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Abstract: The main aim of the study is to validate the factor structure of the Mini-Mental 
State Examination (MMSE) of China’s older population using the Chinese Longitudinal 
Healthy Longevity Survey. The validation process used the exploratory factor analysis (EFA) 
to determine the number of dimensions of MMSE, the confirmatory factor analysis (CFA) to 
confirm the factorial structure of MMSE, and the factorial invariance to conclude the factor 
structure does not differ between the young-old (aged 65 – 79) and old-old (aged 80 or older). 
The results of the EFAs suggested two possible factor structures: A six-factor and a seven-factor 
solution. The seven-factor confirmatory factor model turned out as the best fit by comparison to 
the four competing confirmatory models. Strict factorial invariance was attained for the two age 
groups, indicating a high level of measurement equality, a property of invariance was seldom 
achieved in the literature of factorial invariance studies. In comparison to the MMSE literature 
that focused solely on EFA that aims to establish a single summated score, the present study 
suggests using EFA, CFA, and factorial invariance that takes into consideration of measurement 
errors as the preferred procedure since it establishes the appropriate MMSE dimensionality that 
is in line with their respective cognitive functions.

Keywords: Mini-Mental State Examination; Validation; Exploratory factor analysis; 
Confirmatory factor analysis; Factorial invariance

1. Introduction
The cognitive function represents an important health dimension of older adults, which 
significantly affects their physical health, well-being, and mortality (Hsieh, Wu, Wang, 
et al., 2021; Langa, Llewellyn, Lang, et al., 2009; Park, Kwon, Jung, et al., 2012; van 
der Meulen, Irven, Bakunina, et al., 2021). The Mini-Mental State Examination (MMSE) 
was first introduced by Folstein et al. (1975) more than 40 years ago to measure cognitive 
performance. Since then, MMSE was widely used and has been accepted as an overall 
measure of cognitive impairment in clinical, research, and community settings. The MMSE 
is nowadays a widely used test of cognitive function among older adults. Its usability and 
applicability were well noted in social and medical research as a short screening tool, 
especially for older adults at risk of mild cognitive impairment (Folstein, Folstein, and 
McHugh, 1975; Lezak, Howieson, and Loring, 2004), screening the risk of dementia and 
Alzheimer’s disease (Burke, Grudzien, Burgess, et al., 2021; Mitchell, 2009; Arevalo-
Rodriguez, Smailagic, Roqué-Figuls, et al., 2021; Shigemori, Ohgi, Okuyama, et al., 2010).

International Journal of Population Studies

ARTICLE INFO

Received: February 23, 2022 
Accepted: May 17, 2022 
Published: June 8, 2022

*CORRESPONDING AUTHOR

Teck Kiang Tan, 
Institute for Applied Learning 
Sciences and Educational 
Technology, National University 
of Singapore, Singapore. 
alsttk@nus.edu.sg

CITATION

Tan TK, Feng Q. (2022). 
Validity and reliability of Mini-
Mental State Examination in 
Older Adults in China: Inline 
Mini-Mental State Examination 
with cognitive functions. 
International Journal of 
Population Studies, 8(1):1-16.  
doi: 10.18063/ijps.v8i1.1285

Copyright: ©2022 Tan 
and Feng. This is an Open 
Access article distributed 
under the terms of the 
Creative Commons 
Attribution-Non Commercial 
4.0 International License 
(http://creativecommons.org/
licenses/by-nc/4.0/), permitting 
all noncommercial use, 
distribution, and reproduction 
in any medium, provided the 
original work is properly cited.



