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Abstract
The relation between Body Mass Index (BMI) and cognitive function in the elderly was found conflictory in studies 

of western samples and under-explored in mainland China. This study explored the relation with a sample of 447 
older adults from Wuhan, central China. Cognitive function was measured with the Chinese version of Montreal 
Cognitive Assessment (MoCA). A mixture modeling revealed that BMI was negatively related to cognitive function 
only in a small proportion of the sample, who averaged highest in age but lowest in education and BMI. Practical 
implication of this finding was discussed. 

*Corresponding author: Chongming Yang, Brigham Young University, Provo,
Utah, USA, Tel: 801-422-4636; E-mail: chongming_yang@byu.edu

Received June 12, 2017; Accepted July 11, 2017; Published July 14, 2017

Citation: Yang C, Hu H, Wang L, Ai Y, Ren H, et al. (2017) Body Mass Index Is 
Related to Cognitive Function in Chinese Older Adults: So What? J Gerontol 
Geriatr Res 6: 437. doi:10.4172/2167-7182.1000437

Copyright: © 2017 Yang C, et al. This is an open-access article distributed under the 
terms of the Creative Commons Attribution License, which permits unrestricted use, 
distribution, and reproduction in any medium, provided the original author and source 
are credited.

Keywords: Body mass index; Montreal cognitive assessment (Moca); 
Mixture modeling

Introduction 
Accumulating studies have explored the relation of body mass index 

(BMI) to cognitive function (CF) in elderly populations of western 
countries. Inconsistent relations, however, have been found between 
BMI and CF in the elderly [1]. Some studies found a negative relation 
[2-5]; others found a positive relation [6,7]; while some studies found 
no relations [8]. As for the negative relations, it is also noteworthy that 
lower BMI could lead to impaired CF [9,10]. In addition, the relation 
differed across ethnic groups [11], in that the negative relation was 
found in a white sample and an only overweight African American 
sample, but a positive relation was found in the Hispanic sample. 
With such conflictory findings, it was difficult to ascertain what the 
relation could be in mainland Chinese older adults, among whom the 
prevalence of impaired CF appears to be increasing [12].

In mainland China, studies that explored the relation of BMI to 
cognitive function were limited in number and complicated in their 
findings. One study found that odds of CF impairment were higher 
in overweight respondents compared to normal ones [13]. The other 
study did not find any mean differences in the cognitive function 
was measured with Mini Mental State Examination (MMSE) among 
different groups of waist-circumferences, although the conclusion was 
equivocal [14]. It was not clear to what extent that any of the patterns 
could be replicated with other samples from mainland China. 

The inconsistent findings mentioned above might be ascribed 
to methodological variations and the true causal mechanism. 
Methodological variations in the aforementioned studies involved 
sampling (i.e., normative large samples vs. small clinical samples, cross-
sectional vs. longitudinal), statistical treatment of BMI (i.e., continuous 
raw scores, categorized, or dummy-coded), measurement of cognitive 
functions (i.e., different CF scales), and inclusion of different covariates 
in models. 

The causal mechanism of BMI to impaired CF has been implicitly 
or explicitly presumed in many studies, with high BMI as a risk factor 
of impaired CF [15]. However, a direct causality from high BMI to 
impaired CF has not been supported by genetic studies, as indicated 
by findings of seven common genetic variants for both traits and a 
large genetic correlation (r=-0.51); [16]. With such a strong genetic 
predisposition for both BMI and impaired CF, the relation of BMI to 
CF might have been misconceptualized as causal and thus difficult 
to be consistent in the findings. Instead, it might better be conceived 
as a comorbidity and the result of genes-environment interaction in 

a broader perspective. Therefore, the relation may be expected to be 
more observable in the overweight population, in whom both traits 
have manifested to various extents [8,17]. 

Low BMI in the other extreme could also be related to impaired CF. 
Some studies examined the nutritional status of elderly either in term 
of BMI or measures of nutrition and found that those with moderate 
or severe cognitive impairment also had higher risks of malnutrition 
[15,18-20] Although it was difficult to determine from these studies, 
there is good reason to consider that malnutrition caused cognitive 
impairment, as many nutritional elements are needed in biochemical 
processes [21]. 

