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Abstract

Background: The Depression Anxiety Stress Scale 21 (DASS-21) is a mental health screening tool with conflicting studies
regarding its factor structure. No studies have yet attempted to develop a computer adaptive test (CAT) version of it.
Objective: Thisstudy calibrated itemsfor, and simulated, a DASS-21 CAT using a nonclinical sample.

Methods: An evaluation sample (n=580) was used to evaluate the DASS-21 scales via confirmatory factor analysis, Mokken
analysis, and graded response modeling. A CAT was simulated with avalidation sample (n=248) and asimul ated sample (n=10,000)
to confirm the generalizability of the model developed.

Results: A bifactor model, also known as the “ quadripartite” model (1 general factor with 3 specific factors) in the context of
the DASS-21, displayed good fit. All scales displayed acceptablefit with the graded response model . Simulation of 3 unidimensional
(depression, anxiety, and stress) CATSs resulted in an average 17% to 48% reduction in items administered when a reliability of
0.80 was acceptable.

Conclusions: This study clarifies previous conflicting findings regarding the DASS-21 factor structure and suggests that the
quadripartite model for the DASS-21 itemsfits best. Item response theory modeling suggeststhat the items measure their respective
constructs best between 00 and 36 (mild to moderate severity).

(J Med Internet Res 2023;25:e45334) doi: 10.2196/45334
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The DASS-21

Since its inception, the DASS has been refined from 42 items
(DASS-42) to 21 items (DASS-21). The DASS-42 contained 3

Introduction

The Depression Anxiety Stress Scale (DASS) [1] measures

symptoms of depression, anxiety, and stress. The DASS-21 has
robust psychometric properties, and computer adaptive test
(CAT) and item response theory (IRT) pose an opportunity to
further improve the DASS21 and better understand
“psychological distress.”

https://www.jmir.org/2023/1/e45334

scales of 14 items each, while the DASS-21 contains 3 scales
of 7 items each. The reduction from 14-item to 7-item scales
was possible while maintaining adequate psychometrics [2]:
reduction from .97, .92, and .95 to .94, .87, and .91 for the
depression, anxiety, and stress scales, respectively. Support for
the 3-factor structure has been found in both clinical [3] and
nonclinical samples [4]. Some have suggested the DASS-21
measures an additional “general psychological distress’ factor
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[5,6], while others have suggested it is “more adequately
explained by a 2-factor model of physiological arousa and
generalized negativity” [7].

As has been noted by other researchers, there have been
inconsistences relating to terminology regarding the factor
structure of the DASS [8]. In the context of the DASS, a
“bifactor” model has sometimes been referred to as a
“quadripartite” model as there is 1 general factor (overall
negative affect factor) with 3 specific factors (stress, anxiety,
and depression). A bifactor model isalatent structure, where a
genera factor loads on all items and other factors load on
different sets of items and explain unique response variance
that is not accounted for by the general factor [9]. This differs
from a hierarchical model, whereby the general factor sits
“above” the specific factors.

For the DASS-21, Henry and Crawford [5] found that a
quadripartite model demonstrated better fit than one that
removed the stress factor and allowed the stressitemsto freely
load on a negative affect general factor (the“tripartite model”).
The quadripartite model has been supported when using the
DASS-21 with adolescents [10] and adults [11]. This structure
seems to overcome many of the disagreements about an
underlying negative affect construct within the DASS-21.
Outside of factor structure and reliability, differences in item
response patterns based on demographics (ie, differential item
functioning [DIF]) have not been found for the DASS-21 across
age, gender, education, mode of administration, or disability
[11-14].

Item Response Theory

The DASS-21 was devel oped from the perspective of classical
test theory (CTT). There is an assumption that each observed
score (X) is made up of thetrue score (T) and random error (E).
CTT reliesheavily on the concept of internal consistency; items
with low total score correlations and items that are endorsed
infrequently are removed, increasing the variance of the total
score relative to the number of items, which increases the
reliability [15]. However, dl items must be administered to
obtain a score, and as items at each end of the spectrum are
eliminated, the scale discriminates poorly among those with
extreme trait levels.

In contrast, IRT alows the modeling of item response
probabilities. This allows the determination of reliability
(“information” in IRT) and trait level (8) of each item allowing
score calculations for different item sets [16]. Using different
IRT models, item characteristics can be plotted, and item sets
that measure specific trait levels can be developed [17,18].
Understanding item characteristics allows researchersto ensure
efficiency by using a smaller set of items and testing a wider
range of atrait.

