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Abstract

Research in counseling and higher education recognizes the importance of mental health stigma of
university students. However, assessing the attitudes and beliefs toward university students' mental
health stigma further requires a rigorous instrument to measure such issues. Therefore, this study
developed and tested a theory-based measurement of the University Student Mental Health Stigma
Survey (USMHSS). The present study included 810 participants, of which, 606 completed the
survey from more than 30 university majors from five geographic areas of China. The results of
confirmatory factor analysis (CFA) and structural equation modeling (SEM) found a second-order
measurement model and supported the theoretical structure of the mental health stigma model as
it applied to this instrument. With the findings from this study, we suggested the modification to the
USMHSS. Implications for research and practice and directions for future study are also discussed.

Keywords: mental health stigma, mental health counseling, construct validation, measurement
development

The stigma around mental illness in China has been studied in recent years. Yang et al. (2020) discovered
higher levels of stigma towards depression correlated with gender, employment status, and family functioning. The
constructs of mental health literacy and stigma were explored from a sociodemographic position discovering that
the portion of the Chinese population most likely to express stigmatization of mental illness were women, over the
age of 50, with lower levels of education and an expressed occupation of retired or homemakers (Lo et al., 2021).
Huang, Yang, and Pescosolido (2019) sought to further understand mental health literacy in China and found that
a negative stigma associated with mental illness contributed to a reluctance to label symptoms of psychological
distress as more socially accepted constructs such as stress and work problems. Xu, Li, Zhang and Wang (2018)
found that the public, health professionals, and family members of patients reported the prevalence of stigma to be
between 40 to 70 percent in China. Exacerbating this further is a lack of understanding of mainstream services due
to language differences and traditional beliefs that mental illness is caused by supernatural forces (Yeung et al.
2017). Yin el al. (2020) found that participants were unfamiliar with the prevention, cause, and treatment of mental
illness. Participants believed that others would hold a negative attitude towards individuals with mental health
issues. Kudva et al. (2020) found that while there has been significant progress recently in China to combat the
stigma of mental illness, there is still much to be done.

12



www.cgrd.org International Journal of Education and Human Developments Vol. 11 No. 1; May 2026

The research on instruments that specifically measure the stigma of mental illness, appears to be minimal.
Link, Yang, Phelan, and Collins (2004) did a comprehensive review of measuring mental health stigma and while
they identified factors and ways that stigma could be measured, instruments measuring the stigma of mental illness
were not identified. Ritsher, Otilingam, and Grajales (2003) developed the Internalized Stigma of Mental Iliness
Inventory (ISMI) to be used with individuals with psychiatric disorders. While similar, the instrument developed in
this current study builds on previous work from Diaz, Hu, Tillman and Hof (2019) and Hof et al. (2013) and is
designed to measure the stigmatization of mental illness with college-aged participants. The focus of this study was
to further develop a valid and reliable instrument to measure mental health stigma, with a Chinese population of
college-aged participants.

Method
Sample and Data Collection Procedure

The participants were students from five comprehensive public universities in five major geographic sites
across China. An online survey was administered to 810 randomly selected undergraduate and graduate students,
based on convenience sampling during the COVID-19 global pandemic under the “Dynamic Zero COVID” policy
in China. At the time of data collection, there was a reportedly low number of confirmed COVID infections and
deaths in China compared to the rest of the world. As a result, 606 students completed the survey out of 639
respondents, resulting in a 79% response rate and 95% completion rate for the survey. The majority of respondents
(89.4%) were 18-22 year-old students, 9.3% of them were 23 years and older, and 1.3% were 17 years and younger.
Four hundred sixty-two (76%) respondents are female, one hundred thirty-nine (23%) are male, and five (1%) chose
not specify their gender. Five hundred and six students (84%) identified as ethnic Chinese Han majority, and ninety
(16%) identified as other Chinese ethnicities. Five hundred sixty-seven respondents (94%) were undergraduate
students, thirty-nine (6%) were graduate students, and the participants were enrolled in over thirty academic majors.

