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ABSTRACT

VALIDATING A POINTS-BASED EFFORT EXPENDITURE FOR REWARDS TASK

Invalid performance on neurocognitive tests due to lack of effort expenditure is a concern for researchers
and clinicians. Performance validity tests determine when adequate effort has been expended, but they fail
to differentiate between subcomponents of effort that may be responsible for poor performance. The
Effort Expenditure for Reward Task (EEfRT) is a task that provides separate measurements of reward
processing and valuation constructs which could be informative as performance validity indicators.
However, previous versions of the EEfRT use monetary performance-based rewards to investigate the
expected value of effort, which can be problematic due to the influence of socio-economic factors and
potential to systematically disadvantage participants with neurocognitive disorders. This study first aimed
to examine the construct validity, specifically, the construct representation of a points-based version of the
EEfRT online and in-person. The second aim of this study, which is exploratory, is to characterize patterns
in embedded performance validity test performance obtained for separate neurocognitive measures as
well as the EEfRT, thereby informing nomothetic span, or patterns of significant relations across measures
of effort. This aim assessed whether the scores from the EEfRT indicate performance validity in other
domains. Online participants (n = 342) from Prolific.com for the online sample and in-person participants
(n = 27) were recruited via advertisements. Participants completed a battery including the EEfRT along
with three working memory tasks, two executive functioning tasks, and one reward learning task. Results
of regression analyses showed that, as hypothesized, both online and in-person participants chose hard
tasks significantly more often at higher reward levels and at higher probability levels. However, contrary
to expectations, a significant interaction between reward and group showed that points were more
motivating in the online setting compared to in-person. Exploratory latent profile analysis revealed no
clear pattern in embedded performance validity tests within the EEfRT or across other tasks. The results
of this study suggest that a points-based version of the EEfRT is potentially valid for measuring effort-



based decision making, but more research is needed before it can be called an objective measure of effort

in the context of validating performance on cognitive tests.
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INTRODUCTION

Effort, or willingness to expend effort, impacts nearly every aspect of cognition, but especially
attention (Bruya & Tang, 2018), inhibition (Leotti & Wager, 2010), and working memory (Engstrom et
al., 2013). Effort impacts scholastic (Jin, 2023) and diagnostic (Green, 2007; Green et al., 2001) tests and
has wide-reaching, even medico-legal consequences (Moore et al., 2021). Effort-based decision making is
important in a wide variety of contexts from choosing strategies to safety behaviors (Wickens, 2014).
Effort deficits are tied to poorer real-world functioning, especially in the context of psychiatric and
neurological disorders like schizophrenia (Tran, 2022). Malingering and insufficient effort are ever-
present concerns for neuropsychologists who use standalone and embedded performance validity tests to
inform their decision on whether adequate effort was expended on a test, therefore enabling interpretation
of the score as a measure of ability. However, there are still disagreements about the measurement of
effort, and decisions about how to use measures ultimately rely on clinical judgment (Makele et al.,
2023; Millis, 2008). Recent advances in the measurement of subcomponents of the effort construct may
provide important information that has not yet been considered in the context of neurocognitive testing.
Defining Effort

Effort is a broad construct defined in different ways, depending on the scope and framework in
which the construct is considered. Generally, effort can be described in terms of a felt application of force
or ability used to perform a behavior, as mediator that improves behavioral performance until ability-level
is reached the use of resources (e.g., physical or cognitive) to accomplish a behavior (Halperin &
Vigotsky, 2024). Different measurement approaches are used depending on the definition of effort and the
goal of the assessment.

The experience of effort expenditure is measured with self-reports that ask participants to rate
perceived workload, anticipatory pleasure, motivation, or trait anhedonia (de Winter, 2014; Geaney et al.,
2015; Treadway et al., 2009). Self-report measures are a quick and straightforward way to assess
subjective or perceived effort. However, self-report measures are vulnerable to careless or low-effort
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responding (Ulitzsch et al., 2022), impacted by beliefs about self-efficacy (Hutchinson et al., 2008), and
do not always show clear relationships with other measures of effort (Ohmann et al., 2022). Self-report
measures of effort may be useful for measuring characteristics associated with trait motivation, but are not
reasonable measures of whether sufficient effort has been expended during neurocognitive testing due to
the potential incentive to respond falsely.

In the context of neurocognitive testing, effort is typically defined as a mediator between ability
and task performance such that low-effort expenditure results in poor performance on a neurocognitive
task that is not truly reflective of ability level, thus invalidating test results (Greher & Wodushek, 2017).
In this perspective, inadequate effort is inferred based on poor test performance, typically measured as a
binary variable determined by population norms (Halperin & Vigotsky, 2024). While considering effort as
a mediator may be useful for explaining performance while accounting for individual capacities, this
perspective lacks the nuanced definition of effort that would enable researchers to determine the reason
for poor effort expenditure and possibly improve tasks to elicit higher levels of effort (Halperin &
Vigotsky, 2024). Poor performance due to low effort may be caused by a number of underlying reasons
that are important to consider when validating test results. For example, a participant may decide to
expend little effort, which may be interpreted as malingering even though decision making is influenced
by nuanced components of effort such as effort valuation. Since disorder may also impact components of
effort such as effort valuation, malingering can be particularly difficult to identify (Millis, 2008). Another
potential cause of the appearance of low effort impacting test scores could be that a participant actually
expended a high amount of effort expended in an unhelpful way (e.g. focusing on the wrong aspect of the
test) (Culbreth et al., 2018b; Halperin & Vigotsky, 2024)

Effort is often investigated with only one of two aims: to determine whether a participant was
exhibiting enough effort to validate test results (Vickery et al., 2001), or to parse distinct underlying
processes involved in effort-based decision-making (Assadi et al., 2009). Rarely are these two ideas of
effort considered together. If effort assessments in neuropsychiatric contexts could be more informative of
the underlying processes that might be at play, researchers and clinicians may be able to determine
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whether low effort was expended due to deficits in effort-based decision-making abilities or true
malingering. When effort is defined in terms of resource allocation, effort-based decision-making
approaches (i.e. opportunity-cost or neuroeconomic models) require a measure that presents a decision
between effort levels related to a reward to determine the value of the felt exertion of resources (Kurzban
et al., 2013). While effort is closely related to constructs like motivation, difficulty, attention, and
cognitive control, effort is a distinct construct that impacts decision making that can be measured in a
nuanced way (see Westbrook & Braver, 2015, for a thorough differentiation between these constructs).
Within the construct of effort, effort valuation and reward processing are two important components that
can be measured with tasks that take a neuroeconomic approach. Since effort is distinct from, yet
necessarily related to, difficulty (Fleming et al., 2023), effort measurement paradigms offer a decision
between different reward levels for engaging with varying levels of task difficulty resulting in a score that
measures subjective value of effort (Salamone et al., 2018). In this framework, a typical assumption is
that more difficult tasks will be avoided compared to easier tasks, unless a higher extrinsic reward is
offered (Fleming et al., 2023). The addition of probability of receiving the reward furthers the utility of
this approach by providing a measure of reward processing (Treadway et al., 2009). Understanding
reward processing and effort valuation is important for understanding and addressing distinct underlying
neural mechanisms responsible for the seemingly similar behavior of reduced effort expenditure on
neurocognitive tests (Culbreth et al., 2018b; Nguyen et al., 2019). For example, participants with
schizophrenia show reduced effort expenditure compared to controls in high reward and high probability
conditions which has been related to both a reduced reward responsivity and deficits in cognitive control
(Culbreth et al., 2018a). Knowing this, one study sought to increase reward salience by reminding
participants of the monetary reward right before an effort task was performed, which increased effort
expenditure (Renz et al., 2023). Therefore, if neuropsychiatric test administrators had a better
understanding of which of these underlying components was responsible for reduced effort expenditure,
neurocognitive tests might be adjusted to improve effort expenditure in populations with reward and
valuation deficits, enabling more accurate testing of ability.
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Performance Validity Tests

Despite widespread consensus that measuring effort expenditure during neurocognitive testing is
essential (McGuire et al., 2019), agreed upon methods of doing so are few and far between, and
agreements on how to interpret performance validity data are even rarer (McWhirter et al., 2020). In one
approach, standalone measures of validity (e.g. the Test of Memory Malingering (Kulas et al., 2014)) are
used to assess participants’ willingness to complete very easy tasks (i.e., tasks with low performance
ceilings) that are ostensibly challenging, thus allowing for the identification of inadequate effort or
intentional exaggeration of cognitive deficits (Lippa, 2018). On the other hand, embedded performance
validity tests use metrics derived directly from cognitive tests, such as nonresponse rate (Lance et al.,
2010), extremely low accuracy (Rickards et al., 2018), or unusually fast reaction times (Stevens et al.,
2016) to determine cases of insufficient effort. Embedded performance validity tests offer the
convenience of enabling researchers to discard a single trial, task, or subject depending on the needs of
the researcher in terms of sufficient effort. Both stand-alone and embedded performance validity tests
usually have a threshold level of performance that must be reached for data to be considered valid (Bailey
et al., 2018; Rickards et al., 2018). Unfortunately, thresholds change based on age (Rickards et al., 2018)
and disorder (Abeare et al., 2022) and the ultimate decision of whether an acceptable amount of effort
was expended is ultimately up to clinician’s judgement (Slick et al., 1999).

