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Highlights 

 We tested measurement invariance to compare children with ASD and 

children with DD on each subscale of the CBCL 1.5-5.  

 All of the subscales achieved basic level of invariance, suggesting 

similar factor structures across these two groups. 

 Withdrawn, Aggressive behavior, and Sleep Problems did not achieve 

metric invariance, suggesting the relations between items and latent 

constructs are not similar across groups.  

 Six out of seven subscales did not achieve scalar invariance, 

suggesting further group comparisons will not be ideal.  
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Abstract 

Background: The Child Behavior Checklist 1.5–5 (CBCL 1.5–5) has been applied to identify 

emotional and behavioral problems on children with autism spectrum disorder (ASD). However, 

few studies explored whether the established factor model may be suitable for children with ASD 

and those with developmental delay (DD).  

Method: To locate the potential sources of variations between these two groups, we tested 

measurement invariance multiple groups factor analysis.  

Results: All subscales achieved the basic level of invariance (configural invariance). The findings 

suggested similar factor structures across these two groups. However, Withdrawn, Aggressive 

Behavior, and Sleep Problems did not achieve metric invariance. The findings suggested the 

relations between items and latent constructs are not similar across groups in these three scales.   

Conclusions: Overall, there are different levels of invariances across subscales of the CBCL1.5–

5. The attempt of using the CBCL1.5–5 to separate the profile of children with ASD and children 

with DD might be helpful, but only on particular aspects. 

Keywords: autism spectrum disorder, developmental delay, CBCL1.5–5, measurement invariance  
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1. Introduction 

Autism spectrum disorder (ASD) is a neurodevelopmental disorder characterized by impaired 

social interaction and communication and repetitive behaviors or restricted interests (American 

Psychiatric Association [APA], 2013). Many individuals with ASD exhibit co-occurring emotional 

and behavioral problems (EBPs; Bauminger et al., 2010; Gau et al., 2010; Hou et al., 2018; Lindsey 

et al., 2020). Previous studies showed that EBPs were associated with cognitive ability (Falk et al., 

2014; O’Brien & Pearson, 2004), autism symptoms (Jang et al., 2011; Lindsey et al., 2020), 

parenting stress and parents’ mental health (Giovagnoli et al., 2015; Hou et al., 2018; Kim et al., 

2016; Schiltz et al., 2018). Thus, it is important to measure EBPs of children with ASD. It is helpful 

for early intervention of children with ASD and their family. 

Measuring EBPs could also be helpful for early diagnosis of ASD. In two decades, many studies 

examined the utilities of EBPs measures in detecting ASD in children. Compared to ASD-specific 

screening tools, an advantage of the EBPs measure relates to the fact that it assesses a wide 

range of EBPs rather than ASD in specific. Parents’ responses are less likely to be biased 

depending on whether they believe their child have an ASD (Iao et al., 2020). Using the 

Developmental Social Disorders (DSD) scale of the Behavior Assessment System for Children-

Second Edition (BASC-2), Bradstreet et al. (2017) recruited 224 toddlers and preschooler (age 

range: 24–63 months), including 117 children with ASD, 55 children with other diagnosis (e.g., 

developmental delay [DD]) and 52 children without diagnosis. Their findings showed that the 

sensitivity was .76 and specificity was .73 for distinguishing children with ASD from those without 

diagnosis. In addition, the sensitivity was .62 and specificity was .63 for distinguishing children with 

ASD from those with other diagnosis. Their findings indicated that the DSD scale could be used as 

a Level 1 ASD screening tool which is used to identify high risk cases in general populations.  

Among the many used EBPs measures, the Child Behavior Checklist for Ages 1.5–5 (CBCL 

1.5–5; Achenbach & Rescorla, 2000) is one of the most widely-used and well-studied in early 

childhood. The use of the CBCL 1.5–5 is well-studied in English-speaking populations and has 

been translated into different language versions (Ivanova et al., 2010). Several studies have shown 

that the CBCL 1.5–5 was a promising ASD screening tool in Italy (Muratori et al., 2011), Romania 
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(Predescu et al., 2013), Korea (Rescorla et al., 2015) and Germany (Limberg et al., 2017). In 

Taiwan, using the Withdrawn scale of the CBCL 1.5–5, Iao et al. (2020) recruited clinically referred 

toddlers and preschoolers (age range: 18–47 months), including 66 children with ASD and 68 

children with DD. Their findings showed that the sensitivity was .74 and specificity was .77. Overall, 

their results showed that the Withdrawn scale can be used as a Level 2 ASD screening tool to 

identify ASD in high risk populations (i.e., children with DD).  

The CBCL 1.5–5 was developed through a series of factor analyses including both exploratory 

factor analysis and confirmatory factor analysis (Achenbach & Rescorla, 2000). It was found that 

the best factor structure of the CBCL1.5–5 was a seven syndromes model. These seven 

syndromes are Emotionally Reactive, Anxious/Depressed, Somatic Complaints, Withdrawn, Sleep 

Problems, Attention Problems, and Aggressive Behavior. Accordingly, the first four subscales 

belong to the internalizing scale and the last two belong to the externalizing scale. The Sleep 

Problem scale, however, does not contribute to either the internalizing scale or the externalizing 

scale but it does contribute to the total score. The validity of the CBCL 1.5–5 was demonstrated 

over the years with USA samples (e.g., Achenbach & Rescorla, 2000; Basten et al., 2016; 

Kristensen et al., 2010). The invariance of CBCL 1.5–5 with other cultures has been validated. 

