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Abstract

Motivational impairment is a common feature of depression, with patients fre-
quently displaying abnormal reward evaluation or experience. Understanding
the specific type of effort that patients with depression are unwilling to exert
in effort-reward motivation tasks—whether physical or cognitive effort—is es-
sential for facilitating the restoration of social functioning. However, there is
currently a dearth of research examining how effort type (physical or cognitive
effort) influences scientific understanding. Moreover, computational modeling
methods, which possess the advantage of finely assessing motivation-related vari-
ables, have not been widely adopted in this field. Utilizing experimental meth-
ods to differentially evaluate depressed patients’ decision-making between ‘cog-
nitive effort’ and ‘physical effort,” combined with computational model-based
data analysis, to investigate motivational impairment behaviors in depression
from an effort-reward motivation perspective, can promote the elucidation of
the underlying cognitive-neural basis of this impairment.
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Abstract

Motivation deficits are a common feature of depression, with patients frequently
exhibiting abnormal reward assessment or experience. Understanding the spe-
cific type of effort that individuals with depression are unwilling to expend—
whether physical or cognitive—is crucial for helping patients restore social func-
tional activities. However, current research lacks investigation into how effort
type (physical vs. cognitive) influences study conclusions. Meanwhile, computa-
tional modeling offers the advantage of finely assessing motivation-related vari-
ables, yet this approach remains underutilized in this field. By experimentally
distinguishing and evaluating “cognitive effort” and “physical effort” decision-
making in depressed patients and integrating computational modeling for data
analysis, we can explore motivational deficits from an effort-reward perspective
and illuminate their underlying cognitive-neural mechanisms.

Keywords: Depression, anhedonia, motivation deficits, physical effort, cogni-
tive effort, computational modeling

As a common mental disorder, depression has reached a global prevalence of
5% and is projected to become the leading cause of disease burden worldwide
(WHO, 2023). Clinically, patients with depression typically exhibit low mood,
loss of interest in previously enjoyable activities, sleep disturbances, appetite
changes, fatigue or low energy, difficulty concentrating, and suicidal ideation
(American Psychiatric Association, 2013). Additionally, a large-scale domestic
survey revealed that nearly two-thirds of patients with depression experience
impaired social functioning, including inability to study, work, or participate in
social activities normally (Lu et al., 2021).

Anhedonia—a core symptom of depression—may be a primary factor affecting
social functional activities in depressed patients. Individuals with anhedonia
often lose interest in attractive stimuli and lack motivation to obtain rewards,
creating difficulties in daily life (American Psychiatric Association, 2013). Re-
searchers commonly distinguish between anticipatory and consummatory anhe-
donia: the former refers to lack of interest in anticipated pleasurable activities,
while the latter refers to reduced pleasure during ongoing activities (Gard et
al., 2006). Both types influence an individual’s willingness to expend effort for
further action. Specifically, individuals with high anticipatory anhedonia show
disinterest in anticipated rewards and are thus unwilling to expend effort to
engage in reward-seeking activities. Those with high consummatory anhedonia
experience little pleasure when obtaining rewards, reducing their future willing-
ness to expend effort for similar activities. This willingness to expend effort
for rewards is considered a motivational behavior known as effort-based reward
motivation (Chong et al., 2016).

Although research shows that deficits in effort-based reward motivation can af-
fect depression treatment and progression, existing findings on the nature and
strength of the association between depression and effort-reward motivation re-
main ambiguous (Horne et al., 2021). Some studies measure physical effort as
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a motivational indicator, such as the number of button presses within a time
limit (Giustiniani et al., 2020; Racine et al., 2019; Wilhelm et al., 2021), while
others use cognitive effort, such as performance on short-term letter or number
memory tasks (Clay et al., 2022; Soutschek & Tobler, 2020; Xie & Zhang, 2023).
Understanding whether depressed patients are unwilling to expend physical ef-
fort, cognitive effort, or both is important because it indicates which functional
activities in daily life—such as work and family—may be impaired. For instance,
individuals who prefer staying home versus those who feel mentally empty and
sluggish may correspond to physical and cognitive effort deficits, respectively.
However, few studies have examined how methodological features, such as dif-
ferent effort types (physical vs. cognitive) or task instructions, might influence
research conclusions.

