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Abstract
Variation in reward responsiveness has been linked to psychopathology. Reward responsiveness is a complex phenomenon 
that encompasses different temporal dimensions (i.e., reward anticipation or consumption) that can be measured using mul-
tiple appetitive stimuli. Furthermore, distinct measures, such as neural and self-report measures, reflect related but distinct 
aspects of reward responsiveness. To understand reward responsiveness more comprehensively and better identify deficits 
in reward responsiveness implicated in psychopathology, we examined ways multiple measures of reward responsiveness 
jointly contribute to distinct psychological problems by using latent profile analysis. Specifically, we identified three profiles 
of reward responsiveness among 139 female participants based on their neural responses to money, food, social acceptance, 
and erotic images and self-reported responsiveness to reward anticipation and consumption. Profile 1 (n = 30) exhibited 
blunted neural responses to social rewards and erotic images, low self-reported reward responsiveness, but average neural 
responses to monetary and food rewards. Profile 2 (n = 71) showed elevated neural response to monetary rewards, average 
neural responses to other stimuli, and average self-reported reward responsiveness. Profile 3 (n = 38) showed more vari-
able neural responses to reward (e.g., hypersensitivity to erotic images, hyposensitivity to monetary rewards), and high 
self-reported reward responsiveness. These profiles were differentially associated with variables generally linked to aberra-
tions in reward responsiveness. For example, Profile 1 was most strongly associated with anhedonic depression and social 
dysfunction, whereas Profile 3 was associated with risk-taking behaviors. These preliminary findings may help to elucidate 
ways different measures of reward responsiveness manifest within and across individuals and identify specific vulnerabilities 
for distinct psychological problems.

Keywords  Reward responsiveness · Reward positivity · Late positive potential · Anhedonia · Risk taking · Latent profile 
analysis

Aberrations in the ability to respond to reward (i.e., reward 
responsiveness) have received substantial attention due to 
their link to outcomes, such as depression (Burkhouse et al., 
2017; Sandre et al., 2019; Sherdell et al., 2012; Weinberg 
et al., 2016), risky behaviors (Bart et al., 2021; Freeman 
et al., 2020; Huggins et al., 2019; Joyner et al., 2019), and 
disrupted social functioning (Banica et al., 2022; Weinberg, 
Ethridge, et al., 2021b). Reward responsiveness is a com-
plex phenomenon that has distinct temporal dimensions 
(e.g., anticipation or consumption: Berridge & Robinson, 

2003; Treadway & Zald, 2011), which can be measured by 
using multiple appetitive stimuli (e.g., money, food, social 
acceptance, erotic images). Furthermore, different types of 
measurement, such as neural and self-report measures of 
reward responsiveness, reflect related but distinct aspects 
(e.g., neural vs. phenomenological) of this multifaceted 
construct (Banica et al., 2022; Bress & Hajcak, 2013). To 
understand the role of reward responsiveness more compre-
hensively and to better identify deficits in reward respon-
siveness implicated in psychopathology, it will be crucial 
to account for this complexity. However, previous studies 
have rarely addressed the complex nature of reward respon-
siveness, because they have primarily examined individual 
measures of reward responsiveness in isolation (Bart et al., 
2021; Burkhouse et  al., 2017; Klawohn, Burani, et  al., 
2021b; Sandre et al., 2019; Weinberg et al., 2016) and in 
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response to one type of reward (typically monetary; Bart 
et al., 2021; Burkhouse et al., 2017; Freeman et al., 2020; 
Huggins et al., 2019; Joyner et al., 2019). Thus, our under-
standing of the associations between reward responsiveness 
and psychological outcomes is incomplete, because it is not 
clear how multiple measures of reward responsiveness mani-
fest within and across individuals and jointly contribute to 
clinical outcomes.

However, there is reason to believe that an ensemble 
of measures of reward responsiveness function together 
within individuals (Baskin-Sommers & Foti, 2015; Nuss-
lock & Alloy, 2017; Shankman et al., 2014). For exam-
ple, individuals may show distinct patterns of associations 
among multiple temporal dimensions of reward respon-
siveness that confer risk for different outcomes. That is, 
whereas individuals with blunted responses to anticipated 
reward but intact responses to reward receipt may be prone 
to depression, individuals with intact responses to antici-
pated reward but excessive responses to reward receipt 
may be susceptible to substance abuse (Baskin-Sommers 
& Foti, 2015). Alternatively, some may show blunted 
responses to all types of reward, whereas others only show 
reduced responses to one type of reward (Shankman et al., 
2014). These conceptualizations are partially supported by 
the sizable independence among different reward respon-
siveness measures (e.g., modest correlations among self-
reported and/or neural responses to different incentives 
including money, food, and social acceptance: Banica et 
al., 2022; Ethridge et al., 2017; Khazanov et al., 2020) 
and a previous finding that depressive symptoms are dif-
ferentially associated with motivation to approach reward 
across different types of incentives (i.e., decreased motiva-
tion to approach monetary and social reward but increased 
motivation to approach food reward: Fussner et al., 2018). 
In other words, accumulating evidence suggests that there 
may be unique patterns of associations among multiple 
measures of reward responsiveness and these patterns can 
characterize different subgroups of individuals who are at 
risk for distinct psychological problems.

Few studies have directly examined this important pos-
sibility, in part due to the reliance on variable-centered 
approaches in previous studies (Banica et al., 2022; Bart 
et al., 2021; Burkhouse et al., 2017; Ethridge et al., 2017; 
Freeman et al., 2020; Fussner et al., 2018; Huggins et al., 
2019; Joyner et al., 2019; Klawohn, Burani, et al., 2021b; 
Nelson & Jarcho, 2021; Sandre et al., 2019). Variable-cen-
tered approaches assume that the population is homogene-
ous regarding the associations among variables of interest 
(Bergman & Magnusson, 1997). This assumption precludes 
the possibility of identifying heterogeneous patterns of 
associations among multiple measures of reward respon-
siveness. Person-centered approaches are free from such 
assumptions and can address heterogeneity in the population 

by identifying homogeneous subgroups that have distinct 
patterns of associations among variables of interest (i.e., 
profiles: Masyn, 2013). Initial attempts at person-centered 
approaches to examine reward responsiveness have sug-
gested the presence of distinct profiles of reward respon-
siveness or unique patterns of associations among different 
reward responsiveness measures. However, these previous 
studies have included relatively few measures of reward 
responsiveness (Da Silva et al., 2018), capturing only a part 
of the complex phenomenon, or have included measures that 
were not directly related to reward responsiveness (Boun-
oua et al., 2021), prohibiting inferences specific to reward 
processing.

To that end, the objective of the current study was to 
better delineate the multifaceted phenomenon of reward 
responsiveness and identify specific deficits in reward 
responsiveness that are linked to distinct psychosocial 
problems using a person-centered approach. Specifically, a 
primary aim of the current study was to examine whether 
there are distinct subgroups of individuals that show unique 
patterns of associations among multiple measures of reward 
responsiveness using latent profile analysis, a model-based 
person-centered approach. To include a wider coverage of 
measures of reward responsiveness, the current study meas-
ured reward responsiveness multimodally by using both self-
report and neural measures that involved multiple appetitive 
stimuli (i.e., money, food, social acceptance, erotic images). 
Here, we used self-report measures to assess two temporal 
dimensions of reward responsiveness (i.e., reward anticipa-
tion and consumption). In addition, we used two reliable 
neural indicators of reward responsiveness, the reward posi-
tivity (RewP) and the late positive potential (LPP), to assess 
neural responses to reward receipt across four different types 
of appetitive stimuli (money, food, social acceptance, and 
erotic images). The RewP and the LPP are two event-related 
potentials (ERPs) that are direct measures of brain func-
tion related to reward processing and motivated attention, 
respectively (Hajcak et al., 2009; Klawohn, Brush, & Haj-
cak, 2021a; Klawohn, Burani, et al., 2021b; Proudfit, 2015; 
Weinberg, 2022; Weinberg et al., 2022; Weinberg, Correa, 
et al., 2021a).

