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What this paper adds 

l Current cognitive assessments are narrow and primarily assess academic intelligence, and 

there is little research examining the evaluation of multiple dimensions of intelligence 

among older adults. 

l The results of the present study demonstrated that the Multiple Intelligence Scale (MIS) 

is an effective instrument for assessing MI among older adults and can distinguish the 

degree of difficulty between items. 

 

Applications of study findings 

l Analysis of the MIS psychometric profiles showed that older adults scored highest for 

intrapersonal and interpersonal intelligence and lowest for bodily-kinesthetic and 
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naturalist intelligence. 

l Exploratory structural equation modelling had the best model fit and showed that all items 

were embedded within their belonged domains, reflecting good construct validity and 

unidimensionality. 
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Introduction 

The concept of intelligence can represent an individual’s mental ability to solve problems, 

to think, and to make decisions. However, the definition is diverse. The two-factor theory of 

intelligence was first developed by Spearman in the early 19th century (Spearman, 1904), which 

emphasized the binary dimensions of intelligence, namely general and specific factors, to reflect 

an individual’s intelligence in academic achievement. The general factor (g) was accordingly 

developed and divided into general fluid (Gf) and crystallized (Gc) intelligence based on the 

results of intelligence testing (Horn & Cattell, 1966). The g factor has been defined as the 

general mental ability to represent an individual’s achievement or talents in academic and 

educational development. The fourth version of the Wechsler Adult Intelligence Scale (WAIS-

IV) is widely known for combining comprehensive and verbal/non-verbal psychometric 

measurement to assess the g factor of intelligence, including Gf and Gc. The traditional 

intelligence test was designed to assess an individual’s general intelligence, but it decreases 

with age, resulting in underestimated results among adults and older adults. The limitation of 

intelligence definition and measurements influenced the development of multidimensional 

approaches to intelligence, such as three-stratum models (Carroll, 1993) and the concept of 

multiple intelligence (Gardner, 1983, 1999, 2011). Emotional intelligence, and the development 

of such scales as the Wong and Law Emotional Intelligence Scale (Wong & Law, 2002), is a 

different concept in defining intelligence, but only comprises the emotional dimension of 

intelligence rather than a multidimensional approach.  

This diversity reflects the developmental changes from binary to multiple domains of 

human intelligence. Individuals possess and represent their different intelligences while 

acquiring knowledge, solving problems, and demonstrating creativity in their cultural settings. 

Moreover, individuals show their strengths and weaknesses across multiple intelligence 

domains. The most well-known multiple intelligence (MI) approach is that of Gardner (1983, 
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1999), and it has been widely utilized in primary to advanced education to improve the learner’s 

multiple capacities and achievement performances. Gardner (1999) defined MI as “a 

biopsychological potential to process information that can be activated in a cultural setting to 

solve problems or create products that are of value in a culture” (Shearer, 2012). Therefore, 

providing a culture-fair assessment for evaluating learners’ performance and giving them an 

equal opportunity to perform well are essential concepts of MI (Cavas & Cavas, 2020; Morgan, 

2021; Sharma, 2023). 

MI includes linguistic, logical-mathematical, visual-spatial, bodily-kinesthetic, musical, 

interpersonal, intrapersonal, and naturalistic intelligence. Moreover, MI can be influenced by 

environmental factors and learning experiences. The three formal MIs (linguistic, logical-

mathematical, and visual-spatial) have usually been considered as academic intelligence or 

cognitive-related intelligence (Castejon et al., 2010; Gardner, 1999; Visser et al., 2006; 

Waterhouse, 2023) as representing an individual’s cognitive performance. Academic 

intelligence is considered as a predominant factor in assessing cognitive dysfunction or 

impairment. In the main, most cognitive assessments evaluate an individual’s verbal/linguistic 

and logical/mathematical abilities, such as the Mini-Mental State Examination (MMSE) and 

the Montreal Cognitive Assessment (MoCA) (George et al., 2021; Guerrero‐Berroa et al., 2009; 

Julayanont & Nasreddine, 2017). Although the MMSE and MoCA are commonly-used 

measures assessing cognitive function for older people, they only consider academic 

intelligence and do not assess older people’s MI. Moreover, to the best of the present authors’ 

knowledge, there are few MI studies that have been conducted among older adults. 

