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Abstract
Background: As more and more people suffer from sleep disorders, developing an e�cient, cheap and accurate
assessment tool for screening sleep disorders is becoming more urgent. This study developed a computerized
adaptive testing for sleep disorders (CAT-SD).

Methods: A large sample of 1,304 participants was recruited to construct the item pool of CAT-SD and to
investigate the psychometric characteristics of CAT-SD. More speci�cally, �rstly the analyses of unidimensionality,
model �t, item �t, item discrimination parameter and differential item functioning (DIF) were conducted to
construct a �nal item pool which meets the requirements of item response theory (IRT) measurement. In addition,
a simulated CAT study with real response data of participants was performed to investigate the psychometric
characteristics of CAT-SD, including reliability, validity and predictive utility (sensitivity and speci�city).

Results: The �nal unidimensional item bank of the CAT-SD not only had good item �t, high discrimination and no
DIF; Moreover, it had acceptable reliability, validity and predictive utility.

Conclusions: The CAT-SD could be used as an effective and accurate assessment tool for measuring individuals'
severity of the sleep disorders and offers a bran-new perspective for screening of sleep disorders with
psychological scales.

Background
With the rapid development of the society, people's sleep problems are becoming more and more serious.
According to the statistics of the World Health Organization (WHO), about 27 percent of the world's population
have sleep disorders, and more than 300 million Chinese have sleep disorders (Wu, 2019). The rate of insomnia is
32–50% in the United States, 10–14% in Great British, 20% in Japan, 30% in France, and 38.2% in China (Zhang,
2015). In February 2018, the Philips company conducted sleep surveys of more than 15,000 people in 13 countries
(United States, Britain, Germany, Poland, France, India, China, Australia, Colombia, Argentina, Mexico, Brazil and
Japan) and found that a) most adults (67%) believe that sleep has a signi�cant impact on health and well-being.;
b) 61 percent of adults worldwide have some sort of medical problem that affects sleep (the Press Conference of
2018 World Sleep Day and the Launching Ceremony of the National Large-Scale Free Medical Consultation
Activity, 2018). It can be concluded from the above surveys that sleep have become a very critical factor troubling
people all over the world.

CCMD-3 de�nes non-organic sleep disorders as non-organic sleep and arousal disorders caused by a variety of
psychosocial factors, including insomnia, narcolepsy, and certain paroxysmal sleep abnormalities (nightmare,
restless legs, sleep walk et al.). Individuals with sleep disorders typically present with sleep-wake complaints of
dissatisfaction regarding the quality, timing, and amount of sleep. Resulting daytime distress and impairment are
core features shared by all of these sleep-wake disorders.

Sleep disorders have very negative effects on people's physical and mental health. Firstly, sleep disorders are
often accompanied by depression, anxiety and cognitive changes, and studies have found that people who are
chronically sleep-deprived are more likely to suffer from depression, anxiety and suicide than the general
population (Jackson & Turkington, 2005; Joshua, 2014). Secondly, sleep disorders not only affect the treatment
and rehabilitation of the primary disease, but also aggravate or induce other physical diseases, and bring greater
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pain to patients. Thirdly, studies have proved that adequate sleep has a protective effect on the immune function
of the body (e.g., Lange et al., 2010; Zai, 2017). After the occurrence of sleep disorders, the body's immune system
is in an unbalanced state, which can lead to the reduction of immune cells and weakened immune function
through a variety of ways. Finally, long-term sleep deprivation or lack will lead to the decline of people's attention,
cognitive ability, judgment and memory, and even suffer from anxiety, depression, etc. At the same time, their
daytime function is obviously affected, resulting in decreased work e�ciency and living quality.

At present, the assessment methods of sleep disorders mainly include sleep diary, sleep behavior model,
polysomnography (PSG) and sleep scales. Sleep diary is mainly used to record the subjects' sleep patterns during
a period of time through continuous tracking, and then do a comprehensive analysis of their sleep status. Sleep
behavior model is comprehensively evaluated by understanding and veri�cation of the sleep-wake cycle, types
and severity of sleep disorders of the subjects in detail. PSG integrates electroencephalograph (EEG),
electrocardiogram (ECG), electrooculogram (EOG), electromyography (EMG) and other physiological detectors, it
can collect various physiological changes during sleep. Sleep scales mainly require subjects to respond to the
items in the scales, and then analyze the sleep status of the subjects according to their responses. For example,
the Pittsburgh Sleep Quality Index (PSQI; Buysse et al., 1989) and the Insomnia Severity Index (ISI; Morin, 1993)
are widely-used sleep scales.

