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Abstract 

Background  Anhedonia—a core symptom of major depressive disorder (MDD)—is closely related to diminished 
reward sensitivity. Nonetheless, the psychopathological and computational mechanism underlying anhedonia 
in young patients with MDD remains unclear. Therefore, this study aims to investigate reward sensitivity in adolescents 
and young adults with MDD using computational modelling.

Methods  Overall, 70 patients with MDD and 54 age- and sex-matched healthy controls (HC) completed a proba-
bilistic reward task (PRT) to assess their general behavioral inclination towards more frequently reinforced stimuli 
(i.e., “response bias”). Bayesian hierarchical drift diffusion modeling (HDDM) was employed to determine changes 
in reward sensitivity and computational process during decision-making.

Results  Adolescents with depression showed a trend toward reduced response bias compared to those in HC. 
HDDM analysis revealed wider decision thresholds in both adolescents and young adults with MDD group. Adoles-
cents with MDD exhibited significantly lower drift rates and reduced starting point bias compared to those in HC. 
Higher anhedonia levels were linked to lower drift rates and wider decision thresholds. Additionally, increased discrim-
inability correlated with higher drift rates, while higher response bias was linked to larger starting points.

Conclusions  Our findings suggest that reduced reward sensitivity and slower evidence accumulation during reward 
learning may serve as potential indicators of anhedonia in adolescents with MDD. These findings provided crucial 
insights into the dysregulated positive affect model, underscoring a dysfunctional reward system as a key factor 
in anhedonia developmental psychopathology in depression.
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Introduction
Major depressive disorder (MDD) is a prevalent men-
tal health condition characterized by severe affective 
symptoms and functional impairments [1]. Its incidence 
rises sharply during adolescence and young adulthood, 
marked by rapid psychological and neurological devel-
opment [2, 3]. Adolescent-onset depression significantly 
affects mental and social functioning, increasing mortal-
ity, disability, and recurrence rates in adulthood [4–6]. 
Anhedonia, defined as a reduced interest or pleasure, is 
a core symptom of MDD and a hallmark of adolescent 
depression [7]. The Research Domain Criteria (RDoC) 
framework integrates reward-related components into 
the Positive Valence Systems (PVS), recognizing reward 
learning as a key component linked to anhedonia [8]. 
Accumulating studies have shown that diminished 
reward sensitivity may be an anhedonia marker [9, 10]. 
Therefore, understanding the age-specific mechanisms of 
reward sensitivity and anhedonia in MDD could develop 
targeted interventions that improve treatment outcomes 
in adolescents and young adults.

Emerging research has suggested that anhedonia may 
result from reduced sensitivity to rewarding information 
during the reinforcement probabilistic learning phase 
[11]. Reward sensitivity— the degree of responsiveness to 
rewards [12]—is objectively measured using a probabil-
istic reward task (PRT) based on signal detection theory. 
In the PRT, participants are presented with two types of 
stimuli, one rewarded more frequently than the other. 
Response bias, an indicator of reward sensitivity, is used 
to assess the preference of an individual for identifying 
the stimulus with a more frequent reward [13]. Consist-
ent findings from PRT studies in adult depression reveal 
a significant reduction in reward sensitivity, indicated by 
a diminished response bias compared to healthy individ-
uals [13–16]. This reduction is particularly pronounced 
among patients with MDD with heightened anhedonia 
symptoms, with more severe decreases observed as the 
task progresses [17].