A second aim of the current study was to examine asso-
ciations between our observed profiles and variables that 
have been theoretically and empirically associated with 
individual differences in reward processing (i.e., valida-
tion variables) to shed light on ways multiple measures of 
reward responsiveness may confer risk for psychopathology 
in tandem. These variables included symptoms of depression 
(Burkhouse et al., 2017; Weinberg et al., 2016), risk-taking 
behaviors (Bart et al., 2021; Baskin-Sommers & Foti, 2015; 
Freeman et al., 2020; Huggins et al., 2019), and disrupted 
social functioning (Banica et al., 2022; Morgan et al., 2015; 
Weinberg, Ethridge, et al., 2021b). Due to the novel nature 
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of the current study, we only hypothesized that individu-
als would be grouped into several interpretable profiles that 
would show differential associations with the validation vari-
ables in theory-consistent ways (e.g., profiles characterized 
by greater reward responsiveness across different measures 
would be associated with reduced anhedonic depression) 
without specific predictions about the characteristics of the 
profiles the LPA would identify.

Method

Participants

This study involved secondary data analysis. Portions of data 
from the current sample were reported elsewhere (Banica 
et al., 2023; Banica et al., 2022; Schell et al., 2021). Specifi-
cally, Banica et al. (2022) used a variable-centered approach 
to investigate bivariate associations between self-reported 
reward responsiveness and the RewP elicited following 
monetary, food, and social feedback. In another study, 
Banica et al. (2023) reported on associations between neu-
ral response to food reward and factors that may increase 
its salience, such as hunger. Finally, Schell et al. (2021) 
described relationships between behavioral responses to 
positive and negative social feedback and eating disorder 
symptoms. A list of all measures and tasks used in the cur-
rent study is publicly available at https://​osf.​io/​gvhnp/.

One hundred forty-one female participants who were 
aged 18 years or older were recruited by using online adver-
tisements, McGill University’s online pool for psychology 
research participants, and flyers posted in the Montreal area. 
All participants were able to read and write in English. Of 
the initial sample, two participants were excluded due to 
their previous knowledge of the lab tasks that involved 
deception, leaving a final sample of 139 participants (mean 
age = 20.66, SD = 2.20, range = 18–29). In terms of race/
ethnicity, 40.3% identified as white, 38.2% as Asian, 5.0% 
as Middle Eastern, 2.9% as Latin American, 0.7% as black, 
3.6% as other, and 9.3% did not provide this information. 
Most of the participants were college students (95%), 3.6% 
were not students, and 1.4% did not disclose this informa-
tion. The sample’s median yearly household income was 
less than $10,000 CAD, and the median parental guardians’ 
combined yearly income was $76,000-$100,000 (ranging 
from “unemployed or disabled” to “more than $200,000”), 
although 35.0-36.0% of the participants did not provide this 
information.

Procedure

Participants who signed up for the study reviewed the 
study protocol and provided informed consent online. They 

completed self-report questionnaires on an online Qualtrics 
survey (details provided below) before completing four elec-
troencephalogram (EEG) tasks. During the lab visit, partici-
pants were first given a brief overview of the lab session and 
provided informed consent for the lab portion of the study. 
EEG sensors were then attached, and detailed instructions 
for the EEG tasks were provided. For the EEG tasks, partici-
pants first completed three tasks in which they won monetary 
or high-calorie food rewards or got positive social feedback, 
with the order of the tasks counterbalanced across partici-
pants. Following these three tasks, participants completed 
a task in which they were asked to passively view erotic 
or neutral images. Participants received either course credit 
or $30 CAD for their participation. The McGill University 
Research Ethics Board approved all study procedures.

Measures

Self‑report questionnaires for reward responsiveness

The participants completed the following questionnaires that 
assess reward responsiveness, which served as indicators 
in LPA.

Temporal Experience of Pleasure Scale (TEPS; Gard et  al., 
2006)  The TEPS is an 18-item questionnaire assessing expe-
riences of anticipatory pleasure and consummatory pleasure 
(i.e., two temporal dimensions of reward responsiveness) on 
a 6-point scale (1 = very false for me to 6 = very true for 
me). The TEPS provides summed subscale scores for levels 
of both anticipatory and consummatory pleasure, with higher 
scores indicating greater pleasure experience. The Anticipa-
tory Pleasure and Consummatory Pleasure subscales showed 
acceptable internal consistency and good test-retest reliability 
(Gard et al., 2006). Cronbach’s alphas for the subscales in the 
current sample were 0.74 and 0.67, respectively.

Reward Responsiveness Scale (RR scale; Van den Berg et al., 
2010)  The RR scale is an 8-item questionnaire measuring 
tendency to engage in (recurrent) reward-related behavior 
upon anticipation of reward or the receipt of reward on a 
4-point scale (1 = strong disagreement to 4 = strong agree-
ment). All items are summed together into one total reward 
responsiveness score; higher scores indicate greater reward 
responsiveness. The RR scale showed acceptable to good 
internal consistency and good test-retest reliability (Van den 
Berg et al., 2010). Cronbach’s alpha for this scale in the cur-
rent sample was 0.75.

Self‑report questionnaires for validation variables

Mood and Anxiety Symptoms Questionnaire (MASQ‑D30; 
Wardenaar et  al., 2010)  The MASQ-D30 is a 30-item 

https://osf.io/gvhnp/
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questionnaire assessing the shared and distinct symptoms 
of depression and anxiety during the past 2 weeks on a 
5-point scale (1 = not at all to 5 = extremely). The MASQ-
D30 provides summed subscale scores of general distress 
(i.e., shared symptoms of depression and anxiety), anhe-
donic depression (i.e., distinct symptoms of depression), and 
anxious arousal (i.e., distinct symptoms of anxiety); higher 
scores indicate greater symptomology. The three subscales 
showed good to excellent internal consistency (Wardenaar 
et al., 2010). Cronbach’s alphas for the subscales ranged 
from 0.79 to 0.92 in the current sample.

Revised Social Anhedonia Scale – Short Form (RSAS‑SF; Win‑
terstein et al., 2011)  The RSAS-SF is a 15-item subscale of 
the Wisconsin Schizotypy Scales (Winterstein et al., 2011) 
that assesses degree of a lack of pleasure from social expe-
riences on a binary scale (i.e., “true” or “false”). All items 
are summed to compute a total score; higher scores indi-
cate greater social anhedonia. This scale showed acceptable 
internal consistency (Winterstein et al., 2011). Cronbach’s 
alpha for the scale was 0.72 in the current sample.

Ostracism Experience Scale for Adolescents (OES‑A; Gilman 
et al., 2013)  The OES-A is an 11-item scale that assesses 
experiences with being excluded and ignored by others on 
a 5-point scale (1 = never to 5 = always). We modified the 
instructions to ask participants to answer the items regarding 
their entire lifetime, rather than the past year. The Excluded 
and Ignored subscales were used to assess the extent to 
which participants were socially excluded and ignored, 
respectively. Higher scores indicate greater experiences of 
being excluded and ignored. The subscales showed excellent 
internal consistency (Gilman et al., 2013). Cronbach’s alphas 
for the subscales were 0.89 and 0.91 in the current sample.

