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	 Computerized self-report measures have revolutionized 
the administration of psychological measures by offering 
researchers and clinicians a more efficient and convenient 
means of collecting data. However, the potential of com-
puterized testing has yet to be fully realized. Additional data 
available in computerized testing (e.g., response time), which 
are not available through traditional pen-and-paper admin-
istration, offer significant contributions to the psychometric 
utility of these tests. Response time is recognized for its ability 
to provide a broader representation of responses, going be-
yond the responses themselves (van der Linden et al., 2010). 
It has considerable potential to reveal psychometrically rel-
evant information, assess profile validity (i.e., the extent to 
which an individual’s test score represents the true level of 
the trait or ability being measured), and develop increasingly 
precise and accurate adaptive testing methods.
Emotional Distress and Response Behavior
	 There is strong evidence to suggest the impact of emo-
tion on performance on cognitive tasks in the cognitive psy-
chology literature (e.g., Castaneda et al., 2008, 2011; Eysenck 
et al., 2007; Gross, 2015; Hubbard et al., 2016). Given that 
emotion and cognition interact to impact behavior, it is 
necessary for experimental researchers to consider how this 
interaction may impact the quality of self-report data in vari-
ous contexts. For example, research indicates that individuals 
with greater levels of emotional distress have biases in their 
self-report data linked to this level of emotionality (Ashley 
& Shaughnessy, 2021; Conijn et al., 2020). Furthermore, 
researchers are often interested in measuring emotion itself. 
The Profile of Mood States (POMS; McNair et al., 1971), 

the Multiple Affect Adjective Checklist (MAACL; Zucker-
man & Lubin, 1985), the Positive and Negative Affect Scale 
(PANAS-X; Watson & Clark, 1994), and the Depression 
Anxiety and Stress Scale (DASS-42; Antony et al., 1998) are 
frequently used self-reports that measure various aspects of 
emotional states. When a participant completes such self-re-
ports, they are engaging in a cognitive task (i.e., completing 
the survey itself) that involves emotional content (i.e., the 
item content) which may interact with or influence the 
emotional or cognitive state of the participant, such as insti-
gating a heightened emotional response or engagement in 
emotional regulation strategies (Castaneda et al., 2008; Got-
lib & Joormann, 2010; Gross, 2015; Hubbard et al., 2016; 
Sun & Alkon, 2014). Despite recent research, gaps exist in 
our understanding of how emotion and cognition interact 
to impact response behavior on surveys.
	 Cognitive symptoms of emotional distress can impact 
data quality on self-report measures. Self-report surveys re-
quire a degree of effort to complete, and factors that com-
promise sustained effort may impact survey response styles. 
Several theoretical models have been applied to understand 
the relationship between emotion and cognition in response 
behavior. For example, cognitive bias literature suggests that 
mood-congruent information increases working memory in 
depressed individuals; that is, they have a bias to pay atten-
tion to information that reaffirms their depressive cognitions 
(Hubbard et al., 2016). However, drawing on cognitive be-
havioral theory, Ashley and Shaughnessy (2021) proposed 
that individuals with depression engage in avoidance be-
haviors when completing surveys, adopting strategies that 

People experiencing emotional distress struggle with cognitive and motivational decline, which has been correlat-
ed with patterns of careless responding. Although several methods have been used to detect careless responses in 
emotionally distressed respondents, the response time has not been widely explored. The current study conducted 
secondary data analyses on a sample (N = 37,819) who completed the Depression Anxiety Stress Scale (DASS-42) 
in an online survey between 2017 and 2019. First, a response-time-based approach––a normative threshold meth-
od––was used to identify careless responding and examine its association with emotional distress using the DASS-42. 
Second, four machine learning models––decision tree (DT), random forest (RF), support vector machine (SVM), 
and naive Bayes (NB)––were trained on DASS-42 item responses and response times to predict emotional distress 
severity level. A significant correlation was found between the number of careless responses and subscale scores of 
anxiety and stress. In addition, Mann-Whitney U tests showed statistically significant differences between careless and 
careful responders in depression, anxiety, and stress. Regarding the machine learning models, SVM was found to be 
the best predictive model for classifying distressed people with an accuracy, sensitivity, and specificity exceeding 90%. 
Our results suggest that, in addition to survey responses, response time can identify careless responders and predict 
distressed responders.
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reduce the impact of distressing survey content by minimiz-
ing effort, attention, and time to completion. This calls into 
question whether self-reports of emotional distress are re-
sponded to with heightened attention due to the mood-con-
gruent nature of the items, or with inattention (i.e., careless 
responding) due to concentration difficulties and avoidance 
behaviors characteristic of depression, anxiety, and stress 
symptoms. It is recognized that the cognitive impairments 
associated with depression, anxiety, and stress impact how 
these individuals respond to self-report measures, potentially 
threatening their profile validity and rendering scores inac-
curate (Ashley & Shaughnessy, 2021; Conijn et al., 2020). 
Studying the patterns of response behavior on self-report 
measures in emotionally distressed respondents may clarify 
how their cognitive symptoms are impacting their survey re-
sponses and provide an effective way to assess profile validity.
	 Careless responding tends to be higher in populations 
with mental health concerns, with rates ranging from 6.0% 
(LePagea et al., 2001) to 12.6% (Conijn et al., 2015). More-
over, findings indicate that those with more severe psycho-
pathology are more likely to show aberrant response styles 
(Conijn et al., 2015, 2018; Keeley et al., 2016; Wardenaar et 
al., 2015). Comorbid anxiety and depression appear to be as-
sociated with even greater aberrant responses because of the 
interacting effects of the two forms of psychological distress 
on working memory capacity (e.g., Beaudreau & O’Hara, 
2009). The relationship between anxiety alone and response 
bias is less clear (Ferreri et al, 2011; Salthouse, 2012), possibly 
because those with anxiety do not consistently exhibit cogni-
tive symptoms (Castaneda et al., 2008). Conijn et al. (2020) 
proposed and tested a theoretical explanation for careless 
responding in clinically depressed and anxious populations. 
They argued that cognitive symptoms of depression, spe-
cifically concentration, comprehension, and memory, limit 
cognitive abilities and make aberrant responses more likely 
(Hubbard et al., 2016). In testing their model, they found 
that cognitive symptoms mediate the relationship between 
depression or anxiety and response biases. Another study in-
dicated that higher levels of anxiety, distress, and sadness were 
associated with inattention on surveys (Ashley & Shaugh-
nessy, 2021).
	 When researchers fail to detect and report instances 
of careless responding, it impacts findings, jeopardizing the 
overall quality of knowledge production in the field. This 
threat to the psychometric properties of self-report measures 
has been reported and studied by many researchers, and its 
relevance to clinical settings has been explored (e.g., Cuijpers 
et al., 2010; Keeley et al., 2016; Tada et al., 2014). When 