Each of the above four sleep assessment methods has its own pros and cons. This article mainly introduces the
shortcomings of sleep scales. Most of the existing sleep scales were developed within the framework of the
classical test theory (CTT). One of the most prominent problems of CTT is that a large number of items are
needed to cover a wide range of the construct with a high measurement precision.

In the clinical �eld, there is a high demand for mental health assessments which have both short duration and
good quality (e.g., Gardner et al., 2004; Cella et al., 2007; Smits et al., 2007). Computerized Adaptive Testing (CAT)
which involves the administration of items via the computer offers substantial promise for this. For CAT, each item
is dynamically selected from item bank and is optimal for the respondents in question (Smits et al. 2011). CAT
relies on modern test theory which is also known as Item Response Theory (IRT). The main content of IRT
research is the relationship between the responses of subjects to items and the latent traits of subjects measured
in the test. IRT models have item parameters which quantify the relationship between the latent trait and the item
score (Smits et al. 2011). In recent years, a majority of researchers have used IRT to improving existing scales. For
examples, O' Connor et al. (2014) used IRT to analyze the Subjective Happiness Scale (SHS), Cho et al. (2015)
applied IRT to analyze emotional intelligence scale, and Wang (2018) developed an adaptive testing with a
hierarchical item response theory (H-IRT) model. Generally speaking, CAT may be the most intriguing new
perspective of IRT.

Compared with traditional Paper & Pencil (P&P) test, the greatest advantage of CAT is that it can greatly reduce
the number of items without loss of measurement accuracy. In addition, CAT has many other advantages. For
instance, the presentation of items is more standardized, not only can accurately control what the examinee can
see and hear, but can control the length of time. However, CAT also has disadvantages, such as being a complex
technique and requiring a substantial amount of human and �nancial resources to organize a CAT program.
However, study had shown that the advantages of CAT far outweigh its disadvantages (Meijer & Nering, 1999).

According to literature review, CAT has been widely used in psychological and clinical �elds. For examples, Fliege
et al. (2005) developed a CAT for depression; Abberger et al. (2013) developed a CAT to assess anxiety in
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cardiovascular rehabilitation patients; Gibbons et al. (2017) used a CAT of the quality of life to adjust the cross-
cultural differences of the participants. However, few CAT studies for sleep disorders have been found, which is
unfavorable to the measurement and assessment of sleep disorders. Considering the seriously negative effects of
sleep disorders on people, so it is urgent to develop an e�cient and accurate assessment tool for sleep disorders.
Moreover, the technology, algorithm and implementation of CAT for sleep disorders deserve further discussion. To
address the above issues, this study attempts to propose a CAT using real data to measure sleep disorders (CAT-
SD).

The current study is expected to contribute to the theory and practice to the measurement and assessment of
sleep disorders. Speci�cally, in theory, a) the combination of CAT and sleep disorders broadens the application
area of CAT; b) although some sleep scales have short items, these scales may not adequately refer to the
domains related to sleep disorders. However, multiple sleep scales are combined into a large item bank which is
relatively comprehensive in CAT; c) CAT mitigates measurement error while maximizing e�ciency since only the
items pertinent to accurately measuring trait level are administered (Kirisci et al., 2012). In practice, a) cost is
minimal because the responses are scored automatically and immediately after the subject complete the
questionnaire; b) privacy is also ensured because there is no record of the subjects' responses on paper and
access to the information is protected by password (Kirisci et al., 2012); c) the sleep scales are very important as
an auxiliary tool for doctors to diagnose patients' sleep status, and the patients can complete it at home.

The next is to describe the development of CAT-SD and the evaluation of its test properties in simulation studies.

Methods

Participants
The total college student sample came from ten universities in �ve Chinese cities (Beijing, Shanghai, Jingzhou,
Jingdezhen and Nanchang) that consisted of 1,304 participants who agreed to take part in this study after being
informed that their personal information would be kept secret, all participants were voluntary and anonymous.
Participants included both healthy individuals (81.18%) and patients (18.82%). These patients reported that they
had been diagnosed with sleep disorders by professional doctors and were screened with severe sleep disorders
by several sleep scales. The sample comprised 585 males (44.86%) and 719 females (55.14%), of whom 752
(57.67%) were from rural areas and 552 (42.33%) were from cities, and the mean age was 19.15 years old (SD = 
1.52, range from 15 to 25), 87.40% of participants aged from 18 to 22.