Research on reduced reward sensitivity in adult MDD 
has provided valuable insights into the psychopathol-
ogy of anhedonia. However, evidence has demonstrated 
that reward dysfunction in depression may be more pro-
nounced during adolescence than in later stages of life 
[18]. Adolescence is marked by heightened reward-seek-
ing behaviors and impulsivity during the critical devel-
opmental period [10]. Unlike the slower responses and 
more generalized blunted reward sensitivity observed in 
adults, studies on adolescent depression show faster deci-
sion-making responses but reduced response bias under 
high-probability reward conditions compared to that of 
healthy controls (HC) [19, 20]. This period is also charac-
terized by rapid neurological and psychological changes, 

alongside neural circuit imbalances that increase the 
risk of affective disorders [21]. The dysregulated positive 
affect theory suggests that adolescents with depression 
experience reduced positive affect and abnormal reward 
processing related to these developmental changes, 
increasing susceptibility to anhedonia and depression 
[22, 23]. Reward function deficits (e.g., reduced stri-
atal activation to reward) may appear before depressive 
episodes, indicating that atypical maturation of reward 
circuits contributes to the vulnerability in reward pro-
cessing [24]. To date, there is limited research on reward 
sensitivity in adolescents with MDD, and the mecha-
nisms underlying this sensitivity remain unclear.

The Drift Diffusion Model (DDM) provides a robust 
framework for analyzing reward-based decision-making 
processes in the PRT. Compared to traditional analysis 
on mean behavioral metrics, the DDM models suggest 
that decision-making involves a constant internal pro-
cess where evidence accumulates towards one of two 
responses. It deconstructs response time distributions 
and choice accuracy across trials into key cognitive com-
ponents: drift rate (v), representing evidence accumula-
tion rate towards a decision; decision threshold (α), the 
amount of evidence required to make a decision; non-
decision time (t), accounting for unrelated processes such 
as visual and motor responses; and starting point bias 
(z), indicating initial bias in evidence accumulation [25]. 
The DDM quantifies how changes in reward processing 
influence decision-making behavior, enabling the explo-
ration of age-related variations in reward processing and 
the identification of potential decision-making deficits 
across age groups. For instance, the drift rate indicates 
the speed of evidence accumulation and reflects the rate 
and quality of information processing, with a lower drift 
rate indicating less efficiency of evidence accumulation; 
while the threshold represents the distance between 
the two boundaries, with a higher threshold indicating 
greater caution or uncertainty, requiring more evidence 
to make a decision [25–27]. To our knowledge, few stud-
ies have employed the HDDM approach to reward pro-
cessing, primarily focusing on adult depression, revealing 
that adults with depression exhibit a slower and less 
efficient evidence accumulation process, reflected by 
reduced drift rates [28, 29]. Recent research investigat-
ing girls during late childhood and early adolescence 
found that higher levels of depression were associated 
with reduced drift rates and lower starting points for 
frequently received rewards, indicating a need for more 
evidence to make decisions [30, 31]. These findings pro-
vided insights and evidence to explore the mechanisms 
of reward sensitivity in adolescent with MDD and sug-
gested that slowed evidence accumulation might underlie 
the failure to develop response bias. However, no studies 
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have directly compared reward sensitivity between adults 
and adolescents with MDD alongside age-matched con-
trol groups. Therefore, this study aimed to investigate 
these age-specific mechanisms by focusing on the rela-
tionship between reward sensitivity and anhedonia in a 
population of young individuals with depression.

In this study, HDDM was employed to investigate alter-
ations in reward sensitivity and its underlying computa-
tional mechanisms in adolescents and young adults with 
MDD. Based on prior research, we hypothesized that 
adolescents and young adults with MDD would demon-
strate reduced response bias and slower evidence accu-
mulation during reward learning compared to those in 
HC, with more pronounced impairments in adolescents 
with depression.

Material and methods
Participants
Seventy-seven patients, comprising 41 adolescents 
(aged 12–18) and 36 young adults (aged 19–25) with 
MDD, from Shanghai Mental Health Center and Shang-
hai Pudong Mental Health Center were enrolled in 
this study. All participants met the criteria for MDD as 
defined by the Diagnostic and Statistical Manual of the 
American Psychiatric Association, Fifth Edition (DSM-
5). Additionally, 69 healthy individuals were recruited 
from the community, comprising 42 adolescents and 27 
young adult controls, via advertising handouts and social 
media platforms. Patients with MDD were excluded from 
the study based on the following criteria: (a) the presence 
of additional psychiatric or personality disorders diag-
nosed following DSM-5 criteria; (b) a history of neuro-
logical illness; (c) current or past drug/substance abuse; 
or (d) having undergone modified electroconvulsive 

