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Abstract

Questionnaire surveys are a widely used data collection method in psychological
and educational research, and careless responding by participants may compro-
mise the validity of questionnaire data. A review of existing research reveals
that: (a) careless responding can be defined from two perspectives: external
response patterns and internal generating causes; (b) common proactive con-
trol methods for careless responding primarily include two categories: reducing
task difficulty and enhancing participant motivation; (c¢) post-hoc identification
methods mainly consist of three categories: embedding identification scales, re-
sponse pattern identification, and response time identification. Future research
should optimize and develop control methods based on studies of response mech-
anisms, examine the cross-situational applicability of identification methods and
develop novel approaches, and conduct more in-depth investigations into the
identification and handling of partial carelessness.

Full Text

Preventing and Detecting Insufficient Effort Re-
sponding in Surveys
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Abstract: Survey research represents a widely employed data collection
method in psychological and educational studies. However, insufficient effort
responding (IER) by participants can substantially compromise data quality.
A comprehensive review of existing literature reveals three key findings: (a)
IER can be conceptualized from two complementary perspectives—external
response patterns and internal causal mechanisms; (b) Preemptive control
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strategies primarily fall into two categories: reducing task difficulty and
enhancing respondent motivation; (c¢) Post-hoc detection methods encompass
three major approaches: embedded validity scales, response pattern analysis,
and response time analysis. Future research should focus on optimizing pre-
vention methods through deeper investigation of IER mechanisms, evaluating
the cross-situational applicability of detection techniques while developing
novel approaches, and conducting more thorough examinations of partial IER
identification and treatment.

Keywords: insufficient effort responding (IER); data screening; invalid re-
sponse; survey and questionnaire design & construction
Classification Code: B841

In scientific research, when investigators operationalize their constructs into a
series of interconnected, measurable indicators and compile them into question
inventories (Liu & Chen, 1991) designed to assess human behaviors or attitudes,
a survey instrument is created (Che, 2001). Survey methodology constitutes a
prevalent data collection approach in social sciences, yet data obtained through
this method frequently contain substantial measurement error. Consequently,
prior to modeling, inference, and decision-making, researchers must screen these
data to identify and correct invalid responses (Huang et al., 2012).

Among these errors, insufficient effort responding represents a pervasive yet
often overlooked factor due to its challenging nature. Empirical evidence in-
dicates that IER prevalence ranges from 1% (Gough & Bradley, 1996) to 30%
(Burns et al., 2014) across most survey contexts. IER contaminates data quality
and substantially reduces data authenticity; if left unaddressed, it may obscure
meaningful findings and generate spurious results (Curran, 2016; Maniaci &
Rogge, 2014). Its detrimental effects primarily include:

First, IER compromises the reliability and validity of measurement instruments
(DeSimone et al., 2018; Kam & Meyer, 2015; Zijlstra et al., 2011). For instance,
reverse-coded items in unidimensional scales are more likely to emerge as sepa-
rate factors from positively-worded items (Woods, 2006). Second, IER produces
random data or outliers that subsequently bias inference and decision-making
(Barge & Gehlbach, 2012; Huang et al., 2015; Zijlstra et al., 2011), such as
affecting percentile rank scoring (Zijlstra et al., 2011) and inflating or deflat-
ing correlations between variables (Credé, 2010; Holtzman & Donnellan, 2017;
Huang et al., 2015; Schneider et al., 2018).

The proliferation of electronic surveys (Evans & Mathur, 2005; Lloyd & Devine,
2010) has exacerbated IER risks due to factors including enhanced submission
convenience (Johnson, 2005), response anonymity (Meade & Craig, 2012), un-
controlled testing environments (Barge & Gehlbach, 2012; Carrier et al., 2009;
Meade & Craig, 2012), and reduced experimenter-participant interaction (Fran-
cavilla et al., 2019; Johnson, 2005; Ward & Meade, 2018; Zhang & Conrad,
2018) (Ward & Pond, 2015). In light of these challenges, this paper systemati-
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cally synthesizes relevant research to heighten awareness among researchers and
practitioners regarding IER and to provide guidance for selecting appropriate
prevention and detection methods. We first clarify the conceptual boundaries
of IER by reviewing related terminology in international literature, then sum-
marize prevention and detection techniques, and conclude with future research
directions.