Other than the three formal types of academic intelligence, there are other types of 

intelligence concerning older adults’ daily lives. High performance in each intelligence is 

associated with high learning intention and effective performance in that domain. For example, 

bodily-kinesthetic intelligence represents the ability of physical fitness, and older adults have 

competence for engaging in physical activity from moderate to vigorous intensity for living 



5 
 

healthily (Burzynska et al., 2020; Hamaya et al., 2024). Musical intelligence can be used to 

improve mental and cognitive health among older adults and is widely applied in the community 

and long-term care facilities (Raglio et al., 2024; Rogers & Metzler-Baddeley, 2024). 

Interpersonal and intrapersonal intelligence belong to the category of emotional intelligence, in 

which individuals need to understand their own and others’ emotions around them to get along 

with. Both intelligences prompt self-directed learning, learning motivation, and communication 

effectiveness, which benefit older adults in active aging through their learning effectiveness 

(Jorfi et al., 2011; Lei et al., 2021; Okwuduba et al., 2021; Soleimani et al., 2020). According 

to Morris (2004), naturalistic intelligence, or ecological sensibility, is the capacity to observe, 

distinguish, and classify creatures in nature, including animals, plants, geology, and 

meteorology. A growing body of evidence-based interventional studies have shown the positive 

impacts of natural and forest intervention on physical, mental, and spiritual health among older 

adults (Catissi et al., 2024; Rajoo et al., 2020). In sum, other types of intelligence are essential 

for multiple types of development among older adults, and rethinking age and aging for them 

is essential.  

The UN [United Nations] Decade of Healthy Ageing action plan advocated by the World 

Health Organization (WHO, 2020) mentions the importance of rethinking age and aging. The 

WHO (2020) first indicated that intrinsic capacity (IC) is the determinant of functional ability 

and a marker of healthy aging (Lopez-Ortiz et al., 2022; Yu et al., 2022). The concept of IC is 

defined as the combination of all an individual’s physical and mental capacities, and most 

studies have used five dimensions to represent IC according to the development of Integrated 

Care for Older People (ICOPE) (i.e., locomotion, vitality, sensory, cognitive, and 

psychological). However, there is no gold standard assessment or clear criterion as a global 

measure (George et al., 2021; Lopez-Ortiz et al., 2022). This action plan advocates using diverse 

perspectives on cognitive aging, such as a holistic approach to MI assessment. Current cognitive 

assessments primarily assess academic intelligence, and there is little research examining the 
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evaluation of multiple dimensions of intelligence among older adults. Lifelong learning and 

development in aging is of great importance. The development of MI can contribute to not only 

extending the theory of MI in the gerontology field but also helping communities enhance 

multiple dimensions of IC among older adults and delivering person-centered integrated 

primary health services to them according to their different MI spectrum patterns. Therefore, it 

seems insufficient to only value academic intelligence in improving IC. Subsequently, 

understanding older people’s MIs may help advance the current practice in geriatric care.  

Gardner (1998) first developed Project Spectrum with objective materials and activities 

for educators to evaluate children’s performance in eight intelligences instead of utilizing 

traditional paper-and-pencil assessment. Regarding the original idea of MI assessment, 

Gardner’s team showed that the assessment for MI should include the entire MI domains, 

distinguish the strengths and weaknesses, provide immediate feedback to learners, ensure 

validity in assessment, and identify the MI scoring range across domains (Davis et al., 2011; 

Morgan, 2021). However, the eight-domain MI assessment activities are complex and very long 

for educators to assess learners in practice (McMahon et al., 2004). Teele (1992, 1996) then 

developed the Teele Inventory of Multiple Intelligences (TIMI), which specifically assessed 

children’s MI preference through several evaluations of teaching activities.  

The Multiple Intelligence Developmental Assessment Scale (MIDAS; Shearer, 1999) is 

the best-known MI assessment for children and the general population in understanding how 

the learners value their own MI profile. Armstrong (2009) also developed an 80-item checklist 

of MI with eight MI dimensions specific to adults and in the classroom setting (Armstrong, 

2009; Lii & Wong, 2010). Due to the differences in MI development in cultural settings, Tirri 

and Nokelainen (2011) developed the (five-point self-rating) Multiple Intelligences Profiling 

Questionnaire IX (MIPQ IX) to help both educators and learners know their strengths. This 

scale has been applied to the pre-adolescent, adolescent, and adult populations (Tirri & 

Nokelainen, 2008, 2011; Tirri et al., 2013). However, even though the current MI measurement 
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instruments have examined other dimensions of MI, such as cultural intelligence (Earley, Ang, 

& Tan, 2006) and ethical sensitivity (Tirri & Nokelainen, 2011), their reliability and validity 

need further investigation, and eight or nine-and-a-half dimensions of intelligence still 

dominate the development of MI. Consequently, MI assessment for older adults remains unclear 

and (as yet) has no gold standard (Waterhouse, 2023). 