Computational modeling, an emerging and promising research method, has
seen preliminary application in mental illness research. Compared to subjec-
tive scales and traditional experimental measurements that use average values
to estimate overall states, computational modeling employs trial-by-trial anal-
ysis, using mathematical parameters to quantify changes in effort willingness
during experimental tasks, enabling more refined and objective assessment of
motivational behavior in depressed individuals (Huys et al., 2021). Moreover,
computational models contain many free parameters derived from observed data
through mathematical functions, allowing quantitative assessment of complex
cognitive processes that cannot be directly measured. This offers significant ad-
vantages for understanding complex, multi-component psychological constructs
like reward and motivation. Currently, few studies combine computational mod-
eling with laboratory-based effort-reward motivation assessment, making it nec-
essary to evaluate the characteristics and limitations of common computational
modeling approaches to promote broader application in depression research.

To advance understanding of the relationship between depression and reward
motivation—including how effort type (physical vs. cognitive) may differentially
impact the disease—this paper reviews laboratory assessment methods for effort-
reward motivation in depression, computational modeling approaches, and pre-
liminary applications combining these methods. Based on this foundation, we
discuss potential issues in computational modeling research paradigms and iden-
tify important future research directions.

1. Experimental Measurement Methods for “Physical Ef-
fort” and “Cognitive Effort” in Depression

Previous laboratory studies assessing effort-based reward acquisition have typi-
cally categorized effort into “physical effort” and “cognitive effort” based on its
source—whether somatic or mental (Steele, 2020). A few studies have distin-
guished between subjective and objective effort (Kurzban et al., 2013; Rewitz et
al., 2023), but this approach is rarely used and will be omitted here for brevity.
Research comparing whether physical and cognitive effort differentially impact
motivational goal attainment is currently lacking. Below, we briefly introduce
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common paradigms for measuring physical and cognitive effort to clarify their
differences.

For physical effort measurement, studies commonly use brief keyboard button-
pressing tasks (hereafter “button-press tasks”) or hand dynamometers to assess
grip strength (hereafter “handgrip tasks”) to quantify willingness to expend
physical effort. For cognitive effort, researchers typically use working memory,
digit judgment, task-switching, and conflict inhibition tasks to measure willing-
ness to expend mental effort.

1.1 Physical Effort Measurement Methods

The most common physical effort assessment is the Effort-Expenditure for Re-
wards Task (EEfRT) developed by Treadway et al. (2009, 2012). In this task,
participants choose between a “difficult task” (pressing a button 100 times with
the pinky finger within 21 seconds) and an “easy task” (pressing a button 30
times with the index finger within 7 seconds). They are informed that the diffi-
cult task yields higher, variable rewards, while the easy task provides fixed, low
rewards. To enhance ecological validity, rewards are probabilistic (low, medium,
or high probability, e.g., 12%, 50%, 88%) rather than guaranteed upon task
completion. This task has been widely used in depression motivation research
(Berwian et al., 2020; Bi et al., 2022; Park et al., 2017; Yang et al., 2014, 2016).

Subsequent variations include the Effort-Cost Computation Task (Berwian et
al., 2020), Modified Effort-Expenditure for Rewards Task (Bi et al., 2022), and
Effort-Based Reinforcement Task (Park et al., 2017). The Effort-Cost Compu-
tation Task adjusted button-press requirements and high-reward settings. The
Modified Effort-Expenditure for Rewards Task altered difficulty levels by adding
multiple difficult task options. The Effort-Based Reinforcement Task differs by
assessing effort to avoid reward loss rather than to obtain rewards (Park et al.,
2017).

Another common method is the handgrip task, which uses a dynamometer (e.g.,
BIOPAC hardware modules, www.biopac.com) to record grip strength as a mea-
sure of physical effort. Common paradigms in depression research include simple
handgrip tasks requiring brief maximal squeezing for reward (Cléry-Melin et al.,
2011; Vinckier et al., 2022) and reward-decision handgrip tasks that first mea-
sure each participant’s Maximum Voluntary Contraction (MVC—the average
or maximum grip force over a short period), then require choosing between
high-effort options (squeezing at 40%-100% MVC) and low-effort options (no
squeezing, 0% MVC) (Cathomas et al., 2021).