therapy within six weeks before the study. Within the 
MDD group, 21 patients were undergoing antidepressant 
treatment, while 49 patients were not administered any 
medication. HC was included based on the following cri-
teria: (a) a Beck Depression Inventory (BDI) score of ≤ 16 
[32]; (b) no current or past DSM-5 disorder; (c) no neuro-
logical disorder or history of brain injury; and (d) no cur-
rent or past drug/substance dependence. The study was 
approved by the Ethics Committee of East China Normal 
University (HR 472–2019), and all participants provided 
written informed consent.

Probabilistic reward task (PRT)
The PRT is a reward-based paradigm designed to meas-
ure response bias towards a frequently rewarded stimu-
lus (rich stimulus) over a less frequently rewarded one 
(lean stimulus) [16]. Participants identified two ambigu-
ous stimuli (a short or long mouth) in 240 trials, divided 
into three blocks of 80 trials each. The task involved fixa-
tion on the screen center (500 ms) followed by a mouth-
less cartoon face (500 ms), after which the target stimulus 
(a short (8.7 mm) or long (9.8 mm) mouth) appeared for 
100 ms. Participants pressed a button to indicate which 
target they saw (Fig.  1). Correct responses were asso-
ciated with positive feedback (“Correct! You won 30 
tokens.”) for 1750 ms in 40% of the trials. Specifically, 30% 
(72 trials) of the rich stimulus and 10% (24 trials) of the 
lean stimulus) were followed by positive feedback. There-
fore, the rich stimulus was rewarded thrice as often as the 
lean stimulus. The PRT was conducted under two coun-
terbalanced conditions: one where the long mouth was 
rewarded more across all blocks and another where the 
short mouth was rewarded more across all blocks.

Fig. 1  Schematic illustration of the signal detection task (PRT). First, all participants were required to focus on the fixation in the center of the screen 
(500 ms) followed by a mouthless cartoon face (500 ms). Target stimulus (a short or long mouth) appeared in 100 ms and participants were asked 
to press the button using their left or right fingers to indicate a short or long mouth. Feedback was provided to the participants for 1750 ms 
to inform whether they correctly responded to the target and how many tokens were awarded
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Clinical assessments and self‑reported scales
Depressive symptom severity was clinically assessed using 
the Hamilton Depression Scale (HAMD) [33]. The Chinese 
version of the HAMD [34] was demonstrated to be reliable 
and valid for detecting depression.

The BDI [35], a widely used 21-item self-rating scale, 
measures depression severity on a 4-point scale (0 to 3). A 
modified Chinese version of the BDI [36] with high reliabil-
ity (Cronbach’s α = 0.97) was used in this study.

The Snaith–Hamilton Pleasure Scale (SHAPS) was 
used to evaluate anhedonia severity [37]. The Chinese 
version of SHAPS, consisting of 14 items on a 4-point 
self-report scale, was employed in this study (Cronbach’s 
α = 0.92). Higher SHAPS scores indicate more severe 
anhedonia.

Anticipatory and consummatory pleasure experi-
ences were measured using the Temporal Experience of 
Pleasure Scale (TEPS) [38]. The Chinese version of TEPS 
[39], consisting of 20 items, each rated on a 6-point 
scale, measures the ability of an individual to experience 
pleasure with good reliability and validity (Cronbach’s 
α = 0.89). Higher TEPS scores indicate greater pleasure 
capacity.

Data collection and reduction
Based on prior research [13, 16], PRT data was filtered 
by excluding trials (above 15% of the total trials) with 
reaction time (RT) < 150  ms or > 2500  ms and RT (nat-
urally log-transformed) falling beyond the mean ± 3 
standard deviations (SD). This led to the exclusion of 
14 participants—7 with MDD and 7 HC—along with 
8 HC with a BDI score above 16. Overall, 70 patients 
with MDD and 54 HC were included in the final anal-
ysis, yielding 124 participants out of the original 146 
(84.93%).