Interpreting failure of embedded performance validity tests can be problematic. Worse
performance on performance validity tests tends to be associated with psychiatric symptoms, and thus
interpretative challenges are greatest for those who are in most need of accurate measurement (Bigler,
2012; McWhirter et al., 2020). Current guidance is to address this through the use of multiple embedded
performance validity tests along with forensic evidence to determine whether performance is valid,
invalid, or questionable (Rickards et al., 2018). While this prevents the hasty assumption that a participant
with low ability was not expending good effort, it diminishes the convenience and ease of using
embedded performance validity tests. Another issue with most performance validity tests is that they do
not consider the importance of the impact of extrinsic or intrinsic reward on effort except in rare cases
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which may contribute to inequity in research, as described below (Chafetz et al., 2015). Performance
validity tests measure whether sufficient effort has been expended, but do not take into account the gap
between sufficient and optimal effort (Bigler, 2014). Finally, a determination of valid, invalid, or
questionable does not provide the depth of information that a more nuanced measure of effort-based
decision-making might offer. Instead of determining whether a certain level of effort has been reached,
subconstructs of effort could be evaluated to provide a potential explanation for why performance may
not have reached validity thresholds which could lead to adjustments in neurocognitive testing that may
improve effort expenditure.
Effort-Construct Tasks and The Effort Expenditure for Reward Task

While effort is often viewed as a binary variable, tasks exist that are intended to measure effort in
a more nuanced, quantitative way, as well as investigate the subconstructs that may be at the root of poor
performance related to reduced effort expenditure (Chong et al., 2017; Keel et al., 2022; Molinaro &
Collins, 2023; Nguyen et al., 2019; Waltz & Gold, 2016). Some suggest that translational effort-based
decision-making tasks may even lead to improvements in drug treatments for motivational deficits
(Salamone et al., 2018). One specific task, the Effort Expenditure for Rewards Task (EEfRT) (Treadway
et al., 2009) is particularly notable given that it has been recommended by National Institute of Mental
Health’s Research Domain Criteria (Behavioral Assessment Methods for RDoC Constructs - National
Institute of Mental Health (NIMH), 2023), utilized with brain imaging to investigate brain activity related
to effort-based decision making (Chong et al., 2017), and suggested to be an objective measure of effort
(Treadway et al., 2009). The EEfRT has gained popularity for its utility in measuring factors related to
effort-based decision making such as effort valuation (Zou et al., 2020), trait anhedonia (Barch et al.,
2014; Treadway et al., 2009), expected value (Soder et al., 2021), anticipatory pleasure (Yang et al.,
2014), and for its ability to detect unique patterns in effort expenditure related to clinical disorders
(Treadway et al., 2015; Yang et al., 2014). Depression, bipolar disorder, schizophrenia, and Parkinson’s
disease can impact different aspects of dopaminergic systems responsible for effort-based decision
making. Utilizing the EEfRT as a measure of effort expenditure in neurocognitive testing could indicate
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which specific neural mechanisms may be related to low effort or provide a more objective measure of
global effort expenditure in healthy controls and participants with neurocognitive disorders.

The EEfRT is unique among effort-based decision-making tasks because specific subconstructs of
effort can be simultaneously measured thanks to the manipulation of reward and probability during the
decision-making phase of the task. The EEfRT presents participants with a choice on each trial between
pressing a button less times (easy task) or more times (hard task). Additionally, the task has been robust to
other kinds of effort expenditure such as cognitive effort (e.g., easy vs. hard math problems). Each easy
and hard task is associated with a monetary reward, enabling researchers to understand reward valuation
and reward processing based on the relationship between the percentage of hard task choices at low,
medium, and high reward levels. Participants with schizophrenia show a unique relationship, making
fewer high-effort choices than depressed patients and healthy controls even in high reward, high
probability conditions (Wang et al., 2022). While participants with bipolar disorder expend less effort in
high-reward, medium-probability conditions (Wang et al., 2022). While participants with mild depressive
symptoms may have patterns of effort expenditure similar to healthy controls, severe symptoms related to
anhedonia and anticipatory pleasure tend to be related to reduced effort in high-reward conditions at all
probability levels (Horne et al., 2021). Thus, the manipulation of reward level and resulting impact on
effort expenditure can differentiate between groups and provide a clearer understanding of the underlying
neural mechanisms at play. Each easy and hard task is also associated with a probability of receiving the
reward, enabling researchers to better understand the interplay between reward valuation, effort valuation,
expected value, and decision-making in uncertain conditions (i.e. low probability levels) (Nguyen et al.,
2019). The interaction between reward and probability is usually interpreted as expected value and can
also be impacted differently by different disorders.

Utilizing the metrics from this task as measures of effort expenditure could potentially be applied
as a way of measuring the specific aspects of effort-based decision processing that may be causing invalid
test scores, and remedies addressing the subconstructs of effort could be created. Specifically, people with
schizophrenia, major depressive disorder, and bipolar disorder have distinct patterns of response and
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patterns, especially pertaining to the interaction between reward and probability, of brain activity during
the choice phase of the task (Wang et al., 2022). If the EEfRT could be used as a standalone performance
validity test within a battery of cognitive tests, the interaction between reward and probability could
provide clues to the neural systems responsible for decreased effort expenditure. However, it is not yet
known if the expected value score in the EEfRT relates to measures of low effort in other cognitive tasks.

Despite the ability of this task to provide a nuanced picture of effort expenditure as a construct,
the EEfRT is not typically used as a standalone measure of performance validity within neurocognitive
testing batteries and when it is, total percentage of hard tasks chosen is the only metric that has been
identified as an indication of low effort. One reason for this could be the lack of agreed upon validity
metrics within the task itself. Few studies using this task check embedded performance validity metrics
and those that do typically exclude participants who did not choose a mixture of easy and hard tasks. If
the decision to perform easier tasks over harder tasks relates to measures of low-effort on other tasks,
perhaps the decision to expend low effort could be better understood in opposition to the appearance of
low-effort due to low ability level. No study has yet investigated whether non-response rate during the
decision-making phase of the EEfRT relates to non-response rates in other tasks. If non-response rate is
consistent across various types of cognitive tasks, it may be suggestive of a global low-effort expenditure
while a pattern of high non-response rate on a select few cognitive measure could mean the participant
has difficulties with the task itself and is not selecting to expend low-effort intentionally.
Validity of the EEfRT as a Measure of the Effort Construct

Many studies have replicated the original findings that participants tend to choose the hard task
more often when the monetary reward level is increased (Culbreth et al., 2020; Geaney et al., 2015;
Lopez-Gamundi & Wardle, 2018; Ohmann et al., 2018, 2022; Treadway et al., 2009). This relationship is
a critical component of the task’s construct validity. Specifically, construct representation, which is the
representation of a psychological construct by a response or pattern of responses across conditions in an
experiment (M. E. Strauss & Smith, 2009). Since the pattern of increasing hard task choices with
increasing reward and probability is altered in in populations with anhedonia and reduced trait
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anticipatory pleasure that also demonstrate reduced effort on neurocognitive tests, this task has been
suggested to be an “objective” measure of effort that is not susceptible to the problems, described above,
with embedded performance validity tests and self-reports (Barch et al., 2014; Geaney et al., 2015;
Treadway et al., 2009, 2015). Low effort on cognitive tests may be due to reduced ability to evaluate
effort and reward rather than simply “not trying hard enough”. Higher scores on self-report measures of
anhedonia have been shown to correlate with a decreased percentage of hard tasks chosen on the EEfRT
(Treadway et al., 2009) such as the Chapman Social and Physical Anhedonia measure in controls (Barch
et al., 2014). For participants with schizophrenia, decreased percentage of hard tasks chosen has been
shown to correlate with higher scores on the Beck Depression Inventory in participants (Barch et al.,
2014; Yang et al., 2014), the Snaith—Hamilton Pleasure Scale, and Temporal Experience of Pleasure Scale
in participants with schizophrenia (Yang et al., 2014). The consistent relationships between self-report
measures of anhedonia and scores on the EEfRT has led some to suggest that the EEfRT could be
considered a useful alternative to self-report as an “objective” measure of effort (Ohmann et al., 2022;
Treadway et al., 2009).

Increased probability of receiving a reward has been consistently shown to increase hard-task
choices, demonstrating in-tact reward responsivity and enabling reward valuation to be understood more
deeply (Culbreth et al., 2020; Geaney et al., 2015; Lopez-Gamundi & Wardle, 2018; Ohmann et al.,
2018). More specifically, there seems to be an interaction between reward and probability (sometimes
referred to as expected value) that drives decision making (Geaney et al., 2015; Ohmann et al., 2018,
2022), but not always (Culbreth et al., 2020). Decreased selection of hard tasks at high reward levels and
increased selection of hard tasks compared to controls at low levels of probability are related to clinical
high risk for schizophrenia suggesting that unique patterns in reward and probability response may be
related to factors other than willingness to expend reward and may be more related to issues in
dopaminergic systems responsible for decision-making (G. P. Strauss et al., 2023). The addition of
probability during the decision-making phase of the EEfRT is unique compared to other effort-based
decision-making tasks like the breakpoint ratio task (Keel et al., 2022), the grip effort task (Reddy et al.,
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2015), and the balloon analog risk task (Lejuez et al., 2002). The balloon analog risk task does include a
probability component, but since the probability is not explicit, that task may be better suited for
measuring effort in the context of risk taking (Lauriola et al., 2014).