In order to facilitate future studies incorporating MI into geriatric care programs, the first 

step is to develop a psychometrically robust measure assessing MI. Intelligence may represent 

different neural representations across cultural contexts (Davis et al., 2011; Waterhouse, 2023). 

The intelligence-fairness and cultural-fairness approach emphasizes equality toward the 

learners based on their different backgrounds and learning profiles. Many MI-oriented scholars 

have emphasized that intelligence should not be assessed through the lens of verbal, or any 

other, single ability (Gardner, 1999; Holden & Tanenbaum, 2023; Morgan, 2021; Sternberg, 

2018; Visser et al., 2006). More importantly, academic intelligence predominates in Chinese 

culture. Therefore, paper-and-pencil tests influence all the tests in learning or working settings. 

This non-intelligence-fairness approach may hinder older adults from developing their IC 

throughout their lives. The Multiple Intelligence Scale (MIS; Chen, 2004; Hsieh, 2000) allows 

older adults to re-examine their mental ability and encourages them to engage in various social 

activities based on their advantages or weaknesses in intelligence.  

The current cognitive assessments are narrow and primarily assess academic intelligence, 

and there is little research examining the evaluation of multiple dimensions of intelligence 

among older adults. Moreover, the present study applied two psychometric testing approaches 

(i.e., modern test theory and classical test theory) to provide different evidence regarding the 

Chinese MIS. The two different approaches can cross-validate if the Chinese MIS contains 

multiple intelligences. The use of modern test theory (i.e., the Rasch model used in the present 

study) contains the advantages of test and sample independence, an objective from ordinal-to-

interval measurement, and distinguishes the difficulty between test and sample. Moreover, the 
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measure unit (i.e., logit) is equivalent for both test and sample, which means the measures on 

(i) test and (ii) sample can be directly computed (Bond & Fox, 2013).  

Classical test theory (CTT), which has been widely used in psychological measurement 

for decades, focuses on examining the relationship between observed scores and true scores, 

assuming that an individual's observed score comprises their true score plus measurement error. 

This fundamental approach helps evaluate scale reliability and construct validity through 

methods such as factor analysis. The main advantage of CTT in the present study was to identify 

the best fitting model in the Chinese MIS among competing models, thereby establishing 

factorial validity among older people. 

Therefore, the present study aimed to validate the Chinese MIS among Taiwanese older 

adults. More specifically, an intelligence-fair or culturally-fair approach should be considered 

when developing cognitive assessments. MI assessment varies across different cultural contexts 

due to the diverse definitions of intelligence found in various countries. 

Methods 

Study design and participants 

The study adopted a cross-sectional study design with a convenience sample of 203 

community-dwelling individuals aged 65 years and older, recruited from five 

communities/senior centers in Kaohsiung City, Southern Taiwan, from August to November 

2023. The characteristics of recruited communities are educational-based communities set by 

local government, non-profit organizations, or social welfare foundations. The recruited 

communities have support through abundant educational, social, and physical-oriented 

activities. In addition, they cooperate with the local government and receive financial support 

from them by conducting several ‘health promotion in aging’ programs. Kaohsiung residents 

aged above 65 years old can participate in the activities or courses affordably (and sometimes 
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they are free of charge). Therefore, it was assumed that participants would be recruited come 

from various demographic backgrounds. The inclusion criteria were (i) being older-aged adults 

(≥ 65 years at the end of 2023), (ii) being able to read and write in Chinese, (3) being able to 

walk independently, and (4) having MMSE scores ≥ 18. Participants were excluded if they 

suffered from severe illness (e.g., cancer, chronic kidney disease, or spinal cord disease). Of 

the original 203 older adults, 200 met the inclusion criteria. The response rate was 100%.  

Procedure 

With the permission of the Kaohsiung government’s social welfare unit, the present study 

liaised with social workers or leaders in the community/senior centers. After receiving their 

agreement to help recruit participants for the study, members of the research team administered 

the questionnaire to older adults directly. All participants provided written informed consent, 

and agreed to participate in the present study. The study was approved by the xxx (IRB ref: 

blinded for peer review). 