Studies showed factor invariance when assessing typically developing children’s EBPs across 

different cultures (e.g., Ivanova et al., 2010; Rescorla et al., 2020; Tan et al., 2007). For example, 

Ivanova et al. (2010) validated the structures of CBCL with the data from 23 societies. Rescorla et 

al. (2020) also found similar results when examining the CBCL DSM-ASD scale with children 

across 24 societies. Because these societies included both Eastern and Western countries, their 

results indicated that the CBCL 1.5–5 can be an effective tool when assessing children’s EBPs 

across a wide range of cultures. 

The validation of the factor invariances across different cultures has warranted the application 

of CBCL for other cultures. However, using CBCL in one culture setting to differentiate children’s 

mental disorders has not been fully investigated. There are some studies explored the factor 

structures of CBCL between typically developing children and children with ASD. For example, 

Pandolfi et al. (2009) have found partial evidence suggesting that the factor structure of the CBCL 
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1.5–5 remained to be similar between typically developing children and children with ASD. 

Specifically, while they found that most items (92%) loaded significantly, several items appeared to 

have low loadings. For instance, one item (acts too young) in Withdrawn scale was not significant. 

The construct representations of CBCL can be different with the types of developmental problems. 

To the best of the authors’ knowledge, there has been only one study investigating the factor 

structure (factor invariance) of the CBCL 1.5–5 by comparing children with ASD on different IQ 

levels (see Dovgan et al., 2019) but less was explored with other developmental problems. Some 

studies investigated children with ASD and without ASD using observed scores of the CBCL 

(Chericoni et al., 2021; Narzisi et al., 2013; Sikora et al, 2008). For example, Sikora et al. (2008) 

compared the screening performance of Gilliam Autism Rating Scale (GARS) and CBCL for ASD. 

They found that the Withdrawn scale and DSM-oriented scales: Pervasive Developmental Problem 

scale showed significant differences on these two groups with children aged 36-71 months. Similar 

findings were discovered with younger children. Narzisi et al. (2013) found that these two scales of 

CBCL had high sensitivity and specificity among children with ASD, children with other mental 

disorders, and typically developing children aged 18-36 months. Same as Chericoni et al. (2021) 

discovered that these two scales could serve as significant predictors to differentiate between 

children with and without ASD around 18 months. In fact, a meta-analysis conducted by Hampton 

and Strand (2015) confirmed the same finding. Among these studies, only a few have compared 

children with ASD and children with DD, and these studies focused on the use of observed scores. 

For instance, Predescu et al.’s (2013) study showed that only Pervasive Developmental Problem 

scale can differentiate between children with ASD and children with DD (sensitivity = 67.96, 

specificity =67.65). Another study also found that the Withdrawn scale could differentiate between 

children with ASD and children with DD (i.e., Iao et al., 2020). These studies showed initial 

promising results on the analysis using observed scores, but the differences on latent factor 

structures of the CBCL were not further investigated. Understanding the differences of latent factor 

structures between children with ASD and children with DD would help researchers identify the 

possible sources of discrepancy between these two neurodevelopmental disorders, separate the 
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diagnostic profiles in clinic uses, enable parents and teachers recognizing the possible EBPs in 

early stages, and develop further diagnosis and interventions for children with ASD.  

2. Methods 

2.1. Participants 

  Children were recruited through a teaching hospital in a city of south Taiwan. There were 378 

children with developmental problems in the study. Children were diagnosed by a group of senior 

psychologists and psychiatrists based on their developmental histories, the current concerns of 

their parents, the results of tests that measure cognitive and adaptive functioning, the clinical 

observations of the child, and the results of the Autism Diagnostic Observation Schedule (ADOS; 

Lord et al., 1999). Based on their diagnoses, children were then divided into two groups. The first 

group was 192 (Female = 24) children that were being diagnosed with ASD. Their average age 

was 32.91 months (SD = 9.72). These children were diagnosed in accordance with the Diagnostic 

and Statistical Manual of Mental Disorders, Fifth Edition (DSM-5; APA, 2013) criteria. The second 

group was 186 (Female = 59) children with DD. The diagnostic result was from a combined 

judgement that children failed to reach a total score of 85 in the MSEL (Mullen, 1995) and a T score 

of 35 on any cognitive scales (i.e., visual reception, fine motor, receptive language, and expressive 

language) of the MSEL. In addition, these children did not meet the DSM-5 criteria for ASD. Their 

average age was 31.25 months (SD = 10.59).  

2.2. Procedure and Measures 

  The children’s parents were asked to complete the CBCL 1.5–5 (Achenbach & Rescorla, 2000) 

which is a standardized measure of behavioral and emotional problems in children around the world. 