One challenge to suggesting the EEfRT as an “objective” measure of effort is the lack of
agreement about what constitutes valid performance within the task itself. One performance validity
metric that is often checked when the EEfRT is used or modified is whether participants choose a mixture
of easy and hard tasks and it has been considered noncompliance if a participant did not select a mixture
of easy and hard (Geaney et al., 2015; Ohmann et al., 2018). High completion rate of trials has also been
used to determine whether participants were likely fatigued or had motor-capability to perform the task
(Geaney et al., 2015) although hard trials typically have a lower completion rate than easy trials (Ohmann
et al., 2018). Fatigue may also play a key role in participant performance. Significant negative
associations between number of hard tasks chosen and trial number have been found repeatedly and are
typically interpreted as a sign of fatigue (Geaney et al., 2015; Hughes et al., 2015; Ohmann et al., 2018;
Treadway et al., 2012), this is usually accounted for by including trial number as a covariate in analyses,
but could be useful in the future for investigating patterns in subconstructs of effort expenditure. High
nonresponse rate has also been used to invalidate results, especially if a participant made no responses for
the entirety of the task (Hughes et al., 2015). While nonresponse may denote participant noncompliance,
more investigation is needed to determine whether the reward payment system may be the root cause.

There are also important individual differences across diagnostic groups like schizophrenia and
major depression. One analysis found that older individuals with greater cognitive deficits tend to utilize
the reward and probability information less when selecting hard or easy tasks (Saperia et al., 2023). This
could mean that older and impaired individuals are not as sensitive to reward and probability information
during neurocognitive testing. Since it has been shown that stressing the importance of a reward can
improve performance (Renz et al., 2022), perhaps interventions could be designed to ensure that
participants with reduced ability to integrate reward and probability information are given adequate
assistance in understanding the importance of expending effort in neurocognitive test situations or
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inclusion of reward and probability manipulations within neurocognitive testing could improve assessors’
ability to determine whether decision-making is truly impaired or a result of malingering.
Equity and Fairness in Administration of the EEfRT
Payment and Reward

Research is guided by rules of beneficence, but paradigms that investigate reward learning often
utilize performance-based payments to investigate response to manipulations of reward level. Although
the amounts of these payments are guided by the rule to not cause undue induction, what is often not
considered is whether it is ethical to pay participants based on performance when a task is known to elicit
worse performance in a specific group or population. Additionally, the small amount of money offered as
a monetary incentive may have different subjective values to participants who have lower socio-economic
status and there is no guidance for when to update payment for research in the event of an unusually high
rate of inflation or in countries with different currencies. In research focused on investigating the
construct of effort, monetary incentives are often used. However, in some research environments (e.g.,
smaller schools, more rural schools, and schools with less research funding), paying participants an extra
fee as a reward may not be feasible.

Monetary incentive has generally been shown to improve validity indices on cognitive tests
compared to no incentive (Merritt et al., 2019), especially for those at the lowest levels of ability (Rydval
& Ortmann, 2004). The amount of monetary reward offered, and even the importance placed on the
reward by researchers (Renz et al., 2022) plays an important role in this association (Bijleveld et al.,
2023). This is of particular interest to researchers investigating cognitive deficits and effort on cognitive
testing more broadly because cognitive tests do not typically involve a monetary incentive leaving
intrinsic motivation as the main driving factor in performance which may be impacted by test-taking
context (Chafetz et al., 2011). In fact, it is sometimes assumed that participants are incentivized to reduce
effort in the case of testing related to social security benefits (Schroeder et al., 2022). On the other hand,
in the case of neurocognitive testing for athletes, there are differences in motivation between baseline and
post-injury testing related to the incentive to return to play (Rabinowitz et al., 2015).
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The EEfRT typically offers a maximum reward of approximately $5.00 per trial. Due to the need
for many trials to conduct statistical analysis, the total amount earned would be remarkably high if
participants were paid their total earnings. While monetary reward versus no reward has improved scores
on other neurocognitive tests in participants with traumatic brain injury, suggesting that performance on
cognitive tests meant to measure ability may be improved by adding a motivational component (Shum et
al., 2004), paying a large amount for research participation is often impossible due to limited funding for
research studies. Undue inducement, or paying research participants so much that they would be more
likely to accept risks of a research study must also be avoided (Emanuel et al., 2016). On the other hand,
some suggest that for low-risk research such as easy neurocognitive tests, there should not be reluctance
to pay high amounts (Savulescu, 2001). To measure effort in a behavioral economics context, perhaps
increasing payment to a more meaningful amount should be explored. However, given the increasing
priority of reducing costs in neurocognitive testing, adding a reward payment does not seem feasible
(Howieson, 2019).

One solution that has been used with the EEfRT in the past has been to deceive participants.
When using deception to avoid paying participants for every trial, participants believe that they will either
receive the full amount of their winnings or an amount from randomly selected trials. However, payment
is the same amount at the end of the study for all participants regardless of performance. Ethically,
deception in research requires that no other nondeceptive method is available (Boynton et al., 2013), but
in this case, the only other method that has been used (and not tested for validity) was utilizing
hypothetical money, creating the problems described below. Additionally, there is evidence of monetary
rewards decreasing intrinsic motivation which may negatively impact other tests in the battery if a
monetary effort-based decision making task was used as a performance validity measure (Murayama et
al., 2010).

Even when self-reports suggest that monetary reward was of subjectively similar value to all
participants, the amount and context of the monetary reward have been shown to impact effort-based
decision-making. Studies using low and high rewards that differed by less than a dollar showed improved
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performance for high rewards compared to low rewards (Herrera et al., 2014; Zedelius et al., 2012) so
changing the monetary reward even slightly or due to factors like inflation may have an impact on
performance (Ostaszewski et al., 1998). One study that utilized the EEfRT found the increase in hard-task
choices was greatest between low to medium reward levels with only a minor increase in number of hard
tasks chosen from medium to high reward levels, suggesting that the precise amount of the reward may be
an important factor in effort-based decision making (Renz et al., 2023). When researchers mentioned the
importance of the monetary reward to participants before completion of the EEfRT, reward salience and
number of hard task-choices increased (Renz et al., 2022). Another study found that when participants felt
safe, the monetary reward had less impact on their decision-making (B. Schmidt et al., 2020), so
emotional context may also impact the effect of monetary reward. Thus, the importance and impact of the
monetary reward may not be the same across studies.

Another solution to the dilemma of paying participants for performance on the EEfRT has been to
tell participants to imagine the money is real, but that all monetary values are “hypothetical”. Despite
some evidence supporting the use of hypothetical money in samples of healthy undergraduate samples in
other tasks, the EEfRT has not been examined for differences in decision making related to hypothetical
reward (Locey et al., 2011). This solution is especially problematic when considered for use with
participants with neurocognitive disorder, who show differences in hypothetical decision-making
compared to controls (Brown et al., 2013). Specifically, participants with schizophrenia show higher
delay discounting for real money, compared to hypothetical money (Horan et al., 2017). A non-
hypothetical money reward might provide a useful alternative to hypothetical money in this context.

Validating a points-based version of the EEfRT not only improves upon the previously described
issues with monetary reward, but also contributes to the understanding of the utility of gamification in
neurocognitive testing. Gamification, or the use of game like attributes has recently been investigated as a
promising way to improve engagement in neurocognitive testing (Lumsden et al., 2016). Leaderboards,
badges, and points are generally found to be the most common game elements used in when gamifying an
existing task (Hishamuddin Abdul Rahman et al., 2018). Leaderboards, or a list of participants with the
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highest scores on a task that is shown to future participants to motivate them in a competitive way, is one
of the least studied gamification elements. Since the EEfRT is likely to be used with participants with
schizophrenia and other neuropsychiatric disorders that are associated with social amotivation or aberrant
social processing, competitive game elements may not be a good choice (Chaldogeridis & Tsiatsos, 2022).
Badges are collectable tokens of achievement, awarded for completing subgoals or levels within a task
(Berntzen et al., 2013). However, badges may only increase motivation for performance when the
behavior being reinforced is ultimately viewed as useful to the participant, and require maintenance of
goals during task performance which may impact the measurement of effort-based decision making
(Denny, 2013). Additionally, the EEfRT is not well-suited to the addition of badges due to the lack of sub-
goals or levels inherent in the task. Rewarding performance with points has been shown to increase
subjective engagement (Miranda & Palmer, 2014), and improve reaction time and error rates (Wiley et al.,
2020). Points have been shown to have a similar motivating impact to small amounts of cash (Lumsden et
al., 2016), and have been successfully utilized in neurocognitively diverse populations such as
participants with ADHD (Chaldogeridis & Tsiatsos, 2022). Other gamification rewards include tangible
rewards like small prizes, animated feedback, and positive peer response, but points appear to be the most
effective of these (Lewis et al., 2016). Still, care must be taken to ensure that gamification elements do
not distract participants from the task (Bekk et al., 2022). Utilizing multiple game elements and
displaying point totals during active task engagement have been shown to increase participant distraction,
so displaying point totals at the end of every trial during a feedback phase is the recommendation
followed in the current study (Bekk et al., 2022; Lumsden et al., 2016).
Context/Setting of Administration: Online vs. In-person

Another way to improve equity in research is by making research participation accessible to more
diverse sample populations with online administration. Digital equity initiatives are working to improve
access to technology and internet access in underserved populations, supporting the diversity in online
samples (Banerjee, 2020; National Telecommunications and Information Administration, 2023). During
the COVID-19 pandemic, remote neurocognitive testing gained in popularity, enhancing the need for
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validated online paradigms (Webb et al., 2022). Currently, barriers to in-person testing such as
transportation costs, physical disability, and cost of administration of in-person tests make online testing a
viable way to reach a diverse population (Requena-Komuro et al., 2022; Van Patten, 2021). Specifically,
the online recruitment platform, Prolific, enables researchers to choose participants based on demographic
characteristics to ensure a representative or diverse sample (Tomczak et al., 2023). Although Prolific does
enable participants to message the individuals running the study, it would be much less likely for an
online participant to ask clarifying questions if they are unsure of what they are supposed to do for the
task and there may be an impact of the lack of social pressure from a researcher’s presence. On the other
hand, in-person testing creates a greater opportunity for tester-induced bias, such as one group of
participants systematically receiving more help understanding the tasks. Yet, use of the task online,
especially a points-based version, may address the equity issues discussed above.