Other physical effort tasks include the Progressive Ratio Task, Effort-Reward
Picture Task, and Effort Doors Task (Bowyer et al., 2023; Klawohn et al., 2022;
Sherdell et al., 2012).
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1.2 Cognitive Effort Measurement Methods

Common cognitive effort tasks are adapted from the N-back working memory
task. The N-back task presents a series of letters or numbers on a computer
screen, requiring participants to recall the item presented N trials back (e.g.,
1, 2, 3). Larger N values indicate greater memory difficulty. Westbrook et
al. (2020) adapted this into the Cognitive Effort Discount Task for assessing
cognitive effort in depression. In this task, participants choose between difficult
and easy N-back tasks, with difficult tasks offering higher rewards.

The Cognitive Effort Motivation Task, developed more recently by Ang et
al. (2022), presents participants with high-effort options (accurately recalling
positions of multiple squares) and low-effort options (recalling position of a sin-
gle square). High-effort choices yield variable, high rewards, while low-effort
choices provide fixed, low rewards.

Additional cognitive effort tasks include the Cognitive Effort Deck Choice Task,
Cognitive Performance Task, Computerized Cognitive Task, and Progressive

Ratio Task, which use task-switching or number comparison to assess cognitive
effort (Bowyer et al., 2023; Klawohn et al., 2022; Sherdell et al., 2012).

1.3 Relevant Behavioral Studies

Studies using physical effort tasks typically measure the probability of choosing
“high-reward, high-effort” options to assess effort expenditure for rewards. Two
studies using the EEfRT task found that depressed patients were less willing
than healthy individuals to expend physical effort for rewards (Treadway et
al., 2009; Yang et al., 2014). Similar findings were reported using simple hand-
grip tasks (Vinckier et al., 2022). However, studies using other physical effort
paradigms (e.g., Effort-Reward Picture Task, Progressive Ratio Task) found no
differences between depressed patients (Klawohn et al., 2022; Sherdell et al.,
2012; Cléry-Melin et al., 2011), remitted patients (Yang et al., 2014), or college
students with high depressive symptoms (Bi et al., 2022) and healthy controls.

Studies using cognitive effort tasks measure selection of high-effort cognitive ac-
tivities. Hershenberg et al. (2016) and Wood-Ross et al. (2021) found that while
healthy individuals willingly attempted cognitively demanding tasks, depressed
patients preferred easier tasks, indicating reduced willingness to expend cogni-
tive effort for rewards (Hammar et al., 2011; Wood-Ross et al., 2021). However,
two other studies using different cognitive effort tasks found no such differences
(Barch et al., 2023; Hershenberg et al., 2016). Notably, conventional cognitive
effort tasks (e.g., N-back, Computerized Cognitive Task) primarily assess mem-
ory capacity, whereas Hammar et al. assessed executive function and Barch et
al. assessed response capacity, which may contribute to divergent findings.

Some studies simultaneously assessed both physical and cognitive effort to ex-
amine relationships with depressive symptoms (Tran et al., 2021; Vinckier et
al., 2022). Higher anhedonia severity correlated with lower motivation for phys-
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ical activity, but no association was found with cognitive activity motivation
(Tran et al., 2021). Compared to healthy individuals, depressed patients showed
greater sensitivity to physical than cognitive effort, suggesting stronger aversion
to physical effort expenditure (Vinckier et al., 2022).

2. Computational Modeling Methods for Motivation
Deficits in Depression

Computational modeling is an emerging assessment method in mental illness
research (Huys et al., 2021). Its advantages include: (1) Unlike traditional
methods that use mean reaction times or accuracy as behavioral measures, com-
putational modeling can weigh trial-by-trial variations through free parameters
(Adams et al., 2015) and quantify inter-trial behavioral adjustments, dynam-
ically capturing behavioral changes during task performance (Clairis & Pes-
siglione, 2024); (2) It provides a more comprehensive understanding of behav-
ioral characteristics (Robinson & Chase, 2017). While traditional analyses
examine single dimensions (e.g., reaction time or choice behavior), computa-
tional models like the drift-diffusion model integrate choice and reaction time
data for deeper insights (Ratcliff et al., 2016); (3) Combining computational
modeling with neuroimaging can reveal the cognitive-neural basis of behavioral
changes (Husain & Roiser, 2018). Traditional methods correlate neural and
behavioral measures at the individual level, whereas computational modeling
can link model parameters representing specific cognitive processes to neural
measures at both individual and trial-by-trial levels, explaining dynamic neural
activity changes.