Domain‑Specific Risk‑Taking (Adult) Scale (DOSPERT; Blais 
& Weber, 2006)  The DOSPERT is a 30-item questionnaire 
measuring the likelihood that individuals would engage in 
risky behaviors in several life domains on a 7-point scale (1 
= extremely unlikely to 7 = extremely likely). The DOSPERT 
has five subscales, each of which indicates risk-taking ten-
dency in five life domains: social, recreational, financial, 
health/safety, and ethical risks. Higher scores indicate a 
greater tendency to engage in risk-taking behavior in the cor-
responding life domains. We excluded six items that might 
not be applicable for our sample (e.g., “Starting a new career 
in your mid-thirties”) and added one item tapping an ethical 
risk from the original, 40-item DOSPERT (i.e., “Cheating 
on an exam”; Weber et al., 2002) to make the questionnaire 
more suitable for our sample. The DOSPERT subscales 
showed acceptable to good internal consistency (Blais & 
Weber, 2006). In the current sample, Cronbach’s alphas for 
the subscales ranged from 0.48 to 0.80, with particularly 

low internal consistency for the Health/Safety and Ethical 
Risk-Taking subscales (0.48 for both subscales). Given such 
low internal consistency, we excluded these two subscales 
from the analyses, which resulted in the inclusion of three 
remaining subscales in the analyses (i.e., social, recreational, 
and financial risk-taking tendency). Cronbach’s alphas for 
the social, recreational, and financial risk-taking subscales 
were 0.55, 0.80, and 0.76 respectively.

Task and materials

The current study included four different tasks to elicit neu-
ral responses to multiple appetitive stimuli. Specifically, we 
used the RewP elicited following monetary rewards, food 
rewards, and positive social feedback in three tasks (Doors, 
Plates, and Island Getaway Tasks). The RewP is a positive 
deflection in the ERP waveform typically observed 250 to 
350 ms following positive feedback (e.g., monetary gains). 
The RewP has shown convergent validity by its correspond-
ence with other measures of reward responsiveness as well 
as other aspects of reward processing (see Proudfit, 2015 
for a review). In line with the aims of our study, the RewP 
can be assessed using different appetitive stimuli (Banica 
et al., 2022; Ethridge et al., 2017; Nelson & Jarcho, 2021; 
Pegg et al., 2021), and RewPs to different appetitive stim-
uli appear to reflect distinct but related aspects of reward 
responsiveness (Banica et al., 2022; Freeman et al., 2022, 
2023; Huggins et al., 2019; Sandre et al., 2019; Weinberg, 
Ethridge, et al., 2021b; Weinberg, Liu, et al., 2015a). We 
also used the LPP elicited by erotic images (compared to 
neutral images) in the Images Task. The LPP is a sustained, 
positive-going slow wave in the ERP waveform that is sensi-
tive to motivationally or affectively salient stimuli (Cuthbert 
et al., 2000; Weinberg & Hajcak, 2010; Wilson & MacNa-
mara, 2021). Variation in the LPP to appetitive/rewarding 
pictures, such as erotic images, has particularly been associ-
ated with outcomes, such as depression (Klawohn, Burani, 
et al., 2021b; Sandre et al., 2019; Weinberg et al., 2016) and 
risky behaviors (Franken et al., 2003; van de Laar et al., 
2004; Prause et al., 2014). More details for each task are 
presented below. Tasks were presented to participants on an 
Intel Core i7 computer. We used Presentation software (Neu-
robehavioral Systems, Inc.; Albany, CA) to control the pres-
entation and timing of task stimuli, which were displayed on 
a 19-inch (48.3 cm) computer monitor. Please see Fig. 1 for 
a graphical depiction of all tasks.

Doors task (Proudfit, 2015)  We used the Doors task to elicit 
neural responses to monetary rewards (i.e., the “monetary 
RewP”). Participants were asked to view images of two 
doors on the screen in a total of 40 rounds and indicate 
which door they thought was hiding a prize by using the 
right or left mouse buttons. Research assistants (RAs) told 
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participants that there would be a monetary reward for every 
correct guess (i.e., winning $0.50 for choosing a door hid-
ing a prize behind it), and they would lose $0.25 for each 
incorrect guess. Following door selection, a fixation cross 
was displayed for 1,000 ms, and then either a green arrow 
pointing up or a red arrow pointing down appeared on the 
screen for 2,000 ms to inform participants of whether they 
won or lost money in the corresponding round (i.e., a green 
arrow indicating winning and a red arrow indicating losing). 
Another fixation cross was then displayed for 1,500 ms, after 
which an instruction “Click for next round” appeared on 
the screen. Note that green arrows and red arrows appeared 
on 50% of the trials, respectively, but in a random order. 
Participants were given a break after the 20th trial, during 
which they were given $1.50 and learned that this amount 
was their task earnings thus far. At the end of the task, all 
participants received an additional $1.50 for their earnings 
in the second half of the task.

Plates task (Banica et al., 2022)  To elicit neural responses 
to food rewards (i.e., the “food RewP”), the Plates task was 
designed after the Doors task (Banica et al., 2022). Thus, the 
structure and timing of the task was identical to that of the 
Doors task described above, but participants saw an image of 
two covered chef’s plates instead of doors and later received 
food rewards instead of monetary rewards. Participants were 

instructed to play a game during which they could win or 
lose snack foods of their choice and were shown bowls con-
taining one portion of M&Ms (3), Skittles (3), Pringles (1 
chip), or Doritos (1 chip). Participants chose one of these 
snacks as their food reward during the task and were told that 
they would obtain one portion of food for every plate they 
chose correctly (i.e., choosing a plate hiding a prize behind 
it) and lose half a portion of food every time they chose a 
plate incorrectly. As with the Doors task, participants were 
given a break following the 20th trial and were provided with 
half of their anticipated food winnings (e.g., 3 Pringles chips 
out of 6) and were told that these were their snack earnings 
so far. Participants could choose to consume their snack 
during the break or save it for later. At the end of the task, 
participants received the rest of their total anticipated food 
earnings. All participants were given a total of 15 M&Ms, 
15 Skittles, 6 Pringles chips, or 6 Doritos chips, depending 
on the food choice they made earlier.

Island Getaway Task (IG: Kujawa et al., 2014; Ethridge et al., 
2017)  We used the IG task to elicit neural responses to 
social rewards (i.e., the “social RewP”). The RewP elic-
ited by social acceptance during the IG task is temporally 
and morphologically similar to the RewP elicited by both 
monetary and food rewards (Banica et al., 2022; Freeman 
et al., 2023; Pegg et al., 2019, 2021), suggesting the task is 

Fig. 1   Doors (a), Plates (b), Island Getaway (c), and Images (d) tasks. Each panel shows one trial of each task. Figure created with Bio.​Render.​
com

http://bio.render.com
http://bio.render.com
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effectively capturing social-reward-related processes. The 
original task code can be found at https://​arfer.​net/​proje​cts/​
survi​vor. The task used in the present study was modified 
from previous versions. Our code can be found at https://​
osf.​io/​gvhnp/.

Participants were initially told that they would play a 
“Survivor”-style game against 11 other research participants 
in labs across North America, with a goal to be one of the 
last six players to make it to the “big island.” In each of the 
six rounds of the game, participants were asked to vote to 
indicate whether they would like each co-player to remain 
in the game or be removed from the game. After each vote, 
participants also received feedback about whether the co-
player they just voted for or against decided to keep them 
or send them home. Unbeknownst to participants, all other 
co-players were computer-generated, and the task was pro-
grammed such that all participants would make it to the final 
destination (i.e., big island) regardless of their responses. 
More detailed descriptions of the task are provided below 
and elsewhere (Banica et al., 2022).

