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ABSTRACT 

My dissertation research explored responder behaviors (e.g., demonstrating response 

styles, carelessness, and possessing misconceptions) that compromise psychometric quality and 

impact the interpretation and use of assessment results. Identifying these behaviors can help 

researchers understand and minimize their potentially construct-irrelevant impact on the 

psychometric quality of measurement procedures. In three studies related to response quality, we 

analyzed item response data in terms of subgroups and in terms of missingness levels 

respectively to evaluate the sensitivity of item response theory (IRT) indicators to response 

characteristics that can compromise psychometric quality; we also validated a diagnostic 

classification model (DCM) aiming to diagnose the presence of misconceptions. 
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CHAPTER ONE: INTRODUCTION 

My dissertation research explored responder behaviors (e.g., demonstrating response 

styles, carelessness, and possessing misconceptions) that compromise psychometric quality and 

impact the interpretation and use of assessment results. Identifying these behaviors can help 

researchers understand and minimize their potentially construct-irrelevant impact on the 

psychometric quality of measurement procedures. In three studies related to response quality, we 

analyzed item response data in terms of subgroups and in terms of missingness levels 

respectively to evaluate the sensitivity of item response theory (IRT) indicators to response 

characteristics that can compromise psychometric quality; we also validated a diagnostic 

classification model (DCM) aiming to diagnose the presence of misconceptions. The three 

specific topics are addressed as follows. 

In the first study, we investigated one potential source of measurement error in survey 

research, response styles, which refer to the behaviors of participants selecting certain response 

categories more frequently than others, regardless of the content of the items (Baumgartner & 

Steenkamp, 2001; Paulhus, 1991). In previous studies, researchers have found several potential 

reasons (e.g., respondents’ age, gender, ethnicity, education level and cultural influences) for 

different response styles in surveys, and they have proposed several techniques to address the 

impacts of response styles (e.g., Henninger & Meiser, 2020; Tutz et al., 2018). Our research 

considered the effectiveness of adaptations of Partial Credit Model (PCM; Masters, 1982) in 
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detecting the response styles differences related to examinee characteristics (e.g., demographic 

subgroups). Identifying and understanding such differences can inform comparisons between 

groups, as well as the overall interpretation of survey results. 

In the second study, we focused on the inattentive behaviors of survey participants. 

Different from participants demonstrating response styles who tend to systematically favor 

certain categories (as in Study One), participants identified as careless responders are inclined to 

show response patterns such as overly consistent or “longstring” responses and random 

responses. Meade and Craig (2012) pointed out that careless responses have a negative impact on 

assessment accuracy. In addition to detecting and classifying careless responses, we hope to have 

an explicit focus on missing data because carelessness often appears in incomplete responses 

(Clark et al., 2003; Curran, 2016; Meade & Craig, 2012). Specifically, we will look at the effect 

of the magnitude (e.g., Meade & Craig, 2012) and patterns (i.e., missing not at random (MNAR)) 

of missingness in survey responses and explore the sensitivity of person fit indices in different 

circumstances. 

In the third study, we validated the generalized diagnostic classification models (DCMs) 

for multiple-choice option-based scoring (GDCM-MC; DiBello et al., 2015) in terms of its 

classification accuracy towards skills and misconceptions.  Misconceptions can affect response 

quality because they can be seen as flawed explanations and predictions during learners’ 

knowledge construction process (Andersson, 1986; Confrey, 1990; Graeber et al., 1989; Shear & 

Roussos, 2017; Smith et al., 1994). Understanding and identifying how students possess 

misconceptions and how they are reflected in responses to assessment items can aid stakeholders 

and educators to improve test development and classroom constructions. We performed 
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qualitative analyses of student performances based on constructed-response items and compare 

them to the GDCM-MC statistical classifications. 

Overall, through three studies, we mitigated the impact of systematic biases to make sure 

accurate locations on the construct of interest are reflected (study 1), captured the presence of 

carelessness with person-fit indices with different magnitudes and patterns of missingness (study 

2), and provided direct evidence in bridging the gap between examinee response processes and 

model classifications (study 3). The sound psychometric quality of survey assessment requires 

evidence that examinee behaviors in item response data reflect the intended construct(s) (AERA 

et al., 2014). Analyses such as those included in these studies can help researchers and 

practitioners evaluate, interpret, and use measurement instruments, guide revisions to those 

instruments, and identify areas for additional research. 
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CHAPTER TWO: SENSITIVITY OF PCMRS TO RESPONSE STYLES WITHIN 

SUBGROUPS 

Introduction 

Response styles are a pervasive cause of measurement error in survey research. Response 

styles are the tendency for respondents to respond in certain response categories more frequently 

than the others, no matter the content of the items (Baumgartner & Steenkamp, 2001; Paulhus, 

1991). For example, survey participants who exhibit midpoint response styles tend to respond in 

the middle categories of a rating scale most often, regardless of item content. Different from 

participants who demonstrate careless responding patterns (e.g., overly consistent or “longstring” 

responses, random responses), participants with response styles tend to systematically favor 

certain categories (e.g., extreme or mid-point categories).  

In previous studies, researchers have investigated potential reasons for and implications 

of different response styles in surveys, such as respondents’ age, gender, ethnicity, education 

level and cultural influences (e.g., Dibek, 2020; Liu & Wang, 2016; Meisenberg & Williams, 

2008; Stone et al., 2019; van Vaerenbergh & Thomas, 2013). Researchers have also proposed 

several techniques to identify and minimize construct-irrelevant impacts of response styles (e.g., 

Henninger & Meiser, 2020; Tutz et al., 2018). 

Literature Review 
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In selected-response psychological and educational assessments, respondents often select from 

different rating scale categories to reflect their locations on a construct of interest, such as on 

attitude scales and diagnostic scales. Groves (1989) pointed out that measurement errors can 

emerge when the responses from participants are erroneous and do not reflect the latent trait. One 

typical cause of such error is response styles, referring to the tendency for respondents to 

systematically select certain response categories relatively more frequently than the others, no 

matter the content of the items (Paulhus, 1991; Baumgartner & Steenkamp, 2001). In particular, 

Roberts (2016) summarized eight common response styles, namely acquiescence response style 

(ARS), disaquiescence response style (DARS), net acquiescence response style (NARS), mid-

point response style (MRS), extreme response style (ERS), response range (RR), mild response 

style (MLRS), and noncontingent responding (NCR). Specifically, NARS represents the 

preference of the highest response categories than the lowest categories. ARS, MRS, and DARS 

refer to the tendency for respondents to select the relatively high, middle, and the lowest 

categories respectively, regardless of the content or use of the rating scales. Opposite to 

respondents with MLRS, respondents demonstrate ERS when they choose the most extreme 

response options on both the highest end and the lowest end of the response categories. 

Researchers have investigated potential reasons for and implications of different response 

styles in surveys. Specifically, researchers found inconsistent potential causes for response 

styles, including demographic characteristics. For example, researchers have shown that 

response styles may be associated with socio-demographic variables such as respondents’ age 

(e.g. Greenleaf, 1992; Billiet & McClendon, 2000; Eid & Rauber, 2000; Austin et al., 2006; 
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Stone et al., 2019), gender (e.g. Moors, 2003; Hilt et al., 2010; Liu & Wang, 2016), ethnicity 

(e.g. Marin et al., 1992; van Vaerenbergh & Thomas, 2013; Batchelor & Miao, 2016), education 

level (e.g. Meisenberg & Williams, 2008), and cultural influences (e.g. Harzing, 2006; 

Hamamura et al., 2008; Dibek, 2020). For example, Greenleaf (1992) and Stone et al. (2019) 

found that response styles affect the outcomes between participants in different age groups. 

Batchelor and Miao (2016) conducted a meta-analysis and suggested that racial differences exist 

in ERS, with Blacks and Hispanics engaging in more ERS than Whites.  

Recently, researchers have proposed methods to identify and minimize the influence of 

response styles that are construct irrelevant. For example, Tutz et al. (2018) developed the Partial 

Credit Model – Response Style (PCMRS) to model the tendency for participants to select 

extreme or middle categories when their true locations on the latent variable warrant responses in 

other categories. The PCMRS model can be interpreted as shifting of thresholds to reflect 

participant response patterns. This model helps researchers disentangle substantive traits from 

response styles by specifying separate parameters. In addition, Henninger and Meiser (2020) 

proposed a multidimensional extension of the PCM which imposed a sum-to-zero constraint on 

threshold parameters; this model can identify different response tendencies.  

However, rarely did researchers consider the effectiveness of using the PCM and its 

adaptations, such as the PCMRS, to detect differences in response styles in relation to participant 

characteristics, such as membership in demographic subgroups. Because demographic 

characteristics have been shown to influence participants’ interpretation and use of rating scales 
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(Merz & Ballmer, 1984; Paolo et al, 1995), it is important to examine whether such subgroup-

related response styles may be present in rating data. In this study, we consider the sensitivity of 

a variation of the PCM to response styles within subgroups. 

Purpose 

The purpose of this study is to explore the sensitivity of IRT response styles indicators on 

subgroup-related response styles. Specifically, we will use the Partial Credit Model- Response 

Styles (PCMRS; discussed in more detail later). Our research is guided by the following research 

question: 

What is the sensitivity of the PCMRS to response style differences between participant 

subgroups (e.g., ethnicity)? 

Methods 

Data sources 

We chose to include both a simulation study and a real data analysis in this research to 

offer experimental control with the simulated data and provide analysis in authentic survey 

research context. 

Table 1.  

Selected Family Belonging Survey Statements 
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Item 

No. 

Item Name Item Content 

1 FAM_FB_001 In the past 4 weeks, I felt really respected by my family. 

2 FAM_FB_002 In the past 4 weeks, I felt important in my family. 

3 FAM_FB_003 In the past 4 weeks, I felt my family believed in me. 

4 FAM_FB_004 In the past 4 weeks, my family was interested in what I was doing. 

5 FAM_FB_005 In the past 4 weeks, people in my family made me feel good about 

myself. 

