip strength 
and Self-rated squat ability to reflect upper and lower limb 
function, respectively. The simplicity and economy of data 
collection give our predictive models more potential to be 
applied in a low-socioeconomic context.
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Figure 1. Receiver operating characteristic curves for the development set and the validation set of 3 prediction models. These models 
adjusted age (continuous), residence located in urban or rural areas (urban and rural), marital status (married and unmarried), income 
(lower 6500 RMB, 6500-24 000 RMB and more than 24 000 RMB), education (illiteracy, 0-6 years and above 6 years), BMI (continuous), 
drinking (current, noncurrent), smoking (current, noncurrent), diabetes (yes or no), sedentary time (continuous), sleeping quality (very 
well, well, bad and very bad), weekly fruit consumption frequency (7, 4-6, 2-3 days and less than 1 day), PHQ-9 scores (continuous), 
BADL (continuous), self-rated squat ability (no difficulty, with some difficulty and unable to perform), handgrip strength (continuous): 
(A) handgrip strength (development set), (B) handgrip strength (validation set), (C) self-rated squat ability (development set), (D) self-
rated squat ability (validation set), (E) handgrip strength and self-rated squat ability (development set), and (F) handgrip strength and 
self-rated squat ability (validation set).
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Figure 2. Calibration curves for the development set and the validation set of 3 prediction models. These models adjusted age 
(continuous), residence located in urban or rural areas (urban and rural), marital status (married and unmarried), income (lower 6500 
RMB, 6500-24 000 RMB and more than 24 000 RMB), education (illiteracy, 0-6 years and above 6 years), BMI (continuous), drinking 
(current, noncurrent), smoking (current, noncurrent), diabetes (yes or no), sedentary time (continuous), sleeping quality (very well, 
well, bad, and very bad), weekly fruit consumption frequency (7, 4-6, 2-3 days, and less than 1 day), PHQ-9 scores (continuous), BADL 
(continuous), self-rated squat ability (no difficulty, with some difficulty and unable to perform), handgrip strength (continuous): (A) 
grip strength(development set), (B) grip strength (validation set), (C) self-rated squat ability (development set), (D) self-rated squat 
ability (validation set), (E) grip strength and Self-rated squat ability (development set), and (F) grip strength and Self-rated squat ability 
(validation set)
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Among the many metrics that have been developed to 
assess the discrimination of prediction tools, the AUC is the 
most traditional and widely applied, as it can address the 
discrimination ability of the model simply and directly. 
However, AUC has been criticized because correct or incor-
rect diagnostic classifications or the absolute number of 
event cases can hardly be provided. Additionally, the AUC 
improvement in absolute value is often very small, even for 
better models.47 Our results showed that the predictive accu-
racy (assessed by AUC) was not significantly increased in 
the combined model; however, the NRI and IDI values sug-
gested a significant improvement in the performance of the 
combined prediction model compared with the models with 
upper or lower limb function only.

The link between limb function and cognition might be 
explained by the impact of the central nervous system. 
Cognition and motor control share some common brain net-
works; for individuals who are cognitively impaired, their 
brain networks may be overloaded when facing the complex 
tasks of cognitive responses and functional mobility.48,49 
Thus, impairment of the central nervous system can lead to 
defects in both motor (eg, limb function) and cognitive 
functions.45 Another explanation might be the hemodynamic 
alteration of the blood supply to the brain. People with poor 
limb function usually have reduced venous return, resulting 
in insufficient vertebral perfusion and further leading to cog-
nitive function decline.50-52

The present study has many strengths. First, the predic-
tion tool was developed with a representative sample of 
older Chinese adults. The representativeness of the sample 
was guaranteed by the multistage sampling strategy and the 
large sample size. Geographical and urban‒rural differences 
were considered, and the response rate was high (86.83%). 
Some risk prediction tools (eg, ANU-ADRI53) for the detec-
tion of AD or MCI have been developed, but such tools 
might not be suitable for older Chinese adults. For example, 
fish intake has been used as a predictor in ANU-ADRI; 
however, the intake of fish (especially fatty fish) is generally 
low among Chinese adults.54 Second, the data of variables 
included in the model developed in the current study can be 
obtained without specialized laboratory facilities. Wang et 
al developed an effective risk prediction model for MCI 
among older Chinese adults; however, it might not be suit-
able for population-based screening since it included clini-
cal measures.55 Therefore, the prediction model in the 
current study is relatively economic and convenient and can 
be easily applied, especially in economically underdevel-
oped communities.

However, the current study still has limitations. First, our 
model can only predict the presence of MCI due to the cross-
sectional design. Longitudinal studies should be conducted to 
verify the prediction ability of such variables for incident MCI 
in the future. Second, in the current study, lower limb func-
tion was assessed by self-rated squat ability, and it might 
be over- or underestimated. Actual measurements are usu-
ally considered more accurate; however, they might not be 

precisely measured without a trained health worker and 
instruments. For example, for measuring FTSS, some research-
ers have even suggested using smartphones and body-worn 
inertial sensors to enable precise and objective movement 
measurements.56,57 Additionally, actual measurements might 
not be appropriate for all individuals. For example, those who 
are suffering chronic pain, loss of physical function or mental 
disability tend to be excluded from the measurements. As an 
alternative, individuals’ perception of lower limb function had 
moderate to high consistency with the actual performance.58-62 
For example, a previous study suggested that a single-item 
self-rated question of physical function could be a useful tool 
to identify variation in measured fitness,63 indicating the valid-
ity of the Self-rated squat ability, which was used for this 
study. Finally, some factors (eg, genetic and biochemical indi-
cators) that may influence MCI were not included in the pre-
diction model. However, specialized instruments are needed 
for those tests so that their practical application might be lim-
ited. Despite the fact that those factors were not included, the 
general performance of the prediction model was good, so the 
ability of the predictive model to specify individuals with and 
without MCI can be guaranteed.

Conclusions

In summary, in the current study, we established an early MCI 
identification tool by combining a set of indicators, including 
upper limb function (handgrip strength) and lower limb func-
tion (self-rated squat ability), via a clinical prediction model-
ing strategy. This prediction model included variables that 
could be easily measured without the requirement of expen-
sive and complicated instruments, so it has the potential to be 
utilized in socioeconomically deprived communities for 
screening MCI. Since early identification and intervention of 
MCI is essential to combat the spreading of AD, the present 
study suggests the utilization of the aforementioned model to 
identify individuals with MCI as early as possible, although 
this model should be further verified in some other popula-
tion, especially in some appropriate longitudinal cohorts.
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