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A B S T R A C T

Objective: The purpose of this study is to examine the factor structure of the Insomnia Severity Index
(ISI) across samples recruited from different countries. We tried to identify the most appropriate factor
model for the ISI and further examined the measurement invariance property of the ISI across samples
from different countries.
Methods: Our analyses included one data set collected from a Taiwanese sample and two data sets ob-
tained from samples in Hong Kong and Canada. The data set collected in Taiwan was analyzed with ordinal
exploratory factor analysis (EFA) to obtain the appropriate factor model for the ISI. After that, we con-
ducted a series of confirmatory factor analyses (CFAs), which is a special case of the structural equation
model (SEM) that concerns the parameters in the measurement model, to the statistics collected in Canada
and Hong Kong. The purposes of these CFA were to cross-validate the result obtained from EFA and further
examine the cross-cultural measurement invariance of the ISI.
Results: The three-factor model outperforms other models in terms of global fit indices in Taiwan’s pop-
ulation. Its external validity is also supported by confirmatory factor analyses. Furthermore, the measurement
invariance analyses show that the strong invariance property between the samples from different cul-
tures holds, providing evidence that the ISI results obtained in different cultures are comparable.
Conclusions: The factorial validity of the ISI is stable in different populations. More importantly, its in-
variance property across cultures suggests that the ISI is a valid measure of the insomnia severity construct
across countries.

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

The Insomnia Severity Index (ISI) is one of the most well-
known instruments for assessing insomnia [1]. It contains seven
items, all scored on a five-point scale, to measure the symptoms
of insomnia. Previous studies have repeatedly demonstrated the ef-
ficiency and validity of the ISI as a clinical evaluation instrument
[2,3]. Given this support, the ISI has been translated into different
languages and has been increasingly used in both research and
clinical settings [1,4–7].

Among the studies that investigated the psychometric proper-
ties of the ISI, some reported the factor structure underlying it. In
their original study of the psychometric properties of the ISI, Morin
and his colleagues proposed a three-factor model based on the results
of their exploratory factor analysis (EFA) in a clinical English-
speaking population [2]. The first factor was termed the impact
component and defined by items referring to distress, interfer-
ence, and noticeability of insomnia. The second factor was named
the severity component, as it contained three items describing the
primary symptoms of insomnia at different time points of the night
(initial, middle, and terminal). The third factor was called the
(dis)satisfaction component and was defined by a single item about
overall satisfaction with sleep. According to Bastien et al. [2], these
three factors captured the main diagnostic criteria for insomnia. The
study by Fernandez-Mendoza et al. [8] supported this by using con-
firmatory factor analysis (CFA) in a nonclinical Spanish-speaking
population. In fact, both of these studies considered the results of
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their three-factor model to be evidence supporting the validity of
the English and Spanish versions of the ISI, respectively.

However, except for these two studies, all other studies in dif-
ferent countries, according to our knowledge, have yielded different
results. One-factor models or different types of two-factor models
have been proposed for different versions of the ISI [1,5,7,9–11]. For
example, to the best of our knowledge, the three-factor model of
the ISI has never been generated in studies with a Chinese version
of the ISI. Instead, the one-factor model and different types of two-
factor models have been reported in different Chinese-speaking
populations in Hong Kong and Taiwan [7,9,11].

There are two intuitive possible interpretations of these incon-
sistent results: (1) Some versions of the ISI lack factorial validity
due to reasons such as inappropriate translations, and (2) as a con-
struct measure, different versions of the ISI really have different factor
structures due to the influences of sociocultural factors. However,
if any of these reasons are true, the applicability of the ISI as a con-
struct measure will be seriously hindered due to the lack of factorial
validity and/or measurement invariance (construct comparability).