Measures
The �rst step is to conduct a Delphi process. We started with 133 available items originating from 8 self-rating
sleep scales that are widely-used in routine diagnostic examinations: Pittsburgh Sleep Quality Index (PSQI; Buysse
et al., 1989), Insomnia Severity Index (ISI; Morin, 1993), Epworth Sleepiness Scale (ESS; Johns, 1991), SLEEP-50
questionnaire (SLEEP-50; Spoormaker et al., 2005), Self-Rating Scale of Sleep (SRSS; Li, 2012), Chinese Sleep
Disorder Scale (CSDS; Zhang, 2014), Medical Outcomes Study Sleep Scale (MOS-SS; Hays et al., 2005), and
Quality of Life in Neurological Disorders-Sleep Disturbance Scale (Neuro-QOL-SD; Perez et al., 2007). Athens
Insomnia Scale (AIS; Soldatos et al., 2000) which is widely-used in diagnosing sleep disorders is selected as
criterion scale to evaluate the CAT-SD. These questionnaires are administered to participants via computer.

Statistical Analysis
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Statistical analyses are mainly composed of two parts: construction of item bank for CAT-SD, and the CAT-SD
simulation study.

Construction of item bank for CAT-SD
This part attempts to construct an item bank that meets the requirements of IRT measurement. The statistical
analyses based on IRT were sequentially carried out, including unidimensionality, model �t, item �t, discrimination
parameters and differential item function (DIF).

Unidimensionality. Unidimensionality is a crucial assumption in IRT, which means a test only measures one main
latent trait, and no other factors will affect the characteristics of the examinee's response to items. Many IRT
models assumed unidimensional, such as the two-parameter Logistic model (2PL), three-parameter Logistic
model (3PL), the Graded Response Model (GRM; Samejima, 1968) and the Generalized Partial Credit Model
(GPCM; Muraki, 1992). To con�rm acceptable unidimensionality of the dataset, EFA was conducted. If the ratio of
the �rst eigenvalue to the second eigenvalue is greater than 4 (Reeve et al., 2007) along with the �rst eigenvalue
explains more than 20% of the total variance (Reckase, 1979), which can be considered that the test conforms to
the unidimensional hypothesis.

Model �t. In IRT, selecting an optimal IRT model for statistical analyses is the premise to ensure the accuracy of
statistical analyses. In current study, four polytomously-scored IRT models (i.e., GRM, PCM and GPCM) were
simultaneously applied to �t the items of CAT-SD, and the optimal model was selected based on the test-level
model-�t indices include − 2Log-Likelihood (-2LL; Spiegelhalter et al., 1998), Akaike's information criterion (AIC;
Akaike, 1974) and the Bayesian information criterion (BIC; Schwarz, 1978). Smaller values of these indices
indicate better model-�t.

Discrimination parameters. Item discrimination parameters (a) shows the extent to which individuals with similar
scores can be differentiated via an item. An item with high discrimination parameter suggests that this item is
helpful to obtain more precise estimation of examinee's latent traits. Item discrimination parameters were
estimated via the optimal model and then selected items with discrimination parameters more than 0.5 (Chang &
Ying, 1996).

Item �t. In order to calculate the item �t, the S-X2 statistic (Kang & Chen, 2008) that quanti�es and compares the
differences between observed frequencies and expected frequencies under the IRT model was suggested. Items
with p values of S-X2 less than 0.01 were deemed to have poor item-�t (Flens et al., 2017) and were removed.

Differential item function (DIF). Another assumption of IRT models is that the item has same item parameters in
different sample. If parameter values differ between groups, a test is said to suffer from Differential Item Function
(DIF; Embretson & Reise, 2000, Chap. 10). The consequence of DIF is that respondents from different groups, who
actually have an identical score on the latent trait, have a different probability of endorsing an item (Smits et al.,
2011). Change in McFadden's pseudo R2 was used to evaluate effect size, and the null hypothesis of no DIF was
rejected when the value of R2 change was more than 0.02 (Bjorner, 2003). DIF analysis was carried out with
respect to gender (male, female) and region (rural, city) groups.