The version we used here was the Chinese version that was translated from English version. The 

Chinese version has proper psychometric property. For example, the internal consistency is usually 

above .70 in various samples (see a review from Leung & Wong, 2003). The test-retest reliability 

of the CBCL 1.5–5 in a preschool sample in Taiwan were .52–.84 (Wu et al., 2012). The Chinese 

version has the same number of items and scoring system (0 = not true, 1 = somewhat or 

sometimes true, and 2 = very true or often true) as the English version of the CBCL 1.5–5. There 

were 99 items in the CBCL 1.5–5 and they can be divided into 7 subscales.  
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  The MSEL (Mullen, 1995) was used to measure overall mental age of each participant. The 

MSEL is a standardized comprehensive developmental test that was designed for assessing 

preschool children aged 0 to 68 months. It consists of four cognitive scales: visual reception, fine 

motor, receptive language, and expressive language. The four cognitive scales yield T-scores, 

which have a mean of 50. The four subscale scores can be used to compute a composite score, 

which is an indicator of early learning and has a mean of 100. An overall mental age is computed 

for each child by averaging the age equivalents from these four cognitive scales. 

  The ADOS (Lord et al., 1999) is a semi-structured play-based and observational tool that 

consists of four modules, each of which is selected and administered based on child’s age and 

expressive language. It is part of the gold-standard toolbox (along with Autism Diagnostic Interview-

Revised, ADI-R) for ASD diagnosis because it serves as a standardized means by which 

communication, reciprocal social interaction, and stereotypic behaviors and restricted interests 

could be observed and scored. Each module provides an algorithm that entails cutoffs that can be 

used to assign examinee to one of the following three categories: autism, autism spectrum (i.e., 

pervasive developmental disorder-not otherwise specified; PDD-NOS), or non-ASD. 

2.3. Data Analysis Plan 

  Descriptive statistics was conducted first to understand the characteristics of the sample. The 

reliability estimates with our current samples were also provided. While the CBCL 1.5–5 is a 

standardized measure with established reliability and validity, the original purpose of the test was 

not for assessing children with developmental problems. Even though the test has been used for 

measuring EBPs, we followed the advice of the standards for educational and psychological testing 

(American Educational Research Association [AERA] et al., 2014) to conduct our own reliability 

analysis. Therefore, we established our reliability estimates for each subscale from the current data. 

An analysis of reliability, i.e., Cronbach’s alpha and greatest lower bound (glb) (Jackson & 

Agunwamba, 1977), on each subscale was conducted respectively. While Cronbach’s alpha is 

being used prevalent across disciplines of psychology, it has been demonstrated that alpha can be 

misleading sometimes. Therefore, alternative reliability estimate: glb is provided here as well. Both 

alpha and glb are estimated values, but the calculation of glb gives us an interval about the location 
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of true reliability. Specifically, the true reliability is located on a point between the value of glb and 

1 (see the details in Sijtsma, 2009). The glb was generated from JASP 0.14.1 statistical software 

(Wagenmakers et al., 2018).   

2.4 Measurement Invariance 

Group comparisons in ASD research have been applying measurement invariance modeling 

to identify the level of group differences (Dovgan et al., 2019; Murray et al., 2014; Rescorla et al., 

2019). In general, measurement invariance is used to examine whether the same construct was 

measured in different groups. During the process of the comparisons, this method also could be 

used to show the level of differences between groups, such as the comparison of ASD children 

with different IQ levels (Dovgan et al., 2019) and across different cultures (Rescorla et al., 2019). 

In addition, when understanding whether a diagnostic measurement assessed the same underlying 

constructs across different groups (e.g., children with ASD vs. typically developing children), 

measurement invariance is a very common method being used across ASD diagnostic scales to 

identify the sources of variations between two groups. For example, Murray et al. (2014) tested 

measurement invariance of the Autism Quotient Short Form in adult with and without ASD. Glod et 

al. (2017) also examined measurement invariance of the parent version of the Spence Children’s 

Anxiety Scale-Parent version (SCAS-P). 

The first step of assessing the factor structure of CBCL 1.5–5 was to check the dimensionality 

of each subscale. One factor model was applied to each subscale for both groups respectively. 

Because each item in CBCL scale ranges from 0 to 2, the distribution is non-normal and specific 

estimators (maximum likelihood parameter estimates with standard errors, MLR or mean-and 

variance-adjusted weighted least squares estimator WLSMV) with robust estimation should be 

used. MLR and WLSMV are both estimators that can deal with non-normal data. They are often 

being compared and powers of estimations are slightly different in simulation studies (e.g., Li, 2016; 

Sass et al., 2014). Because item 93 in Somatic Complaints did not have response” 2” in DD group, 

and parallel responses between groups is necessary for the specification of ordinal items with 

WLSMV estimation, we then chose MLR estimator for measurement invariance. In addition, we 

considered Xia and Yang’s (2019) suggestion that using diagonally weighted least squares (DWLS) 
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estimators (e.g., WLSMV) with conventional cut off values might lead to the possibility of not 

detecting misfits. Because of these two reasons, we therefore used MLR to help us deal with this 

issue. 

To examine the psychometric equivalence of the factor structure between two samples, 

measurement invariance is a standard method that is being applied across disciplines (Vandenberg 

& Lance, 2000). To identify the source of variations, measurement invariance progresses a series 

of steps on comparing and contrasting critical features on latent factor structures between groups. 