Some authors have analyzed the DASS-21 and DASS-42 using
different IRT models. Parkitny and colleagues [13] were able
to fit each of the scales to the Rasch model, but an aggregate
measure of “negative affect” lacked fit. Medvedev and
colleagues [12] used the Partial Credit Rasch model; several
item calibrations (removal of item 5 in the depression scale,
combining items 2 and 20, and 9 and 19, from the anxiety scale
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into “super items’) were carried out to improve the fit to the
model. Shea and colleagues [14] aso used the Partial Credit
Rasch Model but needed to remove an item from each scale to
reach an acceptablefit. Sheaand colleagues[14] also suggested
that the items could be used to form a revised 2-factor model,
inlinewith Duffy and colleagues[7]. Wardenaar and colleagues
[19] used the graded response model with a large sample of
Dutch adultswho had completed the DA SS-42; they found that
each scale was sufficiently unidimensional and that an
unconstrained graded response model fits the data; however,
items only measured in the mild to moderate range of severity.
The studies conducted suggest that there is some use in using
IRT with the DASS-21 items to further understand the location
of items on the latent trait and how well they discriminate among
individuals; this is particularly useful when attempting to
understand severity of symptoms.

CAT

Onekey advantage of IRT isthat onceacalibrated bank of items
has been established, it is possible to use these itemsin a CAT.
A CAT alows “item responses to be scored immediately and
adaption to occur after each item isadministered” [15]. Thatis,
a person’s trait level can be re-estimated after each response.
With abank of items and implementation of various start rules,
stop rules, estimation methods, and item selection procedures,
it is possible to create fully automatable and highly efficient
tests [15]. When starting a CAT, the first item can be selected
based on what is known about the respondent or about the most
informative item; alternatively, start items can be chosen at
random to reduce the chances of respondents remembering test
items. Once the CAT has started, various methods can estimate
the respondent’s 0 after each response [20]. The next item
selected isthe onethat provides the most information based on
the respondent’s prior response [21]. Lastly, astop rule can be
selected; these can include SE termination, minimum
information termination, SE reduction criterion, and a change
in O criterion [22]. By using start rules, stop rules, estimation
methods, and item selection procedures, almost any test can be
turned into a CAT.

Aims and Hypotheses

To our knowledge, the graded response model and CAT have
not yet been used with the DASS-21. Moving from IRT of short
mental health scales to CAT development has been exampled
using the Center for Epidemiological Studies Depression scale
(CES-D) [23], General Anxiety Disorder-7 (GAD-7), Patient
Health Questionnaire-9 (PHQ-9) and Perceived Stress
Questionnaire (PSQ) [24], and the Beck Depression Inventory
(BDI) [25]. Frequently, clinicians and researchers use a range
of questionnaires in their work, increasing the time required
from examinees. The integration of tools via CAT poses
opportunities for efficiencies. This study aimed to determine
whether the DASS-21 fits the graded response model and then
validate its use as a CAT. An Australian nonclinical sample
completed the DASS-21 and 2 simulations of the CAT using
simulated responses, and real datawere completed. It isexpected
that simulated CATswill be able to be administered with fewer
items while maintaining acceptable levels of reliability.
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Methods

Ethics Approval

An ethics exemption for use of prior data was provided by the
Monash University Human Research Ethics Committeein May
2018 (project 13909). All procedures for data collection were
consistent with the Helsinki Declaration of 1975, asrevised in
2000. The procedure for data collection for the original research
isincluded below.

Participants

Participants (n=828) between the ages of 18 and 84 years were
recruited as part of alarger study that included questionnaires
on dark triad traits, mental health, and cognitive style.
Questionnaires were administered via Qualtrics. Participants
were recruited via Facebook advertising and social media

Table 1. Participant demographics.?
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snowball sampling. Participants could provide their email
addresses and enter adraw towin 1 of 3 Westfield Aus$50 (US
$37) vouchers. There were no missing data.

The sample was randomly divided into 2 groups. The first
sample was used for evaluation of the DASS-21, item
calibration, and deriving the item parameters (n=580). The
second was used for validating the developed models and for
the CAT simulation (n=248). A simulated sample (n=10,000)
was also used for the CAT simulation. Table 1 summarizesthe
demographics of the total sample. The mean age was 51 (SD
14.25) years. The proportion of group membership was
maintained acrossthe split. There were no significant differences
between the evaluation and validation sample using a Welch
2-samplet test for depression (t455=—1.31; P=.19; 95% Cl -1.17
to 0.23; anxiety, t4p;=—0.98; P=.33; 95% CI -0.82 t0 0.27; and
stress, tg;=—1.64; P=.10; 95% CI -1.23t0 0.11).