Validity and reliability of Mini-Mental State Examination in older Chinese

2  International Journal of Population Studies | 2022, Volume 8, Issue 1

The MMSE specifies a list of cognitive domain functions as an inventory that contains items to measure them which 
include orientation, registration, attention, calculation, spelling, recall, delayed recall, naming, repetition, verbal and 
written comprehension, and visuospatial capability (Davey and Jamieson, 2004; Folstein, Folstein, and McHugh, 1975; 
Reilly, Challis, Burns et al., 2004; Shulman, Herrmann, Brodaty, et al., 2006). The past studies that investigated the 
factorial structure of MMSE remained unsettled about its dimensionality. These studies did not show the alignment 
between the domain functions to the MMSE items about the dimensionality it is supposed to form and normally ended up 
with a lower dimension, not in line with the theoretically expected dimension (Folstein, Folstein, and McHugh, 1975; Park, 
Kwon, Jung, et al., 2012; Shigemori, Ohgi, Okuyama, et al., 2010; Tinklenberg, Brooks, Tanke, et al., 1990). The first 
study on MMSE factorial structure in the literature indicated a two-factor structure with the first factor including attention/
concentration, language, and constructional praxis, and the second comprising time-space orientation and delayed recall 
(Fillenbaum, Heyman, Wilkinson, et al., 1987). Three years later, similar results of a two-factor solution were established 
with the first factor including writing, naming, immediate memory, reading a sentence, and verbal comprehension, and 
the second factor including constructional praxis, delayed recall, temporal orientation, attention/concentration, and spatial 
orientation (Tinklenberg, Brooks, Tanke, et al., 1990). The non-alignment of the MMSE items to the cognitive functions 
was clearly shown by these two studies that the MMSE items within the two factors differed. The number of dimensions 
increased in the later year publication to three factors (Shigemori, Ohgi, Okuyama, et al., 2010). While the number of 
factors was not a straightforward solution empirically, the number of dimensions also differed within a study between the 
control and experimental groups (Baek, Kim, Park, et al., 2016), and some ignored the determination of dimensionality 
procedure and directly used the domain MMSE summated subscores (e.g., Park, Kwon, Jung, et al., 2012).

The exploratory factor analysis (EFA) was the main approach in the MMSE validation literature to determine the number 
of factors for the MMSE inventory and the main statistics used was the percentage of variance explained (e.g., Shigemori, 
Ohgi, Okuyama, et al., 2010). This statistic explains the level of variances that could be extracted from an MMSE 
inventory, however, it does not point out whether the number of dimensions is statistically and theoretically appropriate. 
Choosing a higher level of variance explained will end in a higher dimension and vice versa. This statistic easily allows 
an arbitrary decision in determining the dimension. Theoretically, a prior expectation about the dimensionality should be 
decided before starting a study such as recall and visuospatial capability which are most probably two separate factors. 
Using the appropriate and developed statistical procedures that have been established in the measurement literature to 
determine the dimensionality of MMSE were also absent from the MMSE validation literature. These developments 
include the Velicer’s MAP criteria (Lim, Li, Xie, et al., 2019; Velicer and Jackson, 1990), the Horn’s parallel analysis 
(Dinno, 2009; Garrodp, Abad, and Ponsoda, 2013; Hayton, Allen, and Scarpello, 2004; Horn, 1965), the very simple 
structure (VSS) criterion (Revelle and Rocklin, 1979), various information criteria, and approaches such as BIC and 
sample adjusted BIC (Schwartz, 1978; Sclove, 1987).

EFA to establish the number of dimensions is the preliminary step in a validation process. Further incorporating 
confirmatory factor analysis (CFA) and the factorial invariance test into the validation procedure were already established 
in the fields of measurement, psychology, and education (Bollen and Lennox, 1991; Brown, 2006; Liau, Chow, Tan, et 
al., 2010; Lane, Anderson, Ponce, et al., 2012) and acknowledged as part of the validation process. That is, after EFA, 
CFA should be carried out to confirm the structure of an inventory. Providing the fit of a hypothesized CFA model and 
comparing it with competing CFA models are part of the validation procedure to ensure that the best fitted CFA is chosen 
(Brown, 2006; Jackson, Gillaspy, and Purc-Steogebsib, 2009; Liau, Chow, Tan, et al., 2010). The factorial invariance 
further confirms if the chosen CFA model is applicable in various controlled conditions. The reliability and validity of 
measurements on the health of older adults were constantly a concern (Gu, 2005). Due to the major health disparity 
between young-old (aged 65 – 79 years old) and oldest-old (aged over 80 years old), it is desirable to check the factorial 
invariance of these two major age groups. The factorial invariance testing was carried out in this study to make sure 
the MMSE psychometric properties for both the young-old and old-old age groups were invariant. After the best fitted 
confirmatory factor model was chosen, four factorial invariance tests were carried out to ensure there is no inequality in 
their factor structure and form despite their declining health conditions (Putnick and Bornstein, 2016; Revuelta, Franco-
Martinez, and Ximénez, 2021; Schürer, van Ophuysen, and Behrmann, 2021).