The IRT analyses of unidimensionality, model �t, item �t, discrimination parameters and DIF were sequentially
performed until the remaining items of item bank fully satis�ed the above rules. Consequently, the remaining
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items constructed the �nal item bank of CAT-SD, and then the item parameters of the �nal item bank and person
parameters were estimated against by using the optimal model.

CAT-SD Simulation Study
In this part, all the real participants' response data were used for a CAT-SD simulation study that was to
investigate the characteristic, criterion-related validity and predictive utility (sensitivity and speci�city) of CAT-SD.

Initial item selection. In the CAT simulation, item selection is dependent on the participants' responses to a given
item. However, the computer knows nothing about prior information of participants at the beginning. the random
selection method was applied to initial item selection in this study.

Item selected method. Once the CAT has an estimate of participants' latent trait, it needs according to the
estimated latent trait to choose the most appropriate item for them. The Maximum Fisher Information (MFI)
(Baker, 1992) method is a commonly used method for item selection by selecting the item with maximum
information at that estimated theta point. This so-called statistical information is a function of the item
parameters and is related to the measurement error of the estimated latent variable. The higher the information of
the item, the more it reduces the measurement error associated with that estimate (Smits et al., 2011). The Fisher
Information was de�ned as,

where the  is the item information function of item j given the , the  is the estimated latent trait level, 

is the probability of getting score k given the , and  is the �rst derivative of  to . A new item

with the highest  at that estimated theta point was selected.

Scoring algorithm. After the participants responded to an item, their sleep disorders theta was updated with the
expected a posteriori method (EAP; Bock & Mislevy, 1982). EAP is a kind of Bayesian estimation based on the
participants' responses to the selected item. The EAP was de�ned as,

where the  refers to be one of the  quadrature points, is the likelihood function of participant i with a
speci�c response, given an ability value   is the weight of the quadrature points, and .

Stopping rule. The CAT algorithm alternately selects items and updates the estimate of the participant's latent trait
until the item bank is empty, unless termination criterions are set. There are generally two approaches to terminate
the test, one is �xed length, the other is variable length. In this study, the latter rule was applied, that is, the test
was terminated when the standard error (SE) of theta reached the pre-set value of SE(θ). SE for a trait level (Magis
& Raiche, 2012) can be de�ned as,
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where the n denoted the total number of administrated items. Different stopping rules have different estimation
accuracy for the test. Generally speaking, the larger the SE(θ), the lower the accuracy of the test estimate, and vice
versa. Several cut-off values of SE(θ) were used in the CAT-SD simulation: the whole �nal item bank (None), SE(θ) 
≤ 0.3, SE(θ) ≤ 0.4, SE(θ) ≤ 0.5, and SE(θ) ≤ 0.6, respectively (Tan, et al., 2018).

Characteristic of CAT-SD. In order to explore the characteristics of the CAT-SD, several statistics were calculated:
the mean and standard deviation (SD) of administrated items, the mean SE of theta estimates, the Pearson's
correlation between the estimated theta under different stopping rules and theta estimations using the whole item
bank, and the marginal reliability that was the mean reliability for all levels of theta (Smits et al., 2011). The
corresponding reliability of each examinee can be derived via the following formula (Samejima, 1994) when the
mean and SD of theta were 0 and 1, respectively,

where the is the test information for the participant , which can be inferred based on the administered item
parameters and his/her respond, the  is the corresponding reliability in IRT for the participant , and the
marginal reliability is the average of the corresponding reliability of each participant. Additionally, the �gure of the
number of selected items and test information as functions of estimated theta under different stopping rules was
plotted. The test information suggests the measurement precision of CAT-SD, and the lower the value of it, the
larger the error of the theta estimation.