Concepts of Insufficient Effort Responding

The concept of “insufficient effort responding” lacks a unified terminology in
English-language literature, with subtle variations across studies. These terms
primarily emphasize two distinct orientations: external response patterns and
internal causal mechanisms.

1.1 External Response Patterns

One conceptualization of IER focuses on observable outcomes, namely response
patterns, particularly the distribution of options in Likert-type scales. The
widely adopted term “random responding” describes participants who select
answers arbitrarily throughout a questionnaire (Beach, 1989; Berry et al., 1992;
Marjanovic et al., 2015). However, researchers have noted that IER may also
manifest in non-random patterns (Meade & Craig, 2012), such as straight-lining
or nondifferentiation (Curran, 2016; Fang et al., 2016; Huang et al., 2012; Meade
& Craig, 2012), or selecting answers according to meaningless regularities (Dunn
et al., 2018). Furthermore, Grau et al. (2019) found that IER overlaps to some
extent with specific response styles. Illustrative examples of various response
patterns are presented in Figure 1 [Figure 1: see original paper].

Figure 1. Examples of Various Response Patterns

These studies provide intuitive descriptions of the explicit response patterns as-
sociated with IER while acknowledging that such patterns stem from participant
inattentiveness or lack of effort. This “lack of effort” precisely distinguishes IER,
from social desirability responding—although the latter may also exhibit specific
response styles (He & Van De Vijver, 2013, 2015a, 2015b, 2016), it does not re-
duce cognitive load during responding but rather “requires additional cognitive
effort” (Grau et al., 2019; Maniaci & Rogge, 2014; McGrath et al., 2010; Meade
& Craig, 2012). Nevertheless, because IER patterns are complex and diverse,
enumeration is impractical, and conceptualizing IER solely through pattern de-
scription risks narrowing its scope.

1.2 Internal Causal Mechanisms

To avoid such conceptual narrowing, some researchers emphasize the underly-
ing causes of IER. Krosnick (1991) proposed that respondent effort exists on a
continuum from ideal maximum (optimization) to complete lack of effort, with
task difficulty, respondent ability, and respondent motivation jointly determin-
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ing one’ s position on this continuum. Zhang (2013) further refined this theory
by distinguishing three anchor points: ideal maximum (a), attainable maximum
(b), and actual value (c). Task difficulty and respondent ability determine the
position of the attainable maximum (b), while respondent motivation deter-
mines the actual value (c) (see Figure 2 [Figure 2: see original paper]). IER
thus represents behaviors where low motivation leads participants to disregard
questionnaire instructions, inadequately comprehend item content, or fail to
provide accurate responses (Bowling et al., 2016; Huang et al., 2012; Meade &
Craig, 2012). Related concepts include insufficient effort responding (Huang et
al., 2012), careless responding (Grau et al., 2019; Johnson, 2005; Meade & Craig,
2012), disengaged responding (Soland et al., 2019), shirking behavior (Fang et
al., 2016), inattention (Johnson, 2005; Maniaci & Rogge, 2014; Meade & Craig,
2012), and satisficing behaviors (Anduiza & Galais, 2017; Barge & Gehlbach,
2012; Zhang & Conrad, 2018).

Figure 2. Theoretical Framework of Krosnick (1991) and Zhang
(2013) (Source: Zhang, 2013)

These two categories of terminology describe and define IER from complemen-
tary perspectives that are not mutually exclusive. Together, they enrich the
conceptualization of IER. Building on these terms, researchers have proposed
that IER can be defined as response patterns exhibited by individuals who, due
to insufficient motivation, fail to comply with item requirements or respond
without carefully reading item content, with explicit manifestations including
random responding, straight-lining, and similar behaviors (Huang et al., 2012).