Table 1
Demographics of participants, Descriptive Stats

Characteristics I dercent
Age

17 and under ) .3%
18 5 0.7%
19 48 '4.4%
20 62 '6.7%
21 24 '0.5%
22 I3 "1%
23 and above 6 1.3%
Gender

Female 162 '6.2%
Male 39 '2.9%
Would rather not specify ) 1.9%
Ethnicity

Han Majority 06 13.5%
Other Minorities .00 6.5%
Education Level

Undergraduate 167 "7.1%
Graduate 39 '2.9%
Academic Major 0+ 0+
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Measures

Respondents were voluntarily recruited to participate in the online survey at five university research sites
mentioned earlier. Student participants answered a self-developed cross-sectional 23-question University Student
Mental Health Stigma Survey (USMHSS). The questionnaire was first developed in English in the United States
and translated into Chinese by two English-and-Mandarin-Chinese-speaking mental health professionals. The
Chinese version of the questionnaire was back-translated into English for further verification and was reviewed for
a high level of accuracy. The bilingual mental health professionals and researchers approved the survey, indicating
the instrument was complete. Chinese and English texts were both presented in the survey simultaneously during
data collection to ensure high construct validity and reliability.

The questionnaire was developed and thrice modified from an earlier version of a similar college student
mental health survey (Diaz, Hu, Tillman, & Hof, 2019). Survey items included questions regarding demographics
and attitudes and beliefs toward mental health issues. Participants were then asked to indicate their answers to
questions such as "l am willing to seek mental health/psychological counseling if needed" using a five-point-Likert
scale from "not willing" to "very willing." Participants also answered questions indicating the level of their
agreement on a five-point-Likert scale from "strongly disagree" to "strongly agree" to statements such as "I feel
comfortable sitting next to a classmate in class who has a mental health issue". Students also answered several
"Yes" or "No" to questions, such as “I have a relative who has a mental health issue."

Procedures and Analyses

The objective of the analyses was to develop a new instrument to measure university students' attitudes and
beliefs toward mental health issues. Questions were modified to represent the most effective set of constructs
measuring attitudes and beliefs toward mental health issues after a series of exploratory analyses (Diaz, Hu, Tillman,
& Hof, 2019) and tested the measurement model using structural equation modeling (SEM) for the confirmatory
analyses.

1. Descriptive Statistics

We conducted a reliability test showing the measure's Cronbach's alpha = .90, indicating a high level of
reliability and the questions' internal consistency in the survey. In addition, the questions passed the test of
normality. Several answers showed a few outliers; however, the variables did not produce substantive differences
in analyses with large sample sizes, as in this case (N=606). A further visual examination of the shape of the data
distribution showed that almost all the variables did not deviate from the normal distribution curve.

2. Confirmatory Factor Analysis and Structural Equation Modeling

Because the USMHSS was initially developed from mental health counseling theories with a solid
theoretical framework, confirmatory factor analysis (CFA) is an ideal method intended to examine the instrument
by testing the fit of and factor loadings in its models and ultimately improve the instrument (Hurley et al., 1997).
Therefore, in order to further refine and validate the USMHSS instrument, we used IBM SPSS Amos 29 with
maximum likelihood estimation (ML) to conduct a series of confirmatory factor analyses (CFA) and structural
equation modeling (SEM) for models with three different factor structures: a one-factor model, a first-order model
including all the original items, and a second-order model after adopting modification indices.

Typically, the Chi-square Goodness of Fit test is used to evaluate whether a model departs significantly
from one that fits precisely to the data (Kline, 2012). However, existing studies suggested that the overall chi-square
statistic is influenced by the sample size, leading models with good fit to be rejected when the sample sizes are large
(Gerbing & Anderson, 1992). We sought additional criteria for model fit statistics (a large sample size, N=606).
The Comparative Fit Index (CFI) and Tucker-Lewis Index (TLI) are the most frequently reported comparative and
incremental fit indices. Both represent the relative improvement in the fit statistics of the tested model compared to
the null, independent, or baseline model. The values of CFl and TLI vary from 0 to 1, with a value of 1 indicating
a perfect fit for the sample population, a value of .90 or higher being considered at least acceptable fit (Whittaker
& Khojasteh, 2016), and a value of .95 or higher is considered a close or superior fit (Byrne, 2013). The Goodness
of Fit Index (GFI) is the proportion of variance accounted for by the estimated population covariance. The value of
GFl also varies from 0 to 1, with a value of .90 or higher indicating an acceptable fit and a value of .95 or higher a
good fit (Pituch & Stevens, 2016).
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The Root Mean Square Error of Approximation (RMSEA) is a parsimony-adjusted (absolute fit) index that
estimates the discrepancy per degree of freedom between the original and reproduced covariance matrices. Browne
& Cudeck (1993) and Kline (2012) recommended a value of RMSEA between .00 to .05 as a close fit and values
up to .08 as reasonable or acceptable. The 90% confidence interval should be within these values as well. The
Standardized Root Mean Square Residual (SRMR) represents the square root of the difference between the residuals
of the original sample covariance matrix and the hypothesized model. A cutoff SRMR value of .08 was
recommended by Hu & Bentler (1999), with smaller value of SRMR generally indicating a better fit. Finally, since
we wanted to compare the fit of the original and modified models, we chose Akaike Information Criterion (AIC) to
compare the tested models. A lower value of AIC generally indicates a more preferred model fit (Akaike, 1974).