Embedded Performance Validity Metrics of the Points-Based EEfRT Online and In-Person

A more nuanced measure of effort in the context of neurocognitive testing is needed, and the
EEfRT is a good candidate due to the multiple measures that can be extracted from a single task to
illuminate the underlying subcomponents of effort-based decision-making that may be at the root of poor
performance. Additionally, a points-based version of the EEfRT should be explored due to the ethical and
practical concerns regarding paying for performance, increased availability, and relevance to
gamification. Many researchers use the monetary version of the EEfRT to investigate relationships
between willingness to expend reward and symptoms of anhedonia and amotivation in healthy controls
and participants with disorders like schizophrenia (Culbreth et al., 2023).

One aspect that is important to consider whether online test setting impacts whether participants
expend adequate effort on the EEfRT before testing for construct validity. Currently, there is no consensus
on the best embedded performance validity tests to use with the EEfRT. Some previous studies have used
completion rate (Byrne et al., 2023), while others have assessed validity by determining whether
participants choose a mixture of easy and hard tasks (Treadway et al., 2009). Since current guidelines
suggest that multiple performance validity tests should be failed before discarding data (Lippa, 2018),
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multiple potential performance validity tests will be investigated. Identifying useful performance validity
metrics could improve the ability of future researchers to eliminate data which obscures the relationships
between effort-based decision-making and other factors. Despite some evidence that unsupervised online
cognitive testing can produce valid results (Feenstra et al., 2018; Wesnes et al., 2017), some studies
suggest worse performance in online testing scenarios (Belleville et al., 2023; Morrissey et al., 2023). It is
hypothesized that online participants will have higher rates of failed embedded performance validity
metrics; specifically, non-responses, responses that occurred faster than a person would have been able to
read the reward and probabilities offered, non-completion of button pressing trials, fatigue, and selection
of easy tasks.
Validity of Points as Reward for Manipulating Decision-Making

This study aims to investigate whether points are an effective replacement for monetary reward
online and in-person by relating reward to percentage of hard tasks chosen online and in-person. As
previously reviewed, prior findings with the monetary version of the task show that participants choose
hard tasks more often with increasing reward. Showing that increasing the points functions to increase
effort expenditure is critical to establishing the construct representation validity of the points-based
EEfRT. The importance of this task comes from the ability to break down the relationships between
reward processing (reward manipulation), risk aversion (probability manipulation), and effort valuation
(expected value). Thus, if results show a main effect of reward, then increased points successfully
motivated the participants to increase effort expenditure, indicating that the points-based reward was
sufficient to manipulate effort expenditure. If the results show a main effect of probability, sensitivity to
increased risk in low-probability scenarios would be supported. Additionally, if there is an interaction
between reward and probability such that percentage of hard tasks is greatest at highest expected value,
this would suggest the task manipulations work to increase expected value at the highest levels of reward
and probability and may be a good candidate for investigating effort subconstructs as the monetary
version has done in the past. It is hypothesized that participants will be more likely to choose hard tasks at
higher levels of reward and probability and that online test setting will attenuate this relationship.
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Profiles of Effort Expenditure in Neurocognitive Testing

The EEfRT has been suggested to be an “objective” measure of the effort construct, but the
EEfRT has only rarely been used as a standalone performance validity test, despite the aim of embedded
performance validity tests to measure adequate effort expenditure. This could be, in part, because patterns
between the effort-based decision-making measures from the EEfRT and performance validity tests on
other cognitive tests have not been explored. The second, exploratory, aim of this study, will be to
investigate patterns in embedded performance validity tests across six cognitive tasks, including the
EEfRT, all administered online. Nomothetic span is the pattern of significant relations between measures
of the same or different constructs (Whitely, 1983). Exploring the relationships between traditional
embedded performance validity tests like non-response and scores from the EEfRT enables investigation
into the nomothetic span of this novel version of the EEfRT. In addition to the EEfRT, three working
memory tasks (N-back, Sternberg), two executive functioning tasks (Continuous Pointing Task (CPT),
Flanker), and one reward learning (Probabilistic Learning Task (PLT)) were administered. Investigating
patterns of effort expenditure across different cognitive domains may reveal whether this physical effort
task measures the same effort construct measured by embedded performance validity tests. If EEfRT
scores are indicative of a global level of effort on all online cognitive tests the EEfRT may be useful in
place of multiple embedded performance validity tests within each task. Nomothetic span, or pattern of
significant relationships between measures of the same or different constructs will be explored within this
aim by utilizing non-response and proportion of hard tasks chosen in the EEfRT to categorize participants

into different profiles of effort expenditure.
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Methods

Participants
Online Participants

Online participants were pre-selected via Prolific.com based on demographic characteristics
tracked by Prolific; specifically, age, sex, race, and income. After reading the consent, participants used a
desktop or laptop computer (not phone or tablet) to complete the study. Once participants agreed to use a
desktop or laptop computer, they provided consent and then answered a survey, hosted by Qualtrics.com,
including detailed demographic information questions. After the survey, participants completed all six
cognitive tasks in a randomized order. Online participants were included if they completed all six
cognitive tests and the survey. All participants were paid $8.00 per hour. The median completion time for
all tasks and the survey was approximately 2 hours. Online participants were included if they passed an
attention check during the Qualtrics survey and completed all six cognitive tasks.
In-Person Participants.

Flyers and advertisements in print in the Front Range area of Colorado were used to recruit in-
person participants as part of a larger study investigating neurocognitive measurement in participants with
schizophrenia and healthy controls. Only healthy controls were included in the present analyses. In-
person participants first completed a phone screen and then a four-hour in-person visit that included a
structured clinical interview conducted by trained research assistants (Sheehan et al., 1997), detailed
demographic survey, and completion of the battery of six cognitive tasks. Participants who were eligible
for a magnetic resonance imaging scan were invited back for a second visit, but these data are not
analyzed here. While only one version of the EEfRT was administered, there were two versions of the
other six cognitive tasks, one of which was adaptive and will not be analyzed here. All tasks were
completed on a laptop computer. Administration order of the six tasks was randomized. The two versions
were randomized between the first and second visits across participants. Participants were included in this
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study if they were 18-70 years old, had adequate hearing and eyesight, were fluent in English, and were
able to perform the cognitive and imaging tasks required. Participants were excluded if they had ever met
diagnostic criteria for a schizophrenia spectrum disorder, bipolar disorder, or cluster A personality
disorder, had a first-degree family member who has ever met criteria for a psychotic disorder, or were
taking psychoactive medication. Participants with schizophrenia spectrum disorders also participated in
the study, but these data are not included in these analyses. Finally, participants were required to pass the
University of California, San Diego Brief Assessment of Capacity to Consent (UBACC).
Effort Expenditure for Reward Task

A points-based version of the EEfRT used in this study was created in Psychopy3 (see Figure 1).
The task began with two trials in which participants were presented with a large white circle on a black
background and instructed to press the spacebar as fast as possible, first with their dominant index finger
for 7 seconds and then with their nondominant pinky for 14 seconds. Then, participants received
instructions explaining that on each trial, they would have to choose between an easy or hard task and
were given two sample trials to demonstrate the difference in task difficulty. Progress in the task was
shown visually to the participants by a small red circle that expanded with each button press until it filled
the area of a white circle on the black background (thus giving the impression of “popping the balloon”).
Identical to the monetary version, easy trials required the participant to press the spacebar 30 times in
seven seconds with their dominant index finger and were always worth the same amount of reward. In
previously used monetary versions, $1.00 is typically offered for all easy trials, while in the points-based
version used here offered 100 points. Hard trials required participants to press the spacebar 100 times in
21 seconds using their nondominant pinky finger, and the number of possible points varied with difficulty.
In the monetary version of the task, $1.50 - $5.00 is typically offered. We offered 150 to 800 points since
there was no monetary limitation to this number and the maximum possible point total was not such a
large number that it could be difficult to perceive on the screen. Participants were told that they would
have a certain probability of winning points on each trial if they successfully completed the trial.
Regardless of whether the participant chose easy or hard, the probability of winning points on a given trial
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was the same (and was indicated at the bottom of the decision screen). If they did not choose a difficulty
level after 7s, a difficulty level was selected for them at random, and these trials were considered a
nonresponse. After each trial, participants received feedback indicating whether they popped the balloon,
the number of points they won, and their updated total point score, which was presented on screen for 3
seconds after each trial. Participants could then choose to repeat the practice session or move on.