Factorial (structural) validity concerns how well a construct
measure conforms to the construct’s theoretical definition [12]. It
is an important piece of evidence that researchers believe should
be established before valid inferences interpretation from test scores
could be made [13]. Measurement invariance, on the other hand,
is the property that allows data sets collected from different groups
or sociocultural contexts to be meaningfully compared (eg, results
from male and female groups, or results from Chinese and Canadian
populations).

Little [14] defined that for cross-cultural studies, the sets of data
obtained by using the same construct measure (eg, English and
Chinese versions of the ISI) in different cultures will not be com-
parable to each other unless the strong factorial invariance property
holds true. Strong invariance requires that the two data sets have
not only the same underlying factor structure but also identical factor
loadings and intercepts across factor models. These constraints are
necessary; otherwise, people with the same level of a latent trait
will yield very different results on manifest variables due to the
instrument-specific properties instead of true differences in the latent
variables. For example, if the factor loadings of the Chinese version
of the ISI (C-ISI) are much higher than those of the Canadian version,
then a Chinese subject with any subjective insomnia can score much
higher on the ISI than a Canadian, even if they have same level of
subjective insomnia, due to the high factor loadings of the C-ISI. Given
this condition, researchers will not be able to make meaningful com-
parisons of the ISI results obtained across countries, for it will be
hard to exclude the potential confounding caused by the differ-
ences in factor loadings.

As the ISI has become a widely used instrument worldwide, the
lack of measurement invariance data across different versions is likely
to impede the cross-cultural studies of insomnia with the ISI. Given
this reason, it is important to clarify the cause of inconsistent results
of factor analyses (FA). With a more systemic review of previous
studies on the ISI [1,5,7–11], an alternative explanation for the in-
consistencies could be raised. Different researchers tend to use
different methods to investigate the factorial structure of the ISI. Fur-
thermore, many researchers have used FA methods that are not
recommended by psychometricians and that may potentially lead
to problematic results.

First, some previous researchers used principle component anal-
ysis (PCA) as an FA [1,5,9–11]. Using PCA is inappropriate because
it is a technique for reducing the dimensions of manifest vari-
ables. It essentially does not contain the concept of latent variables
(ie, psychological constructs or factors). Using PCA as an FA will result
in a biased estimation of factor loadings and numbers of factors [15].
Instead, researchers suggest using maximum likelihood (ML) if the
data are relatively normal because it can offer many global fit indices

and results of statistical testing for researchers to refer to [16]. On
the other hand, if the data are non-normal due to the ordinal nature
of the scale (eg, a Likert-type scale of less than seven points), then
the (robust) weighted least squared method (WLSMV) is recom-
mended as a good alternative [17,18]. WLSMV is an estimator for
EFA and CFA that can take the ordinality of items into account. It
requires researchers to have the raw data, rather than only the tra-
ditional summarized statistics for FA such as correlations, means,
and standard deviations. Second, some studies used the Kaiser cri-
terion to decide the number of factors [1]. Although Kaiser’s rule
is the default method in some statistical programs, it has been con-
sidered highly problematic because it can either underestimate or
overestimate the number of factors. Instead, jointly considering the
information from global fit indices or scree plots can offer research-
ers more accurate results [16]. Last, some researchers used
orthogonal rotation methods [1,9–11]. Latent variables are gener-
ally correlated to each other and make the assumption of
orthogonality inappropriate. Instead, it has been suggested that an
oblique rotation method should be used [19].

In summary, previous studies of the ISI have yielded various FA
results. Different factor models, from one-factor model to various
types of two- or three-factor models, have been proposed. These
inconsistencies will hinder the applicability of the ISI. As many of
these studies used some potentially problematic FA methods, it is
possible that inconsistencies might be resolved using appropriate
methods. Therefore, in the current study, we referred to the results
of previous studies (eg, the one-, two-, and three-factor models they
proposed) and applied additional analyses to examine the factori-
al structure of the ISI. Specifically, we first used ordinal EFA and CFA
to compare the different factor models of the ISI proposed before,
and then examined the measurement invariance properties of the
ISI by applying structural equation modeling (SEM) to cross-
country data sets. The methods we employed will be elaborated in
the method section.