Table 2
Results of Confirmatory Factor Analyses

Model 2 If ldf >FI LI 5FI IMSEA 5RMR  AIC
One-factor Model ~ !33.007 1 1.569 927 905 945 77 0617 87
First-order Model 12.142 12 1.567 978 970 975 051 0519 28
Second-order Model 15.167 '4 1.299 986 979 981 046 0331 7

Note: All chi-square values are significant at p<.001. CFI = Comparative Fit Index; TLI = Tucker-Lewis Index;
GFI = Goodness of Fit Index; RMSEA = Root Mean Square Error of Approximation; SRMR = Standardized Root
Mean Square Residual; AIC = Akaike Information Criterion.

n =606.

Results

Using the sample of 606 university students from China, we tested and compared the fit statistics of three
different factor structures. The first was a one-factor model, in which all 23 items indicated one significant attitude
and belief factor. The second was a first-order factor model in which items were loaded onto their corresponding
factors (i.e., comfort, resistance, and environment), and the factors were allowed to correlate with each other.
Finally, the third was a second-order factor model in which items were loaded onto their respective factors, and all
three factors were loaded on a second-order latent attitude and belief factor. Such a method of testing different
models with different factor structures was consistent with previous research using the confirmatory factor analysis
and structural equation modeling method (Gerbing & Anderson, 1984).

According to Hair et al. (2010), standardized factor loading estimates in the range of .30 and .40 are
considered to meet the minimum level. Factor loadings greater than .50 are considered practically significant.
Loadings above .70 are considered indicative of a well-defined factor structure (Hair et al., 2010). In the original
survey, item “I would feel comfortable dating someone who has a mental health issue” and item “Yes or No, I have
a relative who has a mental health issue” had poor loadings on respective comfort factor (.26) and environment
factor (-.04). Those two items according to the survey data were not strong indicators of their respective factors and
should be removed. The factor loading of .38 for an original survey item “Mental health issues prevent students
from performing their normal academic responsibilities” on resistance factor fell into a range of minimum
acceptable level. We decided to retain the item and the reduced 10-item model became our first-order model. We
also decided to drop the “Prevent Academic” item after adopting modification indices recommended by Amos,
which resulted in our final 9-item second-order model. The standardized factor loadings for the reduced items varied
from .54 to .89, indicating these items were practically significant and indicative of a well-defined structure with
their corresponding factors. The standardized factor loadings of the second-order factor model are presented in
Table 2. After the removal of the non-indicative items, the reduced 9-item instrument (4 items load on comfort, 2
items on resistance, and 3 items on environment) represented a good fit of the tested model to the sample population
and a well-defined structure of three independent comfort, resistance, and environment factors in which measure
university students’ attitudes and beliefs toward mental health issues.
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Table 3
University Student Mental Health Stigma Survey Factor Loadings

Item ~omfort Resistance :nvironment
Willing Close Friend 89

Willing Acquaintance 85

Willing Myself 76

Comfortable Sitting 54

Uncomfortable Around 87

Difficult Trust 67

University Counseling 82
Professional Services 80

City Proactive 71

Note: All the factor loadings are significant at p <.001. Standardized factor loading estimates in the range of .30 and
.40 are considered to meet the minimum level. Factor loadings greater than .50 are considered practically significant.
Loadings above .70 are considered indicative of a well-defined factor structure (Hair et al., 2010).

