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This study reports important findings regarding social influence on charitable donations,
showing that giving is shaped by the statistical properties of others' donations in a
manner that can be captured by a reinforcement learning model. The evidence for the
conclusions is solid, although the computational modelling could be better motivated and
described, the individual differences analyses could be more robust, and some design
choices could be better motivated. Overall, the core effect appears robust and is
supported by multiple well-designed experiments, but the conclusions that rely upon
computational modelling and individual differences may require further support.

https://doi.org/10.7554/eLife.112321.1.sa4

Abstract

Charitable giving is a cornerstone of social welfare, and others’ donations can promote individual
giving. However, the computational mechanisms through which social information shapes
donation behavior, and how individuals differ in their responsiveness, remain poorly understood.
Here, we investigated how the statistical properties of others’ donations shape individual giving,
and how this was affected by individual differences in socio-affective traits. Across 4 pre-
registered experiments (total N = 1,491), participants made donations before and after observing
sequential donations from diverse others whose mean and variability were systematically
manipulated. We found that observing generous average donations robustly increased individual
giving, while observing stingy donations decreased it. Moreover, the variance in social
information did not modulate this shift. In parallel, exposure to others’ donations consistently
reduced the variability of individual donations, with stronger reductions when others’ donations
were more consistent (versus more variable). Computational modeling revealed that a hybrid
reinforcement learning model integrating initial donations with learned predictions of others’
donations captured participants’ donation behaviors well. At the individual level, changes in
donations following social exposure were consistently positively associated with psychopathic
traits. Model-derived parameters further revealed that people with higher psychopathic traits
were more susceptible to social information, assigning greater weight to observed donations when
making their second decisions. These results were replicated across all experiments, despite
variations in donation magnitudes, population type, variability discrepancy, and incentive
structures. Together, our findings demonstrate that the statistical structure of social information -
its magnitude and variability - shapes the corresponding features of individual donations, and
identify psychopathy as a key factor underlying heterogeneity in social influence.
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Introduction

Charities play vital roles in addressing societal challenges, but depend heavily on individual
donations to sustain their activities. Understanding what motivates people to give is therefore
critical for supporting charitable efforts. At the same time, individuals differ markedly in their
willingness to donate (Auten & Rudney, 1990 & ; Marsh et al., 20142 ; Nakamura et al., 2025(%).
Identifying the sources of these differences is key to promoting prosocial behaviors at scale,
strengthening social cohesion, and enhancing well-being (Aknin et al., 2013 ; Vanags et al.,
2025@).

Substantial evidence shows that individuals’ choices and decisions are shaped by those of others, a
phenomenon referred to as social influence (Cialdini & Goldstein, 20047 ; Goldstein et al., 2008 (%;
Schultner et al., 2024 (Z; Toelch & Dolan, 2015C%; S. Zhang et al., 2025 ). In the domain of
charitable giving, both laboratory and field studies demonstrate that individual generosity is
influenced by others’ prosocial behavior (Chierchia et al., 2020 & ; Nook et al., 2016 2 ; Shang &
Croson, 2009 ). For instance, presenting donors with information about a large prior

contribution increased individual donations in a public radio campaign (Shang & Croson, 2009 %),
and exposure to higher average donations from others similarly elevated giving (Nook et al.,

However, most prior studies focused on how people adjust prosocial behavior in response to a
single individual’s decision (Molleman et al., 2022 &2 ; Shang & Croson, 2009 @), whereas studies
involving multiple others typically summarize social information using an aggregate cue such as
the group average or majority level (Nook et al., 2016 (3; Panizza et al., 2021 @). People now
encounter social information from diverse sources in increasingly interconnected environments.
In real-world fundraising, such information is often presented repeatedly and derived from
multiple donors, reflecting the dynamic distribution of charitable giving beyond single-source
influence. Understanding how dynamic sequences of social information shape individual giving is
therefore critical to identify effective ways to promote prosocial behaviors in modern society. Yet,
despite the widespread availability of diverse social information, how sequential exposure to
donation information from multiple donors shapes individual giving remains poorly understood.
In particular, it is unclear how the average level and variability of others’ donations together
influence charitable decisions.

In recent years, reinforcement learning (RL) models, characterizing direct learning from the

et al., 2024 @; Lockwood & Klein-Fligge, 2021 Z; Olsson et al., 2020%). These models help
elucidate the dynamic processes underlying learning in social contexts (Frolichs et al., 2022 %; Jin
et al., 2023 @; Joiner et al., 2017 @), and their extensions further capture how humans learn from
others by incorporating social information into value updating and decision-making (Burke et al.,
20103; Charpentier et al., 2024 3 ; Najar et al., 20202 ; L. Zhang & Glascher, 2020 2 ; Zhou et al.,
2024 (3). Such approaches enable the quantification of latent cognitive processes underlying social
influence. In the current study, we employed RL-based modeling to disentangle the computational
mechanisms underlying changes in donation behavior in the face of diverse donations from
others. Importantly, these models can derive individual-specific computational phenotypes that
capture mechanistic variability associated with personality and psychopathology-related traits (Liu

etal, 2025C2; Patzelt et al., 2018 2; Rhoads et al., 2024C%).