Criterion-related validity and Predictive utility (sensitivity and speci�city) of CAT-SD. In order to further investigate
the criterion-related validity and predictive

utility (sensitivity and speci�city) of CAT-SD, the AIS that is widely-used and well-validated in measuring sleep
disorders was selected as criterion scale. The Pearson's correlations between the estimated theta in the CAT-SD
and the standard scores of the AIS under different stopping rules were calculated. Predictive utility (sensitivity and
speci�city) of CAT-SD was examined calculating Receiver Operating Characteristics (ROC). The area under the
curve (AUC) can be seen as the probability that a randomly selected unhealthy individual scores higher than a
randomly selected healthy individual on the sleep scales. and its value ranged from 0.5 to 1. The predictive utility
of the estimated theta for diagnosing sleep disorders is similar to random guessing when AUC = 0.5, while it is
optimal when AUC = 1. Swets and colleagues (1988) suggested to heuristically interpret AUC-values as small (0.5 
< AUC  0.7), moderate (0.7 < AUC  0.9), or high (0.9 < AUC  1). Sensitivity refers to the probability that a
patient is accurately diagnosed with a disease, and speci�city refers to the probability that healthy individual is
diagnosed with no illness, the larger the value of these two indicators, the better the effect of the diagnosis (Tan, et
al., 2018). Determination of the cut-off scores was calculated by maximizing the Youden-Index (YI = sensitivity + 
speci�city − 1) (Schisterman et al., 2005). The AIS regarded as the classi�ed variable (according to the scoring
standard of this scale, when the total score of the participants was greater than 6, they were diagnosed as
insomnia and were rated as 1, while others were rated as 0) and the estimated theta in CAT-SD was used as a
continuous variable for sleep disorders to plot the ROC curve under different stopping rules.
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1
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j=1 Ij(θ)

rxx(θi) = 1 −
1

I(θi)

I(θi)

rxx(θi)

⩽ ⩽ ⩽



Page 8/21

Software
The EFA and ROC curve were carried out via the software SPSS 23.0. All other analyses were performed in the free
statistical package R (Version 3.4.1; Coreteam, 2015). Speci�cally, the analyses of IRT model selection, item �t
and discrimination parameters were conducted via the 'mirt' package (Version 1.24; Chalmers, 2012); DIF tests via
the 'lordif' package (Version 0.3-3; Choi, 2015); the 'catR' package (Version, Magis & Barrada, 2017) was applied to
conduct CAT algorithm.

Results

Construction of item bank for CAT-SD

Unidimensionality
Results of EFA for 133 items in the initial item bank for sleep disorders indicated that the ratio of the �rst
eigenvalue (λ1 = 22.003) to the second eigenvalue (λ2 = 4.552) was 4.834, and the �rst eigenvalue explains
accounted for 24.448% of the total variance, which was more than 20% of the total variance. Thereby, these
results revealed the unidimensionality of CAT-SD.

Model �t
Model �t statistical indices of the GRM, the GPCM and the PCM were documented in Table 1. It can be seen from
the table that the values of -2LL, AIC and BIC of GRM model were all smaller than those of other IRT models which
suggested that the GRM �tted the data best. Therefore, the GRM was regarded as optimal model to perform the
further analyses.

Table 1
│Test-level model-�t for four polytomously-scored IRT models.

Model -2LL AIC BIC

GRM 331495.4 332651.4 335641.6

GPCM 333172.8 334328.9 337319.0

PCM 353714.6 355071.8 355497.0

Note: -2LL= -2Log-Likelihood; AIC = Akaike' information criterion; BIC = Bayesian information criterion; GRM = 
Graded Response Model; GPCM = Generalized Partial Credit Model; PCM = Partial Credit Model.

Discrimination parameters, Item �t, and DIF
The discrimination parameter of 13 items in the initial item bank were less than 0.5, so they would be removed
from the item bank. Of the remaining 120 items, the S-X2 values of 14 items were less than 0.01, therefore, the 14
items were removed due to poor item-�t. Regarding DIF of the remaining 106 items, there was no DIF in the region
group, while there were 12 items that the values of R2 change were more than 0.02 in the gender group, thus, the
12 items with DIF were eliminated.

Consequently, the �nal item bank of CAT-SD comprised 94 items after 39 items were eliminated for the above
psychometric criterions. After that, unidimensionality, model �t, item �t, discrimination analysis and DIF test were



Page 9/21

conducted again for the remaining 94 items, and it was concluded that all the items met the requirements of IRT
measurement. The statistical indices of items in the �nal item bank of CAT-SD were partly presented in Table 2
and the statistics of the whole item bank were provided in the Supplementary material. For the �nal item bank, the
average IRT discrimination parameter (a) was 1.31 (SD = 0.40), which suggested the �nal item bank had high
quality, and the location parameter (b) ranged from − 4.66 to 4.88, which implied the location parameter basically
covered a large range of traits.