The main purpose of this study is to find out the MMSE factorial structure of China’s older population using the 
Chinese Longitudinal Healthy Longevity Survey (CLHLS). While the reliability and validity of MMSE have been carried 
out for each wave of the CLHLS using EFA (Gu, 2005; CLHLS, 2020), the present paper is to reveal the factor structure 
of MMSE from a more refined methodological base. Using the most recent 2018 wave of the CLHLS, this study carried 
out EFA and CFA, further examined the factorial invariance for the young-old and old-old, and reported reliability levels 
with the consideration of the binary nature of the data, using an appropriate estimation method.
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2. Data and Methods
2.1. Data Sources
The data were extracted from the CLHLS, which is a national longitudinal survey of Chinese older adults. The CLHLS 
started in the year 1998 and accomplished a total of eight waves in 1998, 2000, 2002, 2005, 2008/2009, 2011/2012, 2014, 
and 2018/2019. More details about the survey were published in the literature (Gu et al., 2021). The present study used 
the most recent wave in the year 2018/2019. The 2018/2019 wave had 15,896 older adults. For the purposes of this study, 
7603 respondents were dropped for missing values in any of the MMSE items, which led to a sample size of 8293 older 
adults. As the sample size is large after deletion, it has little effect on the validation results. All participants involved in the 
survey consented to take part in the survey, including answering the MMSE items. The sample was further divided into the 
young-old aged 65 – 79 and the oldest-old aged 80+, with the former consisting of 4751 and the latter having 4118 persons.

2.2. Measures for MMSE Inventory
The MMSE inventory contained 23 items (Folstein, Folstein, and McHugh, 1975). The CLHLS developed a Chinese 
version of the MMSE, similar to that of Yi and Vaupel (2002), with revised items that take into account the Chinese 
cultural and socioeconomic context making the items easily understandable and practically answerable. These items 
comprise the components to measure orientation to time, place, and season, short registration, delayed registration, 
calculation, instruction, visualization, attention, and language. The content, construct, and concurrent validities were 
covered in the various waves of CLHLS which were not repeated in the present paper (e.g., Gu, 2005). The usual practice 
of CLHLS users tended to sum up these items for a score ranging from 0 to 30. In the present paper, all the 23 items were 
categorized as binary.

2.3. Procedure of Validation
The validation process is broadly breakdown into three major stages: First, EFA to determine the number of dimensions; 
second, CFA to obtain the best factor structure of MMSE; and last, factorial invariance testing to examine the degree of 
invariance concerning age. These three steps are elaborated on in the following three subsections. The various functions 
from the software package R were used for analyses.

2.3.1. EFA

EFAs were carried out to determine the number of dimensions and the factor structure of MMSE. First, factorability was 
carried out to assess the adequacy of carrying out factor analysis. Bartlett test of sphericity (Bartlett, 1951) and Kaiser–Mayer–
Olkin (KMO) measures of sampling adequacy (MSA) (Kaiser, 1970; Kaiser and Rice, 1974) were generated to provide 
the evidence of factorability of factor analysis, indicating the adequacy for carrying out the factor analysis and providing 
evidence about the sufficient numbers of significant correlations among the 23 MMSE indicators to justify undertaking factor 
analysis (Pett, Lackey, and Sullivan, 2003). For individual MMSE items, individual MSA was reported. Function KMO and 
cortest.bartlett from the package psych were used to generate these three factorability indices (Revelle, 2021).