Participants were provided with each co-player’s pro-
file (in a random order) whenever they decided whether 
they would like to “keep” or “kick out” the correspond-
ing co-player. A screen asking, “Should we keep [coplayer 
name] or kick [him/her] out?” was displayed with each 
profile, as were buttons saying, “Kick Out” and “Keep.” 
Following the decision (via a mouse click), a fixation 
cross was displayed for 1,000 ms, and the message “Wait-
ing for [coplayer name] to vote…” was then shown if the 
participant voted faster than a simulated voting time to 
increase task authenticity (Ethridge et al., 2017; Ethridge 
& Weinberg, 2018; Kujawa et al., 2014, 2017). Subse-
quently, either acceptance feedback (i.e., a green thumbs 
up) or rejection feedback (i.e., a red thumbs down) from 
the “coplayer” was displayed to the participant for 2,000 
ms. Participants were then asked to use visual analogue 
scales to indicate how much they liked, and how much 
they thought other coplayers would like, the coplayer they 
voted on a scale from 1 (not at all) to 9 (extremely). The 
scales were displayed until the participant made an answer, 
and a blank screen was then presented for 1,500 ms. At the 
end of each round, participants were shown the name and 
photo of the coplayer who they were told received the most 
votes to leave the game and was kicked out. The next voting 
round then started. There was a total of 51 feedback trials 
in which participants received, on average, 26.84 “keep” 
votes and 24.16 “kick out” votes. At the end of the task, 
RAs asked participants to rate how much they believed 
that they were playing against real peers on a scale from 
1 (not at all) to 5 (completely). The average and median 
of task believability ratings were 2.95 (SD = 1.30) and 3, 
respectively, in the current sample.

Images task  To elicit neural responses to erotic images, 
participants completed the Images task, a passive viewing 
paradigm with pictures from the International Affective Pic-
ture System (IAPS; Lang et al., 1997). Participants were 
instructed to simply view the images, which were presented 
one at a time in three blocks—erotic, aversive, and neutral—
randomly counterbalanced between participants. Participants 
first completed a practice block where they were shown three 
erotic, three neutral, and three aversive images. The actual 
task consisted of 20 erotic images of heterosexual couples, 
20 neutral pictures (i.e., objects), and 20 aversive pictures 
(i.e., images depicting bodily harm or threat of harm). 
Before each block, a message was displayed for 4,000 ms 
indicating whether the upcoming pictures would be neutral, 
erotic, or aversive. All images were displayed for 1,500 ms, 
followed by an intertrial interval ranging between 2,000 to 
2,500 ms consisting of a white fixation cross in the middle of 
a black screen. Between blocks, a message saying, “Break. 
Press the space bar when you are ready to continue.” was 
displayed until the participant advanced the task. Accord-
ing to IAPS normative ratings that used a 9-point scale (1 = 
low pleasure, 9 = high pleasure), the aversive images used 
were less pleasant (mean valence = 1.78) than the neutral 
images (mean valence = 5.05), and the neutral images were 
less pleasant than the erotic images (mean valence = 6.67).

Electroencephalogram Recording and Data Processing

We recorded continuous EEG with a 32-electrode cap based 
on the standard 10/20 layout using a BrainVision actiCHamp 
system (Brain Products, Munich, Germany) with a ground 
electrode at site Fpz. We recorded data at a sampling rate 
of 1,000 Hz. Offline analyses were done with BrainVision 
Analyzer software (Brain Products, Munich, Germany). 
Unsegmented data were band-pass filtered with low and high 
cutoffs of 0.01 and 30 Hz, respectively, with a Butterworth 
zero phase filter with a 24 db/octave roll-off.

For each trial in the Doors, Plates, and IG tasks, the EEG 
was segmented into 2,500-ms windows starting 1,000 ms 
before feedback onset and continuing for 1,500 ms post-
feedback. For each trial in the Images task, the EEG was 
segmented into 3,000-ms windows starting 1,000 ms before 
image presentation and continuing for 2,000 ms after image 
presentation. In each of the four tasks, data were then refer-
enced to the average of the left and right mastoids (TP9 and 
TP10, respectively). Ocular and eye-blink corrections were 
done using the FT9 site for HEO and the FP1 site for VEO, 
and a modification of the Miller et al. (1988) formula.

We conducted artifact rejection with a semiautomatic pro-
cedure where individual channels were removed from a trial 
if they had a voltage difference of more than 175 μV within 
400-ms intervals, a voltage difference of less than 0.50 μV 
within 100-ms intervals, and a voltage step of more than 

https://arfer.net/projects/survivor
https://arfer.net/projects/survivor
https://osf.io/gvhnp/
https://osf.io/gvhnp/
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50.0 μV between sample points. Visual inspection was then 
conducted to detect and remove remaining artifacts. Data 
from the Images task were next re-segmented into 1,200 
ms windows starting 200 ms before image presentation and 
ending 1,000 ms after image presentation. Gain and loss 
trials (from Doors and Plates), acceptance and rejection tri-
als (from IG), and erotic, aversive, and neutral image tri-
als (from Images) were then averaged separately. The mean 
voltage in the time window from −200 ms to 0 ms pre-feed-
back/image served as a baseline and was subtracted from 
each data point.

In the Doors and Plates tasks, we quantified the RewP 
as the average activity from 250 to 350 ms following gain 
feedback at electrode site Cz. This decision was made based 
on previous research (Ethridge & Weinberg, 2018; Proudfit, 
2015; Weinberg et al., 2014) as well as visual inspection 
of the grand averaged waveforms. Guided by time win-
dows identified in previous research (Babinski et al., 2019; 
Ethridge et al., 2017; Kujawa et al., 2017; Rappaport et al., 
2019) and previous work that scored the social RewP using 
principal components analysis (PCA; Ethridge et al., 2017; 
Kujawa et al., 2017; Weinberg, Ethridge, et al., 2021b), we 
quantified the IG task RewP as the average activity from 
275 to 375 ms following acceptance feedback at site Cz. 
Finally, based on previous work (Baskin-Sommers et al., 
2013; Hajcak et al., 2007; Liu et al., 2012; Sandre et al., 
2018; Sandre et al., 2019) and visual inspection of the grand 
averaged waveforms, we quantified the LPP as the average 
neural activity from 400 to 1,000 ms at electrode site Pz.

Unstandardized residual RewP scores (RewPresid) were 
calculated separately for neural activity elicited during the 
Doors, Plates, and IG tasks (Ethridge & Weinberg, 2018; 
Pegg et al., 2019; Rappaport et al., 2019). Specifically, 
participants’ ERPs to reward loss or social rejection were 
modeled as the predictor and ERPs to reward gain or social 
acceptance as the dependent variable in a regression analy-
sis. We then saved the unstandardized residual scores from 
each regression analysis and used these values as the mon-
etary RewPresid, the food RewPresid, or the social RewPresid. 
The residual RewP values adjust for neural activity asso-
ciated with reward loss or social rejection, thus isolating 
activity specific to reward gain or social acceptance. We 
also calculated a residual LPP erotic score to adjust for 
neural activity associated with the processing of neutral 
images and isolate activity associated with the processing 
of erotic images (Levinson et al., 2018; Speed et al., 2015; 
Weinberg, Venables, et al., 2015b). To do this, we mod-
eled participants’ ERPs to neutral images as the predictor 
and ERPs to erotic images as the dependent variable, saved 
the unstandardized residual scores, and used them as LPP 
residual values (i.e., LPPresid). We calculated split-half reli-
ability for the ERP residual scores between even and odd 
trials to estimate internal consistency, which are displayed 

in Table 1. Overall, ERP responses to favorable and not-
favorable feedback in Doors, Plates, and IG Tasks, as well 
as ERP responses to erotic images in Images Task showed 
high internal consistency (Spearman-Brown coefficients = 
0.78-0.92). Residual RewP and LPP scores showed more 
variable and lower internal consistency, ranged from poor to 
acceptable (Spearman-Brown coefficients = 0.41-0.70), with 
particularly low internal consistency for the residual RewP 
scores obtained from Doors and IG Tasks. These results are 
consistent with prior findings that residual-based measures 
show worse internal consistency than ERP responses to each 
type of feedback or stimuli (e.g., gain/loss and acceptance/
rejection: Ethridge & Weinberg, 2018; Luking et al., 2017). 
However, these residualized scores typically display better 
psychometric properties than subtraction-based difference 
scores, which have been used to investigate neural responses 
to gain in contrast to another condition (Ethridge & Wein-
berg, 2018; Meyer et al., 2017; Weinberg, Liu, et al., 2015a). 
Moreover, subtraction-based difference scores can be dif-
ficult to interpret as the difference score remains correlated 
with both conditions, making it challenging to determine 
which condition is driving associations with individual 
differences. For these reasons, the current study used the 
residualized scores.