Given the interdisciplinary nature of computational modeling, different fields
employ varying approaches. Below, we focus on models applicable to depres-
sion motivation research and their measurement content, while also reviewing
compatible effort-reward experimental paradigms to guide future research.

2.1 Theoretical Foundations of Computational Models

Models for assessing motivation deficits in depression include conventional
function models (linear, hyperbolic, parabolic, exponential), net value and
effort-cost-benefit optimization models, drift-diffusion models, and reinforce-
ment learning models. Function and optimization models are based on
cost-benefit framework theory, where behavior aims to obtain rewards (bene-
fits) requiring effort (costs), with net value equaling reward minus effort cost
(Pessiglione et al., 2018). Drift-diffusion theory posits that decision-making
involves information accumulation until a threshold is reached (Ratcliff et
al., 2016). Reinforcement learning theory suggests individuals learn from
environmental feedback to adjust behavior for maximal reward (Chen et al.,
2015; Pike & Robinson, 2022).

Function models are most widely applicable to the physical and cognitive effort
tasks described above. Net value models have narrower application, currently
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used in only a few depression studies examining physical effort (e.g., Vinckier et
al., 2022). Drift-diffusion models offer flexibility for exploring cognitive decision-
making. Reinforcement learning models can be applied to most physical and
cognitive effort tasks to examine how past feedback influences reward learning.
These complementary models facilitate comprehensive understanding of effort-
reward processes from different perspectives.

Computational models contain free parameters derived from observed data that
represent specific cognitive processes and behavioral characteristics (Husain &
Roiser, 2018). Below, we introduce key parameters relevant to depression re-
search to guide model selection.

2.2 Conventional Function Models

Depression research often examines how much individuals care about effort ex-
penditure (Berwian et al., 2020; Vinckier et al., 2022). Generally, individuals
evaluate target activities; greater concern about required effort reduces willing-
ness to engage (Miiller et al., 2022). In function models, the free parameter k
represents effort sensitivity, weighting effort’s impact on behavior and termed
“effort discounting” (Aridan et al., 2019; Arulpragasam et al., 2018). This pa-
rameter is a key focus in depression effort-reward motivation research. Larger
k values indicate lower subjective value of the target task, greater value devalu-
ation (discounting), and higher effort sensitivity (Aridan et al., 2019; Arulpra-
gasam et al., 2018). Common models include linear, hyperbolic, parabolic, and
exponential functions:

Linear function: SV(t) = R(t) * (1 - k * E(t))
Hyperbolic function: SV(t) = R(t) / (1 + k * E(t))
Parabolic function: SV(t) = R(t) - k * E(t)
Exponential function: SV(t) = R(t) * ¢ (-k * E(t))

Where SV(t) represents subjective value per trial ¢, R(t) represents reward value,
E(t) represents effort level, k is the free parameter representing effort’s impact,
and e is Euler’s number (~2.718281828).

Studies also examine reward value (R), effort level (E), and subjective value
(SV) (Ang et al., 2022; Chong et al., 2017). Reward and effort levels are prede-
termined by experimenters, representing potential rewards (typically monetary
amounts) and required effort (typically graded effort levels). Subjective value
represents the individual’s valuation of the reward.

2.3 Net Value and Effort-Cost-Benefit Optimization Model

This model includes additional free parameters beyond effort sensitivity, en-
abling examination of broader factors like fatigue state impact on behavior (Le
Bouc et al., 2016; Vinckier et al., 2022).

The model posits that individuals evaluate effort costs and benefits (rewards),
calculating net value as benefit minus cost (Le Bouc et al., 2016; Vinckier et
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al., 2022). Positive net value indicates willingness to expend effort for reward,;
negative net value indicates unwillingness. The formula is:

Net value: V(Fi) = (1 + kr * R) * Fi - (ke * Fi / (1 - Fi)) * (1 + kf * T)

Benefit value is proportional to reward (R) and reward sensitivity (free param-
eter kr). Larger kr indicates higher assessed benefit value. Effort sensitivity
is represented by free parameter kc; larger values indicate higher sensitivity.
Fatigue impact on effort cost is weighted by free parameter kf; larger values
indicate greater fatigue sensitivity (Le Bouc et al., 2016; Vinckier et al., 2022).