self-report questionnaires are used diagnostically, clinicians 
base their clinical decision-making and diagnosis on informa-
tion that may overestimate or underestimate symptom se-
verity (Keeley et al., 2016). Given the findings from previous 
research and the psychometric utility of attending to careless 
responding, a clear understanding of careless response detec-
tion is needed.
Approaches to Understanding Response Behavior
	 There are a variety of approaches to detect careless re-
sponding (see Ward & Meade, 2023, for review). Proactive 
indices are those that place items within the survey itself to as-
sess inattention, such as “Because I am paying attention, I will 
answer this question with ‘Very little’” (Ashley & Shaugh-
nessy, 2021, p. 4). However, these single-item proactive in-
dices provide little contextual information about the pattern 
of careless responding throughout an entire survey. Reactive 
indices are those that flag inattentive responders through de-
tection of careless response styles during data cleaning and 
analysis phases, such as longstring detection (i.e., the selection 
of the same response option for several consecutive respons-
es), and participant-specific reliability (i.e., the consistency of 
a participant’s responses on items measuring the same trait; 
Ashley & Shaughnessy, 2021). Curran (2016) noted that the 
use of a single response style approach is insufficient to detect 
careless responders because they may have response style pat-
terns that are detectable with some approaches but not oth-
ers. For example, participants who use a longstring response 
style would have high participant-specific reliability and 
would not be identified by detection approaches designed 
to detect even-odd response styles where participants select 
extreme ends of a scale (Meade & Craig, 2012). To account 
for this diversity in response styles, researchers have suggested 
that the use of multiple detection approaches is necessary to 
identify careless responders (Ashley & Shaughnessy, 2021; 
Curran, 2016).
	 In their review of careless responding, Ward and Me-
ade (2023) suggest that extensive screening methods may be 
necessary when analyzing large datasets or with populations 
that are more likely to engage in careless responding, such as 
emotionally distressed individuals. For example, Ashley and 
Shaughnessy (2021) found that proactive items and short 
survey response time were associated with negative emotion-
al states (i.e., sadness, anxiety, distress) while other detection 
methods (e.g., longstring, participant-specific reliability) 
were not.
Response Time Approaches
	 Response time approaches, which operate on the as-
sumption that careless responders will have unreasonably 
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using a general response time threshold applied to all ques-
tions as has been done previously (Huang et al., 2012; Wise 
& Ma, 2012). The normative threshold approach involves 
the use of response time cut-off scores to identify individual 
items that are responded to carelessly (Wise & Ma, 2012). 
	 Response time approaches have been of limited utili-
ty in psychological research compared to other careless re-
sponding detection methods because this metric is typically 
available at a page or survey level (Ashley & Shaughnessy, 
2021; Ward & Meade, 2023). However, with item response 
time available at the item level, researchers and clinicians 
can gain precision in identifying response time patterns of 
careless responders in emotional distress. The greatest con-
tribution of item response time to the careless responding 
literature might be its potential to detect careless responders 
regardless of the responders’ specific response style (e.g., long 
string), which gives researchers detailed information on sur-
vey response patterns while blocking respondents’ attempts 
to mask their response style (Curran, 2016).
	 Computerized surveys that provide access to response 
time at the item level also create opportunities for more so-
phisticated analyses. For example, computerized adaptive 
testing uses an algorithm to select items based on previous re-
sponses to gain efficiency and precision in the measurement 
of the ability or trait with the administration of fewer items 
(Wise, 2020). Companies that produce widely used psycho-
logical measures are increasingly moving to computerized 
adaptive formats for reduced testing time and ease of admin-
istration and scoring (Forbey et al., 2012). Wise (2020) notes 
that traditional approaches to computerized adaptive testing 
in education, which use only item difficulty in adaptation 
algorithms, could be expanded to use behavioral measures 
such as response time to improve the precision and accura-
cy of measurement. Computerized adaptive testing relies on 
advanced modeling, such as machine learning approaches, 
which can be used to examine response and response time 
patterns to predict emotional distress.
Machine Learning Approaches to Predict Emotional 
Distress
	 Several researchers have used machine learning methods 
with item response data to explore patterns that inform psy-
chologists about how emotionally distressed individuals re-
spond to self-report surveys. This line of research stems from 
machine learning’s ability to capture subtle patterns not ev-
ident through traditional approaches and its effectiveness in 
handling the complex interactions and dependencies among 
variables, which are likely to be common in psychological 
assessment data collected by surveys such as the DASS. For 