Analytically, studies of the BMI-CF relations at the behavioral/
psychological level might be more revealing, if participants of over- 
or under-weight are examined separately from normal ones, as has 
been referred to as the person-centered approach [22,23]. As opposed 
to a variable-centered approach that primarily examines the relations 
of variables, a person-centered approach identifies heterogeneous 
subgroups (also referred to as classes) and examines the variable relations 
in each subgroup, known as mixture modeling [24]. If variable relations 
differ across identified subgroups, complicated interactions exist among 
the covariates that predict the classes and the focal exogenous variable 
[25].  Thus, mixture modeling can reveal complicated interaction 
effects by identifying heterogeneous subsamples, which might display 
a relation of comorbid undesirable BMI and CF. 

This study was thus aimed to explore the relation of BMI to CF 
in another Chinese sample drawn from Wuhan, a large city in central 
China. Given the common genetic basis for both BMI and CF, we 
hypothesized that the relation of BMI to CF would be identified only in 
a subgroup of the participants who might be in the high end of BMI and 
combinations of different levels of the covariates. This study differed 
from previous studies in China, in that we applied mixture modeling to 
the data to identify potential heterogeneous subsamples with potential 
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different relations of BMI to MoCA. The proposed graphic model is 
depicted in Figure 1 below.

In the graphic model above, latent class in the oval is a categorical 
hypothetical variable that classifies the sample into different 
heterogeneous groups (classes). The covariates affect the latent class 
variable (the class membership) of the participants. CF is a latent 
variable measured with items of the Chinese Version of Montreal 
Cognitive Assessment (MoCA). 

Materials and Methods
Participants 

A total of 447 senior community residents participated in the study, 
with 39.6% male and 60.4% female. The participants were respectively 
aged 60-65 (30.2%), 65-69 (23.9%), 70-75 (19.2%), 76-80 (15.9%), and 
above 80 (10.7%). Education of the participants included “no schooling 
or below elementary school (11.4%), elementary school level (22.8%), 
middle school level (34.0%), high school or vocational school (24.8%), 
college and above (6.9%). In addition, 13.2% of the participants were 
living alone at the time of the data collection, while the other 86.8% were 
living with spouses or other family members. Before retirement, 35.3% 
of the participants were employed in the physical labor force, while the 
rest of the sample (64.7%) were mental-labor workers. Monthly incomes 
of the participants in Chinese currency were respectively below ¥1000 
(3.6%), ¥1000-¥1999 (17.7%), ¥2000-¥2999 (56.4%), ¥3000-¥4000 
(17.0%), and above ¥4000 (5.4%). About 32.0% participants reported 
to have one hobby, while 68.0% had two or more hobbies. About two-
thirds (66.4%) of the participants reported a history of a certain disease 
(i.e., renal or hepatic insufficiency, drug abuse, or unspecified), while 
33.6% of the participants reported no history of any disease. 

Sampling 

Stratified sampling was adopted for this study. First, three districts 
were selected out of 13 districts of Wuhan City. Second, 13 communities 
within the three districts were selected to respectively represent central 
urban, urban fringe, and suburban communities. Participants in this 
study were screened out from these communities to meet the following 
criteria: (1) age ≥ 60; (2) having sufficient vision and hearing for neural 
and mental tests; (3) being willing to be assessed in CF and biomedical 
conditions; (4) without CF impairment caused by serious heart, liver, 
kidney, or other diseases. 

Measurement 

Cognitive function was measured with the Beijing Chinese version 
of Montreal cognitive assessment [26]. The culturization of MoCA is 
mainly a substitution of English letters and words with Chinese words. 

BMI was calculated with body weight in kilogram divided by the 
squared height in meter. Using cut-off schemes for Asian populations 
[27], we categorized BMI into four groups (<18.5=1, 18.5 to 23.0=2, 
23.0 to 27.5=3, >27.5=4). 