2.4 Drift-Diffusion Model

The drift-diffusion model, commonly used in economic decision-making research,
offers richer parameters than conventional function models (Cataldo et al., 2023;
Grange, 2022). Recent studies have applied it to abnormal motivation in depres-
sion to deepen understanding of cognitive decision-making deficits (Berwian et
al., 2020).

This model views decision-making as an information accumulation process that
triggers when accumulated evidence reaches a decision boundary (Ratcliff et al.,
2016). Key parameters include starting point, boundary threshold, and drift
rate. In depression research, the starting point represents baseline preference
for “high-effort, high-reward” options; boundary threshold represents required
information accumulation for different options; drift rate represents information
accumulation speed. Higher drift rates indicate faster accumulation of informa-
tion favoring high-effort, high-reward options and greater preference for them
(Berwian et al., 2020).

The model estimates reward sensitivity (free parameter Srew) and effort sensi-
tivity (free parameter Seff) by linking drift rate (v) to reward (R) and effort
(B):

Drift rate: v = frew * R - Beff * E

Larger Srew indicates greater reward sensitivity; larger Seff indicates greater
effort sensitivity.

2.5 Reinforcement Learning Model

Unlike previous models focusing on individual-level parameters, reinforcement
learning models consider inter-trial variability, flexibly describing how individ-
uals learn from past feedback and plan future actions. Key parameters include
prediction error (PE) and learning rate. PE reflects whether current information
(reward or effort) is better or worse than expected (Chen et al., 2015). Learning
rate reflects the magnitude of adjustment when updating value functions using
PE.

The most commonly used model-free reinforcement learning approach is the
Rescorla-Wagner model, which assumes current trial value equals previous trial
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value plus the product of learning rate and PE. PE is determined by the differ-
ence between received and expected reward. For more details, see Sutton and
Barto (2018).

3. Application of Computational Models in Depression
“Physical Effort” and “Cognitive Effort” Research

Few studies have applied computational modeling to depression effort-reward
research. Recent preliminary studies have primarily focused on characterizing
physical or cognitive effort sensitivity in depressed patients, with rare examina-
tion of other factors like reward information or fatigue. These studies reveal
interesting findings and unresolved issues warranting further exploration.

Two 2020 and 2022 studies using computational paradigms showed elevated
physical effort sensitivity in depression (Berwian et al., 2020; Vinckier et al.,
2022) . Vinckier et al. used the net value and effort-cost-benefit optimization
model to assess physical effort sensitivity during a simple handgrip task. Com-
pared to healthy individuals, depressed patients showed higher physical effort
sensitivity (parameter kc), which correlated significantly with subjectively re-
ported apathy symptoms. Remitted patients also showed elevated physical effort
sensitivity. Berwian et al. used the drift-diffusion model to assess physical ef-
fort sensitivity in remitted patients performing an effort-cost computation task,
finding significantly higher effort sensitivity (parameter Seff) than in healthy
controls (Berwian et al., 2020).

Two 2022 studies using function models to assess cognitive effort sensitivity
showed similar results (Ang et al., 2022; Westbrook et al., 2022). Ang et al. used
function models with a cognitive effort motivation task, finding higher cognitive
effort sensitivity (parameter k) in patients versus healthy controls. Westbrook
et al. used the N-back cognitive effort task with function model fitting, also
showing higher effort sensitivity (parameter k) in depressed patients. These
findings indicate that depressed patients are less willing than healthy individuals
to expend both physical and cognitive effort for rewards.

One 2021 study using function models and a handgrip task found no difference
in physical effort sensitivity between depressed patients and healthy controls
(Cathomas et al., 2021). However, this study included only medicated, stable
patients with long illness duration (average 3 episodes) and a small healthy
control sample (n=18), making it difficult to rule out medication effects or
sample size limitations.

Notably, the studies by Vinckier et al. and Berwian et al. are distinctive for
analyzing additional factors like reward and fatigue impacts. While Vinckier et
al. found higher effort sensitivity in patients, they observed no group differences
in reward or fatigue sensitivity (parameters kr and kf). Similarly, Berwian
et al. found group differences in effort sensitivity but not reward sensitivity.
These results suggest effort sensitivity may have greater influence than reward
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information or fatigue on goal-directed behavior. However, since all three fac-
tors affect real-world behavior and are interrelated, future research should use
computational modeling with appropriate measures to verify these findings.