rapid survey response times consistent with the motivation 
to finish the survey quickly, have received considerable review 
within the literature (Ashley & Shaughnessy, 2021; Curran, 
2016; Jones et al., 2022; Ward & Meade, 2022). Research-
ers have identified that response time has the potential as a 
detection method on computerized tests because it is more 
difficult to manipulate than other methods (e.g., longstring, 
participant-specific reliability; Curran, 2016). For example, 
careless responders who wish to appear as careful may be 
motivated to provide response patterns that mimic normal 
responses (e.g., selecting responses consistently at one end of 
the scale with enough variability to avoid pattern detection of 
longstring and even-odd styles). Due to their desire to finish 
the survey quickly, however, they will likely still have shorter 
response times than careful responders, as demonstrated by 
Schnipke and Scrams (1997).
	 Careless and careful responders exhibit distinct distri-
butions in response time, with an initial spike in response 
time distribution attributed to the former. Curran (2016) 
used simulated data to explore distributions of response time 
in careless and careful responders and highlighted consider-
ation of Type I (i.e., falsely identifying a careful responder as 
careless) and Type II errors (i.e., falsely identifying a careless 
responder as careful) in establishing cut-off scores due to the 
significant overlap between distributions. Researchers have 
used various calculations to determine cut-off scores, includ-
ing 1.5 quartiles above or below the median (Funke, 2016), 
two standard deviations above or below the mean (Heerwe-
gh, 2003), one standard deviation above or below the mean 
(Ashley & Shaughnessy, 2021), and various percentiles (e.g., 
first percentile, fifth percentile; Gummer & Roßmann, 
2015; Harms et al., 2017). Some researchers have explored 
cut-off scores on an individual item level. For example, a 
2-second-per-item cut-off score is considered a conservative 
approach, limiting Type II errors at the cost of missing some 
careless responders (Bowling et al., 2016; Huang et al., 2012).
	 Several methods have been used to determine response 
time thresholds for individual items, including a two-state 
mixture model (Schnipke & Scrams, 1997), surface-level 
characteristics of items (i.e., character count; Wise & Kong, 
2005), and visual inspection of the response time-frequency 
distribution (Wise, 2006). These three approaches tend to 
identify similar item response time thresholds (Kong et al., 
2007). Considering that items vary in the amount of text or 
how mentally taxing they are, what may be classified as rapid 
responding varies by the item. This implies that greater accu-
racy of careless response detection may be gained by identify-
ing a normative threshold specific to each item, rather than 
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example, Budiyanto et al. (2019) used text mining from so-
cial media posts to measure depression and anxiety using a 
closed-loop machine learning approach, with an NB algo-
rithm as a training process and the DASS-21 parameters as a 
learning process. From this approach, Budiyanto et al. (2019) 
demonstrated the usefulness of machine learning methods 
to collect novel information about emotional distress. Oth-
er studies have found that various machine learning models 
are useful in predicting depression, anxiety, and stress from 
the DASS-42 and DASS-21, with some machine learning 
models showing greater accuracy and efficiency than others 
(Kumar et al., 2020; Priya et al., 2020; Srinath et al., 2022).
	 Kumar et al. (2020) predicted five severity levels of emo-
tional distress by investigating eight machine learning algo-
rithms trained on DASS-42 item responses, and then the 
same methods were applied to a second DASS-21 dataset. 
The results showed that these models could be used to pre-
dict emotional distress, with accuracy rates between 96.02% 
and 97.48% for the subscales (Kumar et al., 2020). Priya et al. 
(2020) applied five machine learning models trained on item 
response data, including DT, RF, NB, SVM, and K-near-
est neighbor, to predict depression, anxiety, and stress levels 
from a sample of DASS-21 data. They found that the RF 
classifier demonstrated the best performance, with accuracy 
rates between 71.4% and 79.8% for DASS subscales. Srinath 
et al. (2022) compared SVM and logistic regression using 
parameter tuning to predict depression, anxiety, and stress 
from DASS-42 item response data. They found that logistic 
regression had the highest performance, with an accuracy of 
98.15% for depression, 98.05% for anxiety, and 98.45% for 
stress. In recent years, researchers have begun to explore the 
utility of machine learning models using response time on 
behavioral tasks (i.e., perceptual matching task) and using 
neuroimaging and physiological data (i.e., Magnetic Reso-
nance Imaging; Liu et al., 2022).  These studies suggest that 
machine learning has predictive potential within clinical and 
counseling psychology. Moreover, Priya et al. (2020) noted 
that the sensitivity and specificity afforded by machine learn-
ing models make these approaches particularly helpful with-
in healthcare contexts.
Current Research
	 Considering how often self-report is used to measure, 
research, and reduce impairment from negative emotional 
states such as depression, anxiety, and stress, further explora-
tion of careless response identification is needed to enhance 
data quality and continue to elucidate the impact of emotion 
on cognitive tasks. While response time has been used as a 
measure of response behavior (e.g., Kong et al., 2007), more 