Task performance behavioral metrics evaluation 
encompassed hit rates, RTs, discriminability, and 
response bias. Discriminability measures the ability 
of an individual to differentiate between two stimuli 
types, reflecting the difficulty level of the task. It was 
calculated as follows:

Response bias indicates the degree to which participants 
tend to prefer higher-rewarded stimuli. A higher response 
bias implies a stronger tendency toward the rewarding 
stimulus during implicit reinforcement learning, indicating 
heightened reward sensitivity. The algorithm utilized for 
calculation was as follows:

Discriminability : logd =

1

2
∗ log(

Richcorrect ∗ Leancorrect

Richincorrect ∗ Leanincorrect
)

ResponseBias : logb =

1

2
∗ log(

Richcorrect ∗ Leanincorrect

Richincorrect ∗ Leancorrect
)

Statistical analyses
Group differences in demographic characteristics, clinical 
symptoms, and performances of PRT
Independent sample t-tests were performed with a sig-
nificance level of p < 0.05 to statistically compare demo-
graphic characteristics and clinical variables between the 
MDD and HC groups. Sex distribution differences were 
assessed using chi-square analysis. To analyze the differ-
ences in depression (i.e., HAMD and BDI) and anhedo-
nia levels (i.e., SHAPS and TEPS) between adolescents 
and adults with MDD, independent sample t-tests were 
performed. Detailed findings can be found in the supple-
mentary materials.

To assess the effects of age on RTs and hit rates in MDD 
and HC groups across blocks, linear mixed-effects mod-
els (LMMs) were used, with fixed effects for age, group, 
stimulus type, block, and their interactions, controlling 
for the educational level (see Fig. S1 for results). To assess 
the interaction between age and group on discriminability 
and response bias, models were established incorporating 
fixed effects for age, group, and block, with the education 
level included as the covariate. Random effect predictors 
were incorporated to accommodate varying intercepts 
and slopes across participants. Bonferroni correction was 
employed for multiple comparisons, with degrees of free-
dom estimated using the Satterthwaite method.

Hierarchical drift diffusion modelling
We employed a Bayesian Hierarchical Drift Diffusion 
Model (HDDM) to analyze response and RTs in the 
PRT. Stimuli and responses were categorized as "rich" or 
"lean." The four model parameters including drift rate (v), 
decision threshold (α), non-decision time (t), and starting 
point bias (z) varied by group and age [26]. We defined 
the model based on prior research on PRT [28, 29, 40] 
using the StimulusCoding  tool in HDDM. We applied a 
mixture model in HDDM, which assumes that 5% of the 
RT trials are outliers to improve the model fit by reducing 
the impact of outliers on parameter estimates [26]. The 
analysis comprised 10,000 samples with an initial burn-
in period of 5,000 samples, retaining every fifth sample 
for evaluation. Chain convergence was assessed using the 
Gelman–Rubinstein convergence diagnostic [41], yield-
ing maximum R-hat values of 1.016 across runs, indicat-
ing convergence below the acceptable threshold of 1.1. To 
evaluate the ability of the model to replicate key data pat-
terns, we conducted posterior predictive checks (PPC), 
simulating data for each parameter value by sampling 500 
values from the posterior distribution. Summary statis-
tics validated that the observed results remained within 
the 95% credible interval of the simulated data. Using 
a Bayesian framework can provide flexible and robust 
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estimates with credible intervals  for the derived param-
eters, enabling direct hypothesis testing on the posterior 
distributions [42]. Groupwise parameter comparisons 
were conducted using Bayesian inference, reporting 
results through posterior probabilities (PP|D) for hypoth-
eses of interest, with a posterior probability of ≥ 0.95 
deemed statistically significant.