Characteristic Total sample, n (%) Evaluation sample, n (%) Validation sample, n (%)
Gender
Female 662 (79.95) 467 (80.52) 195 (78.63)
Mae 166 (20.05) 113 (19.48) 53 (21.37)
Agegroup (years)
18-29 96 (11.59) 64 (11.03) 32 (12.90)
30-39 85(10.27) 61 (10.52) 24(9.68)
40-49 117 (14.13) 83 (14.31) 34(13.71)
50-59 269 (32.49) 185 (31.90) 84 (33.87)
60-69 202 (24.40) 149 (25.69) 53 (21.37)
70-79 57 (6.88) 36 (6.21) 21(8.47)
>80 2(0.24) 2(0.34) 0(0)
Employment
Student 57 (6.88) 38 (6.55) 19 (7.66)
Not currently in workforce 65 (7.85) 46 (7.93) 19 (7.66)
Part-time or full-time work 541 (65.34) 382 (65.86) 159 (64.11)
Retired 165 (19.93) 114 (19.65) 51 (20.56)
Qualification
Bachelor’s degree 230 (27.78) 166 (28.62) 64 (25.81)
Completed high school 107 (12.92) 70 (12.07) 37 (14.92)
Did not complete high school 49 (5.92) 36 (6.21) 13 (5.24)
Honors or graduate diploma 139 (16.79) 101 (17.41) 38 (15.32)
Masters or PhD 152 (18.36) 107 (18.45) 45 (18.14)
TAFEP certificate or di plomaor trade 151 (18.24) 100 (17.24) 51 (20.56)

#There was no statistically significant difference between groups by age; t(483.7)=-1.41; P=0.16; 95% CI| —3.59 to 0.59.

bTAFE: Technical and Further Education.

Measure

The DASS-21 is a self-report questionnaire with 3 scales that
measures depression, anxiety, and stress. Participants responded

https://www.jmir.org/2023/1/e45334

to the DASS-21 by indicating how much a statement applied
to them over the past week on a4-point Likert scale. Each scale
has a potential range of 0 to 21, with higher scores indicating
more severe symptomology. While labels can be used to
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characterize the degree of severity relative to the population,
for research, it is preferable that the quantitative outcomes be
used [26].

The DASS-21 was developed in Australia and is gaining
popularity internationally [19]. The scale has good reliability,
with Cronbach a coefficients for the total scale, and the scales
ranging from .82 to .97 [1,2,27].

Data Analysis

Software

Analyses [28] were conducted using R (version 4.0.2; R
Foundation for Statistical Computing) [29] within RStudio
(version 1.3.1073; Posit) [30].

Reliability
Reliability was measured using Cronbach a [31] for the total

scale and each scale using the psych package for R (version
2.0.7) [32].

Confirmatory Factor Analysis

Confirmatory factor analysis (CFA) was completed to (1) clarify
the factor structure described in the literature and (2) confirm
that each scale was unidimensional. The chi-square statistic
[33] has been found to be biased for large samples; thus, fit
indices are also used, relying upon severa cutoff criteria. The
comparative fit index (CFl) [34] and the Tucker Lewis index
(TLI) [35] measure whether the designated model fits the data
better than a restricted model, with greater than 0.9 being
considered an acceptable fit [36]. Some authors argue that the
root-mean-square error of approximation (RMSEA) [37], which
determines how closely the model replicates covariances, is
more appropriate than the CFI for confirmatory analyses [38];
values below 0.01 are considered excellent, below 0.05
considered good, and below 0.08 considered mediocre [39].
The standardized root-mean-square residua (SRMR) [36]
represents the average discrepancy between an implied
correlation matrix and the observed correlation matrix; avalue
lessthan 0.08 is considered good [40]. The lavaan package for
R (version 0.6-7) [41], relying on the diagonally weighted |east
sguares estimator, was used.

Mokken Analysis

Mokken analysis[42] was carried out to determine if the items
from each individual scale fit a Mokken scale; this assumes
unidimensionality and an increasing “level” of the underlying
trait (known as monotonicity). A Mokken scale indicates that
arespondent is more likely to endorse a subsequent item based
on a stronger agreement with prior items. Items that receive a
Loevinger H value [43] of below 0.3 are considered to be
inaccurate, between 0.3 and 0.4 considered to have low
accuracy, between 0.4 and 0.5 have moderate accuracy, and
valuesover 0.5 suggest “good” ordering [44,45]. Mokken scale
analysis can be carried out if N>250, and the items are high
quality [46]. Automatic item selection procedures al so perform
well with small sample sizes. Mokken analysis was carried out
using the mokken package for R (version 3.0.2) [47,48].

https://www.jmir.org/2023/1/e45334
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Local Independence

Yen's [49] Q3 method of correlated residuals was used to test
thelocal independence of items. Whileitem residual correlations
above 0.20 are indicative of local dependence, some authors
suggest that no singular critical value is appropriate for all
situations [50]. Any items with local dependence would have
their item information curves analyzed, and items with lower
information would be removed. Local independence was
analyzed using the stats package for R (version 4.0.2) [29].