Next, the heterogeneous correlation matrix for the 23 binary coded MMSE items was generated using the function 
hector from the package polycor (Fox, 2019) as an input to carrying out EFA using the package psych, function fa 
(Revelle, 2021). The present study used several methods that were commonly recommended in the literature (Finch, 2020) 
to determine the dimension of the MMSE inventory. These methods included the Kaiser’s greater than 1 rule (Kaiser, 
1960), scree test (Cattell, 1966), Velicer’s minimum average partial procedure criteria (map; Velicer, 1976; Velicer and 
Jackson, 1990), Horn’s parallel analysis (Dinno, 2009; Glorfeld, 1995; Hayton, Allen, and Scarpello, 2004; Horn, 1965), 
VSS criterion (Revelle and Rocklin, 1979), BIC (Schwartz, 1978), sample size adjusted BIC (SABIC; Sclove, 1987), 
root mean square error of approximation (RMSEA; Browne and Cudeck, 1992), and standardized root means square 
of the residuals (RMSR; Bentler, 1995). The package psych, function VSS.scree, and VSS generated the scree plot, the 
VSS, RMSEA, RMSR, and the various information criteria indicators. The package paran and function paran produced 
the parallel analysis. The ultimate decision to determine the number of factors was based on the outcomes of the above-
mentioned methods and the interpretability of the EFA results.

2.3.2. CFA

After determining the number of factors, CFAs were carried out using the package lavaan function cfa with the specification 
of ordered = TRUE to indicate binary CFA which was performed. The weighted least square mean and variance adjusted 
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estimator was used for the estimation. It used diagonally weighted least squares to estimate the model parameters. Model 
fit for CFAs was assessed using multiple indices, consisting of the χ2 statistic (Bollen, 1989; Jöreskog, 1993), comparative 
fit index (CFI; Bentler, 1990), Tucker and Lewis index (TLI; Tucker and Lewis, 1973), (RMSEA; Browne and Cudeck, 
1992), and standardized root mean square residual (SRMR; Brown, 2006). The χ2, RMSEA, and SRMR assess how well 
the covariances predicted from the estimates reproduced the sample covariances (Pomplun and Omar, 2001). The CFI and 
TLI assess the degree of fit of the proposed model accounted for the sample covariances. RMSEA values approximating 
0.06 demonstrate a close fit of the model (Browne and Cudeck, 1992; Hu and Bentler, 1999). A value <0.08 is generally 
considered a good fit for SRMR (Hu and Bentler, 1999). CFI and TLI values of 0.90 (Bentler, 1990) and 0.95 (Hu and 
Bentler, 1999), respectively, indicate an acceptable and good fit for the model.

2.3.3. Factorial invariance

After determining the CFA model that best described the structure of the MMSE, factorial invariance testing was carried 
out to examine the degree of invariance concerning age. Factorial invariance is a concept applied in the context of 
psychometric analysis of an inventory (Revuelta, Franco-Martinez, and Ximénez, 2021; Schürer, van Ophuysen, and 
Behrmann, 2021; Putnick and Bornstein, 2016) to measure the degree of invariance assurance for a categorical variable 
about its applicability level. In the current context, this concept postulates the psychometric properties of MMSE, and its 
applicability for the two age groups, young-old and old-old. The first invariance testing is configural invariance, commonly 
referred to as pattern invariance. This testing procedure aims to examine whether both the young-old and old-old have 
the same MMSE factor structure (Cheung and Rensvold, 2002; Horn and McArdle, 1992; Vandenberg and Lance, 2000). 
While the configural invariance is satisfied, the next step is to set the factor loadings to be equal across the two age groups. 
This is generally referred to as metric invariance. Metric invariance is built on configural invariance by requiring that in 
addition to the equality of the structural form, the factor loadings are also equivalent across the two age groups. The next 
level of constraint that adds to the invariance is the intercepts. It was also referred to as scalar equivalence (Mullen, 1995), 
indicating the existence of strong factorial invariance (Meredith, 1993). While the mean is further constrained across the 
groups, it is referred to as strict factorial invariance, indicating systematic group differences in means matrices are due 
to group differences in common factor score distributions (Yoon and Millsap, 2007). The factorial invariance testing was 
carried out using function cfa from the package lavaan (Rosseel, 2012) with the specification of group.equal to “loadings,” 
“intercepts,” and “means” for metric, scalar, and strict invariance, respectively.

3. Results
3.1. Descriptive Statistics
Descriptive statistics were generated using the function dfSummary from the package summarytools (Comtois, 2021). 
Table 1 shows the mean and standard deviation of the 23 MMSE items for the study and the two age groups of young-old 
and old-old.