Relationships between response bias, behavioral 
parameters, and other variables
We conducted Pearson correlations to examine the 
relationships between response bias, model param-
eters, and other variables in patients with MDD. These 
variables included hedonic capacity, measured by the 
SHAPS and TEPS scores, as well as clinical characteris-
tics such as the  BDI scores, HAMD scores, duration of 
illness, medication course, and antidepressant dosage 
(also see Table  S3). To further understand the relation-
ship between HDDM parameters and behavioral metrics, 
we also performed Pearson correlations among model 
parameters, response bias, and discriminability  in MDD 
and HC (Table S4).

Statistical analyses and modeling were performed using 
R (http://​www.r-​proje​ct.​org/; v.4.2.0) and the HDDM tool-
box (http://​ski.​clps.​brown.​edu/​hddm_​docs/; version 0.9.8; 
Python 3). Mixed-effects models were fitted using the lmer 

function from the “lme4” package (https://​cran.r-​proje​ct.​
org/​web/​packa​ges/​lme4/​index.​html; v.1.1.29).

Results
Demographic characteristics and clinical symptoms
Table  1 presented no significant difference in age (t 
(122) = −0.45, p = 0.652) or sex (χ2 (1) = 1.13, p = 0.289) 
between groups. However, patients with MDD had 
lower education levels than those of HC (t (122) = −2.03, 
p = 0.044). Among adolescent participants, significant 
group differences were observed in age (t (61) = −3.68, 
p = 0.001) and education levels (t (61) = −4.24, p = 0.001) 
compared to those of HC (Table  S1). For young adults, 
patients with MDD were older than those of HC (t 
(59) = 2.92, p = 0.01) (Table  S2). As expected, patients 
with MDD exhibited higher scores on the BDI, HAMD, 
SHAPS, and all subscales of TEPS than those of HC (all 
ps < 0.001). The educational level as the covariate was 
controlled in subsequent analyses.

Discriminability and response bias in adolescents 
and young adults with depression
To assess potential group differences in task difficulty, 
we employed a LMM on discriminability in the adoles-
cents and young adults with MDD and HC. The main 
effect of the Group (F (1,119) = 1.68, p = 0.197, η2 = 0.01) 
and Age (F (1,119) = 0.37, p = 0.542, η2 = 0.003) were not 

Table 1  Summary of demographic and clinical characteristics

Abbreviations: MDD major depressive disorder, HC healthy controls, BDI Beck Depression Inventory, HAMD Hamilton Depression Scale, SHAPS Snaith-Hamilton Pleasure 
Scale, TEPS Temporal Experience of Pleasure Scale, AA Abstract Anticipatory, CA Contextual Anticipatory, AC Abstract Consummatory; CC Contextual Consummatory

MDD (n = 70)
M (SD)

HC (n = 54)
M (SD)

t / 2-value p-value Cohen’s d / φ

Demographics
  Age (years) 18.24 (3.75) 18.50 (2.56) −0.45 .652 0.08

  Sex (%female) 55 (78.57%) 37 (68.52%) 1.13 .289 0.10

  Education (years) 11.72 (3.56) 12.79 (2.30) −2.03 .044 0.35

  Age of onset (years) 17.22 (3.43)

Clinical characteristics
  Duration of illness (month) 15.35 (20.94)

  Course of medication (month) 3.98 (6.06)

  Dosage of drug (Fluoxetine equiva-
lence, mg/day)

29.20 (16.19)