Data analysis

Power and sample size estimations

Power analysis and estimation of required sample size in 
LPA are complex tasks and still developing areas (Fergu-
son et al., 2020; Spurk et al., 2020). For example, statistical 
power for identifying the correct number of latent profiles 

Table 1   Spearman-Brown reliability coefficients across feedback 
categories and tasks at electrode Cz for the Doors, Plates, and Island 
Getaway tasks and Pz for the Images task

Task Feedback/stimulus type Spearman-
Brown coef-
ficient (r)

Doors Gain 0.91
Doors Loss 0.91
Doors residual 0.53
Plates Gain 0.92
Plates Loss 0.84
Plates residual 0.65
Island Getaway Acceptance 0.91
Island Getaway Rejection 0.87
Island Getaway residual 0.41
Images Erotic 0.78
Images Neutral 0.30
Images residual 0.70
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using LPA depends on multiple factors, including sample 
size, number of indicators in LPA, and distance between 
latent profiles (Tein et al., 2013). Indeed, simulation studies 
typically suggest a minimum sample size of 250 to 500, but 
they also indicate that sample size has limited impact on 
power, as statistical power for a given sample size depends 
on other data characteristics (e.g., number of indicators, 
model fit indices used, inter-profile distance; Nylund et al., 
2007; Tein et  al., 2013). Here, inter-profile distance is 
deemed to be more important for determining power than 
other factors, but inter-profile distance often is unknown 
before analysis, and no previous information about it may 
be available for novel studies like the current study (Spurk 
et al., 2020; Tein et al., 2013). Given the novelty of the cur-
rent study and difficulties collecting EEG data from a sample 
as large as what is typically recommended, therefore, our 
sample size was based on the availability of existing data, 
with the intent to inform future research with our prelimi-
nary findings.

Profile identification and associated analyses

To identify profiles of reward responsiveness, we conducted 
LPAs with robust maximum likelihood estimators (MLR) 
that account for missing data without biasing parameter esti-
mates and model non-normal data appropriately. Specifi-
cally, we first compared competing models in terms of model 
fit, conceptual interpretability of the extracted profiles, and 
the size of the emerged profiles to identify the optimal 
model. When comparing models, we evaluated multiple fit 
indices, including Bayes information criterion (BIC), sam-
ple-size adjusted BIC (SABIC), Lo-Mendell-Rubin adjusted 
likelihood ratio test (LMR), bootstrap likelihood-ratio test 
(BLRT), and entropy. Here, lower values of BIC and SABIC 
as well as significant LMR and BLRT (i.e., p < .05) indicate 
a better fit, and an entropy value of 0.80 or greater suggests 
that individuals are classified into profiles with minimum 
error (Ferguson et al., 2020; Tein et al., 2013). In addition, 
we estimated the mean probabilities of profile membership 
in each candidate model to ensure that the optimal solution 
has profiles that are separate from one another (Ferguson 
et al., 2020; Masyn, 2013). We also evaluated sizes of the 
extracted profiles because profiles that are too small (e.g., 
<5% of the sample size) are unlikely to be reliably esti-
mated or replicated (Ferguson et al., 2020; Nylund-Gibson & 
Choi, 2018). Regarding the interpretability of the extracted 
profiles, we computed the model-estimated profile-specific 
mean scores of the indicator variables both in raw scores and 
z-scores to make it easier to compare means across indica-
tors with different scales. To describe the characteristics of 
the profiles and label them objectively and appropriately, we 
used the guidelines Park and Naragon-Gainey (revise and 
resubmit) suggested based on the interpretation of Cohen’s 

d: e.g., |z| < 0.2 = average; 0.2 < |z| < 0.5 = above/below 
average; 0.5 < |z| < 0.8 = moderately high/low; 0.8 < |z| = 
high/low; 1.2 < |z| = very high/low; 2.0 < |z| = extremely 
high/low. To explore whether the identified profiles were 
mainly due to self-report measures of reward responsiveness, 
we also re-ran the LPA using only self-reported measures of 
reward responsiveness post-hoc and reported the results in 
the Online Resource 1 (Table B; Figure A).

Once we determined the optimal number of latent pro-
files, we tested whether the profiles indeed differed from one 
another with regard to the validation variables theoretically 
or empirically related to reward processing, using the manual 
BCH approach (Asparouhov & Muthén, 2021). Specifically, 
we tested whether the profiles are differentially associated 
with symptoms reflective of depression, anxiety, and their 
co-occurrence (i.e., anhedonic depression, anxious arousal, 
general distress), social functioning (e.g., social anhedo-
nia, experiences of ostracism), and risk-taking tendency. 
We opted for the manual BCH method over other methods 
used in the literature (e.g., pseudo-class draws, the 3-step 
approach), because, unlike other methods, the BCH method 
yields unbiased parameter estimates, avoids any shifts in 
latent profiles in the analysis, and performs well when vari-
ances of these validation variables are allowed to vary across 
profiles (Asparouhov & Muthén, 2021). All analyses were 
conducted by using Mplus 8.4 (Muthén & Muthén, 1998-
2017). Note that, in Mplus, the effects of latent profiles on 
these variables are estimated as mean scores of the variables 
that vary across profiles (i.e., mean differences), instead of 
directly regressing these variables on the latent profile vari-
able. Because examining the associations of the profiles 
with these variables involved multiple testing, we used the 
Benjamini-Hochberg (B-H) procedure to reduce the false-
positive rate (Benjamini & Hochberg, 1995). To enhance 
interpretability of the mean differences and estimate their 
effect sizes, we also calculated Cohen’s d scores for each 
pair of comparison.

Results

Table 2 shows the overall sample means, standard deviations, 
range, and zero-order correlations of the seven indicators of 
reward responsiveness. Zero-order correlations among all 
the study variables are provided in Online Resource 1 (Table 
A). The correlations among the indicators were generally not 
significant (|r|s = .03-.17, ps > .05), although some were sig-
nificantly and modestly to moderately correlated (|r|s = .18-
.50, ps < .05) with greater positive correlations among self-
reported indicators. Additionally, the neural measures were 
not significantly correlated with the self-report measures, 
except that neural responses to erotic images were positively 
and significantly associated with self-reported anticipatory 
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pleasure (r = .18, p < .05). ERP waveforms and topographic 
maps for the neural indicators of reward responsiveness are 
presented in Fig. 2.