6 FAM_FB_011 In the past 4 weeks, I felt totally accepted by my family. 

7 FAM_FB_019 In the past 4 weeks, I felt that my family understood me. 

8 FAM_FB_024 In the past 4 weeks, I could depend on my family. 

9 FAM_FB_026 In the past 4 weeks, I got the support I needed from my family. 

10 FAM_FB_027 In the past 4 weeks, I knew what I could expect from others in my 

family. 

11 FAM_FB_029 In the past 4 weeks, I got all the help I needed from my family. 

12 FAM_FB_032 In the past 4 weeks, I could talk to someone in my family if 

something was bothering me. 

13 FAM_FB_033 In the past 4 weeks, I could talk to someone in my family about 

my problems. 

14 FAM_FB_034 In the past 4 weeks, I knew my family would help me if I needed 

it. 

15 FAM_FB_039 In the past 4 weeks, I felt that I could trust the people in my 

family. 

16 FAM_FB_040 In the past 4 weeks, I could trust others in my family. 

17 FAM_FB_042 In the past 4 weeks, my family treated me fairly. 

18 FAM_FB_044 In the past 4 weeks, I knew that my family would be there if I 

needed them. 

19 FAM_FB_048 In the past 4 weeks, I felt everyone in my family loved me. 

20 FAM_FB_049 In the past 4 weeks, everyone in my family loved each other. 
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21 FAM_FB_050 In the past 4 weeks, I felt loved by my family. 

22 FAM_FB_055 In the past 4 weeks, my family showed that they cared about me. 

23 FAM_FB_071 In the past 4 weeks, I felt I really belonged in my family. 

24 FAM_FB_074 In the past 4 weeks, I felt I had a strong relationship with my 

family. 

25 FAM_FB_075 In the past 4 weeks, I felt very close to my family. 

26 FAM_FB_077 In the past 4 weeks, it was easy to be close to everyone in my 

family. 

27 FAM_FB_078 In the past 4 weeks, I felt a sense of togetherness with my family. 

28 FAM_FB_081 I believed in helping my family, no matter what. 

29 FAM_FB_082 In the past 4 weeks, I wanted to help my family however I could. 

30 FAM_FB_085 In the past 4 weeks, I felt that I had similar values and beliefs as 

others in my family. 

31 FAM_FB_087 In the past 4 weeks, I could rely on my family. 

32 FAM_FB_088 In the past 4 weeks, I felt really important to my family.  

33 FAM_FB_090 In the past 4 weeks, people in my family helped each other. 

34 FAM_FB_101 In the past 4 weeks, I felt that my family really respected me. 

35 FAM_FB_132 In the past 4 weeks, I could talk to someone in my family if I 

needed to. 

36 FAM_FB_139 In the past 4 weeks, everyone in my family could be completely 

trusted. 

37 FAM_FB_148 In the past 4 weeks, everyone in my family loved me. 

38 FAM_FB_150 In the past 4 weeks, I felt that my family loved me. 

39 FAM_FB_185 In the past 4 weeks, I had similar beliefs as others in my family. 

 

Empirical Data. We examined real data from the Pediatric Family Belonging survey 

from the Patient-Reported Outcomes Measurement System (PROMIS), which hopes to uncover 
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the factors affecting children’s physical and emotional feelings, their actions of participating in 

desired activities, and their evaluations of their health or life (Forest et al., 2016). Our data 

included 1,704 children’s (9-15 years) responses to 39 items using a five-category scale 

(1=Never, 2=Rarely, 3=Sometimes, 4=Often, 5=Always). We used student subgroup membership 

related to ethnicity for comparisons (nNonHispanic = 1,448; nHispanic = 256). The questions are 

positively phrased, and they intend to measure the children’s perceptions of their level of family 

belonging, as presented in Table 1. 

Table 2.  

Simulation Design Conditions 

Characteristic Levels 

Generating thetas N~(0,1) 

Item difficulties  N~ (0, 0.5) 

Person Sample size N = 1000 

Item sample size N = 25 

Number of subgroups 2 

Proportions of participants in each 

subgroup 

50% & 50%;  

15% & 85% 

Proportion of Persons within Subgroups 

Exhibiting Response Styles 
20% 

Type of Response Style 

Midpoint response style (MRS) 

(group 1); Extreme response style 

(group 2) 
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Simulated Data. As shown in Table 2, we used the Partial Credit Model (PCM; Masters, 

1982) to simulate ratings in five ordered categories (x = 0, 1, 2, 3, 4). Five-category rating scales 

are common in applied survey research (e.g., Baumgartner & Steenkamp, 2001; Khorramdel & 

von Davier, 2014). We selected examinee locations from θ~N(0, 1) and the overall item 

difficulty locations from δ~N(0, 0.5). We simulated examinee and item difficulty locations using 

the normal distribution in reference to the item distribution in the real data and in recent IRT 

simulation research (e.g., Buchholz & Hartig, 2019; Fox & Verhagen, 2018). We generated 

ratings from 1000 participants in two subgroups with two different proportions within subgroups: 

(1) n = 500 per group; (2) ngroupA = 150, ngroupB = 850. This simulation design is informed by the 

sample size and subgroup proportions in the empirical data. For example, the proportion of 

subgroup sample size in the empirical data is about 85% Non-Hispanic and 15% Hispanic. We 

consider this proportion as a reference in our simulation design and simulated different 

proportions of subgroups. The subgroup ratios are also based on previous studies related to 

subgroup analysis (e.g., Bachman & O'Malley, 1984; Bachman et al., 2010; Murray-García et al., 

2000). Twenty percent of the participants in each subgroup were simulated to exhibit one type of 

response style (Midpoint or Extreme); this proportion reflects the proportions observed in some 

recent real data analyses related to response styles (e.g., Ames & Meyers, 2021; Dibek, 2020). 

We generated response styles by manipulating item-threshold parameters so that selected 

participants are more likely to respond in either midpoint or extreme categories.  

Data Analysis 
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The first step in the data analysis procedure was a preliminary exploration of the data and 

the basic measurement properties with the Partial Credit Model (PCM, Masters, 1982). Results 

from this analysis showed that the participants demonstrated evidence of response styles. We 

used the Winsteps software program (Linacre, 2022) for this preliminary investigation. 

We applied the PCMRS (Tutz et al., 2018) to both the empirical dataset and simulated 

data with the PCMRS package (Schauberger, 2022) using R software (R Core Team, 2022): 

,                                                         (1) 

where θn represents Person n’s location on the construct (e.g., family belongingness 

level), δik  is the estimated logit-scale location for item i with category k (e.g., family 

belongingness statement), m is the middle scale category (m = k/2), and r is the total number of 

categories in the scale. The person-specific gamma parameter (γn) indicates the shifting of 

categories that may reflect response styles. Modified thresholds are defined as −m−k+0.5𝛾n. 

Positive gamma estimates suggest that a participant tends to respond in the middle categories 

such that the item-thresholds (δik) for categories 1, …, m are shifted lower on the logit scale, and 

the item-thresholds for categories m+1, …, r are shifted higher. Negative values of γn indicate 

that a person tends to respond in extreme categories.  

Model-Based Indicators of Response Styles 
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We examined and compared the distribution of gamma parameters within subgroups. 

Higher values of gamma are interpreted as a tendency to respond in middle categories, and lower 

values of gamma are interpreted as a tendency to respond in extreme categories. 

Results 

Real Data 

During a preliminary analysis of the real data, the Rasch measures demonstrated 

appropriate adherence to the unidimensionality requirement: the principal components analysis 

of Rasch model residuals (Chou et al., 2010; Linacre, 1998) explained about 35.94% of the 

variance, which exceeded the 20% critical value suggested by Reckase (1979). In addition, the 

average Infit mean square error (MSE) and Outfit MSE statistics approximated 1.00 for all three 

facets. However, the average standardized fit statistics were not close to 0.00 for the item and 

ethnicity facets; this result suggests that there may be some differences in model-data fit related 

to individual items and person subgroups. These differences may reflect response styles. 

Among the participants responded to the Pediatric Family Belonging survey, 642 

respondents in the Not Hispanic/Latino subgroup and 71 respondents in the Hispanic/Latino 

subgroup only responded in one or two categories. In addition, most of the participants who 

limited their responses used Sometimes and Often categories more often. 

Figure 1. 
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Person-Specific Gamma Estimates by Ethnicity Subgroup from PCMRS for the Family 

Belonging Data 

 

Results from the PCMRS are summarized in Figure 1 using boxplots which present the 

distribution of the person-specific gamma parameters for the two groups. The results suggested 

that the PCMRS detected statistically significant differences (p < 0.05) in rating scale category 

use between these two ethnicity subgroups, with higher average gamma estimates for the Not 

Hispanic/Latino subgroup (M = – 0.13) compared to the Hispanic/Latino subgroup (M = – 0.22). 

In addition, Not Hispanic/Latino subgroup demonstrated slightly more variation than the other 



 14 

subgroup. In other words, this subgroup demonstrated larger response range and are less likely to 

show extreme response styles. These results suggest that children in the Not Hispanic/Latino 

subgroup may have been more likely to exhibit midpoint response styles compared to the 

Hispanic/Latino subgroup. The comparison between Not Hispanic/Latino respondents and 

Hispanic/Latino respondents from our empirical data indicated that the presence of response 

styles should be investigated specifically during subgroup comparisons.  

Simulation 

Figure 2. 

Person-Specific Gamma Estimates by Subgroup (n = 500 per group) from PCMRS for the 

Simulated Data 
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Figure 2 shows the distributions of the person-specific gamma parameters between the 

subgroups in the simulation condition with the same-size subgroups (n = 500 per group), 

averaged over 100 simulation conditions. The results suggest that the PCMRS was quite 

sensitive to response style differences between these two groups, with higher average gamma 

estimates for the central response style group (M = 0.62) compared to the extreme response style 

group (M = -0.80). The estimates for the central response style group and extreme response style 

group did not overlap. The central response style group had the highest gamma estimates and the 
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extreme response style group had the lowest gamma estimates. The gamma estimates exhibited 

more variations in the extreme response style group. 