3.2. EFA
3.2.1. Factorability

The KMO measure of sampling adequacy was 0.9, indicating the adequacy of undertaking factor analysis. Similarly, 
the Bartlett test of sphericity also indicated the sufficiency numbers of significant correlations that it was unlikely the 
population correlation matrix was an identity matrix (χ2 = 69,555; P < 0.001). The individual MSA that ranged from 0.77 
to 0.97 also gave the same conclusion.

3.2.2. Determining number of factors

The various methods of determining the number of factors gave diverse outcomes that ranged from 1 to 7. However, 
the majority of the fit indicators showed either a six-factor or a seven-factor solution. The heterogeneous correlation 
correlogram with the correlation coefficients shown in Figure A1 and without correlation coefficients shown in Figure 
A2 indicated either a six-factor or a seven-factor solution. The scree plot and Horn’s parallel analysis showed a six-
factor solution (Figure A3). Out of the six fit indices from Table A1, RMSEA, BIC, and SABIC suggested seven 
factors. While the Velicer’s minimum average partial procedure criteria (map) showed a five-factor model, the two 
vss1 and vss2 indicated a one-factor and a two-factor solution, respectively. The Kaiser’s greater than 1 rule indicated 
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a six-factor solution with a moderately high 61.57% cumulative percentage explained (Table A2). In summary, both 
the six-factor and seven-factor models were two more likely exploratory factor models, suggested by the majority of 
the fit indicators.

3.3. CFA
Based on the theoretical cognitive function classification of MMSE together with the results of EFA, the base reference 
factor model was set to the seven-factor model while the six-factor model was specified as the supporting model. The 
main difference between the six-factor and seven-factor was mainly due to the further breakdown of the six MMSE items 
into two constructs of language and instruction. This led to stating five CFA models with the seven-factor oblique model 

Table 1. MMSE items and older group descriptive statistics.

MMSE item Mean Standard deviation

Orientation

Morning, noon, afternoon, and night 0.99 0.12

Month 0.95 0.22

Mid-autumn festival (month and date) 0.94 0.25

Four seasons 0.97 0.18

Home – region/village 0.98 0.15

Short/delayed recall/registration

Registration of desk 0.96 0.20

Registration of apple 0.95 0.22

Registration of dress 0.94 0.24

Delayed recall

Recall of desk – repetition 0.84 0.37

Recall of apple – repetition 0.84 0.37

Recall of dress – repetition 0.80 0.40

Calculation

Calculation – 20-3 0.95 0.21

Calculation – 20-3-3 0.89 0.32

Calculation – 20-3-3-3 0.88 0.32

Calculation – 20-3-3-3-3 0.85 0.35

Calculation – 20-3-3-3-3-3 0.86 0.35

Language

Verbal repetition a sentence 0.95 0.21

Name pen 0.99 0.08

Name watch 0.99 0.08

Comprehend instruction 

Instruction 1 – Pick paper with right hand 0.97 0.16

Instruction 2 – Fold the paper 0.97 0.16

Instruction 3 – Place paper on the floor 0.98 0.13

Visuospatial/drawing

Draw intersecting pentagons 0.64 0.48

Age

All (65 and above) 80.5 10.11

Young-old (65–79) 72.2 4.27

Old-old (80 and above) 88.9 6.85
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as the hypothesized model and the rest as competing CFA models. The first proposed competing CFA was a one-factor 
model. This model indicated all the 23 MMSE items were formed into a single MMSE construct. The six-factor oblique 
CFA was the next proposed competing CFA model. While the fit of the seven-factor was better than the six-factor solution, 
the orthogonal seven-factor was included to examine whether an unrelated of the seven-factor constructs of MMSE was 
better than the seven-factor oblique model. While the one-factor CFA model was that all the 23 items were grouped 
under one overall MMSE construct, a second-order seven-factor CFA also indicated an overall MMSE construct however 
loaded under the 7 MSSE constructs instead of the 23 MMSE items.