Preemptive Control of Insufficient Effort Responding

Preemptive control refers to methods implemented during questionnaire design
or administration that prevent or reduce IER. These strategies primarily fall
into two categories: first, reducing task difficulty to increase the attainable
maximum of respondent effort, typically through adjusting questionnaire word-
ing and length; second, enhancing respondent motivation to elevate the actual
level of effort, commonly through external incentives, commitment requests, and
feedback mechanisms that increase social interaction.

1.3 Reducing Task Difficulty

According to Zhang' s (2013) theoretical framework, task difficulty influences
the attainable maximum of respondent effort. In survey contexts, reducing task
difficulty manifests in two ways: providing clear, appropriate, and comprehen-
sible instructions and item wording to minimize cognitive processing demands
(Garcia, 2011; Rousseau & Ennis, 2013), and shortening questionnaires to re-
duce respondent fatigue. Overly lengthy surveys may lead to depleted cognitive
resources, inability to sustain attention (Wei & Zhang, 2019), or feelings of bore-
dom and tedium that trigger IER (Baer et al., 1997; Berry et al., 1992). Em-
pirical evidence demonstrates that longer questionnaires negatively impact data
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quality (Nguyen, 2017). Consequently, researchers recommend using single-item
measures for well-defined, unidimensional constructs that are not central to the
research, particularly in large-sample or time-constrained studies, to enhance
data collection efficiency (Wei & Zhang, 2019).

1.4 Enhancing Respondent Motivation

Preemptive IER control more frequently targets respondent motivation to in-
crease actual effort levels. When participants feel unwilling or unaccountable
for their responses, their actual diligence falls far below their maximum potential
(Ward & Meade, 2018). Strategies to enhance motivation include:

1)

External incentives and warnings. Since most surveys are low-stakes
or uninteresting to participants (Wei & Zhang, 2019), they cannot in-
herently maintain high motivation, necessitating external rewards or cau-
tions. Monetary compensation represents a common recruitment incentive,
yet excessive emphasis on rewards may encourage perfunctory responding
(Barge & Gehlbach, 2012; Maniaci & Rogge, 2014). Therefore, warnings
complement rewards by appearing in instructions, informing participants
that researchers will statistically evaluate response quality, exclude prob-
lematic data, provide feedback on data quality, or even penalize IER (e.g.,
withholding payment). Research indicates that warnings significantly re-
duce IER (Huang et al., 2012; Ward & Pond, 2015).

Commitment to respond conscientiously. Once individuals explic-
itly commit to an action or position, they tend to behave consistently with
that commitment (Cialdini, 2001). However, direct commitments may
prove insufficient. Cibelli (2017) experimentally required participants to
pledge to “think carefully, recall diligently, and spend adequate time re-
sponding,” thereby increasing their sense of responsibility. Results showed
limited effectiveness, with commitments only increasing effort on difficult
items (e.g., open-ended questions). Additionally, participants often ignore
instructions, prompting researchers to propose instructional manipulation
checks (IMCs) that require correct responses before survey continuation.
Oppenheimer et al. (2009) found this approach improved overall response
quality.

Feedback and increased social interaction. These methods primarily
target electronic surveys. First, pop-up warnings triggered by excessively
fast responding or consecutive identical responses can improve data quality
(Cibelli, 2017; Zhang, 2013; Zhang & Conrad, 2018). Second, the absence
of social interaction with experimenters in online surveys is believed to hin-
der sustained motivation and cognitive effort (Fang et al., 2014; Meade
& Craig, 2012). Ward and Pond (2015) addressed this by incorporating
“virtual humans”in electronic surveys to simulate experimenter-participant
interaction, thereby enhancing attention and accountability. Experimen-
tal evidence demonstrates that combining warning instructions with su-
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pervisory virtual humans significantly reduces IER prevalence. However,
Francavilla et al. (2019) found limited effects, with experimental partic-
ipants showing improvement only on select indicators. Further research
examined the role of “social presence” in feedback, substituting human
faces for yellow exclamation icons in pop-up messages, yet found no signif-
icant differences between methods (Zhang, 2013; Zhang & Conrad, 2018).
Moreover, pop-up messages and virtual humans risk distracting partici-
pants (Ward & Pond, 2015).