Table 2
│Fundamental information of part items in the �nal item bank for CAT-SD (N = 94).

Item Abbreviated
item
content

Item parameters Item-�t estimates DIF

a Grade b1 b2 b3 b4 b5 S-X2 df p
value

R2

change

N2 Wake up
early

0.95 4 -0.05 1.43 3.24 - - 251.57 252 0.496 0.0005

N3 Go to the
bathroom

0.63 4 0.23 2.55 4.28 - - 246.77 259 0.697 0.0004

N4 Not
breathing
properly

1.44 4 0.90 1.94 3.36 - - 172.71 161 0.250 0.0082

N5 Coughing
or snoring
loudly

0.76 4 0.99 2.53 4.65 - - 261.75 228 0.062 0.0078

N6 Feel cold 0.71 4 -0.20 1.44 3.43 - - 174.06 184 0.689 0.0022

N7 Feel hot 0.87 4 0.36 1.94 4.28 - - 250.53 246 0.408 0.0018

N8 Having
nightmares

0.90 4 -0.06 1.86 4.17 - - 274.59 243 0.080 0.0014

N9 Pain and
discomfort

1.38 4 0.85 2.00 3.36 - - 158.52 161 0.541 0.0099

N11 Other
things that
interfere
with sleep

1.12 4 -0.67 0.82 2.49 - - 258.98 253 0.385 0.0069

N12 Sleep
quality

1.31 4 -1.44 1.11 3.04 - - 174.36 199 0.896 0.0106

N15 Have
insu�cient
energy to
do things

1.15 4 -1.44 1.15 2.55 - - 224.94 231 0.600 0.0126

CAT-SD Simulation Study

Characteristic of CAT-SD
Table 3 shows several characteristics of CAT-SD under different stopping rules. The �rst row shows the
characteristics of CAT-SD when no stopping rule was applied, that is, all items in the �nal item bank were
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administered. The second and third columns show the mean number of items administered and the associated
SD, respectively. Obviously, the higher the level of measurement precision, the more the mean number of used
items. The fourth column shows the average SE of the estimated theta of each examinee for each stopping rule.
The �fth and sixth columns show the marginal reliabilities and the Pearson's correlation coe�cients, the marginal
reliabilities with an average of 0.84 (range from 0.70 to 0.97), and the Pearson's correlation coe�cients range
from 0.86 to 1 under different stopping rules. Evidently, when the stopping rules were set below 0.4, the marginal
reliabilities and Pearson's correlation coe�cients were very high.

Table 3
│Characteristics of the CAT-SD under different stopping rules.

Stopping rule Number of items used Mean SE(θ) Marginal reliability r

Mean SD

None 94 0 0.16 0.97 1.00**

SE(θ) ≤ 0.6 3.89 2.40 0.54 0.70 0.86**

SE(θ) ≤ 0.5 5.55 4.72 0.46 0.79 0.89**

SE(θ) ≤ 0.4 8.47 6.76 0.38 0.85 0.91**

SE(θ) ≤ 0.3 15.19 9.09 0.30 0.91 0.95**

Note: ** shows the discrepancy on 0.01 level notable. None = the whole item bank was administered; r = the
Pearson's correlations between the estimated theta in the CAT-SD and the estimated theta via the whole item
bank.