Because multiple groups are involved in this analysis, measurement invariance sometimes is also 

called multiple group comparisons of latent variable analysis (Sass, 2011). Studies that applied 

measurement invariance have different opinions on the level of invariances that needs to be 

achieved for the constructs to be considered as “measurement invariance” (Vandenberg & Lance, 

2000). In general, in order to claim the construct is invariant across groups there are three major 

invariances that need to be established.  

The first step is configural invariance. Configural invariance tests whether the overall factor 

structure is similar between samples. The second step is metric invariance. Metric invariance tests 

whether the factor loading is identical (being constrained to be the same in the model) between 

samples. The third step is scalar invariance. Scalar invariance tests whether the intercepts, as 

known as the initial status of the ability, can be identified to be the same (being constrained to be 

the same in the model) across groups (Cheung & Rensvold, 2002). Overall, measurement 

invariance is a set of latent variable model comparisons progressing from a relatively loose model 

to a relatively stricter model. The comparisons would stop when the comparison of the model fits 

suggested that the stricter model is a worse model than the relative loose ones. For example, if 

metric invariance is a worse model compared to the configural model, then scalar invariance would 

not be carried out as the next step. In a nutshell, measurement invariance investigates whether 

there are differences on the representations of the constructs across diverse samples and where 

these differences are. It is a particularly useful approach to examine the source of group differences 

on a measurement, if there is any. The analysis of one factor model and measurement invariance 

models were both conducted with R Lavaan package (Rosseel, 2012). Lavaan is a statistical 
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package for structural equation modeling that was built under R environment. The functions of 

Lavaan are often being evaluated and compared with Mplus (Muthén & Muthén, 2015), which is a 

commercial and powerful statistical analysis tool for structural equation modeling. Because R 

software is free, whether the software is up to date is critical. As to the year of 2020, Lavaan still 

holds its validity in the evaluation of Structural Equation Modeling software (see a review from 

Svetina et al., 2020).  

Fit indexes: There are several model fit indicators that can be used to identify the fit of the 

models. One type of model fit is absolute model fit that we use to identify whether one factor 

model is a good fit for each subscale. Absolute model fit is examining how the model fits with 

each group respectively. For that purpose, we use the value of the Root Mean Square Error of 

Approximation (RMSEA) and Comparative fit index (CFI) within the model. The value of RMSEA 

needs to be below .08 to be considered as a moderate fit, or below .05 to be a good fit. The value 

of CFI needs to be over .95 to be considered as good fits (Hu & Bentler, 1999; Iacobucci, 2010).  

A second type of model fits is relative model fit. We used these indexes to compare model fits 

between measurement invariance models. For the relative model fits for comparing the fits between 

different models, we mainly used chi-square difference test first and the alternative fit indices, such 

as differences on CFI, standardized root mean square residual (SRMR), and RMSEA between 

models second (Chen, 2007; Cheung & Rensvold, 2002). Meade et al. (2008, p.590) suggested to 

consider, as such, when chi-square tests were significant, if alternative indices were not over the 

range with sample size greater than 200, it is still invariant models. This is because big sample size 

tends to lead to the significance of chi-square difference test (Raykov & Marcoulides, 2006). 

Because our sample size per group is under 200, we used the significant p value (≤ .05) on chi-

square different test as the primary criteria. If the chi-square test was significant, then the model 

comparison was ruled as non-invariant. If the chi-square test was NOT significant, then we check 

these three fit indices to make sure the invariance holds. If two out of three alternative fit indices 

(CFI, RMSEA, SRMR) are over the criteria, then we still considered it is non-invariant, even the chi-

square was not significant. Furthermore, the recommendation of alternative fit indices values differs 
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by total sample sizes in Chen (2007). Because our total sample size is over 300, according to Chen 

(2007), the significant p value (≤ .05) on chi-square test and/ or the changed value on CFI is ≥ -.010, 

RMSEA is ≥ .015, and SRMR ≥ .030 would suggest non-invariance. In addition, CFI ≥ -.010, 

RMSEA is ≥ .015, and SRMR ≥ .010 would suggest non-invariance for intercept or residual 

invariance (Chen, 2007).  

In addition, a few papers have suggested the approach of doing partial invariance after full 

invariance was not able to achieve (Gregorich, 2006; Millsap & Kwok, 2004; Vandenberg & 

Lance, 2000). Partial invariance is an additional test to relax the problematic parameters and 

keep other parameters invariant to improve the model fit. Although the choice of parameters to be 

relaxed can be generated from the suggestion of modification index in most softwares, such a 

choice is data driven and could, sometimes, potentially result in type 1 errors as well (see Millsap 

& Kwok, 2004’s discussion, p.94). As there are very few papers that had compared between ASD 

and DD currently, we do not have clear clues about these choices. Therefore, we chose to 

proceed with the full invariance models only. 

3. Result 

3.1 Descriptive Statistics 

The demographic comparisons of these two groups are showed in Table 1. Between children 

with ASD and children with DD, there were significant differences on mental age (DD group was 

older), parents’ education (ASD group had longer years of education), and ADOS scores. However, 

after Bonferroni correction (.05/17 = .002, because we carried out multiple t-test comparisons on 

seven background variables, seven subscales, and three overall scales), only Father’s year of 

education and ADOS scores remained significant (children with ASD were higher on both). Children 

with ASD also have more male participants than children with DD (p <.001). However, independent 

sample t tests confirmed that there were no significant gender differences within either ASD or DD 

group on each subscale score. 
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Insert Table 1  

 

The one factor model fit for each subscale for these two groups is presented on Table 2 and 3. 