Notably, depression effort-reward computational modeling studies have focused
on individual-level parameters, with limited attention to trial-level parameters.
However, reinforcement learning studies in healthy populations offer directions
for future depression research. Two studies using reinforcement learning models
with physical effort tasks found that positive PE increased learning rates while
negative PE decreased them (Jarvis et al., 2022), and that reward informa-
tion was learned faster than effort information, suggesting greater sensitivity to
rewards (Skvortsova et al., 2014). Studies of cognitive effort in healthy popula-
tions found that individuals adjust PE and learning rates to influence updating
of cognitive effort cost expectations, affecting effort learning processes (Sayal
& Badre, 2021; Silva et al., 2023).

4. Cognitive Neuroscience Studies of “Physical Effort” and
“Cognitive Effort” in Depression

In contrast to the limited computational modeling studies, numerous traditional
experimental studies have examined cognitive-neural correlates of motivation
deficits in depression. While many have assessed physical and cognitive effort-
related performance, findings are often inconsistent. Neurophysiological studies
have focused more on physical than cognitive effort. Below, we review tra-
ditional studies exploring physical and cognitive effort in depression, as well
as studies combining computational modeling with cognitive neuroscience tech-
niques.

4.1 Neural Activity Studies of Physical and Cognitive Effort in De-
pression

Imaging studies show abnormal brain activity during physical effort decision-
making in depression, primarily involving prefrontal cortex, striatum, cingulate
cortex, and insula (Bi et al., 2022; Park et al., 2017; Rzepa et al., 2017; Rzepa &
McCabe, 2019; Yang et al., 2016). For example, Yang et al. (2016) found reduced
responses in left caudate, left superior temporal gyrus, and right caudate, plus
frontal and cingulate abnormalities during a button-press effort-reward task.
Park et al. (2017) found abnormal ventral tegmental area-substantia nigra con-
nectivity and reduced striatal-orbitofrontal cortex connectivity during an effort-
based reinforcement task. Recent studies also found reduced insula activation
in college students with high depressive symptoms and adolescent patients (Bi
et al., 2022; Rzepa & McCabe, 2019).

EEG studies show abnormal brain activity during effort-reward processing in
depression. Bowyer et al. used the effort-doors task and found reduced P300,
Stimulus-Preceding Negativity (SPN), and Reward-Positivity (RewP) in de-
pressed patients. Since SPN relates to outcome anticipation and RewP to re-
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ward/punishment responses, this suggests reduced outcome sensitivity. P300,
related to attention allocation to effort information, suggests reduced attention
to effort cues. In cognitive effort, Wood-Ross et al. found increased EEG alpha
power during a computerized cognitive task, which, given alpha’s association
with reduced attention, suggests attentional deficits during effort-reward moti-
vation (Wood-Ross et al., 2021).

In summary, depressed patients show abnormal physical and cognitive effort be-
haviors, with physical effort deficits potentially more severe than cognitive ones.
However, inconsistent findings may stem from different paradigms, particularly
variations in physical vs. cognitive effort assessment. Additionally, motivation
deficits likely vary by depression severity, making sample characteristics impor-
tant factors. Patients also show abnormal neural activity in prefrontal cortex,
striatum, anterior cingulate, and insula related to effort motivation deficits. Fu-
ture research should combine EEG and fMRI to investigate physiological mecha-
nisms of cognitive and physical effort motivation deficits and compare potential
differences.

4.2 Studies Combining Computational Modeling with Cognitive Neu-
roscience

Studies combining computational modeling with neuroimaging to assess physical
and cognitive effort have primarily used healthy samples.