Figure 1 depicts the standard error of estimated theta of the CAT-SD under stopping rules SE(θ) ≤ 0.4 and
SE(θ) ≤ 0.3. Subjects who have moderate and high CAT-SD score have a smaller standard error. The results
were consistent with the fact that screening was more effective for people with moderate or severe sleep
disorders than for people with mild sleep disorders. Figure 2 shows the number of items administered along
with test information as functions of the estimated theta in the CAT-SD with stopping rules SE(θ) ≤ 0.4 and
SE(θ) ≤ 0.3. Particularly, a large number of items had to be administered for subjects with lower theta and the
test information was low. However, fewer items were administered for subjects with middle or high theta and
the test information was high. For example, under the stopping rule SE(θ) ≤ 0.3,a) the test information was
less than 8 for those whose theta ranged from − 3.8 to − 2 even if the entire item bank was administered to
them; while b) the test information was over 12 for those whose theta ranged from 0 to 3 with about 10
administered items to them. Figure 3 illustrates the density distributions of the sleep disorder scores obtained
from traditional test (the whole item bank) and CAT-SD. As we can see, the two distributions are almost
identical with different stopping rules, the Pearson's correlations between two kinds of test are 0.91 and 0.95
under stopping rules SE(θ) ≤ 0.4 and SE(θ) ≤ 0.3 (see Table 4). Figure 4 displays the marginal reliabilities of
CAT-SD for each participant with different stopping rules. Under SE(θ) ≤ 0.4 and SE(θ) ≤ 0.3, the marginal
reliabilities were above the average of it (r = 0.84), which indicated that CAT-SD had a high reliability for most
participants. Furthermore, the marginal reliabilities for participants with estimated theta more than − 2.5 under
SE(θ) ≤ 0.3 was maximal, while the marginal reliabilities under SE(θ) ≤ 0.3 and SE(θ) ≤ 0.4 were equal when
estimated theta was less than − 2.5, and the marginal reliabilities under SE(θ) ≤ 0.3, SE(θ) ≤ 0.4 and SE(θ) ≤ 
0.5 were equal when estimated theta was less than − 3. Individuals always had the minimum marginal
reliabilities with stopping rule SE(θ) ≤ 0.6, regardless of theta estimation.

Criterion-related validity and Predictive utility (sensitivity and
speci�city) of CAT-SD
The results show that the correlations (range from 0.684 to 0.777, p < 0.001) between CAT-SD estimated theta and
AIS was signi�cant under different stopping rules, which indicated the CAT-SD had acceptable criterion-related
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validity. The ROC analysis for CAT-SD is presented in Table 4 and Fig. 5. It can be clearly seen that the ROC curves
under the �ve stopping rules are very close. AUC = 90.2% (95% con�dence interval= [88.5%, 91.9%]), sensitivity = 
79.5% and speci�city = 86.5%, when no stopping rule was applied. Then the value of AUC dropped to 85.7%, (95%
con�dence interval= [83.7%, 87.8%]), sensitivity = 79.9% and speci�city = 76.1% under stopping rule of SE(θ) ≤ 0.6.
Even so, the values of AUC were also higher than critical value 0.7 that is universally regarded as the lower bound
for moderate predictive utility under all stopping rules. In this study, the minimum probability that patients were
accurately screened with sleep disorders and that normal individuals were accurately screened with no sleep
disorders were 0.781 and 0.751, which were higher than the random level (0.5).

Table 4
│The predictive utility (sensitivity and speci�city) of the CAT-SD under different stopping rules.

Stopping rule   AIS

AUC (95% CI) Cut-off Se Sp YI

None 0.902(0.885–0.919) 0.314 0.795 0.865 0.660

SE(θ) ≤ 0.6 0.857(0.837–0.878) 0.089 0.799 0.761 0.560

SE(θ) ≤ 0.5 0.862(0.842–0.882) 0.093 0.815 0.751 0.566

SE(θ) ≤ 0.4 0.862(0.842–0.882) 0.209 0.793 0.782 0.575

SE(θ) ≤ 0.3 0.878(0.859–0.897) 0.264 0.781 0.813 0.594

Note: 95% CI = 95% con�dence interval; None = the whole item bank was administered; AUC = Area Under Curve;
Se = Sensitivity; Sp = Speci�city; YI = Youden-Index.

[insert Fig. 5.]

Discussion
This study focused on the development of CAT-SD, which provided optimal items for individuals based on the
severity of their sleep disorders to effective assessment sleep disorders and signi�cantly reduce the test burden
without loss of measurement accuracy.