2. Method

A total of three data sets were analyzed in the current study. The
first data set contained data from 345 individuals recruited from
schools, communities, and a hospital in Taiwan. This data set was
collected to address some psychometric issues of the C-ISI. All of
the participants filled in the C-ISI. The descriptive statistics of these
data are listed in Table 1. The other two sets of descriptive statis-
tics (means, SD, correlation matrixes of the ISI), calculated from two
other data sets from Hong Kong and Canada (offered by the origi-
nal authors), are also included in our study. The descriptive statistics
of the Hong Kong data set, offered by Chung and his colleagues, were
from a nonclinical sample (n = 1516), and the FA results were pub-
lished in 2011 [9]. The statistics from the Canada data set, provided
by Morin and his colleagues, were from a community sample
(n = 959) in their 2011 study [3]. Readers can refer to the original
papers for further details of these two data sets.

Based on the data sets mentioned above, we designed a three-
stage analytical procedure. The stages were to: (1) find out the most

Table 1
Descriptive statistics based on the Taiwanese sample (n = 345).

Variable Mean SD Skewness Kurtosis

ISI_1a 0.97 1.08 1.05 0.45
ISI_1b 1.06 1.14 0.85 0.18
ISI_1c 0.88 1.04 0.93 −0.06
ISI_2 2.01 1.05 −0.03 −0.70
ISI_3 1.67 1.04 0.19 −0.67
ISI_4 1.02 1.04 0.71 −0.43
ISI_5 1.46 1.15 0.47 −0.64
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appropriate factor model by conducting the ordinal EFA on a Tai-
wanese sample and comparing the global fit indices among different
models; (2) cross-validate the EFA results by reanalyzing the sta-
tistics obtained from Hong Kong data set with single-group CFA;
and (3) examine the cross-cultural measurement invariance prop-
erty of the ISI by analyzing the statistics from Hong Kong and Canada
with multigroup CFA. All analyses were performed with Mplus 7.0.

In the first stage, referring to the literature related to FA [17,18,20],
we employed the oblique quartimin rotation method and the robust
WLSMV in Mplus to conduct the ordinal EFA on the Taiwanese
sample (n = 345). The purpose of this analysis was to compare the
fitness of all the models that have been proposed before for ISI. The
strength of using an ordinal FA estimator such as WLSMV in FA is
that it can accurately estimate the factor loadings [17,18]. We believe
it is an important property for EFA, as researchers will then need
to use the estimated loadings to decide the relation between the
items and factors. However, considering that WLSMV cannot offer
fit indices such as AIC or BIC, which can take the model parsimo-
ny into account, we also conducted the EFA for the Taiwanese sample
with ML and robust ML estimators to obtain these two fit indices.

In the second stage, we fitted the FA model that we obtained in
stage one to the statistics obtained from Hong Kong with a single-
group CFA model and ML estimator. These statistics are offered by
Chung and his colleagues. They calculated these statistics from their
studies in 2011 [9]. Due to the fact that we have only summarized
statistics (ie, correlations, means, and SD) in the data sets from Hong
Kong (and from Canada as well), all other factorial analyses in our
studies were conducted with ML estimator, except for the EFA anal-
yses in stage one. This set of data originally demonstrated a two-
factor structure when it was analyzed with PCA. What we tried to
do in this stage was to cross-validate the results we obtained in stage
one and further examine our hypothesis about the cause of the in-
consistent FA results among previous ISI studies. It must be noted
that CFA is a special case of SEM that specifically concerns the pa-
rameters in the measurement model (ie, the relations between
factors and indicators). Unlike EFA, CFA is highly theory-driven. Re-
searchers should have a clear prior sense of the number of factors
and their relationships with indicators in the model [21]. As we had
already selected the model, which needed to be further validated
from the results of EFA in stage one (ie, the factor model pre-
sented in Table 3), the CFA was a reasonable methodological choice
for the purposes of this analytical stage.