During the test segment, point values were identical to the practice. There were three trials at each
point value, each with a different probability of reward (12%, 50%, or 88%). All trials were randomized.
Participants received feedback on whether they popped the balloon, how many points they won, and their
updated total point score. The test phase lasted approximately 10 minutes. Since the hard trials were
longer than the easy trials, total time on task depended on how many hard trials were chosen, but
participants were not alerted to this fact.

Previously used embedded performance validity metrics for the EEfRT were compared between
online and in-person samples in order to test the hypothesis that online participants will expend less effort
on cognitive testing compared to in-person participants. The embedded performance validity measures
included non-response rate during the decision phase of the task, responses made in less time than would
be needed to perceive the stimuli, non-completion of the button pressing phase of the task, and selecting a
mixture of easy and hard tasks, and fatigue resulting in less hard-task choices in later trials. Fast responses
were calculated as responses during the decision-making phase within the first 600ms of the decision-
making stimuli appearing on the screen. This time limit was selected because the decision-making screen
contains three vital pieces of information that should be viewed and considered before making a response,
the reward for the easy task, the reward for the hard task, and the probability of receiving the award.
Assuming a reading rate of 200ms per piece of information, a response of less than 600ms would suggest
that the participant was not evaluating the decision, but relying on another strategy to determine their
response. Non-completion of the button pressing phase of the task was calculated as any trial in which the

participant failed to pop the balloon.
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The EEfRT non-response score was obtained by first creating a variable where one represented a
response and 0 represented a non-response. Then, means were calculated for each participant and
transformed into z-scores by subtracting the group mean from the participant mean and dividing by the
standard deviation. Distribution of the z-scores was visually inspected for normality and the skewness
was -5.35, indicating the data were highly skewed to the right.

A second EEfRT responsivity score was also created. Since the EEfRT includes an effort-based
decision-making component, the decision to expend more effort by choosing the hard task could also be
considered an indicator of “objective” effort. Therefore, a variable was created where one represented a
hard-task choice and 0 represented an easy-task choice. The means of this variable were calculated for
each participant by dividing the sum by the total number of choices (non-responses not included in total).
Then, means were transformed into z-scores by subtracting the group mean from the participant mean and
dividing by the standard deviation. Distribution of the z-scores was visually inspected for normality and
the skewness was 0.34, indicating normal distribution.

Cognitive Tests

The six cognitive tests administered in addition to the EEfRT included the CPT, Flanker, N-Back,
PLT, and Sternberg task. This particular set of cognitive tests was chosen due to the National Institute of
Mental Health Research Domain Criteria listing each of them as important measures of cognitive
constructs that may be informative in the future for better understanding specific neurocognitive
mechanisms related to neuropsychiatric disorder (National Advisory Mental Health Council Workgroup
on Tasks and Measures for Research Domain Criteria (RDoC), 2016). Additionally, the tasks provide
representation for both the most common and newer paradigms that are quickly gaining popularity in
neurocognitive research. Better understanding the patterns of performance validity among these tasks is
critical for preventing and understanding the confounding impact of cognitive effort-based decision-
making on cognitive task scores.

The CPT is a measure of sustained attention and cognitive control, first developed in 1956 and
later updated to a useful translational version in 2009 on which the version used in this study is based

20



(Roebuck et al., 2016; Rosvold et al., 1956; Young et al., 2009). Participants saw a white circle appear
above one of four white lines on a black background. When a circle appeared above a line, the
participants pressed a corresponding key on their desktop or laptop keyboard. A backward mask,
consisting of four white squares, appeared after the circle(s) to ensure that participants could not
determine the circle location from afterimages; this also allowed for manipulation of task difficulty.
Stimulus durations (0.25, 0.15, and 0.1s) and mask durations (0.75, 0.85, and 0.9s) varied, with shorter
stimulus duration paired with longer mask periods. Inter-trial intervals varied in duration (0.5, 1.0, and
1.5s) after each trial. Participants completed a practice block with feedback after each practice trial for 2
seconds, indicating response accuracy (correct or incorrect). After each block of trials, there was a brief
blank screen lasting 3 seconds. The testing segment lasted 5 minutes and one second and included 16 test
blocks of eight trials each.

The CPT non-response score was obtained by first creating a variable where one represented a
response and 0 represented a non-response. Then, means were calculated for each participant and
transformed into z-scores by subtracting the group mean from the participant mean and dividing by the
standard deviation. The distribution of the z-scores was visually inspected for normality and the skewness
was 0.78, indicating a moderate skew to the right.

A second CPT responsivity score was also created. Half of the trials in this task require a non-
response as a correct answer. Therefore, over-responding could also be an indicator of low effort. A
responsivity score was calculated by subtracting .5 from the mean response rate, calculating the absolute
value of that difference, and flipping the sign so that a higher score represents a response pattern closest
to highest accuracy, interpreted to be highest effort in this context. This variable was also visually
checked for normality and was found to be severely skewed to the left with a skewness of 1.70.

The Flanker was developed in 1974 and updated more recently for use with the highly validated
National Institutes of Health (NIH) Toolbox Cognitive Battery on which the version used in this study is
based (Eriksen & Eriksen, 1974; Zelazo et al., 2014). Participants saw a row of arrows and used the arrow
keys on their keyboard to indicate whether the arrow in the center of the screen pointed right or left.
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Participants first completed a 2-minute practice segment, which included 1 block of eight trials. For each
trial, participants were presented with a black screen containing a horizontal row of seven arrows that
either matched the direction of the center arrow or did not match the direction of the center arrow. During
the practice block, stimuli were presented for one second, during which time the participant could respond
to the target’s orientation. Feedback indicating response accuracy was presented for one second, and a
fixation cross appeared for the two seconds in between the trials. The test phase lasted approximately five
minutes and included 20 blocks containing six trials each. During the testing blocks, stimuli durations
were only 0.25. Inter-trial interval duration varied between 0.5, 1.0, and 1.5s. Blocks were separated by
three seconds.

The Flanker non-response score was obtained by first creating a variable where one represented a
response and 0 represented a non-response. Then, means were calculated for each participant and
transformed into z-scores by subtracting the group mean from the participant mean and dividing by the
standard deviation. Distribution of the z-scores was visually inspected for normality and the skewness
was -5.33, indicating the data were highly skewed to the right.

The N-Back is a working memory task that was first developed in 1958 and updated in 2017 to be
valid for use with participants with schizophrenia on which the version used in this study is based
(Kirchner, 1958; Thomas et al., 2017). Participants were presented with white 3-letter pseudowords on a
black background and used the spacebar to indicate if they had seen the current word a certain number of
words ago (either 1, 2, 3, or 4 words back, depending on the block). Participants began with a practice
trial during which they were instructed on the definition of the n-bac conditions then, 3-letter
pseudowords (e.g., CAC, NOX, GUX, VIV) were presented on the screen one at a time. For each
condition, participants had to press the spacebar when a pseudoword was repeated after 1, 2, 3 or 4 words,
and they practiced each condition with feedback on the accuracy of their performance. The practice phase
included ten items for each condition, with each item being displayed for 2.5s followed by a blank screen
for 0.5s. Participants could respond at any point, while the word was displayed or during the blank screen.
Feedback was displayed for one second before moving on to the next trial. Participants then moved on to
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the test phase, which included no feedback and consisted of 25 items per condition, the condition blocks
were randomized.

The N-Back non-response score was obtained by first creating a variable where one represented a
response and 0 represented a non-response. Then, means were calculated for each participant and
transformed into z-scores by subtracting the group mean from the participant mean and dividing by the
standard deviation. Distribution of the z-scores was visually inspected for normality and the skewness
was 0.56, indicating the data were moderately skewed to the right.

A second N-Back responsivity score was also created. Only 30% of the trials in this task require a
response as a correct answer. Therefore, over-responding could also be an indicator of low effort. A
responsivity score was calculated by subtracting .3 from the mean response rate, calculating the absolute
value of that difference, and flipping the sign so that a higher score represents a response pattern closest
to highest accuracy, interpreted to be highest effort in this context. This variable was also visually
checked for normality and was found to be severely skewed to the left with a skewness of -2.44.

The PLT is a measure of probabilistic feedback processing and was first developed in 2009 then
updated in 2018 for use with participants with schizophrenia on which the version in the current study is
based (Bismark et al., 2018; van den Bos et al., 2012). Participants saw a pair of white geometric shapes
(e.g., a square and a circle) on a black background and were instructed to choose the shape that was
“Correct” (i.e., rewarded with positive feedback) more often using the left and right arrow keys on their
keyboard. Shapes were displayed for three seconds, during which a response had to be made. Participants
received feedback after each trial indicating whether the shape they selected was “Correct” or “Incorrect.”
For the practice, choosing the rectangle produced “Correct” on ~80% of the trials (11 of 14 practice
trials), while choosing the plaque produced “Correct” on only ~20% of the trials (3 of 14 practice trials).
After the feedback was presented for one second, there was a one second inter-trial interval. Participants
could choose to repeat the practice or move on. The test segment consisted of 20 trials for each of 4

blocks, each block with different pairs of shapes. Within each pair, the probabilities were 60/40, 70/30,
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80/20, 90/10, with 60/40 representing very disruptive feedback and 90/10 representing very consistent
feedback. The test segment lasted approximately 7 minutes.