The fit statistics from structural equation modeling (SEM) generated through Amos are shown in Table 3.
In our findings, each model showed a statistically significant chi-square, which was expected because the chi-square
test results are sensitive to the sample size (in our case, a large sample). As a result, we looked for other criterions
mentioned earlier for model fit. For the overall one-factor model, the values of CFI (.927) and TLI (.905) were
slightly above the acceptable level of .900. The value of GFI was .945, close to a good fit (.095). The value of
RMSEA was .077 and SRMR was .0617 and fell into the recommended acceptable range (<.08), which indicated a
minimum acceptable fit for the one-factor model. For the first-order model, the value of y2/df fell to 2.567. The
values of CFl and TLI were significantly improved to .978 and .970, both indicating a good fit. At the same time,
the value of GFI was improved to .975, indicating a good fit (>.950). However, the value of RMSEA was .051 and
SRMR was .0519, very close to a good fit (<.05) but still not ideal. It indicated a potentially good fit for the first-
order model. For the second-order model, although the chi-square statistic was still significant (p <.001), the value
of x2/df fell to 2.299, a value close to a good fit (¥2/df<2) (Kline, 1998). Furthermore, CFI, TLI, and GFI values
were further improved to .986, .979, and .981, all above the .95 reference level for a good or superior fit. Moreover,
the RMSEA value was further reduced to .046 and the SRMR value fell to .0331, both met the recommended criteria
for a good fit (<.05). The RMSEA values at the 90% confidence intervals (Lo 90=.030 and Hi 90=.063) were all
registered lower than the cutoff value of .08, which also indicating a good fit. The results illustrated that the second-
order model is the best-fitting, preferable model. When comparing different test models, The AIC values fell more
than half from 287 at the one-factor model to 128 at the first-order model, and significantly fell further to 97 at the
second-order model. These results proved that the second-order model showed excellent fit between the tested
model and sample, and it also showed significantly better improvements than the one-factor and the first-order
models.
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Figure 1. Results of the Second-Order Model Confirmatory Factor Analysis

In further examination, the values of composite reliability (CR) (Fornell & Larcker, 1981) for the three
factors were high (Comfort .851, Environment .821, Resistance .750). The values of maximal reliability, MaxR(H),
were also high (Comfort .892, Environment .829, Resistance .795). They indicate high internal consistency of the
instrument.

The average variance extracted (AVE) was calculated to assess convergent validity of the factors. The
maximum shared squared variance (MSV) was calculated to assess discriminant validity. The cut-off values
recommended by Hu and Bentler (1999) were adopted. The findings of AVE were larger than .50 and they were all
less than the values of CR and greater than the values of MSV, in which they met the cut-off criterion recommended
by Hu and Bentler (1999). Such results showed good evidence of both convergent validity and discriminant validity.
Table 4 presents the results of the reliability, validity, and factor correlations for the final model tested.
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Table 4
Reliability, Validity, and Factor Correlations for the Final Model

CR AVE MSV MaxR(H) Comfort  Environment Resistance
Comfort .851 595 310 .892 771
Environment  .821 .606 310 .829 557 178
Resistance .750 .603 .080 .795 .091 .283 77

Note: CR = Composite Reliability; AVE = Average Variance Extracted — Convergent Validity; MSV = Maximum
Shared Squared Variance - Discriminant Validity; MaxR(H) = Maximal Reliability

In conclusion, the second-order reduced 9-item model had excellent fit statistics to the sample population.
It’s a preferred model and shows the best fit compared with the one-factor and the first-order model. The instrument
with three independent factors showed high reliability and evidence of construct validity, including convergent
validity and discriminant validity.

Discussion
Validity and Utility of Instrument

The survey instrument used in this study was a thrice modified instrument from Hof, Bishop, Dinsmore,
Chasek, & Tillman (2013). While there is a strong case for wide-reaching impacts for usage in a variety of settings
or locations, the number of participants currently totals 805. This includes 48 college student participants from the
original study conducted at a midwestern higher education institution, 151 from the second study using a revised
instrument conducted at a different Midwest higher education and recently with 606 participants who represent a
variety of higher education institutions in China.

The survey was designed with three parts. The first part included demographic questions and the second
part included statements measuring factors that potentially affect the participant’s willingness “to actively seek
mental health counseling or recommend mental health counseling to a peer” (Diaz et al., 2019, p. 16). The first
survey modification took the Hof et al. instrument developed for mental health graduate students and revised it for
pre-professional teachers. The second modification included specific references to a U.S. state and included changes
to two demographic questions. In the third modification, language specific to the new higher education institution
and two more questions were added. A new section was added because the survey would be sent out during the
COVID-19 pandemic, the third section included COVID-19 questions to capture thoughts by Chinese college-aged
participants living in a country that had the longest shutdown. The goals of this research were to continue to collect
data that was a larger sample size than in previous studies, had unique demographics, and to further develop a valid
and reliable instrument to measure mental health stigma.

We do believe there is a strong utility for the use of this survey instrument that will measure university
students' attitudes and beliefs toward mental health issues. Given the validity and reliability of the instrument, there
are wide-reaching implications for its use. We are confident in encouraging the use of this instrument in any country,
with any culture, or languages.
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