Table 3 shows model fit information and profile propor-
tions of each candidate model tested. We first evaluated LPA 

solutions with one to three profiles to determine the optimal 
model. Note that models with four or more profiles were 
not well-identified and thus excluded from consideration. 
Among the three model solutions, BIC, LMR, and BLRT 
favored the 2-profile model, as this model had the lowest 

Table 2   Descriptive statistics and zero-order correlations for the seven neural and self-reported indicators of reward responsiveness

ERPs = event-related potentials; RewPresid = residual reward positivity; LPP = late positive potential. The number of participants varies across 
the tasks due to administration issues during each EEG task (e.g., time constraint, errors in recording devices, participants’ decision to opt out of 
a particular task).* p < .05; ** p < .01; *** p < .001

 Indicator n Mean SD Range Correlations (n = 139)

1. 2. 3. 4. 5. 6. 7.

ERPs
1. Monetary RewPresid 133 0 4.53 −11.25–16.11 –
2. Food RewPresid 133 0 5.14 −10.90–15.70 .31*** –
3. Social RewPresid 127 0 3.84 −11.51–12.32 .18* .05 –
4. LPP to erotic imagesresid 100 0 4.17 −8.26–13.02 .06 .14 −.21* –
Self-Report
5. Anticipatory pleasure 138 44.89 7.49 22–60 −.16 .05 .09 .18* –
6. Consummatory pleasure 138 38.41 5.96 19–48 −.10 .16 .03 .17 .47*** –
7. Reward-related behavior 137 26.18 3.10 18–32 −.10 .05 −.07 .17 .50*** .28*** –

Fig. 2   ERP waveforms and topographic maps. Stimulus-locked ERP 
grand-averaged waveforms for gain and loss trials (or acceptance and 
rejection trials), as well as the gain minus loss (or acceptance minus 
rejection) difference waves, at electrode Cz for monetary (a), food 
(b), and social reward (c). Topographic maps depict the average dif-
ference (μV) between gain and loss responses from 250 ms to 350 ms 
post-stimulus onset for monetary (a) and food reward (b) and from 

275 ms to 375 ms post-stimulus onset for social reward (c). Stimu-
lus-locked ERP grand-averaged waveforms for neural responses to 
erotic and neutral images, as well as the erotic minus neutral differ-
ence waves, at electrode Pz are presented in (d), along with the topo-
graphic map depicting the average difference (μV) between erotic and 
neutral images from 400 ms to 1,000 ms post-stimulus onset. Figure 
created with Bio.​Render.​com

http://bio.render.com
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value of BIC and statistically significant LMR and BLRT 
values. On the other hand, SABIC and Entropy suggested 
that the 3-profile model fit better than other solutions as the 
3-profile model had the lowest SABIC value and classified 
individuals into the profiles with minimum uncertainty (i.e., 
error). Mean probabilities of profile membership in the 
2-profile model and the 3-profile model showed that both 
models have adequate separation between its extracted pro-
files: 93.1% for Profile 1 (n = 78) and 90.6% for Profile 2 (n 
= 61) in the 2-profile model; 91.8% for Profile 1 (n = 30), 
89.4% for Profile 2 (n = 71), and 94.9% for Profile 3 (n = 38) 
in the 3-profile model. These values indicate, for example, 
that individuals who had most likely profile membership in 
Profile 1 of the 3-profile model had an average 91.8% chance 
of being classified in Profile 1. Furthermore, all the profiles 
in the two candidate models were of adequate size.

In addition, we visually inspected the profiles in the 2- 
and 3-profile models and concluded that the 3-profile model 

would provide more meaningful theoretical implications 
(e.g., possible interactions between indicators of reward 
responsiveness across neural and self-report measures). For 
example, the extracted profiles of the 2-profile model dif-
fered from one another mostly in terms of the self-reported 
reward responsiveness, suggesting that the profiles may not 
reflect meaningful patterns of associations among all indi-
cators of reward responsiveness across measures of differ-
ent modality. In contrast, the profiles of the 3-profile model 
provided clearer patterns of associations among the indica-
tors as the profiles differed in terms of both self-reported 
measures of reward responsiveness and neural measures of 
reward responsiveness in a meaningful way. Based on all 
these considerations, we retained the 3-profile model. More 
detailed interpretation of these profiles is presented below.

Fig. 3 shows the profile-specific means of the indicators 
in Z-scores. Profile 1 (n = 30, 21.6%) was characterized by 
below average neural responses to social rewards and erotic 

Table 3   Model fit information and profile proportions

The model fit information and profile proportions of the best-fitting model (i.e., the 3-profile solution) are shown in boldface. Models with four 
or more profiles were not reported because they were not well-identified. Fit indices that are not applicable for the 1-Profile solution (i.e., LMR, 
BRT) were left blank. Due to rounding, profile proportions for the 3-profile solution sum up to 1.01. npar = number of parameters estimated in 
each model solution; BIC = Bayesian Information Criterion; SABIC = Sample size adjusted BIC; LMR = Lo-Mendell-Rubin adjusted likeli-
hood ratio test; BLRT = bootstrap likelihood ratio test

Model npar Log-likelihood BIC SABIC LMR (p) BLRT (p) Entropy Smallest 
profile (n)

Profile proportions

1 profile 14 −2697.04 5463.16 5418.87 – – – 139 1.00
2 profile 22 −2657.15 5422.86 5353.26 .001 .01 0.72 61 0.44, 0.56
3 profile 30 −2646.20 5440.44 5345.53 .43 .08 0.80 30 0.23, 0.29, 0.49

Fig. 3   Profile-specific mean scores of indicators of the three profiles of reward responsiveness
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images (zs = −0.25), very low self-reported anticipatory 
pleasure (z = −1.41), as well as moderately low self-reported 
consummatory pleasure and reward-related behavior (zs = 
−0.71, −0.68, respectively). However, Profile 1 still showed 
average neural responses to monetary rewards and food 
rewards (zs = −0.003, −0.18, respectively). Profile 2 (n = 
71, 51.1%) was characterized by average neural responses to 
food rewards, social rewards, and erotic images (|z|s = 0.04-
0.14), average levels of self-reported anticipatory pleasure, 
consummatory pleasure, and reward-related behavior (|z|s 
= 0.04-0.15), but elevated neural responses to monetary 
rewards (z = 0.24). Profile 3 (n = 38, 27.3%) was character-
ized by blunted neural responses to monetary rewards (z = 
−0.45), average neural responses to food and social rewards 
(zs = 0.07, 0.03, respectively), elevated neural responses to 
erotic images (z = 0.47), and elevated levels of self-reported 
anticipatory pleasure, consummatory pleasure, and reward-
related behavior (zs = 0.75-1.19).

Table 4 shows the associations of the profiles with vari-
ables related to emotional and social functioning. Here, we 
focused on the results that were significant after adjusting 
for multiple comparisons. Uncorrected results are provided 
in Online Resource 1 for descriptive purposes. First, Profile 
1 was most strongly associated with anhedonic depression 
as it showed greater anhedonic depression than Profile 3 (|d| 
= 1.02, p < .0001). Profile 1 also was most closely associ-
ated with social dysfunction, in that showed greater social 
anhedonia (|d| = 0.77, p = .008) than Profile 2 and more 
experiences of being socially excluded than both Profile 2 

(|d| = 0.94, p = .001) and Profile 3 (|d| = 0.73, p = .005). 
Interestingly, Profile 3 reported similar levels of experiences 
of being ignored as Profile 1 (|d| = 0.06, p > .05). Regarding 
risk-taking tendencies, Profile 3 showed greater recreational 
risk-taking (|d| = 0.68, p = .009) than Profile 1. Profiles 
2 and 3 did not significantly differ in terms of these risk-
taking tendencies (|d|s = 0.14–0.18, ps > .05). Finally, none 
of the three profiles differed significantly from one another 
in general distress, anxious arousal, or financial risk-taking 
tendency, although the effect sizes varied (|d|s = 0.09-0.40, 
ps > .05).