Graded Response Maodel

The graded response model [51] was used, whichissuitablefor
polytomous items [52]. The graded response model provides
difficulty or trait-level parametersfor n response categories (b,,)
and a discrimination parameter (a) for each item [53]. A
response category correspondsto the number of response options
on a scale; for the DASS-21, there are 4 response options for
each item. The assumptions of unidimensionality, monotonicity,
local independence, and item parameter invariance [54-56] were
tested (as described earlier).

The hybrid C2 statistic [57] was used to test IRT model fit as
there were no sufficient degrees of freedom to compute the M 2*
statistic. Along with the C2 statistic, associated fit indices such
asTLI, CFl, RMSEA, and SRMR were computed. For item fit,

the S-X? [58] was used, and the RMSEA is reported to help
evaluate the magnitude of item misfit.

Item discrimination parameters were interpreted in line with
Baker and Kim [17]. Each item’'s difficulty parameter is
indicative of the point on the scale where the probability of
endorsement is .5. Item thresholds were also analyzed. Thisis
an important concept in psychological measurement that the
probability of aresponse in one category is larger than that of
any other single category [59], known as “ordered thresholds.”
When thereisa* discordance between the category probabilities
and the underlying trait” [60], there are “disordered thresholds.”
Where a disordered threshold occurs, a person with that level
of 8 may respond in an unexpected pattern. The mirt package
for R (version 1.32.1) [61] was used for the IRT analyses.

Differential 1tem Functioning

Invariance in the item parameters was assessed by using DIF
and differential test functioning. DIF occurswhen the probability
of endorsing an item or getting an item correct is different for
different subgroups[62,63]. DIF was carried out using collapsed
gender, employment, and education categories, using the mirt
package for R (version 1.32.1) [61].

CAT Simulation

To determine the effectiveness of a CAT using the DASS-21
items, two simulationswere carried out: (1) simulated responses
(normal distribution of 10,000 participants with amean 6 of 0
and an SD of 1 were generated) and (2) a validation sample of
248 real participants. Correlations between the “true 8” and the
CAT “simulated 0,” average number of items administered, and
the amount of bias between simulated and real 6 estimation
were obtained.
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Maximum posterior-weighted information was used for first
item selection and subsequent item selection. For an item bank
of this size, most item selection methods are considered
appropriate, and maximum posterior—weighted information is
much more straightforward [64]. The method for estimating 6
after each item has been administered was expected aposteriori
estimation, which produces less bias, particularly for smaller
test lengths [65]. Simulations were carried out with a stop rule
for 6 different levels of SE of measurement (SEM),
corresponding with reliabilities of 1.0 (SEM~0.00), 0.9
(SEM~0.32), 0.8 (SEM~045), 0.7 (SEM~0.55), 0.6
(SEM~0.63), and 0.5 (SEM~0.71). The mirtCAT package for
R (version 1.10) [66] was used for simulation.

Results

Reliability

The Cronbach a for the total DASS-21 using the evaluation
sample was .94. Excellent internal consistency was found for
the depression scale (.91), and good internal consistency was
found for the anxiety (.80) and stress (.87) scales.
Confirmatory Factor Analysis

Intotal, 9 different models were evaluated using the eval uation
sample. Model A1 reflected a genera psychological distress

Table 2. Fitindicesfor the confirmatory factor analyses (n=580).2
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factor. Models B1 and B2 used the original 3-factor model.
Models C1 and C2 combined the stress and anxiety traits[67].
Models D1 and D2 reflected the tripartite model [5]. Models
E1 and E2 examined the fit of a quadripartite model also
examined in Henry and Crawford [5]; unlike their study, E1
allowed shared variance between the factors.

Overdll, the fit indices (n=580; Table 2) show that model E1
displayed the best fit; however, as this was not statistically
significantly different frommodel E2 (Figure 1; )(23:2.5; P=.47),
E2 was retained as it is the smpler and more parsimonious
model of the 2. Further, the same structure demonstrated good
fit using the validation sample (n=248; Table 2). Item loadings
were strong for the negative affect general factor, with only
ANX4 (item 9; “1 wasworried about situationsin which I might
panic and make afool of myself”), STR 2 (item 6; “1 tended to
overact to situations’), and STR 4 (item 11; “I found myself
getting agitated”) demonstrating weaker loadings on the
individual group factors.