The PLT non-response score was obtained by first creating a variable where one represented a
response and 0 represented a non-response. Then, means were calculated for each participant and
transformed into z-scores by subtracting the group mean from the participant mean and dividing by the
standard deviation. Distribution of the z-scores was visually inspected for normality and the skewness
was -12.46, indicating the data were highly skewed to the left.

The Sternberg task is a working memory task that was first developed in 1966 and updated in
2012 to use simultaneous instead of sequential presentation of the stimuli, on which the version used in
this study was based (Okuhata et al., 2012; Sternberg, 1966). Participants viewed a black screen with
white upper-case letters displayed in a grid with four rows and four columns. After a maintenance period,
the next screen presented a single letter, and participants used the left and right arrow keys on their
keyboard to indicate whether the probe was a letter they had seen within the previous set of letters.
Participants completed a practice block of eight trials. The number of letters to memorize varied, having
2,4, 6,8, 10, or 12 letters. Encoding duration and maintenance duration also varied by trial, lasting 2 or
6s. The probe was presented to participants for four seconds, followed by an inter-trial interval averaging
2s. Response feedback was provided after each trial during the practice block, but not the test phase. The
test phase lasted approximately six minutes and included 24 trials.

The Sternberg non-response score was obtained by first creating a variable where one represented
a response and 0 represented a non-response. Then, means were calculated for each participant and
transformed into z-scores by subtracting the group mean from the participant mean and dividing by the
standard deviation. Distribution of the z-scores was visually inspected for normality and the skewness

was -4.91, indicating the data were highly skewed to the left.
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Data analysis
Embedded Performance Validity Measures for the EEfRT

Due to the non-normal, zero-inflated Poisson distribution of non-response, fast response, and
non-completion, zero-inflated Poisson regressions were used for these variables (Loeys et al., 2012). .
Zero-inflated Poisson regression separately models the number of zeros in the data set and the non-zero
counts, enabling interpretation of each component separately. The zero-inflated model allows for the
interpretation of estimated odds of observing excess zero in online participants. The count model allows
for the interpretation of estimated odds of observing an increase in the number of failed embedded
performance validity tests in the group of participants that failed had at least one trial fail on the
embedded performance validity tests. Multiple linear regression was used for normally distributed
variables (mixture of hard and easy choices and fatigue), using the Ime4 package in R version 4.3.2 and
zero-inflated Poisson regressions was used for zero-inflated Poisson distributed variables (non-response,
fast response, non-completion), using the pscl package, to determine whether test setting predicted hard
failure of embedded performance validity metrics.
Construct Validity of the Points-Based EEfRT

Variables used to determine whether points impacted effort-based decision-making in this task
included the outcome of hard task choice, coded as a zero when participants selected an easy task and one
when participants selected a hard task. The reward predictor was not binned into high, medium, and low
as some previous studies have done due to the expected continuous nature of the effect of this variable.
Online test setting was coded as a zero for in-person and a one for online. All predictors, reward,
probability, and online test setting were zero centered and scaled then hard task choice was regressed on
the main effect of reward, the main effect of probability, the main effect of online vs. in-person test
setting, and the interactions between reward and probability, reward and test setting, probability and test
setting, and the three-way interaction of reward, probability, and test setting. After zero-centering and
scaling the dependent variable, proportion of hard tasks chosen, as well as the predictors, reward,
probability, and online test setting, multiple linear regression was conducted, using the Ime4 package in R
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to determine whether significant main effects and interactions exist for reward, probability, and online test
setting.
Profiles of Effort Expenditure

Latent profile analysis (LPA), a type of mixture modeling, is a method that enables heterogenous
data to be separated into homogeneous groups (Robertson & Kaptein, 2016) therefore revealing the
nomothetic span or patterns of relationships between the EEfRT and other cognitive tests. Latent profile
analysis was used to explore the patterns of performance validity metrics across six tasks: EEfRT,
Sternberg, Flanker, N-back, CPT, and PLT. First, non-response variables were created for each task. A
second validity variable was also created for tasks where over-response might indicate low effort due to
non-responses being correct answers on some trials (CPT and N-Back). All variables were z-scored
before use in the latent profile analysis. Each model was checked visually and with a skewness statistic
for normality.

The optimal number of profiles was determined in step-wise fashion, starting with a 1-profile
model and continuing until model fit statistics failed to improve (Beauchaine, 2003). Current guidelines
recommend using Akaike’s information criteria (AIC), Bayesian information criteria (BIC), sample-size
adjusted BIC (SABIC), with lower statistics indicating better fit, and entropy, with values closer to one as
indicating better accuracy of profile classification, as well as checking for conceptual and qualitative
reasonability in the profile patterns (Jason & Glenwick, 2016) to determine which model has the best fit
(AIC, BIC, SABIC), best accuracy of profile classification (entropy) and interpretability (qualitative
assessment). LPA was performed in R using the tidyL.PA package (Rosenberg et al., 2019).

Three LPAs were fitted to the data, each following the stepwise procedure described above, in
order to account for the possibility of multiple low-effort strategies (in the case of the CPT and N-Back)
and to explore whether the proportion of hard tasks chosen on the EEfRT acts as an indicator of a low-
effort profile. The first LPA, referred to as the “response” model, consisted of the z-scores for non-
response on the CPT, EEfRT, Flanker, N-Back, PLT, and Sternberg. The second model, referred to as the
“responsivity” model, included alternative scoring procedures for the CPT and N-Back. Since the CPT
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and N-Back both require non-responses as a correct answer, alternative scores were calculated (described
below) to account for the possibility that over-responding could also be an indication of low effort. The
final model, referred to as the “blend” model, aimed to explore whether the proportion of hard tasks
chosen on the EEfRT relates to traditional effort scores, specifically non-response, on other cognitive
tasks, the best fitting model from the previously described models was used, but the EEfRT score used
was the z-score for percentage of hard tasks chosen instead of non-response.

For each task, non-response, or responsivity scores were calculated and checked for skewness
both visually and with adjusted Fisher-Pearson coefficients of skewness and classified as normal (-0.5 to
+0.5), moderately skewed (-1.0 to -0.5, +0.5 to +1.0) or high skewed (< - 1.0 or <+ 1.0) (Bulmer, 1979;

Piovesana & Senior, 2018).
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Results

Participants

Of the 402 participants who consented to complete the study on Prolific.com, 393 completed the
initial Qualtrics assessment that confirmed demographic characteristics and asked other questions about
their cognitive and mental health. Of these, 342 completed all six tasks.

Of the 100 in-person participants who consented to complete the study, 55 were diagnosed with
schizophrenia during the diagnostic interview and not included in the sample analyzed in this study. Of
the 45 remaining participants, 19 participants had not completed the EEfRT at the time of writing this
document leaving 26 in-person participants who completed all parts of the study and had data available
for analysis. See Table 1 for participant demographics. While there were no significant differences
between online and in-person participants in terms of age or sex, there was a significant difference in
racial identities, with the online sample having far more non-White participants.

Embedded Performance Validity Tests

Table 2 reports multiple linear regression and zero-inflated Poisson model results for embedded
performance validity measures. The count model for non-response during the choice phase had a
significant positive effect for online setting (b =2.13, SE = 0.97, p = 0.03) meaning that among
participants who did have non-responses, online participants tended to have more non-responses than in-
person. The fast response (responses less than 600ms) count model had a significant effect for online
setting (b =0.92, SE = 0.46, p = 0.05), meaning that among participants with at least one fast response
(response to the decision phase faster than 600ms), online participants had more fast responses. The non-
completion of the button pressing task count model had a significant positive effect for online setting (b =
0.88, SE=0.31, p <.005), meaning that among participants with one or more incomplete button pressing
tasks, online participants had more incomplete button pressing tasks than in-person. There was no

significant effect of test setting on whether participants chose a mix of easy and hard tasks, nor was there
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a significant effect for test setting or trial number on hard-task choice. All participants pressed the
spacebar at least once for every button pressing task.
Validity of the Points-Based EEfRT

Table 3 reports results for the multiple linear regression models predicting proportion of hard
tasks chosen from reward (number of points), probability of receiving the reward, and test setting. Figure
2 visualizes the pattern of increasing proportion of hard tasks chosen with increasing reward and
probability levels. The fixed effects revealed several significant predictors. There was a significant
positive effect of reward (b = 0.59, SE = 0.03, 95% CI 0.5, 0.65, p <.001), meaning that as reward
increased, proportion of hard tasks chosen also increased. There was also a significant positive effect of
probability (b = 1.09, SE = 0.03, 95% CI 1.02, 1.15, p <.001) meaning that as probability increased,
proportion of hard tasks chosen also increased. There were two significant interactions, a positive reward
by probability interaction (b = 0.15, SE = 0.03, 95% CI1 0.09, 0.21, p <.001) also known as expected
value, meaning that the proportion of hard tasks chosen was highest when reward and probability level
were both high, and a negative reward by online task setting interaction (b = -0.08, SE = 0.03, 95% CI -
0.13, -0.03, p <.005), meaning that online participants chose even less hard tasks at the lowest reward
levels compared to in-person participants.