  HAMD 18.69 (5.28) 2.32 (2.23) 20.06  < .001 3.78

Self-report scale score
  BDI 31.49 (10.10) 4.15 (3.95) 18.63  < .001 3.51

  SHAPS 33.31 (6.74) 19.77 (5.46) 11.59  < .001 2.19

  TEPS_T 64.05 (15.35) 87.76 (10.75) −9.52  < .001 1.77

  TEPS-AA 12.18 (4.91) 20.22 (2.96) −10.56  < .001 1.94

  TEPS-CA 13.29 (5.32) 17.87 (3.53) −5.43  < .001 1.00

  TEPS-AC 20.05 (7.18) 27.93 (4.73) −6.93  < .001 1.27

  TEPS-CC 12.24 (5.06) 17.17 (3.08) −6.26  < .001 1.15

http://www.r-project.org/
http://ski.clps.brown.edu/hddm_docs/
https://cran.r-project.org/web/packages/lme4/index.html
https://cran.r-project.org/web/packages/lme4/index.html
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significant. However, a significant Group × Age interac-
tion was observed (F (1,119) = 4.66, p = 0.033, η2 = 0.04). 
Simple effects analysis revealed that adolescents with 
MDD showed a tendency of lower discriminability 
compared to adults with MDD (β = −0.21, SE = 0.12, t 
(119) = −1.70, p = 0.093), while no significant difference 
was found between adolescents and adults in the HC 
group (β = 0.09, SE = 0.11, t (119) = 0.87, p = 0.388). Addi-
tionally, lower discriminability was observed in the MDD 
group compared to HC in Block3 (β = −0.48, SE = 0.18, 
t (288) = −2.73, p = 0.007), as reflected by the significant 
Group × Block interaction (F (2, 240) = 3.56, p = 0.030, 
η2 = 0.03) (see Fig. 2).

Regarding response bias (Fig.  2), a marginally sig-
nificant Age x Group interaction effect was observed 
(F (1, 119) = 3.66, p = 0.058, η2 = 0.03). Simple effects 

analysis revealed that adolescents with MDD tended 
to exhibit lower response bias than that of the HC 
group (β = −0.32, SE = 0.19, t (119) = −1.66, p = 0.099), 
while no differences were observed between MDD and 
HC in young adults (β = 0.19, SE = 0.18, t (119) = 1.06, 
p = 0.290). Furthermore, adolescents showed a trend 
towards a higher response bias than that of young 
adults in Block 3 (β = 0.43, SE = 0.22, t (244) = 1.98, 
p = 0.049), as indicated by a marginally significant Age x 
Block interaction (F (2, 240) = 2.81, p = 0.062, η2 = 0.02).

Drift diffusion modeling
Overall, patients with MDD showed lower drift rates 
(v) (P P|D = 1.0) and starting point bias (z) (P P|D = 0.976) 
than those of the HC group. Conversely, patients with 
MDD had significantly larger decision thresholds 

Fig. 2  Discriminability and response bias in HC and patients with MDD during the adolescence and young adulthood
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(α) than those of HC (P P|D = 1.0). No difference was 
observed in non-decision time (t) between patients with 
MDD and HC (P P|D = 0.788).

Both adolescents (P P|D = 1.0) and young adults (P 
P|D = 0.977) with depression exhibited larger thresholds 
(α) than those of the HC group. Adolescents with depres-
sion showed lower drift rates (v) (P P|D = 1.0) and starting 
point bias (z) (P P|D = 0.979) compared to adolescent HC, 
while young adults did not exhibit significant group dif-
ferences in drift rates (v: P P|D = 0.833; z: P P|D = 0.772). 
No differences were observed in non-decision time (t) 
between adolescent and young adult patients with MDD 
and HC (adolescent: P P|D = 0.834; adult: P P|D = 0.545). 
Moreover, adolescents with depression showed sig-
nificantly lower drift rates (v) (P P|D = 0.984) and larger 
thresholds (α) (P P|D = 0.991) than those of young adults. 
However, no significant group differences were found in 
non-decision time (t) (P P|D = 0.790) or starting point bias 
(z) (P P|D = 0.839). (Fig. 3).

Correlations between dynamics of reward 
sensitivity, depression severity, and anhedonia 
level
For patients with MDD, drift rates showed a signifi-
cant inverse correlation with SHAPS scores (r = −0.27, 
p = 0.035) (Fig.  4). A significant positive association was 
also observed between drift rates and total TEPS scores 
(r = 0.39, p = 0.002). A negative association was observed 
between the thresholds and TEPS total scores (r = −0.27, 
p = 0.033), while no significant correlation was found 
between the thresholds and the SHAPS scores (r = 0.15, 
p = 0.260). However, no significant correlation was 
observed between depression levels and HDDM param-
eters (ps > 0.05). Moreover, the discriminability showed a 
significant positive correlation between drift rates (r = 0.56, 
p < 0.001) and non-decision time (r = 0.27, p = 0.025) in 
MDD and HC groups. We also found that the starting 
point bias was positively related to response bias (r = 0.66, 
p < 0.001) (Table S4).