In stage three, we extended the single-group CFA model in stage
two to the scenario of multigroup CFA with ML estimator by further
including a set of the ISI statistics obtained from a Canadian sample.
This set of statistics was calculated from the community sample in
an article from 2011 [3]. In this analytical stage, we tried to answer
the research questions on the cross-cultural measurement invariance
properties of the ISI. Technically, in order to establish a strong

invariance property between two groups, we had to first make sure
the configural and weak invariance models were accepted [14]. The
configural model is the multigroup CFA model that constrains two
groups to the exact same factor structure. The fitness of the configural
model can be evaluated by using the fit indices. On the other hand,
after establishing the configural model, one can further constrain
all the corresponding factor loadings across groups to be equal to
establish the weak invariance model. Researchers can accept the
weak invariance if the ΔCFI value between configural and weak in-
variance models is no more than 0.01 [22]. Last, once the configural
and weak invariance properties have been established, research-
ers can then further constrain all the corresponding intercepts across
groups to be equal to establish the strong invariance model. Again,
the ΔCFI rule can be used as the criterion for accepting the strong
invariance model.

The free baseline approach for MI mentioned above (ie, from
configural MI to strong MI) was used as the procedure to examine
the MI of the ISI. In an ideal situation, cross-cultural comparabil-
ity can be claimed if the fully strong invariance can be established
through this approach [14]. In cases that the full weak or full strong
invariance model does not fall in the accepted range (eg, ΔCFI > 0.01),
which indicates that at least one of the intercepts or loadings is not
identical across groups, the constraint that causes the misfit can be
identified by referring to the modification indices and can be allowed
to be freely estimated [23]. That is, instead of establishing a fully
strong or weak invariance model, a few parameters are allowed to
be non-invariant across groups to establish a “partial” invariance
model, given that the majority of the items are still invariant across
groups [22].

3. Results

First, regarding the number of factors, we compared all the
models that had been proposed in previous studies due to the ex-
ploratory nature of EFA. Therefore, we compared the one-, two-, and

Table 2
The fit indices of different EFA models based on the Taiwanese sample (the rotation method used is quartimin, n = 345).

Estimator Model CFI TLI RMSEA SRMR AICd BICd

WLSMVa One-factor 0.906 0.859 0.243 0.110 NA NA
Two-factor 0.983 0.955 0.138 0.032 NA NA
Three-factor 0.999 0.995 0.047 0.010 NA NA

MLRb One-factor 0.813 0.720 0.181 0.079 6307.281 6387.996
Two-factor 0.968 0.916 0.099 0.025 6136.818 6240.593
Three-factor 0.997 0.982 0.046 0.010 6116.708 6239.701

MLc One-factor 0.819 0.729 0.205 0.079 6307.281 6387.996
Two-factor 0.976 0.937 0.099 0.025 6136.818 6240.593
Three-factor 0.998 0.987 0.045 0.010 6116.708 6239.701

a ML denotes the maximum likelihood estimator.
b MLR denotes the robust maximum likelihood estimator.
c WLSMV denotes the weighted least squares means and variance adjusted estimator.
d AIC and BIC are the model fit indices that will take the model’s parsimony into account. They are not available when the WLSMV is used as the estimator.

Table 3
The estimated Factor loadings of the three-factor model in Taiwanese sample (n = 345,
with quartimin rotation method and WLSMV estimator in Mplus).

Item Factor 1 Factor 2 Factor 3

ISI_1a (sleep onset) 0.327 0.325
ISI_1b (sleep maintenance) 1.028
ISI_1c (early morning) 0.752
ISI_2 (satisfaction) 1.018
ISI_3 (interference) 0.848
ISI_4 (noticeability) 0.783
ISI_5 (distress) 0.573 0.347
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three-factor models in ordinal EFA. The global fit indices of these
models are presented in Table 2. The table shows that the three-
factor model fit better than the other two in all indices. It is
noticeable that the AIC and BIC values in the three-factor model were
also lower than those in the one- or two-factor models. These mean
that even after taking the model parsimony into account, it is still
reasonable for researchers to adopt the three-factor model due to
its sufficient fitness.