Latent Profile Analyses

Table 4 reports fit statistics for the LPA models. The best fitting model (lowest AIC, BIC, and
SABIC) among the response models was the 2-profile solution. The best fitting model among the
responsivity models was the 3-profile solution for responsivity. The best fitting model among the blend
models was the 2-profile solution. All the best fitting models also had strong support for accuracy of
classification, with entropy values of 1.00.

Figure 3 shows the means for the 2-profile solution for the response model. Notably, one profile
had means with high rates of response (n = 328) while the other profile had various levels of non-
response on the cognitive tasks (n = 14), with the Flanker having the most extreme value with a z-score of
-4.02. Figure 4 shows the means for the 3-profile solution for the responsivity model. This model
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included variables that account for over-responding as low-effort responses on the CPT and N-Back. The
first profile has higher means of responsivity than both the second and third profiles. This could mean that
the first profile classified participants with adequate response while the second and third profiles represent
reduced effort on all tasks. In the second profile, the CPT has the lowest mean with all tasks other than the
CPT having means in between those of the other two profiles. In the third profile, the CPT mean is
between the CPT mean of the other two profiles, but means for all tasks other than the CPT are much
lower than the other two profiles. In this solution, 14 participants were classified into the low-effort
profile, 42 participants were classified into the abnormal CPT profile, and 287 participants were classified
into the adequate effort profile. Figure 5 shows the means for the 2-profile solution for the blend of
responsivity with the score for hard tasks chosen in the EEfRT. In this model one profile classifies 295
participants with adequate effort on all tasks while the other profile classifies 47 participants with low
effort. In this case, the CPT has the most extreme low mean with a z-score value of -1.95. Importantly,
this profile classified more than 5% of the sample into one of the profiles, making the results more

qualitatively interpretable.
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Discussion

The overarching goal of this study was to investigate the validity of a points-based version of the
EEfRT and to contribute a possible solution to ethical and practical concerns with using a monetary
version. The preliminary aim compared embedded performance validity tests from the EEfRT between
online and in-person test setting to determine whether more invalid data was likely for this task in an
online test setting. It was hypothesized that embedded performance validity tests would reveal more
invalid data online, compared to the in-person test setting; specifically, online participants would
demonstrate lower effort evidenced by increased odds of non-response rate, more fast-responses, more
incomplete trials, and lower proportion of hard tasks chosen. The count model for non-response during
the choice phase had a significant effect for online setting meaning that of the people who had non-
responses, online participants tended to have more non-responses. This supports the hypothesis that
online test setting was related to lower effort on the EEfRT. Also, the fast response count model had a
significant effect for online setting suggesting an increased odds of fast responses for online participants
with one or more fast responses. This could indicate low effort or could also suggest a different strategy
pattern used by participants online, such as automatically choosing easy or hard trials for every trial
without reading the stimuli on the decision-making screen. On the other hand, this could mean that the
distractions in the home environment changed effort-based decision-making, or effort expenditure in
online testing is lower due to lack of social pressure from a researcher present in the room.

While the non-response, fast response, and non-completion count models indicate the possibility
of lower engagement with the task among online participants, none of the zero-inflated models had
significant effects for online test setting, meaning estimated odds of observing excess zeros in the online
test setting is not significant. This could suggest that although the participants who expend low effort on
the task tend to expend even less effort than those in-person, a similar amount of people in both test
settings expend an adequate amount of effort if adequate effort is considered to be having zero non-
responses or fast responses. This supports the use of the test online in the future and suggests that non-
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response, fast-response, and non-completion may be useful metrics of whether participants were engaging
with the task enough for their performance to be considered valid. Additionally, there was no significant
effect of test setting on whether participants chose a mix of easy and hard tasks, nor was there a
significant effect of test setting or trial number on hard-task choice. Additionally, since there was not an
increase in choosing easy tasks on later trials, this task may be robust against fatigue both online and in-
person, at least for the duration of 24 trials used with these participants.

The first aim of this study was to determine was to determine whether the reward and probability
manipulations in the points-based version of the EEfRT impacted decision-making in-person and online
in order to determine the construct validity of the points-based version. The pattern of response in which
increasing reward and probability increase the proportion of hard tasks chosen is critical for
understanding construct validity so that this pattern in healthy controls may be compared to abnormal
patterns of reduced effort expenditure in participants with neurocognitive disorders. In the EEfRT, reward
and probability are meant to influence effort-based decision making such that more hard tasks are chosen
at higher reward levels so that effort valuation and expected value scores can be used to better understand
the construct of effort. If this version of the task is truly measuring effort expenditure for reward, the
reward and probability manipulations should work to increase proportion of hard tasks chosen at the
highest reward and probability levels. To investigate whether the reward and probability manipulations
were valid in the points-based version of the EEfRT, hard task choice was regressed onto reward and
probability. It was hypothesized that participants would choose hard tasks more often at higher levels of
reward and probability. Similar to monetary versions of the EEfRT, the points-based version showed
significantly more hard tasks chosen at higher levels of reward and probability and a significant
interaction between reward and probability in-person and online. The interaction suggests that the
relationship between reward and hard task choice was less positive in-person compared to online.

The impact of reward on decision-making is of particular interest because this evidence of
increased effort for points with no monetary value suggests that points may be a useful replacement for
monetary reward in the EEfRT, making the task more accessible to researchers without large funds or who
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have ethical concerns about paying subjects based on performance. Increased effort for points also
supports the potential avenue of gamification of cognitive tasks to incentivize performance on cognitive
tests that are not typically associated with high-stakes outcomes, such as those used in research with
undergraduate populations. Further research must be conducted to determine whether populations with
deficits in reward valuation also exhibit similar patterns of behavior when rewarded with points. The
impact of probability on decision-making also supports the use of the points-based version for
investigating effort-based decision-making because increasing effort at higher levels of probability is a
key component of reward valuation. If this task had not shown a significant increase in hard tasks chosen
at higher probability levels, the manipulation could not be informative of reward valuation. The
significant interaction of reward and probability suggests that expected value can also be investigated
with the points-based version of the EEfRT. Since the three most important manipulations of effort-based
decision-making had significant effects for increasing effort expenditure in the points-based version, this
suggests that this task could be used alongside other cognitive tests to better understand possible
components of effort that could underlie low test scores without the complications of paying for
performance. Although more research must be done to determine whether the EEfRT could be useful in a
clinical context as a standalone validity tests, the results of this study support the use of the points-based
EEfRT for investigating the subcomponents of effort-based decision-making, at least in a healthy sample.
The hypothesis that reward, probability, and expected value would increase hard-task choices was
supported.

There was also a significant interaction between test setting and reward suggesting that online
participants were less likely to work for lower point levels than in-person participants. This does not
support the hypothesis that the relationship between reward and hard-task choice would be attenuated
online. In fact, the relationship found in these data was in the opposite direction with points having more
impact in the online test setting. While this could suggest that participants online are more sensitive to

low levels of reward, this finding could also be an artifact of the small sample size in-person. Further
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research is needed to determine whether points impact decision-making differently in different test
environments.

The second aim of this study was to determine whether latent groupings of participants based on
performance validity metrics exist across different cognitive tasks. Three latent profile models using
response scores, responsivity scores (that accounted for the possibility of over-response being a low-effort
strategy), and a blend of responsivity scores and the proportion of hard tasks chosen on the EEfRT
revealed profiles of adequate effort and low effort in all three cases. Utilizing three latent profile analyses
with differing variables enabled exploration of the pattern of significant relationships, or nomothetic span,
across measures of different cognitive domains.

The best fitting response latent profile analysis was a 2-profile solution and classified 14
participants into a low-effort profile and the rest of the participants into an adequate-effort profile. Due to
less than 5% of the sample being classified into one of the profiles, these results should be interpreted
with caution. One interpretation could be that most of the participants in the sample engaged with the task
at an adequate level with relatively few participants non-responding at a high rate. The EEfRT response
mean was over one standard deviation below the average, suggesting that non-response on the EEfRT
could be an indicator of low effort across other cognitive tasks.

The best fitting responsivity latent profile analysis was a 3-profile solution and classified 14
participants into a low-effort profile, 42 participants into an abnormal CPT profile, and the rest of the
participants into an adequate effort profile. As in the response model, the low-effort profile had an EEfRT
mean over one standard deviation below the group average. The means for the abnormal CPT profile were
close to the average for all tasks except for the CPT.

The best fitting blend latent profile analysis was a 2-profile solution and classified 47 participants
into a low-effort profile and the rest into an adequate-effort profile. When the proportion of hard tasks
score was used instead of response on the EEfRT, the pattern of the low-effort profile changed. In this
case, the means for most tasks are within one standard deviation of the adequate-effort profile means and
the CPT has the lowest mean for responsivity.
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The results of this study should be interpreted in light of several limitations. First, small in-person
sample size implies that analyses were not powered to detect smaller effects. A second limitation was that
online participants were paid less per hour than in-person participants. More investigation is needed to
determine whether participants paid more per hour in an online setting expend more effort on cognitive
tests. Although the points-based version was not directly compared to a monetary version of this task, the
points-based reward did show patterns of effect on effort expenditure similar to the patterns in previous
monetary versions. A direct comparison between a points-based version and monetary version would
provide more support for convergent validity. Another useful direct comparison could be associating
EEfRT scores with performance on stand-alone performance validity metrics like the test of memory
malingering (Tombaugh, 1997). Supporting the convergent validity of this measure by direct comparison
to a monetary version and standalone performance validity tests could further validate the dual nature of
this task as a potential effort-based decision-making task and performance validity task. On the other
hand, if a strong relationship is not found between the EEfRT and either decision-making or performance
validity tests, that might suggest divergent validity of the EEfRT as a measure of a unique effort-related
construct.