Post-Hoc Detection of Insufficient Effort Responding

While preemptive controls reduce IER incidence, they cannot eliminate it en-
tirely. Therefore, post-hoc identification and removal of remaining IER data
after collection is essential. Researchers have developed numerous detection
methods.

1.5 Embedded Validity Scales

Embedded validity scales, also termed proactive approaches (Dunn et al., 2018)
or direct screening methods (Desimone et al., 2015), operate by inserting de-
tection items within the original questionnaire to measure IER severity. These
scales comprise three primary item types: bogus items, instructional items, and
self-report items.

1) Bogus items present questions with obviously correct answers, such as “I
was born on February 30th” (Huang et al., 2012) or “I have traveled around
the world 92 times” (Dunn et al., 2018). Although these items use standard
Likert 5- or 7-point scales like surrounding items, only “strongly disagree”
represents a reasonable response. Multiple selections of alternative options
flag insufficient effort.

2) Instructional items require participants to follow explicit directions,
such as “Please select the second option for this item” (Anduiza & Galais,
2017), “Please skip this item” (Maniaci & Rogge, 2014), or “Please click
the small circle at the bottom of the screen” (Oppenheimer et al., 2009).
Repeated failure to comply with instructions indicates IER.

3) Self-report items directly assess participants’ subjective judgments of
their own diligence, such as “I did not pay much attention to the actual
meaning of these questions” or “I responded very carelessly” (Huang et al.,
2012). This straightforward approach flags participants who self-report
insufficient effort.

While simple and intuitive, embedded scales face two limitations. First, IER
participants may not completely ignore items; if detection items are unrelated
to the main content, they require minimal cognitive resources to notice, thereby
only minimally detecting IER. Second, excessive embedded items may irritate
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conscientious respondents (Costa Jr & McCrae, 2008; Curran, 2016; Meade &
Craig, 2012).

1.6 Response Pattern Analysis

Response pattern analysis, also called reactive approaches, examines partici-
pants’ response patterns after data collection and computes detection indices
representing IER severity (Meade & Craig, 2012). The detection logic primarily
involves individual consistency analysis and outlier analysis.

1.6.1 Individual Consistency Analysis In Likert scales, IER commonly
manifests as random or straight-line responding (Curran, 2016; Maniaci &
Rogge, 2014; Meade & Craig, 2012; Revilla & Ochoa, 2015). These indices
assume that excessively random or excessively consistent option distributions
indicate insufficient effort (Barge & Gehlbach, 2012; Marjanovic et al., 2015).
Common indices include the long string index, inter-item standard deviation
(ISD), individual reliability, and positive/negative item correlations.

1) Long string index measures the longest consecutive run of identical
responses, making it highly sensitive to straight-lining (Meade & Craig,
2012). For example, in a 10-item, 4-point scale with response pattern
[1,1,1,2,1,2,2,3,4,4], runs of identical responses are [3,1,1,2,1,2], yielding a
maximum run of 3 (the long string index) and a mean of 1.67 as an alter-
native IER indicator. Some researchers also compute long string indices
per response option (Costa Jr & McCrae, 2008; Huang et al., 2012), which
would be [3,2,1,2] for options 1-4 in this example.

2) Inter-item standard deviation (ISD), also termed intra-individual
response variability index (Curran, 2016; Dunn et al., 2018; Marjanovic
et al., 2015), is calculated as:

2
15D, | [2 =X
(k—1)
where ISD, represents participant i’ s ISD, X,  is participant i’ s score on item
g, X, is participant " s mean across all items, and k is the total number of
items. Excessively random responding produces abnormally large ISD within
a single dimension, while excessively consistent responding yields abnormally
small ISD across the entire questionnaire (Dunn et al., 2018; Marjanovic et al.,
2015). Researchers recommend ISD calculation for questionnaires containing
25-150 items with more than 5 items per dimension (Barge & Gehlbach, 2012;
Dunn et al., 2018).