Figure 3. 

Person-Specific Gamma Estimates by Subgroup (ngroupA = 150, ngroupB = 850) from PCMRS for 

the Simulated Data 

        

As shown in Figure 3, the person-specific gamma parameters in the conditions with 

different subgroup sizes (ngroupA = 150, ngroupB = 850), averaged over 100 simulation conditions, 

suggested that the PCMRS was even more sensitive to response style differences between two 

groups with different sample sizes, with higher average gamma estimates for the central response 
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style group (M = 2.24) compared to the extreme response style group (M = -0.07). The estimates 

for these two subgroups did not overlap. The central response style group had higher gamma 

estimates than the extreme response style group. The gamma estimates were much more variable 

in the extreme response style group.  

 When the subgroups differed in size, the gamma estimates tended to have higher values 

than in the conditions with same-size subgroups for both extreme response style groups and 

central response style groups. The variability within both response style groups was different 

when the subgroup sample varied. In specific, the average standard deviation of gamma 

estimates of central response style group (SDcentral = 0.15) were slightly smaller than that of the 

extreme response style group (SDextreme = 0.21) when the subgroups had the same sample sizes, 

but these values were quite close—suggesting similar levels of variability in gamma estimates 

within response style groups. However, the average standard deviation of gamma estimates of 

central response style group (SDcentral = 0.32) were more notably larger than that of the extreme 

response style group (SDextreme = 0.15) when the subgroup sample sizes were different—

suggesting that there was more variability in gamma estimates among extreme responders. 

Additionally, the average range of gamma estimates of central response style group with same-

sized subgroups (rangecentral = 0.59) was smaller than that in the different-size subgroup 

(rangecentral = 0.61). In addition, the average range of gamma estimates of extreme response 

styles were slightly larger in the same-size subgroup (rangeextreme = 0.82) than the different-size 

subgroup condition (rangeextreme = 0.63).  
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Discussion 

This research offered an initial investigation into methods based on IRT to identify 

differences in response styles related to examinee characteristics. We investigated the influence 

of response styles on survey measurement using real data and a simulation study. Our findings 

were consistent with previous studies that ethnicity is associated with differences in response 

styles (e.g., Marin et al., 1992; van Vaerenbergh & Thomas, 2013; Batchelor & Miao, 2016). We 

used PCMRS to identify response styles related to subgroup membership with the five-category 

PROMIS survey. Our real data analysis suggested that researchers may be able to use the 

PCMRS to identify response styles differences related to demographic subgroups (i.e., ethnicity). 

We explored these results further using a simulation study. Specifically, the real data informed 

our simulation design. We simulated two sample size conditions and manipulated item-threshold 

parameters to generate response styles. Our simulation results suggested that subgroup 

differences may lead to different sensitivity of PCMRS. 

Identifying differences in response styles related to examinee characteristics is an 

important consideration in ensuring a meaningful interpretation and use of survey results, 

especially when comparisons between subgroups are of interest. For example, many researchers 

compare survey results between subgroups by examining variables such as average ratings or 

average location estimates from IRT models. Our results suggested that comparisons between 

subgroups may not be straightforward when response styles are present that are related to 
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subgroup membership. Specifically, researchers should consider the presence and nature of 

response styles when they compare subgroup responses to survey items.  

Our study provided guidance on how researchers can identify potential response style 

differences related to subgroups. In particular, we used a simulation study to explore how the 

PCMRS can detect such differences when they are present. In empirical settings, differences in 

sample sizes between subgroups are one of the key concerns. We observed that gamma estimates 

from the PCMRS were sensitive to central and extreme response styles and the differences 

between central response style group and extreme response style group varied when the 

subgroup sizes changed. However, our research only simulated two proportions of participants in 

each subgroup. Future research may simulate other simulation conditions related to sample sizes 

and related to other type of response styles in addition to MRS and ERS. Future research may 

also compare Person-Style PCM (PS-PCM) and PCMRS to explore their sensitivity to response 

styles within subgroup and the comparable information their indicators may provide. 

Implications 

From a Diversity, Equity, and Inclusion (DEI) perspective, subgroup differences need to 

be addressed to mitigate the impact of systematic biases and better understand differences in 

survey responses between groups. Similar to differential item functioning (DIF), response styles, 

left unaccounted for, can easily lead to potentially flawed interpretations of group differences. In 

order to ensure the accurate analysis of survey results and avoid biases towards any subgroups, 

we suggest treating response styles as an important part of survey research. 
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We hope to inform researchers of the use IRT-based methods to evaluate whether 

subgroup-related response styles may complicate such comparisons. As discussed in AERA et al. 

(2014), guaranteeing the fairness of the test or survey gives all participants equal opportunities to 

demonstrate their standing on the construct, and prevents potential threats to inappropriate 

interpretations and uses of assessment results.  

Understanding response styles is essential for ensuring that assessment results reflect the 

construct of interest. In future studies, researchers can include more real-data analyses with other 

subgroups (e.g., gender, education level, age) and investigate the relationship between DIF and 

response styles (e.g., Chen et al., 2017; Wetzel et al., 2013). In future studies, researchers can 

also design more simulations with different characteristics and conditions. Mixed-methods 

studies would also extend the scope of this study. For example, researchers may use think-aloud 

interviews to consider how members of various subgroups describe their interpretation and use 

of rating scale categories and compare these descriptions to results from PCMRS analyses. 

Future qualitative researchers may also use focus groups of survey designers to modify the 

contents of the survey according to the PCMRS findings.  
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CHAPTER THREE: IDENTIFYING CARELESS RESPONSES IN SURVEY WITH MISSING 

DATA 

Introduction 

Careless responding or insufficient effort responding refers to the inattentive or 

unmotivated behaviors of survey participants. Careless responses limit the accuracy of 

assessment or survey instruments because responses do not reflect participant locations on a 

latent variable (Clark et al., 2003; Meade & Craig, 2012). In previous studies, researchers have 

investigated the detection and classification of careless responses, without an explicit focus on 

missing data (e.g., Huang et al., 2015; Patton et al., 2019). However, carelessness sometimes 

results in incomplete responses when the participants are not motivated to complete all or parts 

of a survey (Clark et al., 2003; Curran, 2016; Meade & Craig, 2012).  Such missing responses 

are common in survey research and may hinder the detection of carelessness in survey responses. 

Researchers have proposed numerous methods for detecting carelessness. For example, 

consistency indices (e.g., LongString and polytomous lz) can detect the consistent pattern of 

responses. Outlier indices (e.g., Mahalanobis Distance and person-fit statistics) are sensitive to 

relatively extreme responses. Researchers have also proposed methods based on item response 

theory (IRT) to identify potentially careless responses using methods such as person fit statistics 

(discussed later in this chapter). However, it is unclear how those methods perform in the 

presence of missing data. Understanding the impact of incomplete responses on indicators of 

carelessness can help researchers identify careless responding patterns in realistic settings in 
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order to improve the interpretation and use of survey research results. 

Literature Review 

Participants sometimes demonstrate careless responding patterns when their responses to 

items are not related to the content of the survey. Careless responses or insufficient effort 

responding compromise data quality, which may lead to inaccurate data analysis of performance 

assessments or survey instruments (Clark et al., 2003; Curran, 2016). The reasons for careless 

responses are likely to include lack of interest, distractions, excessive survey length, or social 

desirability (Meade & Craig, 2012). For example, participants may exhibit carelessness when 

they respond to a string of questions with the same answer. 

Table 3.  

Summary of Carelessness Indicators 

Indicator Description Reference 

LongString 
Maximum number of identical 

consecutive responses 
Johnson (2015) 

Mahalanobis distance (D) 𝐷𝑖 = √(𝑥𝑖 − 𝑥)𝐶𝑥−1(𝑥𝑖 − 𝑥)𝑇 Ehlers, et al. (2009) 

Person Infit Mean Square 

Error (MSE) 
 

Smith (2004) 

Person Outfit Mean 

Square Error (MSE)  

Polytomous lz  Drasgow, et al. (1985) 
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Researchers have investigated the detection and classification of careless responses (CR) 

using a variety of techniques and indicators based on standalone statistics and measurement 

models, as summarized in Table 3. In specific, Meade and Craig (2012) categorized CR indices 

into consistency indicators and outlier indicators. For example, the LongString statistic is a 

consistency index and indicates the maximum consecutive identical responses (e.g., Curran, 

2016; Huang et al., 2012; Meade & Craig, 2012). Outlier indices (e.g., Mahalanobis distance, 

person-fit statistics) identify CR patterns in extreme responses. Researchers have also used 

person-fit statistics based on IRT models to investigate the presence of careless response 

patterns. Person fit statistics are indicators of unlikely response patterns based on the statistical 

models. For example, Patton et al. (2019) detected careless responders with person-fit statistics 

based on measurement models and removed their responses to clean a dataset in an iterative 

process. The bi-directional nature of person-fit statistics allow them to be sensitive to unexpected 

responses on extreme ends (i.e., easiest, or hardest to agree with). However, previous research on 

carelessness indices and person fit did not have an explicit focus on missing data.  

In practice, missingness is common in survey research, but the magnitude (e.g., Meade & 

Craig, 2012) and patterns (e.g., Goldammer et al., 2020; McKnight et al., 2007) of its effect are 

relatively unclear when identifying careless responses. We will examine the influence of 

systematically missing data or data missing not at random (MNAR) which are not related to the 

person and cannot be predicted from other information about the person. MNAR data (i.e., not 

ignorable missing data) is a relatively more significant problem and that has more substantial 

consequences (e.g., lead to biased results) than missing completely at random (MCAR) data and 

missing at random (MAR) data in the context of survey research (e.g., Bell, et al., 2013; Graham, 

2009). Smith (1986) suggested that some CR indicators (e.g., person-fit statistics) could detect 



 24 

and classify carelessness with the presence of missingness in the data. For example, person fit 

statistics were commonly used statistical methods in identifying outlying response patterns (e.g., 

carelessness) based on the models (e.g., Patton et al., 2019). But other CR indices (e.g., 

LongString) may not provide as useful information. It is important that researchers understand 

how CR indices perform in the presence of missing data in order to use them in a variety of 

survey contexts.  