Discussion

The current study identified subgroups of individuals with 
distinct patterns of associations among neural and self-
reported measures of reward responsiveness (i.e., profiles 
of reward responsiveness), using a person-centered approach 
in a sample of young female adults. As hypothesized, par-
ticipants were grouped into interpretable profiles that were 
differentially associated with anhedonic depression, social 
anhedonia/social stress, and risk-taking behaviors. Specifi-
cally, the profiles differed from one another in relatively 
straightforward ways in terms of self-reported measures of 
reward responsiveness (e.g., high, average, and low levels 
of anticipatory and consummatory pleasure), but each was 
characterized by unique patterns of associations among 
neural measures of reward responsiveness. For example, 

Table 4   Means and standard deviations of validation variables across profiles

Sample size of each profile slightly varied depending on the available data for each measure of the validation variables (Total ns = 132-138)

Validation variable Profile 1
(n = 30)

Profile 2
(n = 71)

Profile 3
(n = 38)

|Cohen’s d|

P1 vs. P2 P1 vs. P3 P2 vs. P3

General distress 24.94
(7.63)

23.56
(9.00)

26.07
(7.75)

0.17 0.15 0.30

Anhedonic depression 34.19
(7.17)

30.51
(7.37)

26.01
(8.72)

0.51 1.02 0.56

Anxious arousal 16.04
(4.10)

16.75
(5.74)

18.09
(5.93)

0.14 0.40 0.23

Social anhedonia 3.75
(2.77)

1.92
(1.89)

2.57
(2.61)

0.77 0.44 0.29

Ostracism experience-Ignored 11.53
(4.04)

9.54
(3.21)

11.27
(4.46)

0.54 0.06 0.45

Ostracism experience- Excluded 16.37
(4.68)

12.61
(3.14)

12.88
(4.88)

0.94 0.73 0.07

Risk-taking: Social 22.33
(4.46)

24.44
(4.65)

25.06
(4.49)

0.46 0.61 0.14

Risk-taking: Recreational 16.58
(7.37)

20.63
(8.44)

22.27
(9.32)

0.51 0.68 0.18

Risk-taking: Financial 3.98
(2.45)

4.19
(2.02)

4.60
(3.34)

0.09 0.21 0.15
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participants in Profile 1, who showed the lowest self-
reported anticipatory and consummatory reward responsive-
ness, exhibited blunted neural responses to stimuli of inter-
personal nature (i.e., social rewards and erotic images), but 
their neural responses to monetary rewards and food rewards 
were intact (i.e., average). This is consistent with evidence 
that reward responsiveness differs depending on incentive 
types (Ethridge et al., 2017; Khazanov et al., 2020; Nelson & 
Jarcho, 2021; Pegg et al., 2021; Shankman et al., 2014) and 
further suggests that individuals with subjectively reduced 
reward responsiveness may still show normative responses 
to the receipt of some types of reward.

Moreover, participants in Profile 3, who subjectively 
reported elevated anticipatory and consummatory reward 
responsiveness, exhibited both hypersensitivity to erotic 
images and hyposensitivity to monetary rewards at the neu-
ral level. Previous discussions of reward responsiveness have 
often considered the role of excessive reward responsive-
ness and blunted reward responsiveness separately (Joyner 
et al., 2019; Nusslock & Alloy, 2017), positing that these two 
opposite levels of reward responsiveness would characterize 
different groups of individuals. However, the characteris-
tics of Profile 3 suggest that an individual can exhibit both 
enhanced and blunted responses to rewards, depending on 
appetitive stimuli. Moreover, unlike those in Profiles 1 and 
3, participants in Profile 2 (the largest subgroup) showed 
average levels of reward responsiveness across most of the 
measures included in the analysis, suggesting that some indi-
viduals also may have little variability in their responses 
to reward across different measures of reward responsive-
ness. Still, it should be noted that Profile 2 showed slightly 
elevated neural response to monetary rewards. This may 
indicate that monetary rewards were somewhat more salient 
among other types of rewards to this subgroup of individuals 
with overall average levels of reward responsiveness. Taken 
together, the current findings suggest that the unique combi-
nation of variations in these measures of reward responsive-
ness should be considered to understand the phenomenon of 
reward responsiveness more deeply.

The profiles also generally showed theory-consistent 
associations with the validation variables, which supports 
the validity of the profiles. For example, the profiles were 
differentially associated with anhedonic depression, but not 
with anxiety or general distress, consistent with previous 
findings (Burkhouse et al., 2017; Weinberg et al., 2016). 
Also, individuals in Profile 1, who showed blunted neural 
responses to interpersonal rewards as well as blunted self-
reported reward responsiveness, reported the highest levels 
of social anhedonia and social stress, which is in line with 
previous research showing the link between blunted reward 
responsiveness (especially in response to social rewards) 
and disrupted social functioning (Banica et al., 2022; Wein-
berg, Ethridge, et al., 2021b). However, the current study 

also showed that individuals with both hyposensitivity and 
hypersensitivity to rewards at the neural level in addition 
to high self-reported reward responsiveness (i.e., Profile 3) 
may be prone to social maladjustment and risk-taking behav-
iors. These findings suggest that the link between reward 
responsiveness and some psychological problems may be 
rather complex. On the one hand, this is consistent with 
work showing that blunted reward responsiveness (assessed 
with the RewP in the Doors task) was associated with both 
risk-prone and risk-averse behaviors (Huggins et al., 2019). 
Similarly, other researchers have suggested that both hyper-
sensitivity and hyposensitivity to rewards might be posi-
tively linked to risk-taking behaviors (e.g., substance use: 
Nusslock & Alloy, 2017). On the other hand, the current 
finding that the same individuals could exhibit both hypo-
sensitivity and hypersensitivity depending on the appetitive 
stimuli indicates a need to further clarify the function of 
this unexpected combination of hypo- and hypersensitiv-
ity to reward within individuals. More work will be neces-
sary to elucidate the nature and the underlying mechanisms 
of the associations between multiple measures of reward 
responsiveness and variables, including social functioning 
and risk-taking behaviors.

It is noteworthy that the profiles did not show strong 
clustering of indicators by method type (i.e., self-report vs. 
neural measures), which is not surprising given the generally 
modest or nonsignificant correlations among the indicators 
within the same method type. The largest correlation among 
the indicators was still moderate (r = .50, p < .001), sug-
gesting that indicators reflect related, but distinct, aspects of 
reward responsiveness. However, it should also be noted that 
the identified profiles were most strongly differentiated by 
self-reported indicators of reward responsiveness. When we 
re-ran the LPA using only self-reported measures of reward 
responsiveness post-hoc, it suggested a 3-profile solution to 
be the best-fitting model. This self-report-based, 3-profile 
model yielded profiles that had similar characteristics (i.e., 
high, average, and low levels of self-reported reward respon-
siveness) compared with the 3-profile model identified based 
on both neural and self-reported indicators of reward respon-
siveness. The consistency of the results across solutions with 
and without neural measures of reward responsiveness raises 
the possibility that neural measures might make limited 
contributions to the classification of participants. However, 
even if the three profiles emerged primarily from different 
patterns of associations among the self-reported measures 
of reward responsiveness, the inclusion of neural measures 
helps to further clarify the characteristics of individuals in 
the profiles, by providing descriptive information about how 
individuals in each profile responded to the receipt of differ-
ent types of appetitive stimuli at the neural level. For exam-
ple, one might assume that individuals in the profile charac-
terized by low self-reported reward responsiveness (Profile 
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1) also would show blunted neural responses to rewards. 
However, the current findings revealed that these individuals 
could show intact responses to some types of rewards at the 
neural level. Furthermore, the additional information neural 
measures provide can help to clarify the association between 
the profiles and the validation variables. For example, Profile 
1 was most strongly associated with variables reflective of 
social dysfunction (e.g., social anhedonia, experiences of 
ostracism) among the three profiles. This is consistent with 
the finding that individuals in this profile showed blunted 
neural responses to interpersonal stimuli (social acceptance 
feedback, erotic images). Considering that the self-report 
measures included in the current study do not specifically 
evaluate responsiveness to social rewards, the inclusion of 
neural measures using different appetitive stimuli can offer 
insight into domain-specific deficits in reward responsive-
ness that characterize each profile.