3) Individual reliability measures IER under two assumptions: each sub-
scale assesses a single psychological construct, and IER participants re-
spond randomly (Curran, 2016). The most common index is even-odd con-
sistency (Huang et al., 2012; Jackson, 1976, 1977; Johnson, 2005; Meade
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& Craig, 2012), computed by dividing the questionnaire into subscales,
calculating mean scores for odd and even items within each subscale, cor-
relating these vectors, and applying Spearman-Brown correction. Jackson
(1977) suggested that even-odd consistency below 0.30 indicates proba-
ble IER. Curran (2016) proposed Resampled Individual Reliability (RIR),
which uses repeated resampling and bootstrapping to generate numerous
split-half samples for more robust estimation.

4) Positive/negative item correlations assess correlations between item
pairs with semantically similar or opposite meanings. Item pairs can be
constructed either semantically during questionnaire design or psychome-
trically through data-driven approaches (Curran, 2016). Following John-
son’s (2005) recommendation, pairwise item correlations can be computed
from collected data, with correlations above 0.60 forming psychometric
positive/negative item pairs. IER severity is reflected in the correlation
values of these item pairs.

Despite their intuitive nature, individual consistency indices face limitations.
Response consistency is influenced by questionnaire content, length, and for-
mat, making cross-questionnaire cutoff values difficult to establish and reducing
effectiveness in certain contexts. For instance, the long string index is limited
in short questionnaires (Curran, 2016). Moreover, in attitude and adaptability
surveys where score distributions are often skewed rather than normal (Mou,
2017; Wang & Zhu, 2009; Yao et al., 2012; Zheng et al., 2018), selecting many
“strongly agree” options is normative. Additionally, when reverse-coded items
are present, score-sensitive indices like individual reliability and ISD require
cautious application (Curran, 2016).

1.6.2 Outlier Analysis Outlier analysis operates on the assumption that
“most participants in any given sample are thinking carefully and responding
conscientiously” (Curran, 2016). Therefore, substantial deviation from group
response patterns suggests IER. Common indices include Mahalanobis distance,
individual respondent’ s goodness-of-fit score (RGF), person-total correlation,
and person-fit statistics such as Guttman error count, U3 index, 1Z index, and
autoencoder algorithms from neural networks.

1) Mahalanobis distance (Mahalanobis, 1936) is a widely used multivari-
ate outlier detection index available in most statistical software. Defined

as:

MD; = \/(xz — TSz, — p)
where x; = (2;1,...,2;,)7 represents participant i s scores on k dimensions,
p= (g, -, pty)T is the mean vector, and S is the covariance matrix. Meade and

Craig (2012) demonstrated through simulation that Mahalanobis distance is a
powerful TER detection indicator. Velleman and Welsch (1981) suggested using
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leverage values h;; = “5;~ as outlier criteria, where k is the number of variables

and n is the sample size.
2) Individual respondent’ s goodness-of-fit score (RGF) (Kountur,
2016) is calculated as:
X, —X,)?
RGF = Z M
Xq
where RGF represents response conscientiousness, X is the participant’ s score

on item g, and X o is the mean score across all participants on item g. Larger
RGF values indicate greater deviation from the overall response pattern.

3) Person-total correlation (Curran, 2016) computes the correlation p,,
between a participant’ s response pattern X and the aggregate pattern
M of all other participants, where M = E(X). Low person-total correla-
tion suggests substantial divergence from the overall pattern, potentially
indicating IER.

4) Person-fit statistics, widely used in achievement testing to identify aber-
rant individuals, compare observed score distributions with ideal distribu-
tions (Meijer & Sijtsma, 2001). This logic has been adapted for IER detec-
tion in surveys, requiring the assumption that most participants respond
conscientiously to construct ideal distributions from group data (Meijer
& Sijtsma, 2001; Wang & Xu, 2015). Common person-fit indices for IER
detection include Guttman error count (Gp) and its standardized form
(G p) for polytomous scoring (Emons, 2008; Guttman, 1944, 1950), the
polytomous version of U3 index (U3p) (Emons, 2008; Van der Flier, 1980),
and the polytomous version of 1Z index (IZp) (Melipillan, 2019).