Table 2 shows the results of the proposed seven-factor oblique CFA model and the four competing CFA models. The 
fit indices CFI and TLI of the hypothesized seven-factor oblique model (1.0; 1.0) were higher than the four competing 
models. Similarly, the RMSEA and SRMR of the hypothesized model also indicated a better fit than the four competing 
models with the lowest values (0.009; 0.033). These results indicated the proposed seven-factor oblique model fitted 
better than the four competing models. Table 3 displays the latent correlations of the seven factors together with their 
reliability indicator, Zumbo’s alpha. Since all the MMSE items were binary coded, the ordinal Zumbo’s alpha was 
reported (Zumbo, Gadermann, and Zeisser, 2007). The factor correlations for all the seven domains of MMSE were all 
positive. These positive coefficients indicated an older adult that possessed a high MMSE construct in one cognitive 
function domain tended to also possess high in another domain. For instance, the short recall was moderately correlated 
with language with a positive correlation coefficient of 0.64, indicating that an older adult that has a high recall was also 
high in language capability. These results supported the proposed theoretical CFA that these seven MMSE domains were 
distinct yet associated. The Zumbo’s alpha coefficients for all the six MMSE constructs were all high in reliability with 
values all higher than 0.89.

Figure 1 shows the graphical representation of the seven-factor oblique CFA model. These seven factors were 
orientation, short recall, delayed recall, calculation, language, comprehend instruction, and visuospatial. The standardized 
factor loading coefficients were indicated on top of the arrow that ran from the construct to the MMSE items. All the factor 
loadings were high in value except for visuospatial. These high loadings indicated the high association of the MMSE 
items to the respective latent factor MMSE construct. The error residuals were printed after the items, on top of the arrow 
that ran from error terms (E1 to E23) to the MMSE items. These error residuals were low in value also indicating that the 
MMSE items were low in measurement errors when they were loaded into the appropriate MMSE construct. The double 
arrows that ran between the seven constructs indicated it represents an oblique CFA model.

Table 2. Fit indices of hypothesized cfa and competing models.

Model χ2 df CFI TLI RMSEA SRMR

Hypothesized seven-factor oblique 341* 209 1.000 1.000 0.009 0.034

Competing seven-factor second order 605* 223 1.000 0.999 0.014 0.044

Competing six-factor oblique 609* 215 1.000 0.999 0.015 0.050

Competing one-factor 9196* 230 0.976 0.973 0.069 0.123

Competing seven-factor orthogonal 77470* 230 0.789 0.768 0.201 0.467

χ2, Chi-square statistics; df, degrees of freedom; CFI, comparative fit index, TLI, Tucker-Lewis index; RMSEA, root mean square error of approximation; SRMR, standardized 
root mean square. *P < 0.01.

Table 3. Factor correlations and Zumbo’s alpha for the seven domains of MMSE.

MMSE construct 1. 2. 3. 4. 5. 6. 7. Zumbo’s alpha

1. Orientation 0.93

2. Short recall 0.53 0.96

3. Delay recall 0.48 0.57 0.94

4. Calculation 0.57 0.58 0.50 0.98

5. Language 0.56 0.64 0.54 0.63 0.91

6. Instruction 0.32 0.40 0.34 0.40 0.51 0.89

7. Visuospatial 0.38 0.37 0.35 0.50 0.39 0.29 -
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3.4. Factorial Invariance
Table 4 summarizes the results of factorial invariance of the two age groups. The CFI for all the four invariance 
conditions was all at a high value of 0.999. Similar results were also found for the TLI. Both RMSEA and SRMR 

Figure 1. Mini-Mental State Examination seven-factor oblique confirmatory factor model.
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were low at a satisfactory level. These results indicated that the level of invariance for the MMSE was extremely 
good.

4. Conclusion and Discussion
This study explored and validated the factor structure of MMSE through EFA, CFA, and the factorial invariance test. 
The validation results indicated a seven-factor oblique CFA best fitted the MMSE inventory, specifying seven cognitive 
functions inherently within it: Orientation, short recall, delayed recall, calculation, language, comprehend instruction, 
and visuospatial. These results were similar to MMSE literature on their cognitive functions but differed in the number of 
dimensions. The factorial invariance confirmed the hypothesized CFA was at a high invariance level showing almost no 
measurement differences between the young-old and old-old. The reliability results also indicated that these 23 MMSE 
indicators that formed the seven factors were of high reliability.