The physical nature of the task is a limitation for multiple reasons. First, no calibration was
conducted to ensure that motor-performance did not impact willingness to expend effort. Second, due to
the lack of supervision, we cannot be sure that online participants truly used their dominant index finger
for easy tasks and non-dominant pinky finger for hard tasks. Third, previous research has indicated both
shared and distinct neural mechanisms for physical and cognitive effort which could suggest that a
physical effort task might not be the best indicator of cognitive effort-based decision-making (L. Schmidt
et al.,, 2012)

Overall, results support the use of points as a valid reward for manipulating effort-based decision-
making within the context of measuring effort as a construct. Online and in-person participants provided
generally valid data with relatively few participants having extreme patterns of non-response or low-effort
responses (indicated by fast reaction times and non-completion). Additionally, reward and probability
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manipulations worked to increase hard-task choices online and in-person suggesting that effort-based
decision-making can be investigated without the ethical and practical concerns of paying for performance
on the EEfRT. While the EEfRT has been suggested to be an “objective” measure of effort (Treadway et
al., 2009), it is not yet clear if clinicians could include this test in a cognitive battery to determine
performance validity on other cognitive tests.

One of the challenges of this study is the potential differences between measuring effort as a
construct and adequate effort expenditure in the context of performance validity. Although both concepts
are referred to in terms of “effort expenditure”, it is not yet well-understood if effort-based decision-
making and effort required to engage in a cognitive task relate to the same psychological construct and
neuropsychological mechanisms. While effort as a construct is often considered in terms of group
differences (e.g., reduced effort expenditure in participants with schizophrenia), individual differences

may also reveal important aspects of reward processing.
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Figure 1.
Points-Based Effort Expenditure for Rewards Task (EEfRT)

Note. The Effort Expenditure for Rewards Task (EEfRT) offered participants a choice between an easy
task and a hard task. After participants made a choice, they were required to press a button (easy = 30
times in 7 seconds, hard = 100 times in 20 seconds) to increase the size of the red circle until the red
circle became as large as the white circle, or “popping the balloon”. Participants received one of three
feedback options depending on their performance and the probability of receiving the reward.
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Figure 2.

Proportion of Hard Tasks Chosen by Probability and Reward

Note. Bar chart of proportion of hard tasks chosen with the top of the bar representing the average
proportion of hard tasks chosen calculated by probability (12%, 55%, and 88%), and reward (low = 150,
250, 350 points; medium = 450, 550 points; high = 650, 750, 800 points) for in-person (green) and online
(blue) participants, with standard error indicated by black error bars.
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Figure 3.
2-Profile Solution Means for Response

Note. Latent profile analysis plot of mean response rates for all tasks. Notably, one profile had means with
high rates of response (green) while the other profile had various levels of non-response on the cognitive
tasks (purple). Continuous Pointing Task (CPT), Effort-Expenditure for Rewards Task (EEfRT),
Probabilistic Learning Task (PLT).
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Figure 4.
3-Profile Solution Means for Responsivity

Note. Latent profile analysis plot of mean response rates for the EEfRT, Flanker, PLT, and Sternberg,
similar to Figure 3. For the CPT and N-Back, response rate was replaced with a responsivity score
calculated so that over-responding and under-responding are both represented by a lower score due to the
nature of the task involving non-response as a correct answer. Notably, one profile had means with high
rates of response (green), another profile had various levels of non-response on the cognitive tasks
(purple), and a final profile had high rates of response on most tasks with a low responsivity mean for the
CPT (blue). Continuous Pointing Task (CPT), Effort-Expenditure for Rewards Task (EEfRT),
Probabilistic Learning Task (PLT).
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Figure 5.
2-Profile Solution Means for Blend of EEfRT Hard-Task Choices with Non-Response

Note. Latent profile analysis plot of mean response rates for the Flanker, PLT, and Sternberg, similar to
the Figures 3 and 4. Similar to Figure 4, responsivity scores were used for CPT and N-Back, such that
over- and under- responding are reflected by a lower score. The score for the EEfRT is proportion of hard
tasks chosen. Notably, one profile had means with high rates of response (green) while the other profile
had various levels of non-response on the cognitive tasks (purple). Continuous Pointing Task (CPT),
Effort-Expenditure for Rewards Task (EEfRT), Probabilistic Learning Task (PLT).
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Table 1

Participant Demographics

In-Person Online p value
(N=26) (N=1342)
Age (years)
Mean (SD) 42.3 (14.6) 39.9 (14.5) 0.426
Median [Min, Max] 38.0[20.0, 68.0] 37.0[19.0, 74.0]
Sex
Male 14 (53.8%) 166 (48.5%) 0.75
Female 12 (46.2% 176 (51.5%)
Race <0.001
Asian 0 (0%) 54 (15.8%)
American Indian/Alaska Native 0 (0%) 10 (2.9%)
Black or African American 1 (3.8%) 60 (17.5%)
More than one race 3 (11.5%) 37 (10.8%)
Unknown 1(3.8%) 0 (0%)
White 21 (80%) 181 (52.9%)
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Table 2.

Note. Number of participants = 368. CI = confidence interval; LL = lower limit; UL = upper limit.
a 0 = in-person, 1 = online; b = trial number out of 23 total trials.

EEfRT Embedded Performance Validity Tests

Embedded Effect Estimate SE 95% CI p
Performance
Validity Test LL UL
Non-response
Count model
Intercept -1.15 0.97 -3.06 0.76 0.24
Online? 2.13 0.97 0.22 4.04 0.03
Zero-inflation model
Intercept -1.74 6.01 -13.51 10.04 0.77
Online? 2.50 6.01 -9.28 14.28 0.68
Fast response
Count model
Intercept 0.47 0.46 -0.43 1.37 0.31
Online? 0.92 0.46 0.01 1.82 0.05
Zero-inflation model
Intercept 1.43 0.62 0.22 2.64 0.02
Online? -0.38 0.63 -1.61 0.85 0.54
Non-completion
Count model
Intercept 0.47 0.31 -0.13 1.07 0.13
Online? 0.88 0.31 0.28 1.49 <0.005
Zero-inflation model
Intercept 0.26 0.52 -0.76 1.29 0.62
Online? -0.44 0.54 -1.49 0.61 0.41
Mix of choices
Fixed effects
Intercept -0.32 0.28 -0.85 0.21 0.25
Online? -0.37 0.29 -0.95 0.19 0.20
Random effects
Within-participant 1.779 1.334
variance
Fatigue
Fixed effects
Intercept -0.14 0.31 -0.83 0.49 0.65
Online? -0.25 0.32 -0.88 0.50 0.21
Trial® -0.25 0.33 -0.04 0.01 0.45
Online?® * trial -0.01 0.01 -0.04 0.02 0.41
interaction
Random effects
Within-participant 1.81 1.34

variance
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Table 3.
Note. Number of observations = 8832, number of participants = 368. CI = confidence interval; LL = lower

limit; UL = upper limit.
150 — 850 points in increments of 100. ® = 12%, 50%, 88%. ¢ 0 = in-person, 1 = online.

Hard Task Choice Predicted by Reward, Probability, and Test Setting

Effect Estimate SE 95% CI p
LL UL
Fixed effects
Intercept -0.85 0.10 -1.04 -0.65 <0.001
Reward® 0.59 0.03 0.53 0.65 <0.001
Probability® 1.09 0.03 1.02 1.15 <0.001
Online® 0.13 0.10 -0.06 0.32 0.18
Reward*probability interaction 0145 0.03 0.09 0.21 <0.001
Reward*online interaction -0.08 0.03 -0.13  -0.03 <0.005
Probability*online interaction -0.03 0.03 -0.09 0.02 0.27
Random effects
Within participant variance 3.09 1.75
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Table 4.
Note. AIC = Akaike Information Criterion; BIC = Basian Information Criterion, SABIC = Sample size-
adjusted Bayesian Information Criterion, * lowest value among models.

Model Fit Indices for the Latent Profile Solutions

Model AIC BIC SBAIC Entropy
Response, 1- profile 5841 5887 5849 1.00
Response, 2 - profiles 5451* 5523%* 5463%* 1.00
Response, 3 - profiles 5465 5565 5483 0.44
Responsivity, 1- profile 5841 5887 5849 1.00
Responsivity, 2 - profiles 5366 5439 5379 1.00
Responsivity, 3 - profiles 5318* 5417* 5335% 0.95
Responsivity, 4 - profiles 5332 5458 5354 0.63
Blend with responsivity, 1 — profile 5840 5887 5848 1.00
Blend with responsivity, 2 — profiles 5682%* 5755% 5695% 0.90
Blend with responsivity, 3 - profiles 5691 5791 5709 0.60
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