All the model fits were mediocre under the critical values of fit indexes. This is expected, as we 

used stricter models (e.g., MLR) to fit our data. However, CFA models here were analyzed by group 

separately. We did not have the parallel item issues for this set of analysis. To help readers with 

the comparisons of previous studies, we provided both MLR estimations (table 2) and WLSMV 

estimations (table 3) here. These model fits had similar patterns as Pandolfi et al. (2009, they used 

WLSMV estimation) that Attention Problem fits best and Sleep Problems fit worst. Overall, the result 

indicated that most subscales were unidimensional and the items in each subscale mostly 

measured one latent trait.  

 

Insert Table 2 and Table 3 

 

We conducted Cronbach’s alpha and glb as the reliability estimates among the seven 

subscales of the CBCL 1.5–5. The Cronbach’s alpha of each subscale was as follows: Emotionally 

Reactivity (. 73𝐴𝑆𝐷 , . 74𝐷𝐷), Anxious/Depressed (. 76𝐴𝑆𝐷 , . 76𝐷𝐷), Somatic Complaints (. 68𝐴𝑆𝐷 , . 57𝐷𝐷), 

Withdrawn (. 78𝐴𝑆𝐷 , . 73𝐷𝐷), Sleep Problems (. 76𝐴𝑆𝐷 , . 76𝐷𝐷), Attention Problems (. 59𝐴𝑆𝐷 , . 62𝐷𝐷), and 

Aggressive Behavior (. 87𝐴𝑆𝐷 , . 91𝐷𝐷). There were similar levels of internal consistencies between 

the two groups on most of the scales. However, some of the subscales have low alphas. For 

example, the Attention Problems on both groups showed lower alphas. The values of glb for each 

subscale was as follows: Emotionally Reactivity (. 82𝐴𝑆𝐷 , . 84𝐷𝐷), Anxious/Depressed (. 84𝐴𝑆𝐷 , . 85𝐷𝐷), 

Somatic Complaints (. 79𝐴𝑆𝐷 , . 75𝐷𝐷), Withdrawn (. 86𝐴𝑆𝐷 , . 78𝐷𝐷), Sleep Problems (. 84𝐴𝑆𝐷 , . 83𝐷𝐷), 

Attention Problems (. 66𝐴𝑆𝐷 , . 75𝐷𝐷), and Aggressive Behavior (. 94𝐴𝑆𝐷 , . 95𝐷𝐷). Attention Problems 

on both groups again showed lower values as well. 

3.2 Measurement Invariance 
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The model comparisons are presented in Table 4. First of all, in terms of configural invariance, 

all of the subscales achieved this basic level of invariance. This suggested that each subscale has 

similar factor structures across the two groups. However, on the next step, only Emotionally 

Reactive, Anxious/Depressed, and Attention Problems achieved metric invariance, and Withdrawn, 

Aggressive Behavior, and Sleep Problems did not. This suggested that the relations between items 

and latent constructs were not similar across groups (Cheung & Rensvold, 2002) on Withdrawn, 

Aggressive Behavior, and Sleep Problems. Last, Somatic Complaints was the only scale that 

achieved scalar invariance across groups, but the model fit indexes: CFI:.69 and RMSEA:.110 were 

both under the critical values.  

Insert Table 4 

 

However, our sample sizes of each group in the current study were slightly on the low side for 

latent variable analysis. Previous studies (e.g., Dovgan et al., 2019) proposed that data simulation 

(e.g., bootstrapping) can deal with this issue so we used bootstrapping method on all subscales. 

We used Bollen-Stine bootstrapping method (Bollen & Stine, 1992) in Lavaan package (Rosseel, 

2012) to compare the test statistics (i.e., Chi-square value) between the original sample and 100 

resampling datasets. Specifically, we compared chi-square values for model fit index between 

these two samples. If none of the resampling dataset has a chi-square value exceeding the chi-

square value of the original sample, this would suggest none of the resampling dataset has failed 

to fit and thus the original model fit is unbiased. We found that our result was unbiased (being 

significant below p = .05) on Emotionally Reactive, Anxious/Depressed, Somatic Complaints, 

Withdrawn, Sleep Problems, and Aggressive Behavior. However, there were some bias on 

Attention Problems (20% resamples had ill model fits). 

Our measurement invariance analysis did not achieve scalar invariance in most subscales (six 

out of seven subscales). Based on the recommendations from previous reviews (e.g., Putnick & 
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Bornstein, 2016), further group comparisons would be biased and should not be carried out. The 

means and standard deviations of subscales for each group can be found on Table 5. 

Insert Table 5 

 

4. Discussion 

  The aim of the current study was to identify the source of variations when using the CBCL 1.5–

5 to differentiate children with ASD from children with DD. For that purpose, we examined and 

found that the levels of invariance were varied across different subscales of the CBCL 1.5–5. In the 

one factor (unidimensional analysis of each subscale), we found that Attention Problems showed 

low reliabilities, low median factor loadings, and 20% bias in analysis in both of our ASD and DD 

group. One possible explanation is that there might be multiple factors in Attention Problems with 

ASD and DD. Low factor loading suggested that the items in this subscale might potentially not 

reflect this particular construct well. It is possible that it might measure more than one construct. 