One main finding of the present study is the statistical results of the CFA indicated the alignment between the 23 
MMSE items with the theoretical expected seven cognitive functions. For instance, the three items of registration of desk, 
apple, and dress were fittingly grouped under the short recall cognitive function, and the five subtraction calculation items 
properly formed the calculation cognitive function. This finding did not appear in the MMSE literature that generally 
reported a low dimension (e.g., Fillenbaum, Heyman, Wilkinson, et al., 1987). One plausible reason is that the MMSE 
literature was not predominantly to establish the dimensions of the MMSE inventory with the main purpose being to 
relate the MMSE items to the respective cognitive functions they belonged to (e.g., Fillenbaum, Heyman, Wilkinson, 
et al., 1987; Tinklenberg, Brooks, Tanke, et al., 1990) but reluctantly used the EFA to confirm a low dimension to form 
a summated MMSE score. Another probable reason is that more updated appropriate EFA procedures to determine the 
number of dimensions used in the present paper were not adopted even for the more recent papers (e.g., Baek, Kim, Park, 
et al., 2016).

The present paper also revealed the characteristics of the MMSE inventory possess a duality factorial structure that 
could be viewed as a seven dimension of cognitive functions, and also as a general higher-order all-inclusive cognitive 
function construct within which the seven dimensions of cognitive functions were grouped under it. This duality property 
was reflected in the results of CFA. The seven-factor CFA model turned out as the best model in which the MMSE 
items were grouped under their respective cognitive functions according to the theoretical grouping showed not only 
the alignment with theory expectation but also indicating the first property of this inventory that these seven cognitive 
functions were associated but were separate constructs. The second best fit CFA, the second-order CFA with a slightly 
lower fit, indicated the possibility to view this inventory as a second-order cognitive function construct. The moderate to 
high factor correlations of the seven constructs within the seven oblique CFA further showed evidence that these seven 
constructs were positively associated but were different in their cognitive functionality. Similarly, the low fit of the seven-
factor orthogonal CFA also indicated the unlikeliness that the seven MMSE constructs were unrelated. The practical 
implication of this duality property is that MMSE can be viewed as an overall indicator or as separate seven distinct but 
related cognitive functions.

Another crucial conclusion and inference from the CFA result is that it indicates the routine way of generating an 
MMSE score, whether it is viewed as separate seven constructs or an overall higher-order construct, the summated score 
to generate an overall MMSE score or subscale MMSE scores by summing the items is not an appropriate procedure. 
The earlier studies on the validation of MMSE often use an all-inclusive MMSE summated score to represent an index 
in measuring the level of cognitive function by summing the MMSE items according to the number of items correctly 
answered (e.g., Park, Kwon, Jung, et al., 2012 used domain MMSE summated scores). The limitations of the summated 
score were well noted in the measurement literature. The main limitation is that summated score does not take care 
of measurement errors. When the summated score is further subdivided into a few categorical levels using a cutoff 

Table 4. Factorial invariance – young-old and old-old.

Factorial invariance CFI TLI RMSEA SRMR

Configural 0.999 0.999 0.009 0.057

Metric 0.999 0.998 0.015 0.066

Scalar 0.999 0.999 0.010 0.060

Strict 0.999 0.999 0.012 0.059

CFI, comparative fit index; TLI, Tucker-Lewis index; RMSEA, root mean square error of approximation; SRMR, standardized root mean squared residual.
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arbitrary decision to distinguish the risk level of cognitive impairment, additional measurement errors are introduced 
and converting a continuous score to a categorical variable produces a loss of information. However, this procedure was 
commonly found in studies that used MMSE (Deb and Braganza, 1999; Osterweil, Mulford, Syndulko, et al., 1994; Yi 
and Vaupeo, 2002). More seriously, the deriving of an optimal cutoff score (e.g., Wong and Fong, 2009) has nothing to 
do with the validity of the MMSE inventory and its dimensionality, and the relationship to the cognitive functions but a 
vaguely derived score is generated that contains measurement errors.