Some studies used function-model-based computational approaches to investi-
gate neural substrates. Arulpragasam et al. (2018) with physical effort tasks
and Westbrook et al. (2019) with cognitive effort tasks both found ventrome-
dial prefrontal cortex (vinPFC) involvement in integrating effort cost processing
and encoding effort-related subjective value. Other studies found anterior cin-
gulate cortex, ventral striatum, and dorsomedial prefrontal cortex (dmPFC)
also encode effort-related subjective value during physical effort tasks (Aridan
et al., 2019; Bernacer et al., 2019a, 2019b; Goh et al., 2021; Hogan et al., 2019;
Lockwood et al., 2022; Suzuki et al., 2021; Yao et al., 2023). One study compar-
ing physical and cognitive effort found both activated similar regions including
dmPFC, dorsolateral prefrontal cortex, intraparietal sulcus, and anterior insula,
which correlated with reward and effort sensitivity. Notably, amygdala activ-
ity correlated only with reward sensitivity during cognitive effort, suggesting a
unique role in cognitive reward processing (Chong et al., 2017).

Reinforcement-learning-based computational studies in healthy populations
found vimPFC and anterior insula activity correlated with reward and effort
prediction errors, respectively, during physical effort tasks (Skvortsova et
al., 2014). During cognitive effort, frontoparietal networks encoded effort
prediction errors (Sayal & Badre, 2021). Another recent study using both
effort types found similar activation in vinPFC and dmPFC, with vmPFC
involved in value encoding and dmPFC in effort control (Clairis & Pessiglione,
2024).
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Studies also examined fatigue effects on physical effort. Hogan et al. (2020)
used function models to show motor and somatosensory cortex involvement in
effort cost valuation during fatigue. Miiller et al. (2021) combined reinforcement
learning and function models, finding middle frontal gyrus and cingulate activity
related to effort cost valuation during fatigue.

Recent notable studies used non-invasive brain stimulation (e.g., transcranial
magnetic stimulation, transcranial alternating current stimulation) with com-
putational modeling to assess how brain activity changes affect physical and
cognitive effort.

Soutschek & Tobler (2020) used TMS with function models during a cognitive
effort task, finding that inhibiting dorsolateral prefrontal cortex (DLPFC) in-
creased effort sensitivity and reduced post-effort fatigue. Soutschek et al. (2022)
used tACS with Bayesian drift-diffusion models, finding that theta tACS over
dmPFC increased preference for high-reward, high-effort options, enhancing will-
ingness to expend cognitive effort for rewards.

Bi et al. (2024) combined TMS, EEG, and function models in depressed patients
performing a physical effort task, finding that activating left DLPFC reduced
effort sensitivity and increased P300, Contingent Negative Variation (CNV),
and SPN amplitudes. This suggests enhanced left DLPFC activity may im-
prove attention to effort/reward information, motor preparation, and reward
anticipation in depression.

Thus, computational modeling of effort-reward neural substrates has focused
primarily on healthy populations, with few studies in depressed patients (Bi et
al., 2024). Computational modeling’s flexible parameters can help distinguish
brain activity related to different reward motivation subcomponents, advancing
understanding of the neural basis of motivation deficits as a core depressive
symptom. Non-invasive brain stimulation is both a research tool and clinical
treatment for depression. Future research combining brain stimulation, neu-
roimaging, electrophysiology, and computational modeling could examine pre-
and post-intervention brain changes, benefiting clinical treatment.

5. Current Issues in Research

Existing studies combining computational modeling with physical or cognitive
effort paradigms have preliminarily examined behavioral and neural mechanisms
of motivation deficits in depression. Computational modeling’s advantages in
finely assessing motivation variables and dynamic states can illuminate under-
lying cognitive-neural mechanisms. However, several issues remain.

First, inconsistent experimental paradigms across studies—varying in effort lev-
els, reward magnitudes, and stimulus materials—may lead to inconsistent con-
clusions. Many designs inadequately consider individual differences in effort
capacity. Some physical effort paradigms allow personalized effort level cali-
bration, such as measuring individual MVC for handgrip tasks, accounting for
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physical strength differences. However, most cognitive effort tasks use objective
difficulty standards (e.g., number of digits to remember) without considering
baseline cognitive ability or capacity limits. Inappropriate difficulty levels (too
easy or too hard) can produce ceiling or floor effects, obscuring group differ-
ences. Future research could adopt sophisticated algorithms like Computerized
Adaptive Testing (He et al., 2022) to efficiently estimate individual cognitive
capacity and assign appropriate difficulty levels, avoiding ceiling/floor effects.