Discussion
This study investigated reward sensitivity and its underly-
ing computational mechanisms in adolescents and young 
adults with MDD, emphasizing the common and unique 
patterns of response bias and evidence accumulation 
across these age groups. Our findings revealed a tendency 
for reduced response bias among adolescent patients 
with MDD. Adolescents with MDD exhibited lower drift 
rates and starting point bias, with these lower drift rates 
closely associated with elevated levels of anhedonia. Fur-
thermore, both adolescent and young adult patients with 
MDD exhibited broader decision thresholds than those 

of their healthy counterparts, indicating a need for more 
evidence to make the decision.

Adolescence is a critical phase of neurodevelopment char-
acterized by heightened activity in the mesolimbic  dopa-
mine reward system. This enhanced reward responses and 
reward-seeking behavior [43, 44]. Consistent with prior 
research findings, our analysis of age-related effects revealed 
that healthy adolescents exhibited enhanced reward sensi-
tivity, evidenced by a significant increase in response bias. 
However, on the other hand, the development of reward-
related regions during adolescence supports the hypoth-
esis of an imbalance in maturation, with the mesolimbic 
system maturing earlier than that of the prefrontal cortex, 
which governs higher-order cognitive functions [45]. In con-
trast, adolescents with MDD in our study showed reduced 
response bias and lower drift rates, consistent with prior 
findings from PRT studies on adults with MDD [13, 16, 17]. 
Compared to the HC group, adolescents with MDD exhib-
ited pronounced abnormalities in reward learning. They 
failed to develop a general response bias and struggled to 
modulate their behaviors effectively in response to reinforc-
ing rewards. The dysregulated positive affect model [22, 23] 
suggests that impaired reward sensitivity may indicate vul-
nerability to anhedonia in adolescent depression. This dis-
crepancy likely relates to the developmental characteristics 
and deviations from typical neurodevelopmental trajecto-
ries affecting reward function during adolescence. Prior evi-
dence has demonstrated alterations, such as reduced striatal 
responses, even before the onset of adolescent MDD [24]. 
These findings suggested that early developmental imbal-
ances in reward processing might contribute to difficulties in 
maintaining reward sensitivity.

Despite previous research consistently indicating 
blunted reward sensitivity in adults with depression, 
our study found no significant group effects on response 
bias in the young adult population. The observed reduc-
tion in response bias may reflect the severity of anhedo-
nia symptoms [9]. In our analysis, we found that young 
adults with MDD exhibited lower levels of anhedonia 
compared to adolescents with MDD. This difference in 
anhedonia severity might be one of the potential reasons 
contributing to the slightly higher tendency for response 
bias in young adults with MDD. Alternatively, individuals 
with higher discriminability (i.e., an ability to differenti-
ate between stimuli) may not exhibit a preference for the 
more frequently rewarded stimuli [28]. Our data showed 
that young adults with MDD exhibited a tendency of 
higher accuracy for the rich and lean stimuli and greater 
discriminability than that of adolescents, which may par-
tially explain the absence of reduced response bias in 
young adults with MDD.

The computational model results indicated that adoles-
cent and young adult populations with MDD exhibited 
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wider decision thresholds, suggesting a greater need for 
evidence before making decisions. This finding not only 
corroborated previous research findings on adults [29] 
but also underscored that adolescents showed similar 
patterns. The wider decision thresholds reflect a more 
cautious decision-making strategy aimed at achieving 
greater accuracy, which may explain the absence of sig-
nificant abnormalities in discriminability among patients 
with MDD. Adolescents with MDD further showed lower 
drift rates than those of their HC counterparts and young 
adults with MDD. This observation aligned with previous 

research findings, highlighting that slow evidence accu-
mulation was a marker of deficits in reward processing 
among individuals with depression [28–31]. Further cor-
relational analyses confirmed previous findings [28, 40] 
that slower evidence accumulation was closely associ-
ated with lower discriminability. The relatively low dis-
criminability observed in our study of adolescents with 
MDD likely contributed to their reduced rate of evidence 
accumulation. This relationship helped explain why 
adolescents with MDD showed significantly slower evi-
dence accumulation. Additionally, recent computational 