Materials  

The MIS (Chen, 2004; Hsieh, 2000) evolved from Armstrong’s 80-item MI Inventory for 

students and adults (Armstrong, 1994, 2000, 2009; Gardner, 1999), was used to assess MI. In 

addition to Gardner, Armstrong was one of the first authors to develop MI theory into practice, 

including teaching strategy, activities, materials, and curriculum development. Armstrong’s 

work has been well-developed along with Gardner’s theory and bridged the gap between theory 

and practice. Consequently, the 80 items in the Chinese MIS were first developed to understand 

student intelligence traits among fifth- and sixth-grade elementary students (Hsieh, 2000). A 

total of 64 items of MIS remained after reliability and construct validity were confirmed, and it 

was further applied to high school students (Chen, 2004) and university students (Lii & Wong, 

2010; Wong, 2013) in Taiwan. However, to date, it has never been administered to older adults. 
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The Chinese MIS has demonstrated excellent internal consistency for both elementary students 

(alpha = .97) and college students (alpha = .91) across the eight dimensions (Hsieh, 2000; Lii 

& Wong, 2010).  

The MIS consists of 64 items, comprising eight domains of MI with eight items for each 

domain. The eight domains are linguistic, logical-mathematical, visual-spatial, bodily-

kinesthetic, musical, interpersonal, intrapersonal, and naturalistic intelligence. Participants rate 

their agreement with MI’s strengths or weaknesses in each domain. Items are rated using a five-

point Likert scale from 1 (strongly disagree) to 5 (strongly agree), and the higher scores in each 

domain indicate higher intelligence in that domain. The MIS subscale score is calculated based 

on the sum of the eight items in each domain.  

In addition, to assess the cognitive function of older adults, the 30-item MMSE was used 

to assess orientation, attention and calculation, message recording, short-term memory, 

language, and construction ability. The total score is 30, and participants with an MMSE score 

below 18 are defined as having severe cognitive impairment. This instrument has excellent 

internal consistency for community populations with a Cronbach’s α coefficient of 0.91 

(Folstein et al., 1975). The Cronbach’s α in the present study was 0.71. Other demographic 

variables, such as sex, age, and educational background, were collected.  

Data analysis strategy  

The data analysis was conducted using a multi-step approach to examine the psychometric 

properties and factor structure of the MIS. Initially, descriptive statistics, including means and 

standard deviations, were calculated for each of the eight intelligences. A within-participants 

analysis of variance (ANOVA) was performed to compare the mean scores across the eight 

intelligences within the population of older adults. This approach was chosen because each 

participant provided scores for all eight intelligence types, creating a repeated measures design 

within the cross-sectional dataset. Post hoc analyses with Bonferroni correction were then 
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conducted to identify specific differences between intelligence types. 

Next, Rasch analyses were conducted to evaluate item validity for each subscale of the 

MIS separately. Prior to full analysis, two key assumptions of Rasch analysis were assessed: 

dimensionality of each subscale and monotonicity of response categories. 

The dimensionality of each subscale was examined using eigenvalue ratios. A ratio of the 

first to the second eigenvalue greater than 4 was used as a criterion to indicate that a subscale 

assessed a single, coherent construct (Slocum-Gori & Zumbo, 2011). This analysis was 

performed separately for each of the eight intelligence subscales. 

Monotonicity of item response categories was assessed using person-item maps, which 

visually represent the relationship between item difficulty and person ability on the same scale. 

These maps were generated for each subscale of the MIS. By examining the ordering of item 

thresholds in these maps, any violations of monotonicity can be identified, which is a key 

assumption of the Rasch model. This analysis helps ensure that for each item, higher response 

categories consistently correspond to higher levels of the assessed trait. 

Item fit was determined by examining infit and outfit mean square (MnSq) statistics, with 

values between 0.5 and 1.5 considered acceptable (Jafari et al., 2012). Person reliability was 

also calculated to ensure that each subscale effectively differentiated between individuals with 

varying levels of the respective intelligence. This measure indicates the reproducibility of 

person ordering if the same sample of individuals were given a similar set of items assessing 

the same construct (Bond & Fox, 2021). 

Confirmatory factor analysis (CFA) was additionally conducted to examine the factorial 

validity of the scale, specifically testing various factor structures. The tested models included: 

(1) a one-factor model, where all items load onto a single general factor; (2) an oblique eight-

factor model, allowing correlations among factors; (3) a second-order factor model, with eight 

first-order factors loading onto one higher-order general factor; and (4) a bifactor model, where 

all items simultaneously load onto both a general factor and one of eight specific factors 
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(representing eight different types of intelligence). 

Figure 1 illustrates the first three structural models. The oblique eight-factor model 

represents eight distinct but correlated intelligence domains, while the second-order factor 

model posits that the relationships among these eight first-order factors can be explained by a 

higher-order general factor. 