study of careless response detection within emotionally dis-
tressed populations is needed to determine effective ways to 
identify and deal with potentially invalid data. In addition, 
the use of machine learning approaches can facilitate the 
identification of complex patterns and relationships that 
may not be apparent through traditional statistical methods. 
There is a recent body of literature on the use of machine 
learning approaches to predict emotional distress using item 
response data (e.g., Srinath et al., 2022). However, this study 
proposes incorporating response time in addition to item re-
sponses, as response time can provide insights beyond the re-
sponses themselves (van der Linden et al., 2010). The present 
exploratory study aims to address these gaps in the literature 
by examining the relationship between careless responding 
and emotional distress, as well as exploring the potential 
utility of incorporating response time in machine learning 
models for predicting emotional distress. In this paper, the 
following research questions were investigated:

1.	 Is there an association between careless responding 
and emotional distress (i.e., depression, anxiety, and 
stress)?

2.	 Can machine learning models identify emotionally 
distressed people using item responses and response 
time?

Methods
	 The DASS-42 is a well-established measure of emotion-
al distress with 42 items such as, “I felt that life was meaning-
less” in the depression subscale, “I was aware of dryness in my 
mouth” in the anxiety subscale, and “I found that I was very 
irritable” in the stress subscale on a scale of 0 (Did not apply 
to me at all) to 3 (Applied to me very much or most of the 
time; Lovibond & Lovibond, 1995). The subscales assess de-
pression (α = .97), anxiety (α = .92), and stress (α = .95) as sep-
arate constructs with 14 items each, and each demonstrates 
high internal consistency (Antony et al., 1998).
	 To address the research questions in this study, the data-
set was pulled from the Open Source Psychometrics Project 
(2019), which offers public datasets. The survey was open 
for anyone to complete, meaning the sample may include a 
mixture of clinical and non-clinical populations. Participants 
received only their personalized results in return for their par-
ticipation. The dataset was pre-cleaned upon download––
negative response times were recoded to missing values, and 
milliseconds were transformed into seconds. Data analysis 
was conducted using jamovi and R programming languages. 
The sample consisted of 37,819 participants who completed 
the online survey on a scale of 1 to 4 between 2017 and 2019, 
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aged 13 to 79 years (M = 23.39, SD = 8.57). Sociodemo-
graphic characteristics of the sample are displayed in Table 1.
Question 1: Association between Careless Responding 
and Emotional Distress
	 Figure 1 encapsulates the methodology employed to 
address our primary research question. To answer our first 
research question, we identified careless responses by calcu-
lating a normative threshold based on Wise and Ma’s (2012) 
response time approach. Second, we classified participants as 
careless or careful upon considering the total number of care-
less responses they exhibited. Third, we examined the asso-
ciation between the number of careless responses and emo-
tional distress scores. Finally, we conducted Mann-Whitney 
U tests to compare emotional distress scores between careless 
and careful responders.
	 The normative threshold for an item is calculated as 
“a percentage of the elapsed time between when the item 
is displayed and the mean of the response time distribution 
for the item, up to a maximum threshold value of ten sec-
onds” (Wise & Ma, 2012, p. 9). For example, if an item takes 
a mean of 60 seconds for participants to complete, the 10% 
normative threshold (i.e., NT10) would be six seconds. Vari-
ous normative thresholds can be compared to determine the 
cut-off that yields the greatest accuracy for identifying care-
less responders (Wise & Ma, 2012). We chose to use the 20% 
normative threshold (NT20) based on literature showing 
that this cut-off is appropriate for low-stakes environments 
(Rios & Soland, 2021) and due to the positively skewed dis-
tribution of DASS-42 scores in the dataset. To calculate the 
NT20, the mean response time was calculated for each item, 
and 20% of the average response time served as the NT20 
cut-off score. We recoded careless responses (i.e., responses 
below the NT20 cut-off) as missing values. The reason be-
hind this is that previous studies have pointed out how the 
presence of careless responses in the dataset can introduce 
bias into estimates of item and person parameters (e.g., Guo 
et al., 2016).
	 Various cut scores have been used to classify careful and 
careless responders (i.e., demonstrating a substantial num-
ber of careless responses throughout the survey; e.g., Wise 
& Kong, 2005). The purpose of the tool and the sample 
under study are crucial factors in determining appropriate 
cut scores. For example, a cut score of 20% was used in a low-
stakes assessment (e.g., Wise & Kong, 2005). When a survey 
is used diagnostically for clinical purposes, prudent clinicians 
must be confident that the data are not impacted by careless 
responding, while putting more weight on other data sources 
(i.e., interviews) if the survey data have questionable validity 