After deciding on the number of factors, we used the factor load-
ings estimate from WLSMV to investigate which item belonged to
which factor. We obtained the factor structure presented in Table 3
after ignoring the factor loadings lower than 0.32, as per the rule
of thumb suggested in Tabachnick and Fidell [24]. This model is iden-
tical with the results that Bastien et al. [2] and Fernandez-Mendoza
et al. [8] found by EFA and CFA, respectively (ie, factor 1→impact,
factor 2→(dis)satisfication, factor 3→severity). The reliability co-
efficients of these factors are all around or above 0.8 (Cronbach’s
α for factor 1 – factor 3: 0.795, 0.792, and 0.821).

In order to test our hypothesis about the cause of inconsisten-
cies in previous studies and to examine the external validity of our
results, we reanalyzed the summarized statistics (means, SD, and
correlation matrix) offered by Chung and his colleagues (ie, the sta-
tistics of the Hong Kong sample) with CFA. These data were originally
reported to support a two-factor model in previous research, when
PCA and the Kaiser criterion were applied [9]. We fitted the three-
factor model we obtained previously to their data by using ML as
the estimator. The fit indices showed that the model fit well
(χ2 = 29.794, df = 9, root mean square error of approximation

(RMSEA) = 0.039, CFI = 0.994, TLI = 0.987, standardized root mean re-
sidual (SRMR) = 0.015), according to the rules of thumb of fit indices
summarized by Little [22]. The results of this CFA model are pre-
sented in Fig. 1.

To further examine the measurement invariance properties of
the ISI on cross-cultural samples, we extended the model in Fig. 1
to the scenario of a multiple-group CFA model by including the sta-
tistics offered by Morin and his colleagues into analyses (ie, the
statistics of the Canadian sample). Before the multiple-group anal-
ysis was conducted, it was necessary to validate the factor structure
of each group alone [21]. Therefore, we first fitted the three-factor
model we obtained to the Canadian sample with EFA and CFA. The
EFA related results are presented in Table 4. Again, all indices in-
dicated that the three-factor model fit the data best. Similar results
were obtained in CFA; the three-factor model fit the Canadian data
well (estimator: ML, CFI = 0.993, TLI = 0.985, RMSEA = 0.056,
SRMR = 0.011).

After confirming the factorial structure of each group, we then
used the multiple-group CFA to examine the invariance property
between the Hong Kong and Canadian samples. The results are pre-
sented in Table 5. All of the invariance models demonstrated
sufficient fitness to the data by themselves in the terms of all al-
ternative fit indices. Furthermore, according to Little’s [22] suggestion
(ΔCFI of no more than 0.01 for weak and strong measurement in-
variance tests), the strong invariance between the two populations
was supported, indicating the assumption that all of correspond-
ing intercept and loadings between the Canadian and Hong Kong
sample were identical.
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Fig. 1. The path diagram of the three-factor model based on the statistics calculated from the Hong Kong sample (i.e., Chung et al. [9]).

Table 4
The fit indices of different EFA models based on the Canadian sample (the rotation method used is quartimin, n = 953).