e Guttman error count: The Guttman model assumes that par-
ticipants should score higher on easier items. Originally developed
for dichotomously-scored achievement tests, items are ordered by de-
creasing difficulty 7 . If a participant misses an easier item while
correctly answering a more difficult one, this violates the Guttman
model and constitutes a Guttman error. More errors indicate greater
aberrance. The Guttman model extends to polytomous scoring for
Likert-type questionnaires (G p) (Emons, 2008; Niessen et al., 2016).
Based on dominance model theory, higher trait levels increase the
probability of selecting higher response options. Option endorsement
probabilities 7, can be calculated analogously to item correct rates,
with Emons (2008) proposing a standardized version G p for cross-
context comparisons.

e U3 index: This nonparametric person-fit index demonstrates good
statistical power (Karabatsos, 2003). Originating from achievement
testing, the general expression for nonparametric person-fit indices
is:
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G, = Z w,

g=k—r+1

where g is the item index, k is the total number of items, X, is
the participant’ s score on item g, i indexes participants, n is the
sample size, and r is the number of correctly answered items (Meijer &
Sijtsma, 2001). The adaptive function w,, varies across indices, with
w, = In(-) for U3. Smaller absolute G; values indicate less aberrance,
with G, = 0 representing perfect fit to the Guttman model. Like
Guttman errors, substituting option endorsement probabilities 7, for
correct rates enables U3 application to polytomous scales (Emons,

2008).

o 1Z index: Levine and Rubin (1979) proposed the log-likelihood fit
statistic, the most widely studied person-fit index. The 1 statistic, a
parametric index, represents the discrepancy between observed score
patterns and the ideal pattern predicted by IRT models, with 1Z
being its standardized form (Drasgow et al., 1985):

1= {X,InPy(0) + (1 - X,)In[1 — P,(6)]}

For dichotomous scoring (e.g., achievement tests), P (0) represents
the probability of a correct response for ability 6; for polytomous
scoring, it is denoted P, (f), representing the probability of endors-
ing option x, on item g (Melipillin, 2019). Smaller 1 and 1Z values
indicate greater aberrance.

5) Autoencoder: This unsupervised neural network method for identifying
high-dimensional outliers is widely used in engineering and was applied to
IER detection by Melipillan (2019). Autoencoders compress data through
dimensionality reduction encoding then reconstruct it through decoding,
comparing generated and original data. Outliers typically show larger
reconstruction errors. With appropriate threshold settings, aberrant cases
can be flagged. Melipillan’s research demonstrated that autoencoder-based
identification through four iterations outperformed 1Z index detection.

However, all outlier indices heavily depend on sample characteristics, as they
only indicate deviation from the group without revealing its cause, making their
application to IER detection questionable. First, in low-stakes surveys where
IER prevalence may be substantial (unlike achievement testing contexts with few
aberrant responses), outlier-flagged participants may actually be conscientious
responders rather than the numerous IER cases. Second, individual variation
across items is normal, and using such differences to judge IER may exclude
legitimately extreme but conscientious respondents. Third, other factors like
faking can also cause aberrant data, so flagged cases may not result from insuf-
ficient effort. Additionally, these indices have specific limitations: Mahalanobis
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distance requires multivariate normality rarely satisfied in survey data (Niessen
et al., 2016); person-fit indices based on dominance model assumptions may not
align with attitude survey cognitive processes; and neural network algorithms
produce difficult-to-interpret results with questionable cross-situational stabil-
ity.

1.7 Response Time Analysis

Response time analysis operates on the principle that responses provided too
rapidly for basic item comprehension cannot represent genuine attitudes (Huang
et al., 2012). Four methods exist for establishing response time thresholds:
empirical specification, visual inspection of distributions, integration with other
data quality indicators, and experimental pretesting.

Empirically specified thresholds include absolute and relative standards. The
most widely used absolute standard is Huang et al.’s (2012) “informed guessing”
criterion of 2 seconds per item (Curran, 2016; Soland et al., 2019). Relative stan-
dards have also been proposed, with Hohne and Schlosser (2018) summarizing
five such criteria (see Table 1 ).