Figure 2 presents the bifactor model, which differs conceptually from the second-order 

model. Unlike the second-order model where the general factor influences items indirectly 

through first-order factors, the bifactor model specifies orthogonal relationships between the 

general and specific factors. This structure enables researchers to evaluate whether the scale 

primarily assesses a single construct while acknowledging multidimensionality through 

domain-specific factors. 

Model fit was assessed using various indices, such as the comparative fit index (CFI), non-

normed fit index (NNFI), standardized root mean square residual (SRMR), and root mean 

square error of approximation (RMSEA) with 90% confidence intervals. Exploratory structural 

equation modeling (ESEM) was also included in the model comparison to further investigate 

the factor structure of the scale. ESEM allows for cross-loadings of items on multiple factors, 

providing a more flexible and realistic representation of the data (represented in Figure 2). The 

ESEM model was compared to the CFA models using changes in fit indices (ΔCFI, ΔNNFI, 

and ΔRMSEA) to determine if it significantly improved model fit. The cutoff values for 

meaningful changes in fit indices were set at 0.015 for RMSEA and SRMR, and 0.01 for CFI 

and NNFI, as suggested by van Zyl and ten Klooster (2022). 

Finally, composite reliability was computed to assess the convergent validity based on the 

factor loadings from the best-fitting model. Factor loadings greater than 0.50 were considered 

satisfactory, and composite reliability values above 0.60 were deemed acceptable (Hair et al., 

2019). 
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Sample size justification   

The study's sample size of 200 older adults meets the general rule of thumb for conducting 

structural equation modeling (SEM) (Jackson, 2003). This initial benchmark of 200 participants 

provides a foundational justification for the study’s sample size. In addition to meeting this 

general guideline, recent simulation studies in SEM methodology provide further support for 

the adequacy of the present study’s sample size under specific conditions. These studies offer 

more nuanced perspectives on sample size requirements, moving beyond simple numeric 

thresholds. More specifically, Gagné and Hancock (2006) demonstrated that when the number 

of indicators per factor is sufficient (e.g., seven), a sample size of 200 can yield convergence 

rates comparable to much larger samples. Wolf et al. (2013) found that as the number of 

indicators per factor increases from four to six or more, the minimum required sample size can 

decrease substantially, approaching or even dropping below 200, particularly when factor 

loadings exceed 0.60. Similarly, Moshagen and Musch (2014) reported negligible bias for factor 

loadings across sample sizes ranging from 200 to 1000 when there were five or more indicators 

per factor. 

These findings suggest that the adequacy of sample size in SEM is more complex than 

previously thought and depends heavily on the characteristics of the measurement model. 

Factors such as the number of indicators per latent variable, the strength of factor loadings, and 

the overall model structure play crucial roles in determining the minimum required sample size. 

In light of these considerations, the MIS used in this study, which includes eight factors each 

with eight indicators, contributes to a required minimal sample size that is much lower than 

what traditional rules would suggest based on the ratio of sample size to number of variables 

(n/p) or the ratio of number of cases per model parameter (n/q). Indeed, recent simulation 

studies provide stronger evidence that the quality and number of indicators per factor are more 

important than simply considering absolute sample size values. This aligns with Jackson’s 

(2003) argument that the n/q should not be thought of in an absolute sense. Rather, the 
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characteristics of the measurement model, such as those exhibited by the MIS scale, play a vital 

role in determining the adequacy of sample size for CFA.   

Results 

As aforementioned, 200 participants were recruited for the present study. The average age 

of participants was 71.57 years, ranging from 64 to 86 years. Approximately 76.50% of the 

participants were female (n = 153), and 88.50% had education higher than senior high school 

(n = 177). The means of MMSE scores were 28.28 (SD±1.60), while 3% of participants had an 

MMSE score ranging from 22 to 24 (n=6). Table 1 displays the participants’ descriptive 

statistics for the eight multiple intelligences. The within-participants comparison showed 

significant differences across the eight types of intelligence in the sample (F = 52.48, p < .001, 

η² = 0.21). 

The post hoc analysis with Bonferroni correction of p-values indicated that the highest 

scores were for intrapersonal intelligence, while the lowest scores were for bodily-kinesthetic 

intelligence and naturalist intelligence which were both significantly lower than other 

intelligences. Moreover, there were significantly positive correlations among these 

intelligences with magnitude at medium to high level. Among these correlations, the lowest 

were r = 0.36 (the association between linguistic and musical intelligence, as well as the 

association between logical-mathematical and musical intelligence), and the highest was r = 

0.61 (the association between linguistic and logical-mathematical intelligence). 