Despite the preliminary nature of the work, the present 
findings also could inform clinical assessments of reward 
responsiveness and help individualize interventions target-
ing deficits in reward responsiveness. Indeed, researchers 
have introduced treatment approaches specifically designed 
to increase reward responsiveness and/or pleasure by encour-
aging individuals to identify, visualize, and engage in pleas-
urable activities (Barnes-Horowitz et al., 2023; Craske et al., 
2019; Taylor et al., 2017). Our findings suggest that it may 
be helpful to evaluate distinct profiles of reward responsive-
ness at the beginning of therapy and use the information to 
individualize these interventions accordingly. For example, 
if a patient seeking treatment for depression shows a pro-
file consistent with the Profile 1 identified in the current 
study, it might be more effective to focus on helping the 
patient to identify and engage in pleasurable social activities 
rather than activities involving financial gains or food gains. 
Furthermore, given the association between Profile 1 and 
variables reflective of social dysfunction, targeted treatments 
might consider identifying and addressing barriers that pre-
vent successful social interactions (e.g., lack of social skills).

Limitations of the study suggest future directions for 
research. First, our sample was relatively small and homoge-
neous and only included female participants, most of whom 
were from an elite college campus. The small sample size 
might have prevented us from identifying additional pro-
files that exist in the population, while the sample’s homo-
geneity and idiosyncratic features may limit generalizability 
of the profiles and their associations with validation vari-
ables. In particular, it should be noted that students at elite 
universities may exhibit unique reward function such that 
excessive reward responsiveness and high striving may be 
associated with psychopathology. For example, the current 
finding that individuals with enhanced reward responsive-
ness across multiple measures (i.e., Profile 3) may be prone 
to social maladjustment and risk-taking behaviors may be 

reflective of the idiosyncratic features of the current sample. 
Thus, the current findings need to be interpreted in light of 
the unique cultural context of the sample. Furthermore, the 
particularly low proportion of participants from racial and 
ethnic minority groups, including black participants, also 
limits our ability to generalize our findings to the general 
population. In addition, two of the identified profiles were 
fairly small (e.g., n = 30 and n = 38), which might present 
further challenges to generalizability. Finally, although the 
nonsignificant associations between the profiles and general 
distress and anxious arousal are consistent with previous 
findings that showed specific associations between reward 
responsiveness and anhedonic depression, the use of a non-
clinical sample might have limited power to detect weaker 
associations between the profiles and these variables. It will 
be crucial for future studies to recruit larger samples that are 
more representative of the general population and clinical 
population.

Additionally, the majority of the participants in the exist-
ing data set the current study utilized were young adults. 
Thus, it will be crucial to examine whether the profiles iden-
tified in the current study and their associations with depres-
sion, social anhedonia, ostracism, and risk-taking behaviors 
are replicable in other age groups. Regarding potential 
effects of age on reward responsiveness, researchers have 
shown age-related changes in neural responses to reward 
from childhood to late adolescence (Feldmann et al., 2021; 
Gibb et al., 2022), and a previous study using a sample of a 
wide range of ages (18-60 years: Bounoua et al., 2021) found 
that older adults show a different profile of reward and emo-
tional functioning from younger adults. This suggests that 
age may play a role in the way multiple measures of reward 
responsiveness manifest within and across individuals. To 
examine the role of age, researchers may consider comparing 
profiles of reward responsiveness across different age groups 
as well as examining how reward responsiveness assessed 
with multiple measures emerges and changes across devel-
opment using longitudinal data (e.g., longitudinal latent 
profile analysis).

The present study aimed to improve coverage of the con-
struct of reward responsiveness by using both neural and 
self-report measures. Future studies should expand upon this 
by incorporating additional measures of reward responsive-
ness. For instance, our ERP tasks did not capture antici-
patory processes. Thus, it would be advisable to measure 
neural responses to both reward anticipation and reward 
receipt, incorporating tasks that could assess both temporal 
dimensions of reward responsiveness (e.g., incentive delay 
tasks; Ait Oumeziane et al., 2019) and other ERPs, such as 
cue-P300, stimulus-preceding negativity (SPN), and feed-
back-P300. Although the current study included a relatively 
larger set of rewarding stimuli, it will also be important to 
use a wider range of rewarding stimuli including stimuli 
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that are personally rewarding to each participant to increase 
ecological validity of the measures (e.g., pictures of loved 
ones or dream vacation destinations). Finally, the current 
study focused on neural and self-report measures, but future 
work may benefit from the inclusion of measures of other 
modalities (e.g., behavioral measures) that reflect additional 
aspects of reward responsiveness (e.g., reward learning). 
Incorporating additional measures will also help increase 
the statistical power to detect the correct number of profiles, 
because the number of indicators is an important factor con-
tributing to the statistical power in LPAs and the number of 
indicators used in the current study is relatively small (Tein 
et al., 2013).

In addition, the current study focused on a few valida-
tion variables that have shown significant associations with 
reward responsiveness in the literature, to identify specific 
deficits in reward responsiveness that may be associated 
with distinct psychological problems. However, it should 
be noted that we could not examine other more relevant vari-
ables that were not available in the existing data set that we 
utilized in this secondary data analysis (e.g., social function-
ing, social anxiety and other internalizing symptoms, stress/
early life experiences, substance use). Thus, future studies 
should carefully select a range of variables to better deline-
ate deficits in reward responsiveness that may confer risk for 
psychological problems, including more direct measures of 
social functioning. Finally, all study variables were assessed 
cross-sectionally. Thus, we cannot infer causality regarding 
associations between profiles and the variables used to vali-
date the profiles (e.g., anhedonic depression, social anhedo-
nia, ostracism, risk-taking behaviors). In other words, it is 
not clear whether variability in the variables used to validate 
the profiles contributes to the formation of the profiles, is 
affected by of the profiles, or both. It will therefore be crucial 
for future research to clarify the directionality of the associa-
tion between the profiles and these validation variables using 
longitudinal designs.

Conclusions

The current study identified unique profiles of reward 
responsiveness that provided insight into how different 
measures of reward responsiveness may manifest within 
and across individuals. These profiles particularly high-
lighted independence among neural measures of reward 
responsiveness. We also found that the profiles were asso-
ciated with anhedonic depression, social dysfunction, and 
risk-taking behaviors in ways consistent with theory and 
previous empirical findings. Still, the directionality and 
the underlying mechanisms of those associations need to 
be further examined, particularly to answer how the com-
bination of hypersensitivity and hyposensitivity to reward 

within individuals contributes to mental health issues, such 
as risk-taking behaviors. Future work should also explore 
the extent to which neural measures can make important 
contributions to the profiles. Again, it should be noted that 
the profiles identified in the current study are most likely to 
reflect characteristics specific to the current sample (e.g., 
elite university students, female), which limits our ability to 
generalize the current findings. Future work will be needed 
to replicate these distinctive profiles of reward responsive-
ness and elucidate how these profiles confer risk for differ-
ent mental health outcomes by using more representative 
samples and incorporating other neural, behavioral, and 
self-reported indicators of reward responsiveness. This line 
of research should advance our understanding of reward 
responsiveness and better inform psychological interven-
tions that target aberrations in reward processing.
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