Given the continued importance of 3 underlying traits and the
unidimensionality requirement of |RT, each scale was analyzed
independently (Table 3). All scales showed good to excellent
fits, with only the RM SEA valuefor the stress scal e being above
the set cut off. The item factor loadings were generally strong,
with all but 1 item above 0.7.

Models Fit index Chi-square (df) P value
CFIP TLIC RMSEAY SRMR®

Initial model analyses (model comparison)
A1: Onefactor 0.98 0.98 0.09 0.09 1077.8 (189) <.001
B1: Three factors with shared variance 0.99 0.99 0.05 0.06 478.2 (186) <.001
B2: Three orthogonal factors 0.56 0.51 0.43 0.40 20,519.5 (189) <.001
C1: Two factors with shared variance 0.99 0.99 0.06 0.06 528.2 (188) <.001
C2: Two orthogonal factors 0.71 0.68 0.35 0.33 13,441.8 (189) <.001
D21: Tripartite model with shared variance 0.99 0.99 0.04 0.05 360.1 (174) <.001
D2: Tripartite model with orthogona factors 0.99 0.99 0.04 0.05 371.9 (175) <.001
E1: Quadripartite model with shared variance 0.99 0.99 0.02 0.04 190.2 (165) .08
E2: Quadripartite model with orthogonal factors 0.99 0.99 0.02 0.04 193.9 (168) .08

Sample comparis:onf
Model E2: Evaluation sample (n=580) 0.99 0.99 0.02 0.04 193.9 (168) .08
Model E2: Validation sample (n=248) 0.99 0.99 0.01 0.04 139.7 (168) .94

3For each model pair, the first model allowed shared variance between depression, anxiety, and stress, whereas the second model forced these factors
to be orthogonal; in the tripartite and quadripartite models, negative affect was always kept orthogonal .

bCF: comparative fit index.

®TLI: Tucker Lewisindex.

dRMSEA: root-mean-square error of approximation.
®SRMR: standardized root-mean-square residual.
fus ng an orthogonal quadripartite model.
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Figure 1. Bifactor model for the evaluation data. *P<.05, ** P<.001.
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Table 3. Scale Confirmatory Factor Analysis and Graded Response Model analyses (n=580).

Fit index Scele
Depression Anxiety Stress
Confirmatory factor analysis
Chi-square (df=14) 19.9 28.3 119.0
Comparative fit index (CFI) 0.99 0.99 0.98
Tucker Lewisindex (TLI) 0.99 0.99 0.97
Root-mean-square error of approximation (RMSEA) 0.03 0.04 0.11
Standardized root-mean-square residual (SRMR) 0.03 0.05 0.07
Mokken analysis
Scale Loevinger H 0.67 0.43 0.55
Scale Loevinger H standard error 0.02 0.03 0.02
Graded response model
c2 42.16 46.47 157.87
CFI 0.99 0.98 0.95
TLI 0.99 0.97 0.93
RMSEA 0.06 0.06 0.13
SRMR 0.03 0.05 0.06
Margina reliability 0.80 0.69 0.82

Mokken Analysis

Mokken analysis using the evaluation sample resulted in a
Loevinger H of 0.511 (SE 0.024). The automatic item selection
procedure did not suggest removal of any items. All items had
aLoevinger H above 0.3, with amajority above 0.5.

For the individual scales, Mokken analysis revealed moderate
accuracy for the anxiety scale and good ordering for the
depression and stress scales (Table 3). The automatic item
selection procedure did not suggest removal of any items. All
items had a L oevinger H above 0.3, with amajority above 0.5.

Local I ndependence

The results of Yen's [49] Q3 analysis indicated that there was
no significant local dependency across the depression, anxiety,
or stress scales. STR5 (item 12; “I found it difficult to relax™)
showed a Yen's[49] Q3 with STR1 (item 1; “I found it hard to
wind down™) of 0.22; previousresearch hasinvestigated loading

https://www.jmir.org/2023/1/e45334

the stress items on a range of different factors (eg, tripartite
model and quadripartite model), so it is unsurprising to see a
stress item demonstrates local dependency in this analysis,
which may be due to another trait being involved; this did not
warrant removal of the item given the significant literature,
which supportsthe 21-item, 3-factor structure of the DASS-21.