  There are three subscales, Withdrawn, Aggressive Behavior, and Sleep Problems, that did not 

achieve metric invariance, suggesting that these three subscales may have similar factor structure 

but the relations between items and constructs varied between the samples. In terms of the 

variation on the Withdrawn scale, previous studies using other type of analyses have also found 

differences between children with ASD and children with DD. For example, Iao et al. (2020) found 

that there were score differences on Internalizing, Anxious/Depressed, Withdrawn, and Attention 

Problems subscales. Similarly, another study also found that Korean children with ASD scored 

significantly higher than typical children and children with DD (e.g., Rescorla et al., 2015) on the 

Withdrawn subscale. However, the results of the current study suggested that the scale 

representations of Withdrawn maybe different between children with ASD and children with DD. 

The application of Withdrawn might not be appropriate when screening children with subscale level. 

  Regarding to the variation on the Aggressive Behavior subscale, previous studies have 

showed that identifying certain Aggressive Behaviors can differentiate children with ASD from 
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typically developing children (e.g., Mazefsky et al., 2011), especially when they are in school ages. 

Yet few studies explored whether this subscale can further differentiate between children with ASD 

and children with DD, especially when children are younger. Our finding showed that the 

Aggressive Behavior subscale can potentially have different scale representations between these 

two groups in the perspective of latent constructs. Thus, using Aggressive Behaviors for 

differentiating children with ASD from those with DD need to be cautious. In addition, the findings 

of this study suggested that the model fits of the Sleep Problems subscale on both groups were 

not ideal, the values were similar to what Pandolfi et al. (2009) found in their study. The variation 

on the Sleep Problems subscale also suggested that children with ASD and children with DD might 

have different sleep problems. In fact, previous studies have indicated that children with ASD, 

children with DD are significantly different on their sleep problems (see Reynolds et al., 2019). As 

mentioned earlier, the results of metric invariance model reflected the sensitivity on the equal factor 

loadings, particularly on how each item related to the latent constructs. The lack of metric invariance 

here on both subscales might suggest that even when in the condition that the total (raw) scores 

were the same, these total (raw) scores might be added up from different items in each group 

respectively. Overall, the results suggested that the ASD group and the DD group had variations 

on the Aggressive Behaviors and Sleep Problems subscale but the result of Sleep Problems might 

not be trustworthy as its CFA model fit was the worst.  

  Three subscales, Emotional Reactivity, Anxious/Depressed, and Attention Problems, have 

achieved metric invariance. This implied that the underlying relationships between items and 

constructs were the same across groups. In other words, these three constructs had similar 

components in both groups. However, these subscales did not achieve scalar invariance either. 

Our results demonstrated that group comparison of these subscale scores could potentially be 

problematic. For example, in terms of attention problems, while findings from previous studies 

were scarce, Dawson et al. (2002) found that young children with ASD (age 3 to 4 years old) did 

not perform differently on executive function tasks when compared to children with DD and to 

those with typical development. Their findings illustrated that children with ASD and those with 

DD may have similar attention problems, but it is worth noting that previous studies (e.g., Naizisi 
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et al., 2013) also showed that children with ASD scored significantly higher on all subscales of the 

CBCL when compared to children with typical development. All evidence suggests that 

comparisons like these often lead to conflicting results. Perhaps it was because they were not 

comparable in the first place. We also found that Attention Problems subscale did show some 

biased results in our bootstrapping simulation when checking sampling bias. The finding indicated 

that the results with Attention Problems subscale may likely vary when different samples were 

used. 

  The only subscale that supported strong invariance (scalar invariance) across groups was 

the Somatic Complaints subscale. This advocated that the Somatic Complaints subscale might 

be the only subscale that can be used universally on both children with ASD and children with 

DD. However, the item scores in both groups also implied that there might be flooring effect on 

this subscale with these young children of 1.5–5 years old. Thus, this result needs to be 

interpreted with caution as the Somatic Complaints subscale also had relatively low raw scores. 

Given the low verbal abilities of the children in both ASD and DD groups, they might be too young 

(in terms of developmental process of ASD and DD) to have enough vocabularies to articulate 

their feelings at this age. It is therefore possible that the items on this subscale did not exactly 

reflect children’s feelings.  

  This study had a few limitations. One apparent limitation is the cultural difference between our 

sample and the samples in previous similar studies using measurement invariance to differentiate 

children’s mental disorders. Compared to the western samples in previous studies (e.g., Dovgan 

et al., 2019), our sample was collected from an area in South Asia. Therefore, the cultural difference 

might limit the generalizability of our results. However, on the other hand, such a result also brings 

to the field a meaningful understanding of the diagnostic processes for children with ASD in different 

cultures.  