Estimator Model CFI TLI RMSEA SRMR AIC BIC

MLa One-factor 0.936 0.904 0.141 0.047 15,055.939 15,123.973
Two-factor 0.990 0.975 0.072 0.014 14,836.987 14,934.179
Three-factor 1.000 1.000 0.000 0.003 14,800.591 14,922.081

a ML denotes the maximum likelihood estimator.
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We further included the Taiwanese data into the above analy-
ses. The results of the three-group invariance tests are presented
in Table 6. It is noticeable that although the weak invariance model
in Table 6 fit well to the data in terms of its own fit indices, ΔCFI
between the configural and weak invariance models was slightly
greater than 0.01 (ΔCFI = 0.012). Therefore, we referred to the
modification indices and allowed the factor loading between factor
1 and ISI_5 in the Taiwanese sample to be freely estimated (i.e.,
we established the partial weak invariance model in Table 6). All
fit indices (including ΔCFI) were found to be satisfied, and the fitness
between this model and the data was supported. We then further
constrained all the corresponding intercepts across groups to be
equal, based on this partial weak invariance model. Again, as shown
by the fit indices presented in Table 6, the fitness of this partial
strong invariance model was supported by our data. The results in
Table 7 indicated that all other 41 parameters (loadings and
intercepts) in the model were identical to their corresponding
parameters across groups, except for one factor loading in the
Taiwanese sample.

4. Discussion

The results of this study show that the three-factor model, which
Morin and his colleagues proposed in 2001 (ie, the original factor
model for the ISI) [2], is supported in Chinese-speaking popula-
tions. Furthermore, we also demonstrated that this model can be
successfully replicated in a set of statistics that originally demon-
strated a two-factor model with PCA. Jointly considering the
reproducibility and the substantial interpretability of this model (ie,
corresponding to the clinical diagnosis criteria), we think the validity
of this model is adequately supported.

The validation of the factorial structure and MI property of the
ISI has important implications that can help future research in several
ways. First, our results offer an explanation for the inconsistent results
of previous studies. Other researchers can employ the procedure
we propose to reevaluate the factorial structural of their versions
of the ISI, or even other insomnia-related questionnaires to extend
our understanding of insomnia. Second, clarifying the factor structure

of the ISI allows future researchers to include the ISI in their study
as a “latent construct” (ie, subjective severity of insomnia) and to
analyze it with the latent variable techniques like SEM. SEM has some
statistical advantages over analysis of variance (ANOVA) and re-
gression, for it can eliminate the influence of measure error on
statistical testing if the factor model of the questionnaire is cor-
rectly specified. Therefore, based on the three-factor model we have
verified, future research can analyze the ISI via SEM to obtain more
accurate group mean comparisons without worrying about the
impact of measurement error, such as underestimation of the treat-
ment efficacy or the relation among psychological factors.

Last, the invariance property of the ISI on cross-country data sets
supports that the ISI can be used as a measure for international in-
somnia studies. Strong invariance is a necessary property that allows
meaningful interpretation of the mean differences across groups (eg,
countries and cultures), a common research question that research-
ers like to address [25]. Little [14] even defined strong invariance
as the prerequisite of a construct’s comparability for cross-cultural
study. It is noticeable that the three-group CFA in our study indi-
cates that one factor loading in the Taiwanese group is non-
invariant. However, referring to the rule of thumb about partial MI
suggested by Little [22] (ie, two of three items within a factor are
still invariant) and the findings in most recent studies (ie, unequal
factor loading has only a small effect on cross-group comparisons)
[26], a single non-invariant factor loading in the whole model should
not have a profound effect on the cross-group comparison for latent
means. Therefore, we think it is reasonable to state that our results
support the cross-cultural comparability of the ISI and provide
evidence that the ISI is a measure with an internationally valid con-
struct (subjective insomnia).

Table 5
Results of measurement invariance between Hong Kong and Canadian samples.

χ2 Df CFI ΔCFI SRMR RMSEA

Configural 66.052 18 0.994 0.013 0.047
Weak 151.848 24 0.984 −0.010 0.039 0.066
Strong 193.555 28 0.979 −0.005 0.043 0.069

The ML is used as the estimator.

Table 6
Results of measurement invariance across all samples.