Analysis

Confirmatory factor analysis of MoCA was first conducted with the 
whole sample to examine the measurement properties of the MoCA 
scale. In the second step, a mixture structural equation modeling 
was carried out, with MoCA as the endogenous latent variable and a 
categorized BMI as the observed exogenous variable. This modeling 
technique will identify heterogeneous subgroups that would differ the 
relation of BMI to MoCA. The following variables were specified as the 
predictors of the latent class variable, age (60 to 65=1, 65 to 69=2, 70 to 
75=3, 76 to 80=4, >80=5), gender (male=0, female=1), education (no 
schooling=0, elementary school=1, middle school=2, high or technical 
school=3, associate degree or above=4), occupation (manual labor=0, 
mental labor=1), and disease history (no=0, yes=1). 

Four mixture models (respectively of 1 through 4 classes) were 
estimated and compared in terms of information criteria and entropy. 
The best model, which was favored by lowest information criteria and 
highest entropy, was selected for the final report. Vuong-Lo-Mendell-
Rubin Likelihood Ratio Test (LRT) and Adjusted Lo-Mendell-Rubin 
Likelihood Ratio Test (ALRT) indicate whether model of k number of 
classes significantly fit the data better than a model of with k-1 classes. 

Results
Confirmatory factor analysis of MoCA

The measurement model of MoCA fit the data well, with χ2
(54)=81.33, 

p<0.01, CFI=0.98, TLI=0.98, RMSEA=0.03. Factor loadings of items 
are listed in Table 1 below. The low load factor of words recalling (5b) 
indicates that word recalling was not sensitive in reflecting the level of 
CF, which needs validation without other studies for improvement. The 
reliability of the scale based the variance was ω=0.86.

Mixture modeling 

The information criteria, entropy, and likelihood ratio tests are listed 
in Table 2 below. The Bayesian Information Criteria (BIC) has been 

Figure 1: Profiles of three classes.

Dimension and item No. Item description Factor loading

Visuospatial 
or executive

1a Trace number and time words 0.70
1b Copy a picture of cubic 0.67
2 Draw a clock 0.72

Naming 3 Name animal pictures 0.52

Attention 
4a Repeat numbers forward and 

backward 0.54

4b Read a long number 0.68
4c Subtract 100 by 7 0.67

Language
5a Repeat sentences 0.57
5b Generate words 0.25

Abstraction 6 Find similarity between two things 0.64
Delayed 
recall 7 Delayed recall of words 0.52

Orientation 8 Tell current time and location  0.54

Table 1: Item contents of MOCA and factor loading.
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found to perform generally better than other information criteria, such 
as Akaike (AIC) or sample-size adjusted BIC [28]. The BIC suggested 
that the three-class model is slightly than the two- or four-class model. 
Based on the smallest Bayesian information and interpretability of the 
result, we chose the three-class model as the optimal for the report. The 
model identified 10.8% of the participants for the first class, 51.1% for 
the second, and 38.1% for the third. The mean of MoCA was respectively 
11.55 for class 1, 16.50 for class 2, and 22.6 for class 3. 

Note: AIC=Akaike Information Criterion; BIC=Bayesian 
Information Criterion; ABIC=Sample-size adjusted BIC. 

BMI was found related to MoCA in the first class of the three-class 
model (β=-0.43, p=0.02), but not in the second class (β=0.02, p=0.88) 
or the third class (β=0.04, p=0.82). For the sake of discussion, BMI was 
not found related to MoCA in the one class model (β=-0.01, p=0.73). 

The effects of the covariates on the latent class variable are listed in 
Table 3 below, as in a multinomial logistics model with Class 1 being the 
reference category. The large effect sizes were due to the small size of class 
1, the multicollinearity of these covariates, and the default treatment of 
the discrete covariates as continuous. The significance of these effects 
suggests that these covariates contributed to the differentiation of the 

three classes, especially between classes 1 and 2. Specifically, classes 1 
and 2 differed in all these covariates, while classes 1 and 3 differed only 
in gender, age and number of hobbies. 