Fig. 3  Posterior Distributions of HDDM Parameters. The posterior distributions of key parameters from the HDDM analysis, including drift rate, 
decision threshold, non-decision time and starting point bias. Starting point bias refers to the initial bias at the start of evidence accumulation 
in the decision process. A starting bias of 0.5 indicates no initial preference for either of the two decision boundaries
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evidence from healthy populations has revealed that as 
age increases, cognitive control abilities and the speed of 
evidence accumulation during reward anticipation tasks 
improve [46]. From the perspective of relative matu-
ration in the prefrontal cortex and cognitive function 

enhancements in adults, these factors may contribute to 
maintaining evidence accumulation efficiency. Regard-
ing the starting point bias, adolescents and young adults 
with MDD and HC groups exhibited the starting point 
bias above the midpoint, indicating a greater tendency to 

Fig. 4  Relationship of behavioral parameters, depression and hedonic capacity among adolescent and young adult patients with MDD



Page 10 of 11Shen et al. BMC Psychiatry          (2024) 24:933 

choose more frequently rewarded stimuli. However, the 
starting point bias of adolescents with MDD was closer 
to the midpoint than that of their healthy counterparts, 
suggesting they require relatively more evidence to reach 
the rich boundary. Our research findings also highlighted 
a strong relationship between response bias and start-
ing point bias, aligning with recent findings that start-
ing point bias was a reliable predictor of response bias 
[40]. This observation provided evidence for a more 
pronounced reduction in reward sensitivity among ado-
lescents with MDD in our study. Therefore, linking the 
computational results with discriminability and response 
bias when assessing features of reward sensitivity can 
help explain age-related reward learning processes and 
their collective influence on individual task performance.

Derived from subjective and objective measures, our 
study revealed that higher levels of anhedonia were 
strongly associated with reduced drift rates and wider 
decision thresholds. These findings suggested that slower 
evidence accumulation and a greater demand for evi-
dence during reward learning might be contributing fac-
tors to anhedonia. Consistent with the hypothesis that 
impaired behavioral modulation in response to rewards 
underlies diminished hedonic capacity in MDD [16, 17, 
47], the current findings elucidated the psychopathology 
of anhedonia during adolescence as linked to aberrant 
reward processing in depression.

The present study has some limitations that should 
be acknowledged. First, as a cross-sectional study, we 
could not investigate the long-term effect of reduced 
reward sensitivity on the developmental psychopathol-
ogy of depression. Second, while the behavioral aspects 
of reward sensitivity in young people with depression 
were examined in this study, further research is needed to 
explore the underlying neural mechanisms of abnormal 
reward sensitivity during adolescence using neuroimaging 
techniques. Third, we utilized only monetary reinforce-
ment as a reward stimulus, which may not fully capture 
differences in reward processing among patients with 
MDD, as these differences might vary based on the type of 
reward used [48]. Additionally, we did not measure anxi-
ety levels in patients with MDD, despite excluding other 
mental disorders, and we did not account for medication 
status or differences in age and education levels between 
the HC and MDD groups. Consequently, future studies 
should consider matching these variables to better control 
for their potential effect on reward processing.

Conclusion
Our findings revealed that altered reward biases were 
present in both adolescents and young adults with MDD, 
reflected by higher decision thresholds. Adolescents with 
MDD exhibited significantly reduced reward sensitivity, 

which was also closely associated with slower evidence 
accumulation and lower starting point bias in decision-
making. This finding aligned with the dysregulated 
positive effect model, which connected developmental 
changes in the reward system to increased vulnerability 
to depression, offering valuable insights into the develop-
mental psychopathology of anhedonia.
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