Second, most studies examine only physical or cognitive effort, with few assess-
ing both (Chong et al., 2017; Clairis & Pessiglione, 2024; Matthews et al., 2023;
Tran et al., 2021; Vinckier et al., 2022). However, physical and cognitive effort
unwillingness may interact throughout reward motivation processes. Future re-
search should assess both effort types in the same sample, using computational
modeling to quantify effort-related variables and determine whether different
effort types have similar or distinct disease impacts. Additionally, few studies
assess how other symptoms affect motivation deficits. Fatigue, another im-
portant depressive symptom (American Psychiatric Association, 2013), reduces
effort-reward willingness (Hogan et al., 2020; Iodice et al., 2017). Negative self-
bias may also affect motivation, as patients may believe they lack ability to
obtain rewards despite effort (LeMoult & Gotlib, 2019). Future research should
examine how clinical features like fatigue and negative bias influence motivation
deficits for a more comprehensive understanding.

Finally, current computational models primarily use cost-benefit frameworks
that treat effort as a cost factor, neglecting effort’s motivational potential (In-
zlicht et al., 2018; Yiet al., 2019). Individuals may view high effort as a challenge
worth pursuing for high rewards. The reliance on single theoretical frameworks
limits model diversity. While effort sensitivity is a key parameter, motivation
is complex and cannot be fully explained by single metrics. Future research
should apply diverse computational models (e.g., Bayesian, active inference,
reinforcement learning) using additional sensitive measures like reinforcement
learning’s effort discounting or learning rate parameters (Jarvis et al., 2022)
to capture trial-by-trial motivational changes, providing more comprehensive
understanding of depression’s motivational deficits.

6. Summary

Motivation deficits are a crucial clinical feature of depression, severely impacting
treatment, recovery, and social functioning. Laboratory methods distinguishing
physical and cognitive effort, combined with computational modeling, enable
deeper investigation of motivational deficits. Findings show depressed patients
exhibit both physical and cognitive effort impairments compared to healthy indi-
viduals, with associated abnormal neural activity in prefrontal cortex, striatum,
anterior cingulate, and insula, potentially underlying unwillingness to expend
effort for rewards.

Traditional anhedonia research has examined reward anticipation, consumption,
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and learning (Berridge & Robinson, 2003). However, Treadway and Zald (2011)
argue that understanding anhedonia’s neurophysiological basis requires examin-
ing continuous behavioral responses throughout reward processing, not just sin-
gle stages. They propose that both anticipatory and consummatory anhedonia
may cause decision-making deficits, leading individuals to overestimate costs,
underestimate benefits, or fail to integrate cost-benefit information, resulting in
abnormal selection behavior. From this perspective, anhedonia can be viewed
as impaired “effort-reward decision-making” (Treadway & Zald, 2011). This
framework differs from traditional approaches by focusing on the entire reward
processing sequence. Whether physical and cognitive effort share common or
distinct neural substrates remains uncertain due to limited research (Tran et
al., 2021; Vinckier et al., 2022).

Computational modeling offers significant value for exploring effort-reward mo-
tivation. Its flexible parameters can assess both traditional measures (reward
sensitivity, value assessment, learning) (Chong et al., 2017; Clairis & Pessiglione,
2024) and underexplored factors like fatigue (Matthews et al., 2023; Miiller et
al., 2021), greatly expanding research scope. Combining this approach with neu-
roimaging, electrophysiology, and brain stimulation in clinical populations can
help understand not only anhedonia’s neural basis but also whether related psy-
chopathological features like cognitive impairment and psychomotor retardation
have distinct neural patterns (Horne et al., 2021).

Future directions include: (1) Combining computational modeling with neuro-
physiological or neuroimaging methods to clarify cognitive effort abnormalities,
as cognitive effort research remains limited; (2) Investigating effort behavior dif-
ferences across disease stages (acute vs. remitted) to assess impacts of severity
and cognitive impairment; (3) Applying key computational metrics (e.g., effort
sensitivity) clinically to precisely assess physical and cognitive effort deficits and
guide psychotherapy selection—cognitive behavioral therapy may benefit those
with severe cognitive effort deficits, while behavioral activation may help those
with physical effort deficits (Huibers et al., 2021; Richards et al., 2016); (4)
Developing more computational assessment indicators to examine relationships
between effort-reward motivation deficits and treatment outcomes, facilitating
development of more effective psychotherapies to restore social functioning.
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