The three classes are profiled in Figure 2 below, in terms of the 
average levels of the covariates. Besides small differences in the 
covariates across the three classes, the most striking differences were 
in age, education, and monthly income. Class 1 had the highest age but 
lowest education and BMI, while class 3 had the lowest age, medium 
BMI, and highest the education. Class 2 was in the middle levels of age 
and education. 

Discussion
We had hypothesized that the relation of BMI to CF was 

observable in extreme subsamples of BMIs, particularly in high BMI 
participants. Contrary to this hypothesis, only in the highest age and 
lowest education and BMI could a negative relation be found. No 
significant relation could be identified in either the whole sample or a 
high BMI group. Identifying a such group with specific demographic 
characteristics might shed some lights for intervention and preventions 
of mild impairment of CF. 

The findings of this study seemed to suggest that a small 
proportion of the elderly might enrich their diet to improve their 
cognitive functions, instead of intentionally keeping underweight 
Figures. Underweight in old age could imply that the older adults are 
undergoing certain diseases, malfunctions of nutrient absorption, or 
simply malnutrition. Given that our sample was selected to have no 
serious diseases and the statistical modeling has controlled for disease 
history, this small proportion of the sample could have suffered from 
malnutrition, as indicated by their relatively lowest CBMI. The finding 
was consistent with studies that examined the relation of nutrition to 
cognitive functions in the older adults [15,18-20,29] and findings that 
overweight is unnecessarily related to impaired CF [30]. There are 
two possible explanations for their underweight. First, their lowest 
educational level might not have empowered them to obtain well-
balanced nutritious diets. Another might be their intentional restraints 
from proper amount of diets, because of compliance to the platitude 
that “money cannot buy slimness in old age” in the Chinese culture. In 
any case, under-weight plus low education might be of serious concern. 

Analytically, had we taken the variable-centered the approach to 
analyze the data, we could have concluded that BMI was not related to 
CF, as also would be consistent with some of the previous null findings 
in western countries and in China. With this approach to analyzing the 
data, the relation of BMI to MoCA might best be interpreted as the 
synergy of multiple variables, especially age, education, and BMI. From 
a heredity-environment interaction perspective, the environmental 
influence on the comorbidity of undesirable BMI and impaired CF 
should not be underestimated and discourage any feasible attempts to 
prevent and intervene BMI. 

Conclusion
This study is limited in the following aspects. First, the data were 

collected cross-sectionally without any temporal precedence and the 
study has not probed into the genetic or biomolecular level, thus any 
causal relation could not be firmly concluded. Second, other aspects 
of life of the elderly have not been examined, so the practical meaning 
of this low BMI and impaired CF cannot be extended. Future, studies 
may apply longitudinal designs to examine to what extent the quality of 
life of the low BMI older adults may have been reduced concomitantly 
or subsequently, as it is the ultimate in the older adults. In conclusion, 

AIC BIC ABIC Entropy LRT ALRT
One 
class 15352.38 15590.32 15406.26

Two 
classes 8386.17 8603.49 8435.29 .81 207.62  

p<0.01
204.57
p<0.01  

Three 
classes 8336.03 8598.45 8395.34 .80 72.15  

p=0.02
71.09

p=0.02  
Four 

classes 8298.81 8606.34 8368.32 .93 71.58  
p<0.01

70.53
p<0.01  

Table 2: Comparison of two-class with three-class model.

Class 1 vs. Class 2 Class 1 vs. Class 3
Gender 134.17** 132.99**

Age -98.12** -97.26**
Living status 44.27** 43.16

Vocation prior to 
retirement -49.14** -50.09

Education 162.66** 160.59
Monthly income 11.71** 11.49

Hobby 124.99** 124.57
History 15.89** 15.17

Table 3: Effects of covariates on class membership-multinomial logistic regression. 
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low BMI is related to cognitive functions in a small proportion of some 
older adults in China. Preventions of impaired CF may be designed 
accordingly. 
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