Table 1. Outlier Response Time Thresholds (Hohne & Schlosser,
2018)

Study Lower Threshold Upper Threshold
Mayerl Mean-(2*SD) Mean+(2*SD)

(2013)

Schnell Q.50-(1.5*IQR) Q.50+(1.5*IQR)
(1994)

Hoaglin et Q.50-(1.5%(Q.50-Q.25)) Q.50+ (1.5%(Q.75-Q.50))
al. (2000)

Hoaglin et Q.50-(3*(Q.50-Q.25)) Q.50+ (3*(Q.75-Q.50))
al. (2000)

Lenzner et - -

al. (2010)

A second method involves visually inspecting response time distributions. As-
suming conscientious responding requires at least 5 seconds to read, comprehend,
and answer an item, normal response times should exceed 5 seconds, while IER
participants may respond faster. This produces a bimodal distribution (see
Figure 3 [Figure 3: see original paper]), with an initial “spike” of rapid IER
responses followed by the distribution of normal responding (Wise, 2017; Wise
& Demars, 2006; Wise & Kong, 2005).

Figure 3. Theoretical Response Time Distributions for Rapid-
Guessing (IER) and Normal Responding
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A third method links response times with other detection indices (e.g., long
string index) to establish or validate thresholds. Soland et al. (2019) applied
this strategy to OECD school testing data by dividing mean response times into
intervals based on empirical criteria and computing multiple indicators (long
string index, reverse-item correlations, second eigenvalue magnitude from EFA,
correlations between self-efficacy and achievement scores) within each interval.
Results showed poor indicator performance when mean response times fell below
2 seconds per item.

A fourth method involves experimental pretesting. Huang et al. (2012) first
used laboratory instructions to create conscientious and IER groups, collecting
data including response times. They then fixed specificity at 95% and 99% to
derive thresholds and corresponding sensitivities for each indicator, subsequently
applying these experimentally-derived thresholds to survey screening.

Response time analysis offers advantages as it is unaffected by response pat-
terns and can be evaluated at the item level. Numerous studies have identified
response time as an effective IER indicator (Huang et al., 2012; Wise & Kong,
2005). However, limitations exist. First, response time data are only available
for electronic surveys. Second, like other indices, its ability to distinguish con-
scientious from IER participants depends on the degree of distribution overlap;
identification effectiveness decreases when IER distributions do not substantially
deviate from normal distributions (Curran, 2016). This is particularly problem-
atic in surveys where even careful reading and contemplation require minimal
time, potentially causing numerous “false positives.” Some researchers argue that
the bimodal distribution theory from cognitive testing does not generalize well
to surveys (Soland et al., 2019). Third, increased response time does not neces-
sarily indicate higher data quality (Yan & Tourangeau, 2008). Meade and Craig
(2012) suggest a non-linear relationship between response time and data quality:
extremely fast responding indicates IER, but extremely slow responding beyond
a certain threshold may also suggest insufficient effort, as excessive times may
reflect participants chatting, watching television, or listening to music during
online surveys (Barge & Gehlbach, 2012; Borger, 2016).

Discussion and Future Directions

Insufficient effort responding represents a common source of noise in survey
data. This paper has systematically reviewed IER concepts and summarized
prevention and detection methods. Below, we discuss unresolved issues requiring
further exploration.

1.8 Optimizing and Developing Prevention Methods Based on IER
Mechanisms

Existing research demonstrates that adjusting questionnaire wording or length,
providing rewards and warnings, using pop-up reminders, virtual humans, com-
mitment requests, and instructional manipulation checks can reduce IER to

chinarxiv.org/items/chinaxiv-202010.00077 Machine Translation


https://chinarxiv.org/items/chinaxiv-202010.00077

ChinaRxiv [$X]

varying degrees. However, these methods may also produce side effects or even
counterproductive outcomes—for instance, external incentives may increase re-
spondent carelessness, pop-up reminders may distract participants, and virtual
humans may disrupt the responding experience.