  Secondly, our sample sizes of both groups might be slightly small for latent variable analysis, 

though a combined sample was around 378 participants. Because of the small sample size, we 

were not able to run a seven factors model, which is each subscale serves as a latent factor. This 

approach would require a fairly large sample size if golden rule of sample size for Structural 



17 
 

 

Equation Modeling (SEM; Nunnally, 1967) was followed. Specifically, it would require 10 people 

per variable x 99 items (variables) =around 990 subjects. We choose a second-best approach that 

we tested the models on each subscale, respectively. We did not choose parceling because 

previous study (e.g., Dovgan et al., 2019) showed that some of these differences were on the item 

level analysis. Yet, the small sample size might reduce the power of the study and skew the 

parameters estimations, we dealt with this issue by conducting data simulation with a bootstrapping 

approach. The results showed that there were biased estimations on Attention Problems subscale. 

However, on the subscales that showed major differences (i.e., Withdrawn and Aggressive 

Behavior), the results showed unbiased estimations. 

 5. Future Direction and Implications 

  There are several possible future directions that can go from here. One possibility is testing 

our main findings on the Withdrawn and Aggressive Behavior subscales in different cultural or 

social contexts. Our study found that these two subscales can be the potential subscales to 

differentiate children with ASD and children with DD, but it is unclear whether it can be replicated 

in another culturally different sample (e.g., a Western sample). Another direction could be testing 

the same hypothesis with a longitudinal sample to identify if these differences changed over time 

when children grow older, for example, such as with the CBCL age 6–18 scale. Finally, a third 

possible direction could be using cognitive diagnostic models (Rupp et al., 2010) on the CBCL 1.5–

5 with children with ASD and see if the same patterns of subscales can be found with other latent 

variable models. Such a psychometric model has been used recently to assess ASD knowledge 

scales (e.g., Harrison et al., 2017), and perhaps can be further explored with ASD screening tools. 

  The take home message that we can synthesize from these results is the use of CBCL1.5–5 

for screening tools should be considered with caution, particularly on the subscales that have not 

achieved scalar invariance. Previous research also suggested that when researchers found 

variations of measurement invariance during the comparisons between children with ASD and other 

groups, item level data should be used instead of subscales (e.g., Dovgan et al., 2019). Therefore, 
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the attempt to use only the items in Withdrawn and Aggressive Behavior subscale of the CBCL1.5–

5 to separate the profile of children with ASD and children with DD might be helpful.  
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Table 1 

Comparison of group demographic characteristics 

 ASD 

(n = 192) 

DD 

(n = 186) 
p 

CA (months) 

Mean (SD) 

 

32.91 (9.72) 

 

31.25 (10.59) 

 

   .112 

MA (months) 

Mean (SD) 

 

21.50 (10.72) 

 

24.40 (9.62) 

 

   .006 

RLAE (months) 

Mean (SD) 

 

19.54 (12.07) 

 

24.60 (10.42) 

 

< .001 

ELAE (months) 

Mean (SD) 

 

17.06 (10.72) 

 

19.22 (9.91) 

 

   .044 

Reporter 

Mother: father 

 

180:12 

 

172:14 

 

   .624 

Parents’ years of education  

Mean (SD): mother 

Mean (SD): father 

 

14.51 (2.35) 

14.56 (2.54) 

 

13.87 (2.56) 

13.44 (2.74) 

 

   .012 

< .001 

ADOS total scoresa  

Mean (SD): Module 1 

Mean (SD): Module 2 

 

17.14 (3.18) 

15.77 (3.09) 

 

3.23 (1.76) 

3.00 (1.86) 

 

< .001 

< .001 

Gender 

Male: female 

 

168:24 

 

127:59 

 

< .001 

Note. CA = chronological age; MA = mental age; RLAE = receptive language age equivalent; 

ELAE = expressive language age equivalent; ADOS = Autism Diagnostic Observation Schedule; 

ASD = autism spectrum disorder; DD = developmental delay.  
a353 children (ASD:179, DD:174) were assessed with module 1 and 25 children (ASD:13, DD:12) 

were assessed with module 2 
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Table 2  

CFA results for subscales on ASD and DD groups (MLR estimation)  

  
𝑥2 df RMSEA CFI 

Median factor 

loading 

ASD      

ER 85.42 27 .109   .796 .30 

AD 51.40 20 .096   .898 .33 

SC    140.50 44 .119   .740 .19 

WD 52.67 20 .095   .901 .44 

SP 69.07 14 .149   .819 .38 

AP   1.88 5 .000     1.000 .30 

AB 372.60 152 .092   .755 .33 

 

DD 

     

ER 79.73 27 .111   .810 .22 

AD 41.26 20 .086   .909 .32 

SC     124.28 44 .113   .685 .12 

WD 25.29 20 .040   .968 .29 

SP 62.75 14 .143   .839 .38 

AP   7.24 5 .051   .982 .25 

AB     286.80 152 .073   .875 .38 

Note. ASD = autism spectrum disorder; DD = developmental delay. ER = Emotionally Reactivity; 

AD = Anxious/Depressed; SC = Somatic Complaints; WD = Withdrawn; SP = Sleep Problems; AP 

= Attention Problems; AB = Aggressive Behavior. 
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Table 3 

CFA results for subscales on ASD and DD groups (WLSMV estimation)  