The results of the factorial invariance indicated the MMSE inventory possessed a high degree of invariance between the 
two age groups which were seldom found in the factorial invariance literature. The configural invariance indicated that both 
the young-old and old-old have the same factorial structure. This gave the conclusion that the structural form between MMSE 
items and their cognitive functions is the same for the two age groups. The metric invariance further provided evidence that 
the factor loadings were also invariant across the two age groups. That is the weights that indicated the association between 
the MMSE items and the cognitive function construct were also maintained, reflected by the equality of their respective factor 
loadings. Scale invariance further qualified the latent MMSE construct was also with the same degree of measurement errors 
across the two age groups. The last invariance, the strong factorial invariance, is a prerequisite to testing for the equality 
of latent means. In the presence of this invariance, the comparison of latent means becomes unambiguous (Cheung and 
Rensvold, 2002), indicating that the MMSE could be used with high confidence for latent model analysis, where systematic 
group differences in means matrices are due to group differences in common factor score distributions (Yoon and Millsap, 
2007). In summary, the results of the factorial invariance assured the use of the MMSE as a seven latent dimensions construct 
and suggested that moving away from the commonly used summated score approach which contained measurement errors 
to latent modeling is a better direction for further analysis using latent models.

For further analyses and follow-up after validation, the recommendation is to set CFA as the base to establish the 
measurement component of MMSE. When the structural component is considered, a latent approach is recommended to 
use the various latent models for further analyses. For instance, using the structural equation model to relate MMSE items 
and the cognitive function constructs to a group of covariates or examining the effect of cognitive function constructs on 
a medical condition. The latent modeling followed after CFA has several advantages. First, the number of MMSE items to 
include in an MMSE inventory becomes a researcher’s choice that the option to choose a subset of MMSE items that are 
more related to the study does not restrict to a complete list of MMSE items. Second, the creation of the various cognitive 
functions allows for addressing the effects separately from the overall cognitive function or an individual cognitive 
subscale. For instance, examining the effect of the overall cognitive function on a medical condition and concurrently 
exploring the effect of the calculation subscale on the same medical condition. Third, removing the measurement errors is 
automatically inbuilt into the latent model.

In summary, this paper recommends validation of MMSE using EFA, CFA, and factorial invariance test and showed the 
results of the validation that MMSE is more appropriate than the MMSE literature that only concentrated on EFA. While 
this systematic approach was commonly used and already established in the measurement, psychology, and education 
literature, it is recommended for future use of MMSE. These procedures avoid all the limitations discussed in the paper. It 
takes into account measurement errors, relates the MMSE items more appropriately to the theoretical cognitive function 
setting, creates competing CFA models that are appropriately set up before testing, and tests for invariances.
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Figure A2. Correlogram without correlation coefficient.

Figure A1. Correlogram with correlation coefficient printed.
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Table A1. Indicators to the determination of the number of factors.

No. of factors RMSEA BIC SABIC map vss1 vss2

1 0.121 26100 26831 0.022 0.71 0

2 0.098 14752 15413 0.017 0.55 0.76

3 0.085 9703 10297 0.018 0.52 0.74

4 0.067 4938 5469 0.019 0.5 0.68

5 0.051 2055 2526 0.016 0.51 0.70

6 0.036 351 764 0.018 0.53 0.70

7 0.022 −444 −85 0.024 0.53 0.67

RMSEA, root mean square error of approximation; BIC, Bayesian information criterion; SABIC, sample-adjusted BIC; map, Velicer’s MAP criteria; vss1, very simple 
structure 1; vss2, very simple structure 2.

Figure A3. Scree plot and Horn’s parallel analysis.
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Table A2. Number of factors, eigenvalue, % and cumulative % variance explained.

No. of 
factors

Eigenvalue % of variance Cumulative % of 
variance

1 6.56 28.52 28.52

2 1.87 8.12 36.63

3 1.62 7.04 43.67

4 1.57 6.82 50.49

5 1.36 5.93 56.42

6 1.19 5.15 61.57

7 0.87 3.77 65.34

8 0.76 3.30 68.64

9 0.74 3.20 71.84

10 0.70 3.03 74.87

11 0.67 2.91 77.78

12 0.61 2.63 80.42

13 0.58 2.53 82.95

14 0.56 2.45 85.40

15 0.52 2.25 87.65

16 0.48 2.07 89.72

17 0.43 1.88 91.60

18 0.42 1.80 93.40

19 0.37 1.63 95.03

20 0.36 1.55 96.58

21 0.34 1.46 98.04

22 0.24 1.05 99.10

23 0.21 0.90 100.00