To avoid or mitigate these adverse effects and develop more effective prevention
methods, researchers must address why these methods work. Future studies
could employ techniques such as eye-tracking and EEG to monitor and explore
the questionnaire responding process in detail, enriching theoretical understand-
ing of IER mechanisms and influencing factors. These theories could then ex-
plain why side effects occur, providing a foundation for method optimization
and development.

Additionally, future research should systematically evaluate existing methods by
analyzing their specific effects. Current studies often assess method effectiveness
by comparing IER detection indices between experimental and control groups,
yet many methods only affect certain detection indices. Future experimental
designs should test and compare the actual effectiveness of various methods,
explaining which types of IER each method reduces based on IER mechanisms,
thereby providing guidance for researchers and practitioners.

1.9 Examining Cross-Situational Applicability of Detection Indices
and Developing Novel Approaches

Most detection indices were developed for personality inventories or cognitive
tests, which feature numerous items and normally distributed scores, making
these indices more applicable in such contexts. For example, longer ques-
tionnaires provide more items for calculating even-odd consistency and posi-
tive/negative item correlations, yielding more stable coefficients, while Maha-
lanobis distance and 17 indices are more effective with normal distributions.

However, attitude and behavior surveys—also common in social sciences—may
not share these characteristics, reducing index effectiveness. In many attitude
surveys, conscientious participants tend to select 4 or 5 on 5-point Likert scales,
producing negatively skewed distributions, while some IER participants may
select 5 for all items. In such cases, reduced within-individual variability dimin-
ishes the effectiveness of individual consistency indices, and small deviations
from normal participants reduce outlier analysis effectiveness.

Future research must therefore focus on cross-situational applicability. For atti-
tude and behavior surveys, researchers should: (a) combine multiple indices to
address single-index limitations, while clearly understanding which IER patterns
each index detects to selectively apply appropriate combinations; (b) develop
new indices to address existing limitations, particularly exploring person-fit in-
dices and machine learning applications that offer more precise outlier identifi-
cation than traditional methods like person-total correlation.

Furthermore, current research predominantly uses simulation studies to evaluate

chinarxiv.org/items/chinaxiv-202010.00077 Machine Translation


https://chinarxiv.org/items/chinaxiv-202010.00077

ChinaRxiv [$X]

detection indices, yet simulated data parameters may not reflect attitude and
behavior surveys. Future studies should utilize real data from these survey types
to enhance ecological validity and generalizability.

1.10 Identification and Treatment of Partial IER

Although research often dichotomizes participants as “conscientious” or “insuffi-
cient effort,” real responding scenarios include participants who are only careless
on some items. For example, in lengthy questionnaires, participants may exhibit
IER in middle or later sections due to fatigue or waning interest (Baer et al.,
1997; Berry et al., 1992; Meade & Craig, 2012). With partial IER, embedded
scale error counts, individual consistency indices, and outlier analysis values fall
between fully conscientious and fully insufficient effort responders, with simi-
larity to conscientious responding depending on the proportion of partial IER.
Existing indices may fail to detect such cases.

Currently, only Dunn et al. (2018) have suggested flexibly selecting continu-
ous item blocks to compute ISD for detecting IER within those sections. For
instance, in long questionnaires, later items could be selected to identify fatigue-
induced partial IER. However, participants may exhibit IER at any point, par-
ticularly in electronic surveys with uncontrolled environments where external
distractions can occur anytime. Developing more flexible methods to identify
specific IER sections represents a promising research direction.

Moreover, treatment of identified partial IER requires further investigation.
Deleting all data from such participants wastes valid responses, while only re-
moving IER sections risks non-random missing data. Even if non-random miss-
ingness can be ruled out, IER data are not missing but rather inaccurate data
that still reflect some participant tendencies, warranting further exploration of
whether and how to apply imputation methods.

Participants do not always think carefully and provide reliable answers. Re-
searchers and practitioners must neither be blindly optimistic nor selectively
ignore this phenomenon. Instead, they should implement effective measures to
prevent IER during data collection and employ technical methods during data
cleaning to identify and remove such noise, ensuring data are as authentic and
accurate as possible for reliable subsequent analyses.
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