  
𝑥2 df RMSEA CFI 

Median factor 

loading 

ASD      

ER 76.42 27 .098   .907 .52 

AD 64.70 20 .108   .933 .71 

SC 63.43 44 .048   .967 .78 

WD 51.78 20 .091   .954 .67 

SP 71.46 14 .147   .904 .70 

AP   2.18 5 .000     1.000 .52 

AB 357.78 152 .084   .883 .64 

 

DD 

     

ER 52.22 27 .071   .957 .67 

AD 49.49 20 .089   .945 .71 

SC 85.13 44 .071   .907 .64 

WD 27.70 20 .046   .978 .61 

SP 58.48 14 .131   .928 .74 

AP   7.18 5 .049   .994 .41 

AB 304.28 152 .074   .940 .72 

Note. ASD = autism spectrum disorder; DD = developmental delay. ER = Emotionally Reactivity; 

AD = Anxious/Depressed; SC = Somatic Complaints; WD = Withdrawn; SP = Sleep Problems; AP 

= Attention Problems; AB = Aggressive Behavior. 
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Table 4 
Model comparison of CBCL subscales (MLR estimation) 

  𝑋2 

( 𝑋2) 

df  
(df) 

p value 

of 𝑋2 
test 

 RMSEA 

( RMSEA) 

SRMR 

( SRMR) 

CFI 

( CFI) 

ER       
Configural 164.8 54  .110 .073  .803 
Configural vs.Metric* 166.8(2) 62(8) .45 .103(-.007) .085(.012) .804(.001) 
Metric vs. Scalar 188(21.2) 70(8) .00 .102(-.001) .090(.005)   .783 (-.021) 

       
AD       

Configural 91.9 40  .091 .059  .903 
Configural vs.Metric*  95.2(3.3) 47(7) .72 .082(-.009) .068(.009) .908(.005) 
Metric vs. Scalar 114.4(19.2) 54(7) .00 .085(.003) .073(.005)  .888(-.020) 

       
SC       

Configural 264.4 88   .116 .081  .717 
Configural vs.Metric 254.8(-9.6) 98(10) .16  .114(-.002) .097(.016) .696(-.021) 
Metric vs. Scalar* 274.3(11.93) 108(10) .14 .110(-.004) .099(.002)  .691(-.007) 

       
WD       

Configural* 77.1 40  .074 .050 .925 
Configural vs.Metric 96.2(19.00) 47(7) .01 .078(.004) .075(.025) .900(-.025) 

Metric vs. Scalar NA NA NA NA NA NA 
       
AP       

Configural   9.2 10  .00 .027 1.000 
Configural vs.Metric*   16.0(6.8) 14(4) .14 .028(.028) .045(.018) .991(-.009) 
Metric vs. Scalar 43.3(27.3) 18(4) .00 .087(.059) .073(.028) .890(-.101) 

       
AB       

Configural* 275.7 88  .112 .075  .899 
Configural vs.Metric 293.8(18.1) (10) .05 .103(-.009) .085(.010) .799(-.10) 
Metric vs. Scalar 
 

NA NA NA NA NA NA 

SP       
Configural* 131.8 28  .146 .076  .829 
Configural vs.Metric 157.7(25.9) 34(6) .00 .145(-.001) .091(.015) .797(-.032) 
Metric vs. Scalar NA NA NA NA NA NA 

Chen (2007)  
Non invariance 
Alternative fits criteria  

    RMSEA 
≥ .015 

( SRMR) 
≥ .030 

( CFI) 
 ≥ -.010 

Note. ER = Emotionally Reactivity; AD = Anxious/Depressed; SC = Somatic Complaints; WD = 
Withdrawn; SP = Sleep Problems; AP = Attention Problems; AB = Aggressive Behavior. 
*indicated the best model fit. Numbers in ( ) are the differences. 
We used the significant p value (≤ .05) on chi-square different test as the primary criteria. So, if the 
chi-square test was significant, then the model comparison was ruled as non-invariant. If the chi-
square test was not significant, then we check these three fit indices. If two out of three values (CFI, 
RMSEA, SRMR) are over the criteria, then we still considered it is non-invariant. (see our method 
section for more details) 
“NA” means that scalar invariance was not carried out because the last (metric) invariance was not 
achieved.  
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Table 5 

Means and Standard deviations for CBCL raw scores 

 
ASD (n = 192) DD (n = 186) 

Mean (SD) Mean (SD) 

ER 4.90 (3.24) 4.31 (3.08) 

AD 4.62 (3.05) 4.02 (2.87) 

SC 2.84 (2.72) 2.77 (2.31) 

WD 6.65 (3.52) 3.48 (2.75) 

SP 3.89 (3.01) 3.83 (2.90) 

AP 4.60 (2.09) 4.52 (2.04) 

AB 14.32 (6.93) 13.93 (7.98) 

IN 19.01 (9.54) 14.59 (8.82) 

EN 18.93 (8.13) 18.08 (9.28) 

Overall 60.30 (24.96) 53.26 (26.33) 

Note. ER = Emotionally Reactive; AD = Anxious/Depressed; SC = Somatic Complaints; WD = 

Withdrawn; SP = Sleep Problems; AP = Attention Problems; AB = Aggressive Behavior; IN = 

Internalizing; EN = Externalizing; Overall = Total Problems. 
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