Purpose 

Incomplete data are common in survey research (Bell, et al., 2013; Graham, 2009), but its 

effect is rarely considered in research specifically focused on identifying careless responses. The 

purpose of this study is to explore the sensitivity of popular standalone and measurement-based 

careless response indices in realistic datasets that include missing responses with different levels 

of carelessness behaviors and missingness. This study will address the following research 

questions: 

1. To what extent can careless response (CR) indices detect carelessness with different 

proportions of missingness? 

2. To what extent can careless response (CR) indices detect carelessness with MNAR 

missingness? 

Methods 

Data sources 

Empirical Data. Data for this study include responses from 9th - to 12th-grade students in 

the US who completed the Teacher Effectiveness Student Survey (TESS) for teachers. This 

survey was designed and evaluated by a team of experts (Council of Chief State School Officers, 
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2013) and then administered to students from a suburban district in the 2017-2018 school year.  

Students were asked to provide ratings on survey items in the TESS on a 4-point Likert scale 

(Not True, Sort of True, True, Very True). Specifically, the TESS at the school contained 29 

survey items measuring seven subdomains of effective teaching practices: (1) teachers’ content 

knowledge (4 items), (2) cognitive engagement of students (4 items), (3) support of students’ 

cognitive development (3 items), (4) facilitation of problem-solving and critical thinking (5 

items), (5) teacher-student relationship (5 items), (6), communication (4 items), and (7) 

monitoring learning (5 items). The survey also included three validity items designed to identify 

potentially careless responses, for a total of 21 items.  This dataset had 5% missing data and 

demonstrated MNAR missing patterns. We explored the association and consistency between CR 

indices with MNAR missingness and used this empirical dataset as inspiration for our research 

questions and references for our simulation design. 

Simulated Data. A preliminary analysis of the real data showed presence of CR and 

missingness, which offered guidance for our simulation design. As seen in Table 3, we used base 

programming in R to simulate participant responses to a four-category rating scale (x = 0, 1, 2, 3) 

using the Partial Credit Model (PCM; Masters, 1982). Table 4 also provides an overview of the 

simulation design, including characteristics that we held constant over conditions and 

manipulated factors. We simulated person locations and item difficulties with a normal 

distribution to resemble the item distribution in the real data (discussed later in this chapter) and 

to reflect recent IRT simulation research (e.g., Buchholz & Hartig, 2019; Fox & Verhagen, 

2018).  

Table 4. 

Simulation Design Conditions 
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Factor Type Factor Level(s) 

Held Constant  

Rating scale length  4 categories (0, 1, 2, 3)  

Generating person locations  N~(0,1)  

Generating item difficulties  N~(0, 0.5)  

Distance between thresholds  
Selected from  

U~(.8, 1.5)  

Person sample size  2,000  

Item sample size  30  

Types of carelessness  
Overly consistent (long-string);  

Random responses  

Manipulated % overly consistent and random  0%, 5%, 20%  

 % missingness 0%, 5%, 20% 

 Patterns of missingness NMAR 

 

Using guidance from previous research related to carelessness in survey research, we 

manipulated three key factors in the simulation: (1) the proportion of participants who exhibited 

carelessness (0%, 5%, or 20%; see Curran et al., 2010; Maniaci & Rogge, 2014; Curran, 2016); 

(2) the type of careless responding pattern (Overly consistent/long-string; random responses; see 

Meade & Craig, 2012; Curran, 2016); and (3) the proportion (0%, 5%, or 20%)  of MNAR 

missingness (see Goldammer et al., 2020; McKnight et al., 2007; Meade & Craig, 2012). The 

participants were randomly selected to exhibit 5% or 20% of either overly consistent or random 

response patterns, besides the null condition, where participants did not exhibit carelessness or 

missingness. The 30 items were grouped by 5 indicators, with 6 items under each indictor. If the 

respondent chose a specific response (i.e., 0), 5% or 20% of MNAR missingness were simulated 

for one of the items in the same clustered indictor. We simulated 100 replications of each 

condition. 
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Data Analysis 

This research considers methods for classifying responders as either “careless” or 

“normal” using indicators of carelessness based on measurement models.  

We analyzed the empirical and simulated data with the same procedure. First, we 

calculated the CR indices (i.e., LongString, Mahalanobis distance (D)) for each person with base 

R functions (R core Team, 2022). The LongString index detects carelessness by measuring the 

consistency of the longest string of identical responses across the instrument (e.g., Curran, 2016; 

Huang et al., 2012; Meade & Craig, 2012). Higher values of LongString suggested a tendency 

for overly consistent CR patterns, and lower values of LongString suggested low probability of 

consistent responses. The multivariate Mahalanobis D detects outliers and estimates the distance 

between participant response and the center of the distribution. Higher Mahalanobis D values 

indicated higher probability of random CR responses, and lower Mahalanobis D values indicated 

lower probability of random responses. The Mahalanobis D for each observation xi is  

𝐷𝑖 = √(𝑥𝑖 − 𝑥)𝐶𝑥−1(𝑥𝑖 − 𝑥)𝑇,                                                                                        (2) 

where 𝑥 represents the mean of the observations and 𝐶𝑥
−1 represents the covariance matrix. 

Participant responses to validity items will be only used for empirical data analysis. In specific, 

validity items ask participants to self-report their carelessness in different ways (e.g., “I am 

paying attention to how I answer this survey.”; “Select ‘not true’ for this item.”). They are 

located at roughly equal distance across the instrument. 

Next, we analyzed the entire dataset with the PCM using the eRm package (Mair & 

Hatzinger, 2007) with R software. The PCM can be defined as: 
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ln [
𝑃𝑛𝑖(𝑥𝑖=𝑘)

𝑃𝑛𝑖(𝑥𝑖=𝑘−1)
] = 𝜃𝑛 − 𝛿𝑖 − 𝜏𝑖𝑘,                                                                                        (3) 

where θn represents Person n’s location on the construct, δi is the estimated logit-scale 

location for Item i, and τik is the difficulty of category k relative to category k-1 specific to Item i. 

Person infit statistics will flag Persons with unexpected responses, which may include careless 

responses (Wolfe & Smith, 2007). The person Infit Mean Square Error (MSE) from PCM is 

calculated as: 

 ,                                                                                                    (4) 

where 𝑍𝑛𝑖
2  represents the standardized residual for person n on item i, and 𝑄𝑛𝑖

2  represents 

the variance of the responses for person n. Outfit MSE for Person n will be calculated as:  

,                                                                                                    (5) 

where 𝑍𝑛𝑖
2  represents the standardized residual, and 𝐿 represents the number of items to 

which a person responded. Both person fit statistics range from zero to infinity and a value 

around 1.00 is considered as evidence for good model-data fit (Smith, 1997). 

Third, we calculated polytomous lz statistics using the PerFit package for R (Tendeiro et 

al., 2016):  

,                                                                                                             (6) 

where 𝑙(𝜃) is the log-likelihood of the observed response pattern for a respondent,  

𝐸(𝑙(𝜃)) is the log-likelihood of the expected response pattern, and 𝑉(𝑙(𝜃)) is the variance of the 
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log-likelihood of the response pattern. The polytomous lz statistic is a popular person fit statistic 

(e.g., Magis et al., 2012; Rupp, 2013) that appears throughout IRT research. Accordingly, it is 

important to consider how this statistic performs in the context of carelessness and missing data  

After we calculated these indicators of carelessness, we used several methods to explore 

their relationships and their sensitivity.  

First, we calculated Pearson correlations to explore the correlation among these indices. 

We compared the person correlations between traditional CR indices and person-fit indices to 

investigate the correspondence and functioning of CR indices. Next, we classified participants as 

“careless” or “normal” using an empirical bootstrap procedure. Specifically, we generated 100 

bootstrap replications of datasets based on a null condition with no simulated carelessness and 

identified the critical values from those replications. The null condition was generated using the 

PCM based on parameter estimations from the real data. We classified participants as careless 

who had extreme values of the person fit statistics and traditional CR indices using the average 

low bootstrap distribution values over 100 replications (below 5% percentiles) as underfit and 

average high values over 100 bootstrap replications (exceed 95% percentiles) as overfit (Wolfe, 

2013). The extremely low fit statistics may reflect overly consistent responses and extremely 

high fit statistics may reflect random responses. We explored the alignment of the classification 

of either CR or normal by these indices. 

Results 

Real Data 

Table 5. 

Summary Statistics for Empirical Data 
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 Mahal.  

D 

Long 

String 

Infit  

MSE 

Infit  

Z 

 

Outfit 

MSE 

 

Outfit  

Z 

 

Polytom

us  

lz 

M 19.43 6.76 0.86 -0.11 0.86 -0.12 0.69 

SD 14.31 5.07 0.39 0.82 0.38 0.81 1.20 

 

Table 5 shows the summary statistics of the empirical data, which has 5% missing values 

and reflected MNAR missingness patterns. For example, if the respondent answered Sort of True 

for the first two items, they tended to not answer the third item. In addition, the missingness were 

clustered within the same indicator. For example, item 5 (This teacher’s lessons make us think 

deeply.) and item 15 (This teacher makes us think about how we might use the subject in 

everyday life.) tended to be missing at the same time. The average Mahalanobis D statistic was 

19.43 (SD = 14.31). The largest LongString value was 18 (M = 6.76, SD = 5.07). Average infit 

and outfit MSE values were similar (M = 0.86, SD = 0.39; M = .86, SD = 0.38, respectively). The 

average polytomous lz value was 0.69 (SD = 1.20).  

Table 6. 