(American Psychological Association, 2020). Stated another 
way, increasing false positives (classifying careful responders 
as careless) may be necessary for evaluating the validity of 
clinically relevant data. Given that the survey in the current 
study measures clinically relevant variables, a cut score of 10% 
was chosen. By setting the threshold at this level, we aimed to 
be inclusive enough to detect individuals who may exhibit 
a notable pattern of inattentive responses across the survey 
items. At the same time, the 10% threshold is chosen to avoid 
categorizing individuals as careless responders when they 
may, in fact, be providing thoughtful and considered answers 
to the survey questions. Participants who showed between 
0 and 4 careless responses within the DASS-42 items were 
classified as careful responders (n = 37,025), and participants 
who showed between 5 and 20 careless responses were clas-
sified as careless responders (n = 551). Participants with 20 
or more careless responses were considered extremely careless 
responders (n = 243) and were excluded from analyses be-
cause their survey scores would have been significantly biased 
by the severity of their careless responding. This is consistent 
with previous literature that uses a 50% careless response rate 
as a cut-off for removal from the dataset (Arias et al., 2020; 
Curran, 2016).
	 Given that data from carelessly responded items is inval-
id and introduces bias (e.g., Guo et al., 2016), it is necessary to 
recode these responses as missing values and compute scores 
accordingly. Therefore, after identifying careless responses, 
DASS-42 subscale scores were adjusted to represent only 
carefully responded items by recoding these responses as 
missing values and calculating the adjusted total scores. The 
adjusted subscale score is the sum of the scores for careful-
ly responded items divided by the maximum possible total 
score for those items. We presented the adjusted scores as 
percentages to facilitate the interpretation of the results. For 
example, if a participant had careless responses on three items 
on the depression subscale (14 items), their depression sub-
scale score would be the sum of their scores on the remaining 
carefully responded 11 items, with a score range of 11 (11 × 
1 point) to 44 (11 × 4 points). If the participant scored 39 on 
these 11 carefully responded depression items, their adjusted 
subscale score in percentage would be calculated as follows: 
39/44 =0.87×100=87. 
	 A Spearman correlation analysis was used to determine 
whether an association exists between the number of careless 
responses and emotional distress scores. Next, Mann-Whit-
ney U tests were used to compare DASS-42 subscale scores 
between participants classified as careless and careful.
Question 2: Predicting Emotional Distress with Ma-
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chine Learning
	 Figure 2 encapsulates the methodology employed to 
address our second research question. To answer our sec-
ond research question, we used DASS-42 data consisting of 
item responses and response times of 37,819 respondents. 
Responders were classified into five severity levels on an or-
dinal scale for depression, anxiety, and stress based on their 
scores using the guide for severity levels of emotional distress 
in DASS-42 (see Table 2). Total scores were calculated on a 0 
to 3 scale by subtracting one from each response, as the ini-
tial dataset included responses ranging from 1 to 4. For each 
emotional distress, we used 80% of the dataset for training 
and 20% for testing. Validation was conducted within the 
training process through 10-fold cross-validation (i.e., the 
number of groups that the dataset is randomly split into) and 
a random search for hyperparameter optimization.
	 We trained four machine learning algorithms–DT, RF, 
SVM, and NB (James et al., 2017)–to predict the severity lev-
els of responders for each emotional distress. DTs split data 
into progressively smaller subsets based on selected features 
to form a simple, interpretable tree structure. RFs enhance 
this approach by combining multiple DTs built from ran-
dom subsets of data and features to improve accuracy and 
reduce overfitting. NB applies Bayes’ theorem under the as-
sumption that all features are independent to generate prob-
ability-based classifications. SVMs identify the optimal hy-
perplane with the maximum margin to separate data points 
for predictive performance. After the training, we evaluated 
the performance of the trained models using the test sets and 
reported standard classification metrics (i.e., sensitivity, speci-
ficity, and accuracy).