The assumptions of Rasch analysis were confirmed by assessing unidimensionality for 

each subscale and monotonically increasing item categories. More specifically, the eigenvalue 

ratios in each intelligence subscale were all greater than 4, confirming that each subscale 

assesses a single, coherent construct. Person-item maps (Figures S1-4) demonstrated that all 

item categories increased monotonically, indicating that higher response categories consistently 

corresponded to higher levels of the assessed trait. These maps show the distribution of person 



15 
 

abilities and item difficulties on the same scale, where the alignment between them suggests 

that the items appropriately capture the range of abilities in the sample. The ordered thresholds 

observed in these maps confirmed that participants with higher ability levels were more likely 

to endorse higher response categories, supporting the proper functioning of the rating scale.  

After confirming that the assumptions of Rasch analysis were met, the infit and outfit 

statistics for each item in their respective scales were conducted (Table 2). The results showed 

that nearly all items had satisfactory item validity, with infit and outfit values falling within the 

acceptable range of 0.5 to 1.5. This led to the retention of all items, except for Item 8 in the 

intrapersonal intelligence subscale (“I write my reflections on significant life events in my 

diary”) which was omitted from later analyses. The person reliability for each intelligence 

subscale was greater than 0.80 (see Table 2), indicating that each scale effectively differentiated 

between individuals with varying levels of the respective latent trait (i.e., specific intelligence 

type). These findings suggest that the person ordering based on their ability estimates was 

highly consistent and reproducible within each intelligence subscale. 

After removing Item 8 of the intrapersonal intelligence scale, CFAs were conducted to test 

the factorial validity of the remaining items. Table 3 displays the model fit indices for distinct 

factor structures. Except for the one-factor structure, which adopts the strict assumption of a 

single underlying factor and does not meet the model fit criteria, all other factor structures 

demonstrated acceptable model fit.  

The oblique eight-factor structure was further compared with the second-order factor 

structure. The results indicated that there was no substantial difference between the two 

structures in terms of model fit, as evidenced by the fact that the difference in fit indices did not 

exceed the threshold for a substantial improvement. Considering that the second-order factor 

structure is a more parsimonious model, requiring fewer parameters to be estimated (higher 

degree of freedom) compared to the oblique eight-factor structure where all inter-factor 

correlations need to be estimated separately, it could be considered to outperform the oblique 
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eight-factor structure.  

The ESEM approach yielded a substantial improvement in model fit, as evidenced by 

ΔCFI and ΔNNFI values greater than 0.01 and a ΔRMSEA value greater than 0.015. It is also 

noteworthy that the high correlations observed among the oblique eight factors (r ranging from 

0.38 to 0.73, with most correlations higher than 0.50) were reduced to small to moderate 

correlations in the ESEM model (ranging from 0.10 to 0.28). An exception to this pattern was 

the association between the latent factors of musical intelligence and intrapersonal intelligence, 

which became non-significant in the ESEM model (from 0.38 in the oblique eight-factor model 

to non-significant in the ESEM model). 

Finally, the bifactor structures, which include the bifactor CFA model and the bifactor 

ESEM model, did not significantly improve the model fit. The differences in fit indices between 

these bifactor models and their respective counterparts (the oblique eight-factor structure and 

the ESEM model) were not substantial. These findings suggest that the use of a bifactor 

structure is not necessary to represent the factor structure of the scale adequately. 

Given that the ESEM presented the best factor structure, the factor loadings of each item 

were further assessed under this factor structure. The results showed that most of the item factor 

loadings were higher than 0.50, although some factor loadings were less than 0.30, which 

occurred in the logical-mathematical intelligence, bodily-kinesthetic, and naturalist intelligence 

subscales (see Table 4). Based on the factor loadings, the composite reliabilities were calculated 

to be 0.78 (linguistic intelligence), 0.79 (logical-mathematical intelligence), 0.64 (visual-spatial 

intelligence), 0.64 (bodily-kinesthetic intelligence), 0.81 (musical intelligence), 0.84 

(interpersonal intelligence), 0.75 (intrapersonal intelligence), and 0.77 (naturalist intelligence), 

indicating acceptable to good convergent validity for each subscale. 