Average Correlations of CR Indices for Empirical Data 

CR  

Indices 

LongString Infit 

MSE 

Outfit 

MSE 

Polytomous 

lz 

Mahal. D -0.61 0.72 0.77 -0.58 

LongString 1.00 -0.51 -0.58 0.31 

Infit MSE  1.00 0.95 -0.72 

Outfit MSE   1.00 -0.76 

Polytomous lz    1.00 
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As presented in Table 6, the correlations among CR indices differentiated in strength and 

direction, ranging from -.31 to .95. Mahalanobis D showed strong negative correlations with 

LongString (rs = -0.61) and Polytomous lz (rs = -0.58); and showed strong positive correlations 

with infit (rs = 0.72) and outfit MSE (rs = 0.77). LongString had strong negative correlations 

with infit (rs = -0.51) and outfit MSE (rs = -0.58), but a medium positive correlation with 

Polytomous lz statistic (rs = 0.31). Infit and outfit MSE were strongly correlated with each 

another (rs = .95). We observed the strongest correlation between infit and outfit MSE, followed 

by the correlations between Mahalanobis D and person-fit statistics, Polytomous lz and person-fit 

statistics. The correlations suggested good correspondence among person-fit statistics, and 

acceptable correspondence among outlier statistics, and among consistency statistics 

respectively, when part of the data is missing.  

Based on different CR indices, 0% to 20.59% of the empirical responses were classified 

as careless using the critical values identified in the bootstrap procedure. The LongString 

statistics classified the highest amount (20.59%) of participants as careless responders. And the 

low threshold infit and outfit MSE statistics classified 20.87% and 20.50% participants as 

careless respectively. The high infit and outfit MSE thresholds classified slightly less participants 

as careless responders (14.01% and 12.34%). In addition, low and high polytomous lz statistics 

classified 5.01% and 5.38% responders as careless. The Mahalanobis D classified the least 

careless responses (0.00% and 2.32% respectively).  

Table 7. 

CR Classifications of Traditional and Person-Fit Indices for Empirical Data 
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CR Indices 
Classification 

Condition 
Infit MSE Outfit MSE Polytomous lz 

  Low High Low High Low High 

Mahal. D > .95 -0.11 -.48 -0.12 0.52 0.43 -0.05 

Long String > 50% 0.59 -0.05 0.59 -0.13 -0.12 0.14 

 

As shown in Table 7, the classification correspondence between traditional indices and 

person-fit indices ranges from -0.05 to 0.59. High Mahalanobis D classification was strongly 

positively correlated with higher infit MSE, outfit MSE, and lower polytomous lz (r = 0.48, 0.52, 

0.43, respectively); but was weakly negatively correlated with lower infit MSE, outfit MSE and 

higher polytomous lz (r = -0.11, -0.12, -0.05, respectively). LongString classifications were 

positively correlated with lower infit MSE and outfit MSE (r = 0.59); whereas was weakly 

correlated with higher infit MSE, outfit MSE and polytomous lz (r = -0.05, -0.13, -0.12, 0.14, 

respectively). 

Simulation 

Table 8. 

Summary Statistics for Simulated Data 

% 

Missing 

% 

Careless Examinee  

Subgroup 

Mahal.  

D 

Long 

String  

Infit 

MSE 

Infit 

Z  

Outfit 

MSE  

Outfit 

Z  

Polytomous  

lz  

M SD M SD M SD M SD M SD M SD M SD 

 

 

 

 

5% 

5% Constant 22.27 10.73 19.52 4.69 0.93 0.68 -1.97 3.76 0.78 0.54 -2.18 3.59 0.69 0.88 

Random 30.48 5.20 3.60 0.88 1.01 0.17 0.07 1.09 1.01 0.17 0.07 1.09 0.91 1.44 

Normal 30.37 4.82 3.13 0.88 1.00 0.15 0.01 1.00 1.00 0.16 0.00 1.00 0.15 1.02 

                

20% Constant 15.59 8.08 20.07 5.20 0.86 0.72 -2.44 4.14 0.76 0.62 -2.57 4.06 1.12 1.45 

Random 31.97 5.49 3.54 0.78 1.05 0.17 0.29 1.03 1.05 0.17 0.28 1.03 0.62 1.41 

Normal 34.35 5.32 3.18 0.85 1.06 0.15 0.37 0.92 1.06 0.15 0.37 0.93 -0.19 0.98 
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20% 

5% Constant 21.49 11.10 17.14 5.73 0.87 0.73 -2.24 3.85 0.70 0.54 -2.46 3.64 2.21 3.24 

Random 31.87 5.75 3.49 0.83 1.02 0.17 0.13 1.01 1.02 0.17 0.13 1.00 5.88 4.10 

Normal 30.70 4.72 3.21 0.90 1.01 0.15 0.05 0.99 1.01 0.15 0.05 0.99 0.18 0.96 

                

20% Constant 15.41 8.29 17.05 5.49 0.89 0.75 -2.29 4.21 0.80 0.64 -2.39 4.11 2.09 2.82 

Random 33.38 6.03 3.52 0.87 1.04 0.18 0.25 1.03 1.04 0.18 0.25 1.03 5.54 4.20 

Normal 34.50 5.08 3.11 0.87 1.06 0.15 0.35 0.94 1.06 0.16 0.35 0.95 -0.10 0.99 

 

As shown in Table 8, in both missingness (5% and 20%) and carelessness (5% and 20%) 

simulation conditions, the traditional indices and person-fit indices both showed differences 

between the carelessness subgroups. In specific, the average Mahalanobis D statistics were the 

lowest in the overly consistent group (15.41 ≤ MConstant ≤ 22.27) followed by the random group 

(30.47 ≤ MNormal ≤ 33.38) and the normal group (30.36 ≤ MNormal ≤ 34.50). The average long-

string statistics were the highest in the constant group (17.05 ≤ MConstant ≤ 20.07) followed by the 

random (3.49 ≤ MRandom ≤ 3.60) and normal groups (3.11 ≤ MNormal ≤ 3.21). MSE values were 

lower in the constant group (0.70 ≤ MConstant ≤ 0.93) followed by similar statistics in the random 

and normal groups ((1.01 ≤ MRandom ≤ 1.05; 1.00 ≤ MNormal ≤ 1.06).  

When 5% of the data were simulated to be MNAR, the lz statistics had the highest values 

for the random group (MRandom = 0.91), followed by the values for the constant group (MConstant = 

0.69) and the normal group (MNormal = 0.15) in 5% carelessness condition; the lz statistics had the 

highest values for the constant group (MConstant = 1.21), followed by the values for the random 

group (MRandom = 0.62) and the normal group (MNormal = – 0.19) in 20% carelessness condition. 

When the data were simulated to have 20% MNAR, the lz statistics had the highest values for the 

random group (5.54 ≤ MConstant ≤ 5.88), followed by the values from the constant group (2.09 ≤ 

MRandom ≤ 2.21) and random group (-0.10 ≤ MConstant ≤ 0.18) in both carelessness conditions. As 
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the missingness and carelessness increased, the values of CR indices tended to decrease across 

all conditions. 

Table 9. 

Average Correlations of CR Indices for Simulated Data 

%  

Missing 

%  

Careless 

CR  

Indices 

LongString Infit 

MSE 

Outfit 

MSE 

Polytomous 

lz 

 

 

 

 

 

 

 

0% 

0% Mahal. D -0.40 0.76 0.77 -0.84 

LongString 1.00 -0.13 -0.15 0.21 

Infit MSE  1.00 0.97 -0.91 

Outfit MSE   1.00 -0.93 

Polytomous lz    1.00 

     

5% Mahal. D -0.44 0.75 0.77 -0.82 

LongString 1.00 -0.14 -0.17 0.22 

Infit MSE  1.00 0.97 -0.90 

Outfit MSE   1.00 -0.93 

Polytomous lz    1.00 

     

20% Mahal. D -0.64 0.69 0.75 -0.80 

LongString 1.00 -0.22 -0.28 0.34 

Infit MSE  1.00 0.98 -0.91 

Outfit MSE   1.00 -0.94 

Polytomous lz    1.00 

     

 

 

 

 

 

 

 

5% 

0% Mahal. D 0.00 0.89 0.89 -0.02 

LongString 1.00 -0.02 -0.02 -0.08 

Infit MSE  1.00 1.00 -0.09 

Outfit MSE   1.00 -0.10 

Polytomous lz    1.00 

     

5% Mahal. D -0.34 0.79 0.85 0.00 

LongString 1.00 -0.09 -0.29 -0.17 

Infit MSE  1.00 0.91 -0.13 

Outfit MSE   1.00 -0.11 

Polytomous lz    1.00 

     

20% Mahal. D -0.78 0.58 0.70 -0.16 

LongString 1.00 -0.26 -0.43 -0.05 

Infit MSE  1.00 0.93 -0.32 

Outfit MSE   1.00 -0.33 

Polytomous lz    1.00 
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20% 

0% Mahal. D 0.01 0.96 0.96 -0.18 

LongString 1.00 -0.01 -0.01 0.00 

Infit MSE  1.00 1.00 -0.16 

Outfit MSE   1.00 -0.19 

Polytomous lz    1.00 

     

5% Mahal. D -0.36 0.78 0.86 -0.17 

LongString 1.00 -0.13 -0.35 -0.26 

Infit MSE  1.00 0.91 0.00 

Outfit MSE   1.00 0.05 

Polytomous lz    1.00 

     

20% Mahal. D -0.75 0.53 0.66 -0.29 

LongString 1.00 -0.20 -0.35 -0.39 

Infit MSE  1.00 0.92 -0.06 

Outfit MSE   1.00 0.00 

Polytomous lz    1.00 

 

As presented in Table 9, the average correlations between the person-specific indices 

ranged from 0.90 ≤ Mr ≤ 1.00 across all simulation conditions. LongString and MSE fit statistics 

had weak negative correlations (-0.13 ≤ Mr ≤ -0.43) regardless of the presence of missingness 

and carelessness. 