Graded Response Model

All 3 scales demonstrated good fit with the graded response
model across the CFI, TLI, and SRMR fit indices (Table 3).
The stress scale RMSEA was worse, likely due to the
unidimensional execution of thisanalysis, suggesting that there
isresidual variance unaccounted for by the “stress” latent trait.
All scales demonstrated a marginal reliability above 0.7. Item
parameters for interested readers are contained in Table S1in
Multimedia Appendix 1. There were no disordered thresholds
across any of theitems (Figures S2-S4 in Multimedia A ppendix
1). The scales provide the most information at approximately
20 (Figure 2).
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Figure 2. Scaletest information.
Depression Test Information

Anxiety Test Information

Kraska et al

Stress Test Information

(e}

Differential Item Functioning

Collapsed employment groups (“Employed” and “Not
Employed”) and education groups (“Nontertiary” and
“Tertiary™) were used for DIF. Collapsing the education groups
did not result in enough nontertiary participants across response
options for items anxiety 3 (item 7), anxiety 7 (item 20), and
stress 6 (item 14). Otherwise, no depression, anxiety, or stress
items were flagged for DIF by gender, employment, or
education. There was also no differential test functioning
flagged.

Table4. Computer adaptive test (CAT) simulation results.

CAT Simulation

At an SEM of 0.45 (approximate reliability of 0.80), the CATs
required fewer items as the simulated participants' 6 increased
(Table 4). As few as 1 or 2 items were required for the
depression scale, and as few as 3 or 4 items for the anxiety and
stress scales. Simulating a CAT with an SEM stop rule of 0.45
(Table 5) showed that across a6 of 0.0 through to 3.0 there was
areduction of approximately 43% to 62% of itemsadministered.

Reliability SEM2 Depression Anxiety Stress
Avg itemg? r¢ Avg items r Avg items r
Simulated sample (n=10,000)
1.00 0.00 7.000 0.906 7.000 0.845 7.000 0.913
0.90 0.32 5.484 0.904 6.986 0.847 7.000 0.914
0.80 0.45 3.744 0.876 5.768 0.835 4.817 0.891
0.70 0.55 3.153 0.860 4772 0.818 3.307 0.856
0.60 0.63 2.925 0.856 3.917 0.787 2.289 0.826
0.50 0.71 1.683 0.829 3.080 0.771 1.442 0.763
Validation sample (n=248)
1.00 0.00 7.000 1.000 7.000 1.000 7.000 1.000
0.90 0.32 5.440 0.993 6.988 1.000 7.000 1.000
0.80 0.45 3.641 0.961 5.835 0.993 4.758 0.975
0.70 0.55 3.032 0.951 4.802 0.975 3.310 0.956
0.60 0.63 2.810 0.949 4.036 0.934 2.250 0.938
0.50 0.71 1.665 0.915 3.190 0.902 1.460 0.882

8SEM: SE of measurement.
bAvg items: average number of items administered.
°r isthe correlation between true 8 and 6 as calculated by the CAT.
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Table 5. Computer adaptive test (CAT) simulation results by participant 8 with SEM? of 0.45 (n=10,000).

0 group Depression Anxiety Stress
n Avg items” n Avg items n Avg items

Simulated sample (n=10,000)
Below -3.0 10 7.000 8 7.000 17 7.000
-3to-24 58 7.000 68 7.000 61 7.000
-2.4t0-1.8 280 6.982 265 7.000 292 6.983
-18to-1.2 738 6.862 792 6.999 781 6.809
-1.2t0-0.6 1561 6.360 1597 6.959 1647 6.113
-0.6t00.0 2292 4.705 2223 6.726 2324 4,778
0.0t00.6 2378 2.3%4 2272 5.802 2145 3.963
06t01.2 1600 1.288 1620 4.161 1598 3.922
12t01.8 757 1.104 818 3.331 738 3.920
18to24 256 1.469 269 3.119 288 3.878
241030 57 1.895 61 3.213 95 4.158
Above 3.0 13 2.000 7 3.429 14 4.500

Validation sample (n=248)
Below -3.0 0 N/AC 0 N/A 0 N/A
-3to-24 0 N/A 0 N/A 0 N/A
-24t0-1.8 0 N/A 0 N/A 0 N/A
-18to-1.2 0 N/A 0 N/A 37 7.000
-1.2t0-0.6 78 7.000 89 7.000 26 6.808
-.6t00.0 45 3.533 45 7.000 60 4.350
0.0t0 0.6 52 1.904 52 5.596 47 3.723
06t01.2 43 1.349 37 3.784 48 3.729
12t018 17 1.059 8 3.125 13 4.154
18to24 7 1571 11 3.091 7 3.714
24103.0 6 2.000 3 3.000 7 4571
Above 3.0 0 N/A 3 3.333 3 5.667

8SEM: standard error of measurement.
bAvg items. average number of items administered.
°N/A: not applicable.

Discussion

This study aimed to evaluate the suitability of IRT and CAT
for the DASS-21.