Results
Careless Responding and Emotional Distress
	 There were statistically significant correlations between 
the number of careless responses and subscales of anxiety 
(rs(37,574) = .03, p < .001) and stress (rs(37,574) = .02, p = 
.001), but not the subscale of depression (rs(37,574) = -.001, 
p = .836).
	 In terms of the subscale of depression, careless respond-
ers (Mdn = 67.3) had higher scores than careful responders 
(Mdn = 62.5), and the difference between careless and care-
ful responders was statistically significant (U = 9.58e+6, p = 
.01, r = .06; see Figure 3). Similarly, a statistically significant 
difference was found between groups on the anxiety subscale 
(U = 9.00e+6, p < .001, r = 0.12) with careless responders 
(Mdn = 57.1) scoring higher on anxiety than careful re-
sponders (Mdn = 51.8). Finally, higher stress subscale scores 

were found among careless responders (Mdn = 65.9) than 
careful responders (Mdn = 62.5) with a statistically signifi-
cant difference (U = 9.62e+6, p = .02, r = .06). In summary, 
careless responders had higher scores of depression, anxiety, 
and stress than careful responders.
Predicting Emotional Distress
	 Table 3 shows single classification metrics of the four 
machine learning models for five different severity levels 
of each emotional distress. Even though machine learning 
models showed roughly similar performance, DT, RF, and 
NB yielded inconsistent sensitivity values for mild, mod-
erate, and severe levels. In terms of the depression subscale, 
classification metrics for almost every level exceeded the ac-
ceptable threshold of 70% or the optimal threshold of 80% 
with several exceptions of sensitivity values being less than 
the acceptable threshold. Overall, the SVM outperformed 
the other models with classification metrics exceeding the 
optimal threshold for each level. Regarding the anxiety sub-
scale (see Table 3), with the exception of SVM, the other 
models showed mixed and extremely low sensitivity values 
for the levels of mild, moderate, and severe, while others ex-
ceeded the optimal threshold of 80%. Similar to depression, 
SVM surpassed the other models with classification metrics 
above the optimal threshold for each level. For the stress sub-
scale (see Table 3), DT, RF, and NB showed mixed and low 
sensitivity values for the levels of mild, moderate, and severe. 
Other measures went over the optimal threshold of 80% and, 
in particular, SVMs dominated the other models in terms of 
sensitivity and specificity, which were either 100% or very 
close.
	 We also macro-averaged the single metrics by calculating 
the averages of sensitivity and specificity values over severity 
levels (see Figure 4). Based on the macro-averaging, four ma-
chine learning models for three types of emotional distress 
showed similar results in terms of specificity values being larg-
er than 90%, exceeding the optimal threshold, whereas they 
showed mixed results for sensitivity. Only SVM exceeded the 
optimal threshold, with sensitivity values being larger than 
90% across all three types of emotional distress. These results 
reveal that true negatives can be predicted with optimal sen-
sitivity and specificity by all four classification models. How-
ever, both true positives and true negatives can be predicted 
with optimal sensitivity and specificity by only SVM. In ad-
dition, among all four machine learning methods, SVM had 
the highest accuracy of classification compared to the other 
methods across all three emotional distress, followed by RF, 
DT, and NB (see Figure 5).
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Discussion
	 The current exploratory study contributes to the lit-
erature by investigating the relationship between careless 
responding and self-reported depression, anxiety, and stress 
using response behavior information (i.e., response time). 
Additionally, the inclusion of item response time in machine 
learning models was explored for predicting depression, anx-
iety, and stress severity levels. These findings are germane to 
researchers who use computerized self-report measures, as re-
sponse time can aid in the identification of careless respond-
ers who bias datasets and invalidate individual testing pro-
files. Furthermore, machine learning models can efficiently 
predict the severity level of emotional distress by taking not 
only item responses but also response time patterns into ac-
count.
	 Response time measures at the page and survey levels 
have been shown to have limited utility compared to other 
measures of careless responding (Ashley & Shaughnessy, 
2021; Ward & Meade, 2022); however, in line with previ-
ous research, the current study illustrated the usefulness of 
behavioral response data at the individual item level. Since 
careless responders are assumed to have rapid response times, 
which is consistent with their motivations to finish the 
survey quickly, the item response time is expected to catch 
careless responders regardless of their response style (Curran, 
2016). This careless response detection method has poten-
tial utility for any self-report dataset with item-level response 
time.
	 In addition to the detection of careless responders for 
data quality purposes, the findings of the current study indi-
cate that item response behavior provides clinically relevant 
information: emotional distress is correlated with a behavior-
al measure at an item-specific level. Researchers have drawn 
theoretical links between negative emotional states (i.e., de-
pression, anxiety, and stress) and careless responding behav-
ior (Ashley & Shaughnessy, 2021; Conjin et al., 2020). The 
cognitive and emotional characteristics of emotional distress 
are theorized as the mechanism explaining high rates of care-
less responding in emotionally distressed individuals (Ashley 
& Shaughnessy, 2021; Conjin et al., 2020). However, addi-
tional research is needed to clarify the links between careless 
responding and depression, anxiety, and stress. For example, 
some theories suggest that depressed individuals have height-
ened attention towards mood-congruent stimuli (e.g., survey 
items), while others suggest that avoidance of mood-congru-
ent stimuli is typical in depressed individuals (Hubbard et 
al., 2016). The association between item response time and 
emotional distress found in the current study suggests that 