However, the correspondence showed different patterns when the data was simulated to 

have missingness. Specifically, for the complete data, Mahalanobis D and MSE statistics had 

strong positive correlations (0.69 ≤ Mr ≤ 0.77); Polytomous lz and Mahalanobis D had strong 

negative correlations (-0.84 ≤ Mr ≤ -0.84) but had weak positive correlations with LongString 

(0.21 ≤ Mr ≤ 0.34); LongString and MSE fit statistics had weak negative correlations (-0.28 ≤ Mr 

≤ -0.13). When the data had 5% or 20% missingness, Mahalanobis D and the infit and outfit 

MSE statistics had medium to strong positive correlations (0.53 ≤ Mr ≤ 0.96); Polytomous lz had 

weak negative correlations with Mahalanobis D (0.00 ≤ Mr ≤ -0.29) and LongString (0.00 ≤ Mr ≤ 

-0.39). 
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Table 10. 

CR Classifications of Traditional and Person-Fit Indices for Simulated Data 

% 

Missing 

% 

Careless 

CR 

Indices 

Infit  

MSE 

Outfit  

MSE 

Polytomous 

lz 

< .05 > .95 < .05 > .95 < .05 > .95 

5% 0% Mahal. D 

> 95% NA 0.17 NA 0.17 -0.01 -0.03 

LongString 

> 50% NA NA NA NA NA NA 

5% Mahal. D 

> 95% 0.00 -0.01 0.00 -0.01 -0.01 -0.01 

LongString 

> 50% 0.27 0.53 0.27 0.31 -0.03 -0.11 

20% Mahal. D 

> 95% 0.00 0.08 0.00 0.10 0.00 -0.01 

LongString 

> 50% 0.35 0.43 0.35 0.30 -0.08 -0.04 

20% 0% Mahal. D 

> 95% NA 0.22 NA 0.22 0.05 0.00 

LongString 

> 50% NA NA NA NA NA NA 

5% Mahal. D 

> 95% 0.00 0.17 0.00 0.22 -0.01 0.05 

LongString 

> 50% 0.32 0.34 0.32 0.11 -0.02 -0.21 

20% Mahal. D 

> 95% 0.00 0.08 0.00 0.09 0.00 0.02 

LongString 

> 50% 0.35 0.33 0.35 0.25 -0.05 -0.31 

 

Table 10 summarized the average classification correlations between traditional CR 

indices and person-fit indices when the data was simulated to be incomplete. The Mahalanobis D 

classifications were positively correlated with high infit and outfit MSE (>95%) classifications 

(0.07 ≤ r ≤ 0.22) and were weakly negatively correlated with polytomous lz classifications (-0.01 

≤ r ≤ -0.05) across all conditions. LongString classifications were positively correlated with infit 
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and outfit MSE classifications (0.11 ≤ r ≤ 0.53) and were moderate-to-weakly negatively 

correlated with polytomous lz classifications (-0.01 ≤ r ≤ -0.31) across all conditions.  

Overall, the classifications from person-fit statistics were relatively more consistent with 

LongString statistics than with Mahalanobis D statistics. The classifications of traditional CR 

indices correlated relatively stronger with infit and outfit MSE than with Polytomous lz. As the 

proportions of carelessness and missingness increased, the classification correlations between 

LongSting statistics were relatively more consistent, while the classification correlations between 

Mahalanobis D became weaker.  

Discussion 

We investigated the detection of carelessness behaviors of survey participants when there 

were missing responses. We identified participants as careless responders when they tended to 

show overly consistent or random response patterns (Meade & Craig, 2012). Careless responses 

have a negative impact on assessment accuracy and are often paired with missing responses (see 

Clark et al., 2003; Curran, 2016). We explicitly focused on the effect of the magnitude and 

MNAR patterns of missingness on survey analysis. Both our empirical and simulation findings 

suggested that infit and outfit person statistics were most consistent with Mahalanobis and 

LongString statistics. However, as the missingness proportion increased, the correlations 

weakened, indicating that statistics became less associated with one another and provided less 

similar information along with the increment of missingness. 

Person-fit indices have promising potential in providing information about response 

patterns. Since person-fit statistics can offer bidirectional information (I.e., over-consistent and 
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under-consistent), they may capture more comprehensive patterns of carelessness compared to 

other popular carelessness indicators, especially in analyzing survey data.  

This research extended Jones et al. (2022) and explored the influence and type of 

missingness on the performance of person-fit indices in detecting carelessness. We simulated 

different proportions of missingness and MNAR type of missingness. Our results suggested that 

person-fit statistics could be accurate in detecting and classifying carelessness (random and 

overly consistent) when we have incomplete data. Our findings conformed with Anselmi et al. 

(2019) who compared traditional and modern measures of internal consistency and found infit 

and outfit correctly detected random responses. In addition, our study extended  previous 

research in using the combination of person-fit indices and other CR indices, which tended to 

focus only on standalone CR indices (Meade & Craig, 2012; Curran, 2016). The infit and outfit 

statistics were relatively more accurate than traditional indices in detecting CR responses when 

the proportion of carelessness and missingness increased. These results were in line with 

Goldammer et al. (2020) and Niessen et al. (2016) who observed LongString and lz statistics 

were not as effective as other CR indices, especially when missingness was present in survey 

data.  

Implications 

Recent studies have used person-fit statistics to detect and remove careless responses to 

clean the dataset (e.g., Bond & Fox, 2011; Rupp, 2013; Conijn et al., 2019). We explored the use 

of person-fit statistics as additional CR indices to complement and increase the accuracy of data 

preparation and analysis. Our study also supported Niessen et al. (2016) that the full dataset 

should be investigated on with appropriate statistics to preserve the entirety of the dataset and to 

facilitate well-informed judgments on survey analysis.  
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In future studies, researchers can take the quality of person-fit statistics into consideration 

when they encounter data with missing values that may reflect carelessness. Future research may 

also explore the influence of more proportions (e.g., 10% suggested by Curran et al., 2010) and 

other patterns of missingness (e.g., MCAR, MAR). Survey designers can use the implications of 

this research as reference in future content development.   
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CHAPTER FOUR: VALIDATION OF DIAGNOSTIC CLASSIFICATION MODELS FOR 

DIAGNOSING MISCONCEPTIONS WITH CONSTRUCTED-RESPONSE ITEMS 

Introduction 

Misconceptions and alternative conceptions are common in mathematics and science 

education, where students can hold pre-existing inconsistent views and then generate incorrect 

understandings regarding concepts, skills, and phenomena (Andersson, 1986; Confrey, 1990; 

Graeber et al., 1989). Researchers have documented a variety of approaches for identifying 

misconceptions in student responses to assessments (e.g., Bradshaw & Templin, 2014; DiBello et 

al., 2015; Kuo et al, 2018; Woodruff & Hanson, 1996) in order to assist teachers and other 

educators to implement more effective curriculum constructions as well as classroom 

instructions.  

Responses reflecting misconceptions are not simply incorrect understandings (Smith et 

al., 1994). Instead, misconceptions can be seen as a facet of students’ knowledge construction 

process (e.g., Shear & Roussos, 2017; Smith et al., 1994). Treating incorrect responses as 

incorrect understandings in performance assessment hinders the accurate interpretation and use 

of the psychometric measurement results, which are based on using “correct” or “incorrect” 

classifications for student responses. 

 Our study aimed to validate the generalized diagnostic classification models (DCMs) for 

multiple-choice option-based scoring (GDCM-MC; DiBello et al., 2015). We validated the 

GDCM-MC by comparing the model statistical classifications with student responses to 
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constructed-response items from a performance assessment. We addressed the accuracy of  

GDCM-MC classifications of attributes (skills and misconceptions).  

Literature Review 

Misconceptions refer to the flawed explanations and predictions that learners develop 

when they encounter novel concepts (Andersson, 1986; Confrey, 1990; Graeber et al., 1989). 

The goal of Science, Technology, Engineering, and Math (STEM) literacy for all children can be 

achieved by investigating the conceptual basis of misconceptions (National Research Council, 

1996; Li & Li, 2008). Both skills and misconceptions can be seen as facets of students’ 

knowledge construction process (Shear & Roussos, 2017; Smith et al., 1994). Students’ pre-

existing views that are different from expert knowledge are sources of incorrect understandings 

in concepts, skills, and phenomena (Confrey, 1990; Smith et al., 1994; Smolleck & Hershberger, 

2011). In specific, misconceptions hinder the acquisition of new expertise and the 

conceptualization of more advanced knowledge (Nesher, 1987; Smith et al., 1994; Thompson & 

Logue, 2006), especially in mathematics and science education (Duit, 2007).  

Literature Review 

Misconceptions refer to the flawed explanations and predictions that learners develop 

when they encounter novel concepts (Andersson, 1986; Confrey, 1990; Graeber et al., 1989). 

The goal of Science, Technology, Engineering, and Math (STEM) literacy for all children can be 

achieved by investigating the conceptual basis of misconceptions (National Research Council, 

1996; Li & Li, 2008). Both skills and misconceptions can be seen as facets of students’ 
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knowledge construction process (Shear & Roussos, 2017; Smith et al., 1994). Students’ pre-

existing views that are different from expert knowledge are sources of incorrect understandings 

in concepts, skills, and phenomena (Confrey, 1990; Smith et al., 1994; Smolleck & Hershberger, 

2011). In specific, misconceptions hinder the acquisition of new expertise and the 

conceptualization of more advanced knowledge (Nesher, 1987; Smith et al., 1994; Thompson & 

Logue, 2006), especially in mathematics and science education (Duit, 2007).  