Factor Structure

CFA supported the quadripartite model in both the evaluation
and validation samples, consistent with Henry and Crawford
[5], Osman and colleagues [6], Szabo [10], and Gomez [11].
Consistent with Page et a [27], alowing factors to share
variance generally resulted in improved fit across all the tested
models; however, only minimally. A model that forces the 3
factors to be orthogonal has more clinical use and is more
parsimonious. This analysis did not provide any substantial
evidence for removal of an item.

https://www.jmir.org/2023/1/e45334
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Item Calibration

A bifactor IRT model did not converge (insufficient n), so focus
was placed on unidimensional IRT. Overall, all assumptions of
IRT (unidimensionality, monotonicity, and local independence)
were met for each scale within the DASS-21.

There were some consistencies with previous research using
Raschinitemsof concern. DEP2 (depression scale; item 5) and
DEP5 (item 16) demonstrated the poorest fit with the graded
response model. Duffy and colleagues [7] found that removal
of DEPS5 (item 16) improved CFA fit, but thiswas in a 2-factor
model and focused on adolescents. Additionally, Parkitny and
colleagues [13] found that the same item displayed possible
misfit to the Rasch model; however, given the use of a different
IRT model, it isnot directly comparable to the current findings.
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Two studies [12,14] removed DEP2 due to poor fit with the
Rasch model. It seems likely that DEP2 and DEPS relate to a
lack of motivation, whereas the other depression items relate
to alack of positive affect and that the IRT models are sensitive
to the way in which participants respond to these items
differently.

While ANX4 (item 9) displayed a low factor loading, it
demonstrated suitable monotonicity and local independence.
ANX1 (item 2) and ANX5 (item 15) demonstrated a lower, but
acceptable, Loevinger H value. These items have been flagged
in other studies. Duffy and colleagues [7] correlated the error
terms between ANX5 (item 15) and ANX7 (item 20) due to
poor fit. Shea and colleagues [14] found that ANX1 (item 2),
ANXS5 (item 15), and ANX7 (item 20) displayed poor fit with
the Rasch model and removed ANX1, resulting in a 6-item
anxiety scale that had improved fit. Parkitny and colleagues
[13] observed disordered thresholds in ANX5 (item 15) but
retained theitem and its original scoring structure as alterations
falled to meet the Rasch model requirements. Like the
depression items, it seems that these items sometimes
demonstrate misfit dueto their content and the samples gathered.

Within the bifactor CFA, the factor loadingsfor the stressitems
on the individual stress latent construct were generally low,
largely being explained by the general negative affect latent
trait. This may explain the higher RMSEA when conducting a
unidimensional CFA with just the stress items—there appears
to be residual variance unexplained by the stress latent trait
alone. While the items measure the construct of stress, it may
be that peopl€e's stress manifests in various ways, and thus,
people's pattern of responses to this item are unpredictable.
Crawford and Henry [4] noted some literature had found STR1
(item 1) to have minor misspecification, but that no previous
studies demonstrated a pattern of specific item removals.
Overall, the stress scal e appearsto be the weakest of the 3within
the DASS-21 but not sufficiently problematic to justify removal
of the latent trait (such asin the tripartite model).

CAT Simulation

All 3 scales presented as*“ peaked tests’ and thus do not measure
efficiently at the very low end of thetrait spectrum. Thisresults
inthe same 1 or 2 items being administered for those with high
levels of depression, anxiety, or stress. Stronger correlations
were found between CAT simulated 8 scores and true 6 scores
asthe participants possessed higher levels of depression, anxiety,
and stress; however, this began to reverse as participants
approached a6 of 3.0. Thisis consistent with research by Page
et a [27] who found the depression scale has a ceiling effect
and does not measure severe depressive symptoms such as
suicidal ideation or vegetative symptoms well. For the
depression scale, depending on the SEM stop rule set, fewer
efficiencies are gained outside the range of approximately 06
to 2.50; for anxiety and stress, this same pattern is evident
outside of approximately 0.06 to 3.00. The stability of these
findings is compromised by only having few real participants
in the upper extremes of the 0 range, likely due to using a
nonclinical sample.

At areliability of 0.80, which is suitable for group-level data
collection and for research purposes, simulation of aDASS-21
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CAT resulted in an average 48%, 17%, and 32% reduction in
items administered for each scale, respectively. Given the small
number of items, using alow SEM stop rule may not always
be the most appropriate. Babcock and Weiss [22] suggested
that SEM stop rules are ideal for large item banks, whereasin
cases with small item banks with peaked information, using a
combination stop rule of SEM and minimum information is
most appropriate. This allows the CAT to continue
administration of itemswherethere are suitableitems available
and stop administration in areas of low information. Thiswould
be particularly useful in the case of the DASS-21 as there is
little need to continue administration of items for people below
00 but some use in measuring the difference between those
presenting with mild to severe symptoms. It isimportant, in the
context of stepped care models of mental health (such as that
in Australia) [68], to consider the advantage of extremely short
linear scalesthat only usethe 1 or 2 items that have the highest
information versus the advantage use of CATs (which come
with complexity), which can measure at a highly reliable level
across aspectrum of symptoms. Although not used in this study,
for practica implementation, CAT software does alow for
exposure rules, which ensure that certain content areas are
covered. Future studies should consider different stop ruleswith
aDASS-21 CAT and other short CATSs.