item response time can be a novel and precise approach to 
testing theories of emotional distress by unpacking the pat-
terns of careless responding associated with specific emotion-
al states (Castaneda et al., 2008, 2011; Snyder et al., 2015a, 
2015b).
	 Finally, the current study found that machine learning 
trained on DASS-42 item response and response time can be 
another approach to predicting the severity of emotional dis-
tress, which corroborates previous research (e.g., Kumar et 
al., 2020; Priya et al., 2020; Srinath et al., 2022). While achiev-
ing 100% accuracy may not be feasible or necessary, the goal 
of using machine learning in this paper was not necessarily 
to outperform simple arithmetic summation, but rather to 
show the potential of a data-driven approach to analyze and 
predict emotional distress by considering both item response 
and response time. However, using machine learning based 
on item responses and response times can offer several advan-
tages over the simple arithmetic summation of response data. 
First, it can allow for capturing subtle patterns that may not 
be evident through simple arithmetic summation. Second, 
machine learning techniques can handle complex interac-
tions and dependencies among variables, which are very 
likely to be present in psychological assessment data such as 
DASS. Furthermore, these models have the potential to gen-
eralize to new datasets and populations, provided that they 
are trained on diverse and representative samples. This could 
enhance the applicability of the predictive models across dif-
ferent settings and populations, ultimately improving their 
utility in research contexts or other applied settings (e.g., 
healthcare).
Implications and Recommendations
	 Psychological measurement is in a period of advance-
ment, with computerized testing affording researchers new 
ways to collect and interpret data. Item response time can be 
used to identify careless responding, and it has the potential 
to untangle the psychological mechanisms behind careless-
ness, particularly in those experiencing emotional distress. 
The relationship between careless responding and emotional 
distress, as well as the prediction of emotional states consider-
ing both item response and response time, can have import-
ant implications for cognitive psychology researchers. Thus, 
the current study has several research, psychometric, and ap-
plied implications and future directions for consideration.
	 First, researchers who use online self-report surveys 
can use the normative threshold method to flag careless re-
sponders, which allows the researchers to identify if these 
responders and their responses are influencing the data and 
obscuring important findings. This may be of particular 
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importance among research pools in which the participants 
are receiving incentives to complete a survey. In such cases, 
participants may be motivated to finish the survey as quickly 
as possible to earn the incentive, leading to careless responses. 
This can result in low-quality data and invalid conclusions 
drawn from the survey results. If researchers are specifically 
using measures of emotional distress, such as the DASS-42, 
response time may help to identify those who have higher 
scores due to careless responding versus those who are genu-
inely emotionally distressed. 
	 Second, the use of response time methods has clinical 
utility in assessing the profile validity of individuals who 
may be carelessly responding due to their emotional dis-
tress. Many commonly used psychological tests, including 
the DASS-42, do not include profile validity measures. One 
reason for this is that additional profile validity scales, such 
as positive impression management or defensiveness, add 
items to measures that are otherwise constructed to be as 
short and efficient as possible. Using response time to assess 
profile validity adds no additional items to these measures. 
Similar to profile validity measures, response time may also 
provide clinically relevant information to improve our un-
derstanding of the cognitive impairments that accompany 
emotional states. For example, item response time may help 
ascertain whether an emotionally distressed respondent 
tends to respond carelessly to avoid mood-congruent infor-
mation and when they are biased to attend more carefully 
to mood-congruent information (Ashley & Shaughnessy, 
2021; Hubbard et al., 2016). This is valuable information for 
treatment planning because useful interventions may vary 
based on whether a client over-attends to negative informa-
tion (i.e., ruminates) or employs avoidance behavior. Thus, 
in terms of the first research question addressed in this study, 
understanding the relationship between careless responding 
and emotional distress can provide insight into the cognitive 
processes underlying emotional states.
	 Regarding the second research question, machine learn-
ing models can be utilized to analyze hidden patterns in both 
item response and response time for predicting self-reported 
measures of emotional states. Considering the current re-
search that has demonstrated an association between emo-
tional distress and response time, it is essential to incorporate 
response time into the assessment of emotional distress sever-
ity rather than relying solely on the arithmetic summation of 
responses. By doing so, we can achieve a better understand-
ing of emotional distress. 
	 Machine learning models that incorporate behavioral 
data, such as item response time, also have practical appli-