Discussion 

Exploring MI and its potential among older people is an important issue highlighted in the 
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WHO’s Healthy Aging guidelines. However, to the best of the present authors’ knowledge, 

none of the existing MI scales have been tested among older people or utilize Rasch analysis to 

determine the validity of individual items (Almeida et al., 2010; Bryan & Mayer, 2020; 

Castejon et al., 2010; Visser et al., 2006). The results of the present study demonstrated that the 

MIS is an effective instrument for assessing MI among older adults and can distinguish the 

degree of difficulty between items. Analysis of MI psychometric profiles showed that older 

adults scored highest for intrapersonal and interpersonal intelligence and lowest for bodily-

kinesthetic and naturalist intelligence. Additionally, when considering the structure of the MIS, 

the ESEM was found to be a more parsimonious and showed that all items were embedded 

within their belonged domains, reflecting good construct validity and unidimensionality. All 

items demonstrated a good fit model and reliability except for Item 8 of intrapersonal 

intelligence 

Intrapersonal intelligence and the deleted item  

Only one item from the intrapersonal intelligence subscale was removed from MIS due to 

its poor item validity. There are a number of possible explanations. The 64-item MIS was 

designed to evaluate an individual’s intelligence rather than their emotional feelings affected 

by MI ability. The removed item (“I write my reflections on significant life events in my diary”) 

evaluates the behavior with reflections through writing. However, the other seven items of 

intrapersonal intelligence rate individuals’ inner traits, intention of behavior, and personality 

description. The MIS was designed to assess MI strengths and weaknesses rather than reflect 

their preferred behavior on emotions. In fact, MI studies imply that some sub-domains of MI, 

such as intrapersonal intelligence, are unlikely to be a general intelligence or represent a purely 

cognitive domain (Castejon et al., 2010; Visser et al., 2006).  

The debate on whether MI theory belongs to a g factor or is a better conceptualization for 

evaluating multiple dimensions of intelligence is still an ongoing. Even if an individual’s 

findings confirm that the MIS has good item discrimination and well-distinguished difficulty 
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among older adults, the inconsistent past results in assessing MI or application to different 

populations remain a problem and need further investigation. 

In addition, the removed item may comprise two dimensions of intelligence, namely 

linguistic and intrapersonal, which leads to poor validity. For example, older adults may 

remember their significant life events through different media rather than writing things in a 

diary. Because current item descriptions may be irrelevant to older adults, it may cause 

misunderstandings about the item and result in poor validity. Therefore, to improve the current 

MIS, future studies should revise the removed item through expert validation and add the new 

item back to the MIS for further validation. 

Structure validity of the MIS among older adults 

Considering the scale’s structure, the findings showed that the ESEM presented the best 

factor structure among the six CFA models of the MIS. Previous MI studies with other MI 

measures (Almeida et al., 2010; Bryan & Mayer, 2020; Visser et al., 2006) have used 

exploratory factor analysis (EFA) or CFA to examine the relationships between specific MI 

domains and the g factor loadings. They concluded that only some MI domains are linked to 

purely cognitive abilities, while others are not. Moreover, the second or third-order factor 

analysis of intelligence should be considered when identifying intelligence based on g (Almeida 

et al., 2010; Bryan & Mayer, 2020; Lozano-Blasco et al., 2022; Visser et al., 2006).  

The data in the aforementioned MI studies were analyzed using four different intelligence 

models through CFA. These studies rejected the previous assumption but supported the original 

definition in Gardner’s model, which consists of six or seven first-order correlated factors 

(Castejon et al., 2010; Shearer & Karanian, 2017). Castejon et al.’s (2010) findings showed that 

the MI domains were positively correlated but theoretically independent. That is, all individuals 

have different MI strengths and weaknesses, and all MI domains exist (to a greater or lesser 

extent) in everyone’s intelligence profile. 

The present study explored Castejon et al.’s test model across eight domains and applied 
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a new statistical methodology to confirm structural validity using ESEM. ESEM integrates the 

strengths of EFA, CFA, and SEM, and allows the cross-loadings not at zero between each 

subscale, and rationally estimates the correlations between factors (Asparouhov & Muthén, 

2009; Marsh et al., 2009). Therefore, from the theoretical perspective, the present study using 

the ESEM confirmed that MI is multidimensional with eight first-order factors, and found that 

each domain of MI is necessary for various developments among older adults. The results 

address the knowledge gap that not only academic or cognitive intelligence is meaningful but 

that multiple intelligences are also meaningful and equally crucial for older adults. In addition, 

developing specific older adults’ MI assessments, objectively evaluating assessment tools, and 

identifying MI profiles among older adults for lifelong learning need further investigation.  