Limitations and Future Research

All items were retained despite previous studies having
suggested some item removal; this suggeststhat there are either
sampl e differences and thus results across these 2 studies cannot
be generalized, or that the different IRT model used resultsin
different item fit. The sample in this study was mostly female
and above the age of 50 years; thus, resultsare not generalizable.
Additionally, some research suggests that applying an
inappropriate IRT model can bias goodness of fit indices and
that not all goodness of fit indices are made equal [69]. Future
research should consider comparing outcomes of different IRT
models in determination of item removal from the DASS-21
for CAT development.

Despite identifying that a bifactor model (the “quadripartite”
model when discussing the DASS-21) was most suitable, this
study used each of the scales as unidimensional measures
throughout the IRT analyses, resulting in multiple
unidimensional CATs. Future research with larger samples
should consider the use of multidimensional IRT and CAT
methodol ogies, which may allow further efficienciesin testing
to be gained [70].

Due to the application of CAT to a set of 3 scales in a
unidimensional manner, there were limited items for the
algorithm to choose from. For those with severe symptomol ogy,
this results in the same 1 to 2 items being administered across
each scale. By addressing sample size issues (as noted earlier),
it would beincreasingly possibleto test amultidimensional IRT
model and ensure that the true advantages of CATSs are being
achieved over simpleimplementation of extremely short scales
that use only items with the highest information.

Lastly, the data used in this study were gathered from a
nonclinical sample who generally displayed few symptoms of
depression, anxiety, and stress. As the participants displayed

JMed Internet Res 2023 | vol. 25 | e45334 | p. 10
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

levels outside the range of O that the DASS-21 CAT measured
most efficiently, there are fewer efficiencies in testing being
gained. Only 25-30 participants in the validation sample
possessed a trait level above 1.26. Future research could
investigate aDASS-21 CAT with aclinical population. Further
research could a so be conducted into items across the 0 range.
Additionally, although no items were found to have DIF by
gender, education, or employment, this was based on collapsed
groups, replication with larger samplesis required.

Conclusions

This study shows that the DASS-21 has good interna
consistency (asdo each of itsscales) and can befit to the graded
response model. No disordered thresholds discovered across
both the evaluation and validation samples. This suggests that
the response format of the DASS-21 is appropriate (ie, the
4-point scale works as intended). The outcomes of the bifactor
CFA challenge previous attempts to further refine item sets for
the DASS-21. Rather than removing items, simulations suggest
that a DASS-21 CAT results in an average 17% to 48%
reduction initemsadministered at areliability of 0.8, even with

Kraska et al

a poorly targeted nonclinical sample. This suggests that a
DASS-21 CAT can efficiently and accurately measure symptoms
at amild to moderate level of eachtrait. A DASS-21 CAT could
be used in clinical practice or research alongside other CATSs.
CAT implementation was best for the depression scale,
reflecting the stronger results of thisscalein the CFA and graded
response model analyses. Whileit may bethat aDASS-21 CAT
would be best used based on clinical decision-making where
there is a suspicion of optimal trait levels for the CAT, the
benefit of CAT is that efficiencies can be achieved on a
case-by-case basis automatically by the computer rather than
clinicians having to decide whether a patient undergoesa CTT
or CAT version of the test. The computer will automatically
decide whether the client requires every item or not. This
research also demonstrates that a DASS-21 CAT would be
efficient and reliable for group-level measurement of
psychological distress. From aresearch perspective, CATswill
become more common, and this study demonstrates that there
is little need to develop new items for use in adaptive testing,
when existing tool swith strong psychometrics exist can be used
as part of larger CAT batteries.
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Abbreviations

BDI: Beck Depression Inventory

CAT: computer adaptive test

CES-D scale: Center for Epidemiological Studies Depression scale
CFA: confirmatory factor analysis

CFIl: comparative fit index

CTT: classical test theory

DASS: Depression Anxiety Stress Scale

DIF: differential item functioning

GAD-7: General Anxiety Disorder-7

IRT: item response theory

PHQ-9: Patient Health Questionnaire-9

PSQ: Perceived Stress Questionnaire

RMSEA: root-mean-sgquare error of approximation
SEM: SE of measurement

SRMR: standardized root-mean-square residual
TLI: Tucker Lewisindex
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