The whole study was divided into two parts: construction of the CAT-SD item bank and CAT-SD simulation study.
In order to construct a high-quality item bank for CAT-SD, items were carefully selected from eight universally-used
sleep scales. After the unidimensionality, model �t, item �t, discrimination analysis and DIF test were carried out, a
high-quality item bank was constructed. Results display that the �nal unidimensional item bank of CAT-SD
contained 94 items which had good item-�t, high discrimination and no DIF. In CAT-SD simulation study, the real
participants' response data was used to investigate the psychometric characteristics of CAT-SD, including
reliability, validity and predictive utility (sensitivity and speci�city). Simulated CAT-SD under different stopping
rules (required standard errors in decreasing steps of 0.1) were performed and results revealed that, a) individuals
with moderate or severe sleep disorders can be accurately screened by administering only a few items. Small
differences are more easily detected for participants with high scores than those with low scores of sleep
disorders in the context of participants with a similar degree of sleep disorders. This result is similar to previous
studies (e.g. Smits et al., 2011, Reise & Waller, 2009); b) high correlation were observed between the traditional test
and the CAT-SD. But participants only need to complete 15.19 and 8.47 items under the stopping rules SE(θ) ≤ 0.3
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and SE(θ) ≤ 0.4 (see Table 4) in CAT-SD. CAT offers main advantages to the traditional test is that only the optimal
items are administrated to each participant, minimizing test burden without sacri�cing measurement precision; c)
CAT-SD had an acceptable marginal reliability with an average of 0.84. Meanwhile, it also had an acceptable and
reasonable criterion-related validity with the AIS, the Pearson’s correlation coe�cients under different stopping
rules were all greater than 0.6 that is widely-used as the lower bound for moderate correlation; d) from the ROC
curve analysis, the AUC values (AUC = 0.857 ~ 0.902) did not change much and were higher than the value (0.7) of
the lower bound for a moderate predictive utility under different stopping rules, therefore, the CAT-SD had a good
screening performance for sleep disorders. The sensitivity (0.781 ~ 0.815) and speci�city (0.751 ~ 0.865) of the
CAT-SD were both acceptable; e) the simulation study in this study indicated that the stopping rules SE(θ) ≤ 0.3
and SE(θ) ≤ 0.4 seem to be optimal. Because the two stopping rules are higher than the other stopping rules in
terms of reliability and validity, although more items were used, the number of administrated items was within the
acceptable range.

Although appreciating the promising results for the proposed CAT-SD, there were still some limitations. Firstly,
when the criterion-related validity and the predictive utility (sensitivity and speci�city) of CAT-SD were performed,
only one scale was selected as the criterion scale and the participants were same. Future studies should employ
more criterion scales to stabilize and cross-validate the validity of CAT-SD and to ensure that the subjects involved
in experiment and veri�cation process are different. Secondly, given that the CAT item bank requires a su�cient
number of items with high quality and a wide range of location parameters (Howard, 1990), more high quality
items should be supplemented to the item bank of CAT-SD in future. The size of the item bank that is generally
considered appropriate should be 6 to 12 times the number of items in P&P test (Stocking et al., 1993). There were
96 items in the �nal item bank of CAT-SD, but if the item exposure rate, item elimination, item content distribution
and other issues are taken into consideration, the existing item bank should be further expanded. Thirdly, the
sample is not representative. Therefore, future researches need to be done on participants with sleep disorders.
Finally, in current research, CAT-SD simulation study with real response data in traditional test was carried out,
however, a real CAT-SD administration should be implemented in future researches to further explore the e�ciency
of CAT-SD. Different results may be produced by simulated and real CAT administration (Smits et al., 2011). In real
situation, the participants' responses will be affected by many factors, such as the environment, mood, people and
time, however, simulation study were usually performed under ideal conditions. Fortunately, research (Kocalevent
et al., 2009) had found that the results of simulated CAT were consistent with actual CAT. Consequently, this study
still has some practical signi�cance.

Conclusion
The CAT-SD could be used as an effective and accurate assessment tool for measuring individuals' severity of the
sleep disorders and offers a bran-new perspective for screening of sleep disorders with psychological scales. We
need more studies to assess the performance of adaptive tests in both mental health specialty and other clinical
settings.
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Figure 1

Standard error (SE) of CAT-SD score under stopping rules SE(θ) ≤ 0.3 and SE(θ) ≤ 0.4. Note: A plot suggests good
measure precision for the majority of the CAT-SD score range.

Figure 2

Number of selected items and test information curve under stopping rules SE(θ) ≤ 0.3 and SE(θ) ≤ 0.4.
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Figure 3

Density distribution of SD score between CAT-SD (stopping rules SE(θ) ≤ 0.3 and SE(θ) ≤ 0.4) and the whole item
bank.

Figure 4

Marginal reliability as a function of estimated theta under different stopping rules.
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Figure 5

The ROC curve of CAT-SD with several stopping rules.
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