 Researchers have documented a variety of approaches for identifying misconceptions to 

produce diagnostic information for teachers to target classroom instruction and for students to 

increase more specific learning in the classroom setting. One approach is to use cognitive 

diagnostic assessments, which facilitate the fine-grained measurement of students’ mastery/ non-

mastery of attributes (i.e., skills and misconceptions). Diagnostic classification models (DCMs), 

which are statistical models aiming to classify students or examinees (de la Torre & Minchen, 

2014), can be employed to classify participants into groups based on their mastery level of 

attribute combinations. For example, Bradshaw and Templin (2014) developed the Scaling 

Individuals and Classifying Misconceptions (SICM) model, combining an IRT model and a 

DCM to provide statistical estimations of a student’s overall ability as well as multidimensional, 

diagnostic feedback on their misconceptions. In addition, Kuo et al. (2018) proposed a CDM for 

Simultaneously Identifying Skills and Misconceptions (SISM), where the deterministic input, 

noisy ‘‘and’’ gate (DINA) model and the bug deterministic inputs, noisy ‘‘or’’ gate (Bug-DINO; 

Kuo et al., 2016) model can be used separately to identify skills and misconceptions. 
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In this study, we validated the generalized diagnostic classification models (DCM) for 

multiple-choice option-based scoring (GDCM-MC) developed by Dibello et al. (2015). This 

family of DCMs expands the latent space and Q-matrix to include multiple facets of thinking and 

more complex coding schemes for a large family of dichotomous DCMs. Shear and Roussos 

(2017) investigated the validity of GDCM-MC in an application to a distractor-driven formative 

assessment. However, its application to tests with constructed-response (CR) items has only 

recently been considered; and the investigation of its validity has been limited to a cursory initial 

demonstration in Guo, Roussos, Stout, Henson, Wang, & Cai (2022).  

Our validity research extends Guo et al. (2012) by comparing the GDCM-MC results for 

CR items with actual student work for a large random sample, providing expert evaluation of the 

results, and investigating expert-recommended model improvements. We hope to inform future 

research and practice of the applications of GDMC-MC in detecting misconceptions in 

performance assessments. Our study may provide future researchers with confidence in using 

GDCM-MC not only in the context of distractor-driven tests, but also in CR tests.   

Purpose 

The purpose of this study is to validate the GDCM-MC (DiBello et al., 2015). We will 

explore the validity of the statistical classifications by using GDCM-MC with constructed-

response items in the context of a performance assessment. Specifically, the following research 

question will be discussed:  

To what extent do qualitative analyses of student performances align with the GDCM-

MC classifications of misconceptions?  



 44 

Methods 

Data source  

The data used in this research are provided by Cognia, which is a nonprofit organization 

that provides accreditation for primary and secondary schools, develops, administers, and scores 

large-scale K-12 summative assessments in the United States and other countries and regions. 

The instrument is a 40-item Algebra Readiness test administered in a pilot study to public school 

students in the United States. This open-response format test was administered to about 2000 

students in Maine and New Hampshire, assessing pre-algebra skills of 7th and 8th graders. Our 

data includes responses from 1958 students in 19 schools. Of the 40 items, we analyzed 12 items 

measuring whole-number arithmetic skills. This empirical dataset provided actual student 

response to CR items. Looking at and analyzing student works allowed us to evaluate GDCM-

MC model classifications and recommend ways to improve the model for future model 

applications.   

Q matrix 

Table 11.  

Q-Matrix Design 

Question Answer S1 S2 S3 M1 M2 

1 1 1 1 -1 0 -1 

1 2 0 1 -1 1 -1 

1 3 1 0 -1 -1 -1 

1 4 -1 -1 -1 -1 -1 
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2 1 1 1 -1 0 -1 

2 2 0 1 -1 1 -1 

2 3 0 0 -1 1 -1 

2 4 0 1 -1 1 -1 

2 5 0 -1 -1 -1 -1 

… … … … … … … 

11 1 1 1 -1 -1 -1 

11 2 0 1 -1 -1 -1 

11 3 0 -1 -1 -1 -1 

11 4 0 0 -1 0 -1 

11 5 0 -1 1 0 -1 

11 6 0 -1 -1 -1 -1 

12 1 1 1 1 0 -1 

12 2 -1 -1 0 -1 -1 

12 3 1 0 1 -1 -1 

12 4 0 0 1 1 -1 

12 5 0 1 1 1 -1 

12 6 -1 -1 -1 -1 -1 

 

An initial Q matrix, constructed by research psychometricians from both industry and 

academia, included three skills and two misconceptions as shown in abbreviated form in Table 

11. Specifically, the three skills are S1 (application of correct order of operations), S2 (correct 

use of signed numbers), and S3 (correct use of raising a number to the power of 2); the two 

misconceptions are M1 (performing addition and subtraction operations before multiplication 

and division) and M2 (treating the space between a number and a left parenthesis as addition 

instead of multiplication). In the current research project, the research team consists of 

psychometricians augmented by a content expert.  The team is re-evaluating the initial Q matrix 

from a content perspective, including developing alternative versions.  
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Data Analysis 

We used GDCM ERUM for data analysis, extending the reduced reparameterized unified 

model (R-RUM; DiBello, et al., 1995; DiBello, et al., 2007; Roussos et al., 2007) by using a 

form of GDCM-MC (see DiBello, et al., 2015). The R-RUM is specified as follows, 

                                                                                     (7) 

where pi (0 < pi < 1) is the probability of examinees who have mastered all the required 

attributes giving a correct response to item j, and rik (0 < rik < 1) acts as a multiplicative factor 

that poses penalty for not mastering the kth attribute (k = 1, … K). In specific, if an examinee 

does not possess attribute k, which is required for an item, their likelihood of success is reduced 

by rik, which is pij = pirik. Thus, R-RUM allows more predicted probabilities of success for 

different items included in an assessment, based on the possession of attribute profiles (aj) by 

examinees. 

 The following link function was used to model the probability of respondent j choosing 

response option h in item i based on the attribute profile aj, 

                                         (8) 
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where Fih(aj) is an extension of the R-RUM link function (Equation 7): 

                                                                       (9) 

where pih and rihk parameters are specific to each option (i.e., each possible student 

answer in CR items),  is an option’s Q matrix row. And  refers to the penalty 

parameters which are activated when an examinee’s profile vector (ajk) does not match  to 

ensure the option function values (i.e., probabilities) sum to 1:  .                                                                                       

Then the  values are rescaled by the forementioned sum additively (if ) or 

multiplicatively (if ): .  The  parameter rescaling is essential to 

the model because it creates detailed dependence among response option probabilities.                                                                                            

Before validating the GDCM-MC, we first replicated the statistical classification of Guo, 

et al. (2022). In specific, the GDCM-MC was estimated via a Markov-Chain Monte-Carlo 

algorithm written in FORTRAN (see DiBello et al., 2015; Hartz, 2001).  Two chains were used, 

each of length 20,000 with burn-in 10,000. We performed Bayesian estimation for item 

parameters and person latent attribute vectors, and we assessed convergence, model-data fit, and 

model discriminability. The convergence of model parameter estimates was shown with 

probability of possession chain plots for each attribute. Model-data fit was evaluated with item-

level fit indices for each item. And model discriminability was assessed with a discrimination 

power index for each attribute/item combination, as well as for the test as a whole.  



 48 

We selected a large random sample (N = 200) from actual student works and interpreted 

the results by comparing the accuracy of model-based classifications with the student responses. 

Specifically, we provided the evaluation of validation results for model-based classification 

accuracy for each attribute and categorized the model classification as Accurate, Inaccurate, 

Insufficient information. We also presented a few representative student attribute profile 

probability and constructed responses workbook to demonstrate the classification criteria and 

suggest possible areas of model improvements. 

Results 

Our replication of Guo et al. (2022) reflected similar statistical classifications provided 

by GDCM-MC. The initial DCM was then applied to diagnose skills and misconceptions based 

on the final answers that students provided to the constructed-response items. By comparing with 

actual student work for a random sample of 200, the accuracy of the model-based classifications 

was estimated for each attribute; and the results are shown in Table 12.  

Table 12.  

Validation Results for Model-based Classification Accuracy for Each Attribute 

Classification S1 S2 S3 M1 M2 

Accurate 0.885 0.895 0.920 0.775 0.805 

Inaccurate 0.090 0.080 0.055 0.180 0.150 

Insufficient 

information 

0.025 0.025 0.025 0.045 0.045 

Total 1.000 1.000 1.000 1.000 1.000 
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The results showed that classification accuracy was high (about 90%) for S3, S2, and S1, 

with only slightly lower accuracy (about 80%) for M2 and M1. Standard errors (i.e., differences 

between the accuracy classification statistics) for the accuracy estimates are about .02 for S1, S2, 

and S3, and about .03 for M1 and M2. Overall, the classification accuracy estimations were high, 

indicating the GDCM-MC performed well in identifying both skills and misconceptions students 

possessed. The model classified skills slightly better than misconceptions and M1 (performing 

addition and subtraction operations before multiplication and division) was the least accurately 

classified. 

Figure 4 to Figure 8 showed detailed results for five representative students. The top of 

each figure presented the inferred attribute profile probability provided by GDCM-MC for S1, 

S2, S3, M1, M2 respectively. The figures then included actual student responses to 12 selected 

items reflecting whole-number arithmetic skills and misconceptions. Seeing the existing student 

works allow us to confirm students’ problem-solving process and verify the model classifications 

based on the constructed Q matrix. 

Figure 4. 

Student A Attribute Profile Probability and Constructed Responses 

Student A attribute profile probability: 

1.00 1.00 1.00 0.00 0.00 
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The Student Responses to 12 CR Items: 

Item 1 

 

Item 2 

 

Item 3 

 

Item 4 

 

Item 5 

 

Item 6 

 

Item 7 

 

Item 8 

 

Item 9 
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Item 10 

 

 

Item 11 

 

Item 12 

 

 

Figure 5. 