Regarding the diverse definitions of intelligence in different cultural contexts, specific MI 

assessment tools that are culturally-fair and age-fair are needed. Current MI studies have 

extended their population from young to middle adults, such as the MIDAS-C and MIPQ IX, 

with good reliability but acceptable validity. However, the reliability and validity of current MI 

assessment instruments need further consideration and examination specific to older adults. The 

present study’s findings examining 200 older adults aged above 65 years with eight domains of 

MI demonstrated good overall fit validity in the ESEM. Similar to the ESEM structure in the 

present study, another Chinese MI measure (i.e., Chinese MIDAS) found an eight-factor 

structure (Wu, 2008, 2018) among preschool, teenagers, college students, and adults aged 

between 25 and 50 years old. Although the MIPQ IX was proposed a nine-factor structure 

among 195 adults with an age median of 26 years, it was recommended that the nine-factor 

structure should be revisited and revised (Tirri et al., 2013). In short, MI measures should be 

multidimensional and the present study’s findings support the multidimensionality for MI 

measures. 

MI across age groups  

It is noteworthy that the present study’s findings agreed with previous MI studies (Chen, 
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2004; Hsieh, 2000; Lii & Wong, 2010; Wu, 2018), which demonstrated that intrapersonal 

intelligence increases with age while bodily-kinesthetic intelligence decreases with age, with 

naturalist intelligence always being evaluated as the most disadvantaged weakness in 

Taiwanese cultural contexts but not found in other cultural settings, such as Finnish (Tirri & 

Nokelainen, 2008; Tirri et al., 2013). In the past, linguistic and interpersonal intelligence have 

been mentioned for its plasticity and growth with age in the student and young adult stage (Tirri 

& Nokelainen, 2008; Tirri et al., 2013). However, Taiwanese MI studies have shown that 

individuals ranging from 10 to 50 years old continuously rate their interpersonal intelligence as 

their best intelligence until around the age of 20 years, and their strongest intelligence then 

transfers from interpersonal to intrapersonal (Chen, 2004; Hsieh, 2000; Wu, 2018). In addition, 

naturalist intelligence has always been reported as the most disadvantageous form of 

intelligence across all life stages but gradually increases with age (Chen, 2004; Hsieh, 2000; 

Lii & Wong, 2010; Wu, 2018).  

Limitations   

The present study is one of the first to demonstrate the ESEM as the best-fit model for MI 

rather than bifactors and second-order models. Moreover, to the best of the authors’ knowledge, 

the present MI study is the first to confirm the validity of MI structures through Rasch analysis 

among older adults. While the findings are well-validated, the study has some limitations that 

require further examination. First, only 200 study participants were recruited from Southern 

Taiwan, so the results may not be representative of the entire Taiwanese population or 

applicable to other Asian cultural contexts. Therefore, further MI studies using the MIS should 

be conducted in different community settings to confirm reproducibility. Second, the majority 

of study participants were female (76.50%), which differs from the study by Tirri et al. (2013), 

whose population contained mostly male participants. The differences in MI of each domain 

between genders should be explored, because gender differences in MI were not extensively 
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examined in the present study. In fact, older female participants play a significant role in 

Taiwanese community/senior centers. Therefore, recruiting more older male participants to 

examine the differences among the entire older population is recommended. Third, one item of 

intrapersonal intelligence in MIS was removed due to poor validity in the study. However, for 

data integrity, re-examining the description of each item through expert validation and 

exploring MI structures specific to older adults in the future is recommended. Fourth, the use 

of self-report methods to assess MI among older adults may be challenging due to the possible 

problems in recalling their memories and past experiences, even among those participants 

without severe cognitive impairment.  

Finally, the ESEM approach for future MIS research is suggested for older adults. 

However, it may be combined with other measurements to overcome the low loadings in bodily-

kinesthetic intelligence (BKI) and visual-spatial intelligence (SI) dimensions. For example, 

partial results of senior fitness tests (SFTs) can be used to support BKI and assess general 

physical function, such as the step-in-place test (two minutes) or 8-foot up-and-go to assess 

aerobic and agility fitness. Alternatively, partial results of MMSE/MoCA could be used to 

support SI and assess the general concept of spatial construction, such as drawing a cube or an 

intersecting pentagon.   

Conclusion 

The heterogeneity in the aging process and MI development should be taken into 

consideration together for improving intrinsic capacity among older adults. Therefore, the 

present study extended MI theory to examine MI development, strengths, and weaknesses 

among older adults based on their responses to the MIS. The study’s findings indicated that the 

MIS had good validity on items applied to older adults using Rasch analysis, and the ESEM 

was confirmed as the best model with good model fits. Globally, the results suggest that more 

research on older adults’ MI is needed to tailor bespoke therapeutic programs to individual 
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needs in community settings. Therefore, it is strongly recommended that health 

promotion/intervention service providers working in communities or long-term care facilities 

assess their older participants before conducting programs and confirm their possible learning 

abilities and motivations to support them living in healthy aging. 
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