cations for adaptive testing. Wise (2020) suggested that the 
inclusion of item response data in adaptive testing allows test 
developers to provide a measure of attention to be considered 
in profile validity. With real-time monitoring of attention 
using item response data, developers can intervene to re-en-
gage a respondent who is exhibiting careless responding. For 
example, if a respondent has several consecutive careless re-
sponses, a prompt may appear to remind them to carefully 
attend to each item. In educational contexts, response time 
has been included in adaptive testing models, but behavioral 
measures have not been widely used in computerized adap-
tive testing of personality and psychopathology.
Limitations and Future Research
	 There are several limitations in the current study. First, 
the use of large datasets is at higher risk of finding spurious 
correlations between variables. The current findings are 
situated within the theoretical and research literature sup-
porting the assertion that cognitive symptoms of emotional 
distress impact response behavior, and thus provide greater 
confidence in the validity of the findings. Second, due to the 
nature of survey data, the direction of causation between 
careless responding and emotional distress cannot be con-
firmed. Other factors that were not studied in the current 
research (e.g., education, age, and formal diagnoses) may be 
confounding the relationship between emotional distress 
and careless responding. Similarly, the normative response 
method used to identify careless responses may be impact-
ed by confounding variables, such as technical issues expe-
rienced by respondents, item wording, and item valence. 
Additional research is needed to understand how patterns 
of slow response time may be related to emotional distress 
due to low processing speed and poor concentration, and to 
differentiate these responses from slow, careful responders. 
The literature would benefit from a direct comparison of the 
normative threshold method with other detection methods 
(e.g., longstring).
	 There are also several limitations related to the second 
research question. First, there was a positive skew in our 
dataset with an overrepresentation of emotionally distressed 
responders. Kumar et al. (2020) noted the problem of deter-
mining the best predictive model when data is imbalanced 
between classification categories. Given the potential increase 
in computation time and considering the primary focus of 
our paper, we opted not to perform class balancing tech-
niques. Future research can study different sampling meth-
ods, such as undersampling, oversampling, and ROSE tech-
niques, to address the class imbalance. Second, the algorithm 
used in the machine learning model and its parameters may 
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have impacted model performance. The current study used 
DT, RF, NB, and SVM algorithms, but future research can 
study other algorithms not included here. Third, machine 
learning models may make biased predictions for groups 
belonging to different demographic categories, such as race, 
gender, and age. Future research must consider these demo-
graphic variables to understand the generalizability of the 
model to different populations. Finally, to mitigate concerns 
of circularity, we split the data into separate training and vali-
dation sets, ensuring that predictive analyses were conducted 
on an independent dataset. Future research could further 
strengthen the validation of response-time-based indicators 
by examining their predictive utility using additional inde-
pendent outcome measures.
	 The current study stimulates several future research di-
rections. First, future research may specify which emotional 
states (e.g., depression, anxiety, excitement, and boredom) 
and demographics (e.g., age and gender) are associated with 
higher levels of carelessness for enhanced psychometric accu-
racy. This approach especially benefits individuals who score 
low on the DASS-42 due to poor insight into or masking of 
their emotional state but whose cognitive impairment is in-
dicated by a behavioral measure, such as response time. Sec-
ond, the identification of patterns in the data that are indic-
ative of certain levels of emotional distress, which could help 
to improve the diagnostic accuracy of the DASS-42 scale, 
should be explored. For example, researchers can investigate 
whether a client’s carelessness increases, ebbs and flows, or 
has a consistent rate throughout the survey. Thirdly, the nor-
mative response time approach may be applied within cogni-
tive psychology and emotion regulation research to explore 
how different emotion regulation strategies impact cognitive 
processes and to compare response time cut scores amongst 
different populations. Finally, more research is needed to ex-
plore how machine learning models that include response 
time can be incorporated effectively into clinical and psycho-
logical assessments, such as adaptive testing and wellness-ori-
ented smartphone applications.

Conclusion
	 Careless responding is a significant source of bias in on-
line self-report surveys–a common data collection method 
in the field of psychology. The normative threshold method 
is an important approach for researchers to identify careless 
responders, and it circumvents the limitations of other ap-
proaches for detecting response bias. The normative thresh-
old method also offers a novel behavioral measure for study-
ing the impact of emotional distress on cognition. While all 

researchers using self-report measures hold responsibility 
and accountability for collecting valid and reliable data, those 
conducting research on emotional distress face additional va-
lidity threats because of the relationship between emotional 
distress and careless responding. The current study provides 
preliminary evidence that incorporating normative response 
thresholds into routine data cleaning practices and machine 
learning models may enhance the accuracy with which psy-
chological researchers can describe and predict emotional 
distress.
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Figure 1

Methodological Framework for Addressing Research Question 1
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Figure 2

Methodological Framework for Addressing Research Question 2
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Figure 3 

Comparison of DASS-42 Subscale Scores between Careful and Careless Responders
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Figure 4

Macro-averaged Classification Metrics for Emotional Distress

Note. DT: decision tree; RF: random forest; NB: naive Bayes; SVM: support vector machine.
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Figure 5

Accuracy of Classification for Machine Learning Models

Note. DT: decision tree; RF: random forest; NB: naive Bayes; SVM: support vector machine
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Table 1

Sociodemographic Summary
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Table 2

Guide for Severity Levels of Emotional Distress in DASS-42
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Table 3

Single Classification Metrics for Emotional Distress by Each Level
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Table 3 (continued)
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Table 3 (continued)

Note. DT: decision tree; RF: random forest; NB: naive Bayes; SVM: support vector machine. Bold indi-
cates the highest, with 70% acceptable and 80% optimal thresholds in each subscale.