Student B Attribute Profile Probability and Constructed Responses 

Student B attribute profile probability: 

0.64 0.72 0.01 0.97 0.71 

The Student Responses to 12 CR Items: 

Item 1 

 

Item2 

 

Item 3 
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Item 4 

 

Item 5 

 

Item 6 

 

Item 7 

 

Item 8 

 

Item 9 

 

Item 10 

 

 

Item 11 

 

Item 12 

 

 

Figures 4 and 5 shows the profiles of student A and B, respectively, where A was a high 

performing student and B was low performing.  Specifically, Student A answered all items 

correctly while Student B did not answer any items correctly. Their attribute profile probabilities 

indicated that Student A demonstrated possession of all three required skills as well as no 

possession of both misconceptions: [1.00 1.00 1.00 0.00 0.00]. Their actual responses confirmed 
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that A had the required three skills and lacked two misconceptions defined by the Q matrix for 

these 12 items. For instance, Item 8 was the one of the most difficult items because it required 

both application of correct order of operations skill (S1) and correct use of signed numbers skill 

(S2) as well as not possessing left to right misconception (M1) and parenthesis as addition 

instead of multiplication misconception (M2). And Student A solved this question in the correct 

way and demonstrated no evidence of having either misconception: 

                                                                               (10) 

 In comparison, student B had low possibility of possessing S1 and S3 and high 

possibility of possessing M1 and M2. Their responses to 12 mathematics questions showed 

presence of both misconceptions. For example, their response to item 1 conformed with M1, 

where Student B calculated the division before multiplication: 

                                                                                                 (11) 

Take Item 6 as another example, B treated the left parenthesis as addition (M2) and did 

not know how to raise the number to the power of 2: 

)                                                                               (12)  

Thus, in both cases, the students’ computational processes were consistent with their 

inferred statistical classifications. 

Figure 6. 

Student C Attribute Profile Probability and Constructed Responses 
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Student C attribute profile probability: 

0.58 0.58 0.57 0.58 0.58 

The Student Responses to 12 CR Items: 

Item 1 

 

Item 2 

 

Item 3 

 

Item 4 

 

Item 5 

 

Item 6 

 

Item 7 

 

Item 8 Item 9 
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Item 10 

 

Item 11 

 

Item 12 

 

 

We have also identified areas of improvement in the model in terms of both item and 

person modeling, have developed explanations of why the model performed well in some 

respects and ways to improve performance in other aspects. For example, student C (Figure 6) 

provided no information for validation due to their blank answer sheet. And their attribute profile 

probability for each attribute was inferred as [0.58 0.58 0.57 0.58 0.58]. The inferred 

probabilities of possessing any skills or misceonceptions were about the same and showed 

medium possibilities. 

Figure 7. 

Student D Attribute Profile Probability and Constructed Responses 
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Student D attribute profile probability: 

1.00 0.86 1.00 0.02 0.04 

The Student Responses to 12 CR Items: 

Item 1 

 

Item 2 

 

Item 3 

 

Item 4 

 

Item 5 

 

Item 6 

 

Item 7 

 

Item 8 

 

Item 9 
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Item 10 

 

Item 11 

 

Item 12 

 

 

In addition, student D (Figure 7) and student E (Figure 8) answered most items correctly 

but lacked skill S2 (correct use of signed numbers) or skill S1 (order of operations) when 

parentheses were present. Specifically, Student D had an attribute profile of [1.00 0.86 1.00 0.02 

0.04], indicating high probability of mastering all three skills and low probability of having both 

misconceptions. However, D did not apply the correct computation process for item 8 and item 

item 9, demonstrating a lack of correct application of signed numbers combined with 

parentheses: 

                                                                                (13) 

                                                                 (14) 
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Figure 8. 

Student E Attribute Profile Probability and Constructed Responses 

Student E attribute profile probability: 

0.96 0.26 0.98 0.00 0.16 

The Student Responses to 12 CR Items: 

Item 1 

 

Item 2 

 

Item 3 

 

Item 4 

 

Item 5 

 

Item 6 
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Item 7 

 

Item 8 

 

Item 9 

 

Item 10 

 

Item 11 

 

Item 12 

 

 

The attribute profile probabilities of Student E were [0.96 0.26 0.98 0.00 0.16], indicating 

high probability of possessing S1 and S3, and low probability of having S2, and both 

misconceptions. Their computation processes did suggest a lack of S2, S3 and M1, but did not 

support the possession of S1, neither the lack of M2. Specifically, Student E’s response to Item 6 

is as follows,  

                                                                       (15) 
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where Student E calculated 62 corrected but applied the wrong sequence of operation and 

did not calculate 3(236) correctly.  

Consequently, we have modified M2 to include more scenarios instead of only when 

students treat the space between a number and a left parenthesis as addition. We suggested to 

change M2 into “misuse of parenthesis when combined with other operations”.   

Discussion 

This research validated DCMs in their ability to diagnose participant responses to 

constructed-response items. Identifying misconceptions is essential in formative assessments 

because it may inform item analysis and can improve test construction process and classroom 

instructions. We conducted qualitative analyses to compare the extent to which student 

performances based on constructed-response items align with GDCM-MC statistical 

classifications. Our findings supported the application of such CDMs in detecting 

misconceptions with slight modifications. Compared with distractor-driven items in formative 

assessment, constructed-response items pose less test development challenges due to the pseudo-

options generated automatically by student problem solving procedures. Accordingly, it is 

important to evaluate the utility of these assessments to provide diagnostic information and 

identify potential misconceptions. 

Our study used actual student works to determine the statistical classification provided by 

GDCM-MC and found overall precise classifications based on random samples. The validated 

model can provide stakeholders with more direct evidence in evaluating the relationship between 
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examinee response processes and model classifications. This research provides insights in 

identifying and understanding the behaviors of participants through item responses to help 

analysts understand and improve the psychometric quality of measurement procedures where 

misconceptions may be present. We suggest that the validated model is a useful tool to 

accurately identify misconceptions in performance tests with CR items, informing more accurate 

and more efficient test constructions.  

 Implications 

Applying DCMs to CR data has two potential significant advantages. First, CR items are 

the preferred format for allowing students to clearly demonstrate their knowledge, skills, and 

abilities. Our research shows that DCMs have the potential to tap this valuable resource and yield 

very accurate classifications based simply on the final answers provided by students on their test. 

Second, by applying DCMs to CR data, the data itself provides some direct evidence as to the 

accuracy of the model-based classifications. 

Our study validated the GDCM-MC in its ability to identify misconceptions in 

constructed-response item answers. Formative assessments require the collaborations between 

psychometricians and content experts. The modifications of the Q matrices also call for such 

collaborations. Future research may modify the analyses and test model classification accuracy 

with different versions of Q matrices to help improve student learning and assessment practices.  

Our study is limited by the chosen random sample. Future researchers may consider 

looking at all 2,000 student works and identify more areas for model improvements. Future 
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research could benefit by validating GDCM-MC with other assessment instruments in other 

content areas in STEM. Additional simulation studies with more complicated Q matrices designs 

could also expand the scope of the current study and investigate the validity of GDCM-MC in 

more comprehensive settings. 
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CHAPTER FIVE: CONCLUSIONS 

 This dissertation research explored examinee behaviors in item response data that 

compromise psychometric quality. Understanding the construct-irrelevant impact of 

measurement procedures is important for researchers to identify and minimize such influences.  

In specific, we examined the evidence that support the validity, reliability, and fairness (AERA 

et al., 2014) of the model interpretations and assessment results in three related studies 

concerning response quality.  

In conclusion, the first research demonstrated the methods to detect and potentially 

reduce the impact of responders showing response styles in subgroups, which can inform the 

usefulness of IRT indices and mitigate biases where subgroup comparisons are warranted. Our 

findings implied that understanding response styles can inform survey or assessment designs. 

Researchers can use the information from this research to modify the length and response options 

of surveys and assessments. And PCMRS provided acceptable statistics in subgroup analysis. 

Future researchers can investigate response styles in more comprehensive settings with regard to 

other demographic variables (e.g., gender, education level, age) to understand their impact on 

response styles. In future studies, research can also explore more simulation designs or combine 

qualitative research with quantitative research to expand current research about response styles 

(e.g., Baumgartner & Steenkamp, 2001; Henninger and Meiser, 2020) to reduce their effects. 

The second research evaluated the sensitivity of IRT indicators in identifying careless 

responders with incomplete data, which can help with the detection of patterns of missingness in 
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realistic data collection settings and address the need of accurate response pattern indicators. We 

referred to recent studies using person-fit statistics to perform data cleaning (e.g., Bond & Fox, 

2011; Rupp, 2013; Conijn et al., 2019) and suggested to combine person-fit statistics in addition 

to CR indices for more comprehensive CR detections in survey data. Our findings suggested 

future researchers to include person-fit statistics in CR investigations when encountering 

incomplete dataset. Our findings can also be expanded in future by including other proportions 

of CR and other patterns of missingness. We hope survey designers and test developers to take 

advantage of our study and use our implications as part of their references in construction survey 

instruments.   

The third research focused on empirical validation of a DCM to diagnose the presence of 

both skills and misconceptions, which can present more direct evidence in the interpretation of 

model classification results. CR items are preferred by educational experts because they allow 

students to show their thought and computational procedures. Our research demonstrated that 

DCMs had the advantage of providing overall accurate classifications based on students’ final 

CR answers. Then the actual student works in turn validated the acceptable precisions of the 

model-based classifications. Future research may run the GDCM-MC with different versions of 

Q matrices developed by content experts to further verify the model classification accuracy. Our 

finding implied high quality of model classifications based on a limited sample. Future research 

should examine more student works and use more assessment instruments to recognize more 

patterns of classification categories and possible latent attribute profiles. Future researchers may 
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also consider using simulation studies to explore the application of GDCM-MC in identifying 

different combinations of attribute profiles formed Q matrices. 

We hope to provide guidance to future researchers through analyzing item response data 

in surveys throughout these three separate but related research topics. This dissertation included 

a comprehensive discussion of the results from each study that considers how they provided 

complementary information about methods for exploring psychometric quality with an emphasis 

on examinee characteristics. Directions for future research that build on the dissertation focused 

on acquiring more empirical recourses, exploring more simulation designs, and providing 

guidance for possible mixed-method studies when appropriate. 
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