χ2 Df CFI ΔCFI SRMR RMSEA

Configural (M1) 81.765 27 0.994 0.014 0.047
Weak (M2) 195.309 39 0.982 0.012 0.042 0.065
Partial weaka (M3) 179.164 38 0.984 0.010d 0.040 0.063
Strong with one free loadingb (M4) 254.399 45 0.976 0.008e 0.042 0.070
Strongc (M5) 259.136 46 0.976 0.042 0.070

The ML is used as the estimator. M1–M5: model 1–model 5.
a This is a partial weak invariance model that allows the loading between factor 1 and ISI_5 in the Taiwanese sample to be different from the other two groups, while all

other corresponding loadings across three groups are still constrained to equal.
b This is a partial strong invariance model extended from model 3. Except for the loading between factor 1 and ISI_5 in the Taiwanese sample being freely estimated, all

other corresponding loadings and intercepts are constrained to be equal across all groups.
c This is the typical strong invariance model, which has all corresponding intercepts and loadings across groups constrained to be equal. From the perspective of the free

baseline approach, we do not have to demonstrate this model because from the model comparison in M1 versus M2 and M3, we already know that one loading in the
Taiwanese group should be freely estimated. However, as some researchers tend to directly evaluate the strong invariance model based on their global fitness, we still added
the information of this model to the table for reference.

d ΔCFI between M3 and M1.
e ΔCFI between M4 and M3.

Table 7
The unstandardized loadings and intercepts of the three-factor model in the three-
group CFA (with strong invariance constrains, except the loading between ISI_5 and
factor 1 in the Taiwanese sample is freely estimated).

Item Loadings Intercept

Factor 1 Factor 2 Factor 3

ISI_1a 0.232 0.382 0.806
ISI_1b 0.774 0.592
ISI_1c 0.537 0.648
ISI_2 0.784 1.696
ISI_3 0.778 1.490
ISI_4 0.635 1.087
ISI_5 0.349 (0.464)a 0.471 0.966

a This is the loading between item ISI_5 and factor 1 in the Taiwanese sample in
the three-group CFA.
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As far as we know, few insomnia or sleep-related question-
naires have demonstrated cross-cultural measurement invariance
before. Considering the fact that insomnia is a common problem
worldwide, it is important for researchers to have research instru-
ments that have been validated cross-culturally and can allow
meaningful comparison across countries. The measurement invari-
ance property of the ISI that we found fills just this gap, and it should
be very useful for future researchers who address subjective per-
ceived insomnia as a common, worldwide construct.

To sum up, in the current study, we have attempted to clarify
the factor structure underlying the ISI by making several adjust-
ments according to psychometric principles. Our results not only
confirm the three-factor model of the ISI from data collected in dif-
ferent languages but also provide evidence that the ISI could be an
internationally valid construct measure. Future studies can employ
the ISI as a valid construct measure of subjective insomnia to study
cultural aspects of insomnia.

In light of the significant implications of our findings, some limi-
tations should be kept in mind while interpreting the results. The
first limitation is about the estimators used in our factor analyses.
The ordinal estimator (WLSMV) was conducted only for Taiwan-
ese data because we do not have the raw data for the Hong Kong
and Canadian samples.

According to the previous literature [27,28], an ordinal estima-
tor such as WLSMV can take the ordinality of Likert-type scales into
account and provide more precise estimation of the fit indices and
factor loadings. Although methodological studies have shown that
once the Likert-type scales have at least five points (eg, the items
in the ISI), researchers can treat them with ML because the biases
will become negligible [29,30]. If raw data of the ISI from different
samples are available, future studies will be able to select other ap-
propriate estimators to further confirm our results. For example, one
could use WLSMV for all samples to obtain precise estimations for
factor loadings or use either robust ML or ML to obtain AIC and BIC
for nonnested model comparison. Researchers can even cross-
validate the MI results obtained from different estimators to provide
further support for their conclusions. Furthermore, considering that
most of the participants in our study were a nonclinical sample,
future studies can try to replicate our results to more clinical
populations.
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