Social information shapes charitable giving, yet individuals vary considerably in the extent to
which they incorporate others’ generosity into their own decisions (Chierchia et al., 2020 ; Diaz-
Gutiérrez et al., 2024 3 ; Lee & Chung, 2022 %). Such individual difference is a core feature of
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1 functioning and offers a valuable lens for understanding how people respond to others’ behavior
in prosocial contexts. However, little is known about the determinants of these individual
differences - namely, why some individuals substantially adjust their giving toward observed
others, whereas others are less responsive. Identifying the sources of heterogeneity in social
information use helps clarify when and for whom social information promotes adaptive prosocial

Psychopathy and empathy may influence how individuals use social information in charitable
contexts. Psychopathy is a personality construct characterized by impulsivity, superficial charm,
being callous and antisocial behaviors (Hare, 2006 (). Its core traits are increasingly recognized as
varying across the general population (Guay et al., 2007 2 ; Hare & Neumann, 2008 ).
Psychopathy has been associated with reduced prosocial behaviors (Contreras-Huerta et al.,

2022 %; Rilling et al., 2007 %), diminished sensitivity to outcomes affecting others (Cutler et al.,

affective experiences of other people (Singer & Lamm, 2009(2), and is linked to greater prosocial

behaviors (Lockwood et al., 2014 (%), enhanced learning in contexts involving benefits to others
(Lockwood et al., 2016 (%) and heightened sensitivity to others’ pain (Singer et al., 2004 (%).
Although psychopathy and empathy are often viewed as opposing socioaffective traits relevant to
prosocial motivation and charitable giving (Gunschera et al., 2022 ; Tusche et al., 2016 @), little is
known about how they shape individuals’ susceptibility to social influence in donation behaviors.

In the current study, we developed a social influence task on charitable giving and implemented it
in four pre-registered independent experiments (n1 = 356, n2 = 372, n3 = 375, n4 = 388, total N =
1491). This paradigm enabled us to examine how the statistical properties of others’ donations -
specifically their mean and variability - shape individual donation behaviors both in terms of
donation magnitude and variability. Furthermore, we applied RL-based modeling to quantify the
social information learning process underlying donation behaviors. Finally, we investigated
whether individual traits, namely psychopathic traits and empathy, modulate susceptibility to
social information. Across all four experiments, we found that observing generous donations led
to significant increases in individual giving, whereas observing stingy donations prompted
reductions in donation amounts, but that the variance of observed donations did not affect this
mean shift. It did, however, affect the variability. Following exposure to others’ donations, the
variability of individual donations consistently decreased across conditions. Notably, this
reduction in variability was stronger when others’ donations were more consistent than when
they were more variable. The effects of both the mean and variability of others’ donations
generalized to novel charitable donations. Importantly, psychopathic traits were positively
associated with susceptibility to others’ donations, a latent variable derived from computational
modeling. This positive association between psychopathy traits and social information use
appeared consistently across all studies, in both model-based and model-agnostic behavior, and
even generalized to a perceptual decision-making task, where participants had to guess animals
on the screen rather than make donation decisions (Molleman et al., 2019 ). Together, these
findings demonstrate that the magnitude and variability of others’ giving shaped the level and
variability of individual donations, respectively, and highlight psychopathy as a key factor
underlying individual differences in social information use.

Results

Participants completed a novel social influence task on charitable giving (Fig. 13). They were
randomly assigned to one of four group-norm conditions: Low Mean-Low SD (LM-LSD) of
observed others’ donations; Low Mean-High SD (LM-HSD); High Mean-Low SD (HM-LSD); High
Mean-High SD (HM-HSD). Across all four pre-registered experiments, the task consisted of two
phases. In the baseline donation phase, participants chose how much they were willing to donate
to each of twenty charities, providing a measure of baseline donation tendencies. Participants then

entered the observation of others’ donations and second donation phase. This phase comprised
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twenty rounds involving the same charities. In each round, participants predicted and then
observed the donations of five different other donors. Upon completing these five prediction-
observation trials, they made a second donation. Donation patterns of others varied across
conditions in both generosity (Low vs. High Mean) and consistency (Low vs. High SD), allowing us
to quantify how these features of social information influenced individual donation shifts.
Measures of psychopathy and empathy were administered after the task to probe their
associations with susceptibility to social information.

In Experiment 1, college students completed a hypothetical donation task with amounts ranging
from $0 and $2 (Table 1 (%). To examine the robustness of social influence effects across monetary
scales, the donation range was increased to $0-$10 and $0-$100 in Experiment 2 and 3,
respectively, with Experiment 3 additionally introducing a larger contrast between variance
conditions. Given potential discrepancies between hypothetical and real giving, Experiment 4
employed an incentive-compatible design with a more diverse Prolific sample. This experiment
further examined whether social information effects generalized to donations to novel charities in
the absence of social information and included a perceptual social influence task to assess the

domain generality of associations between personality traits and susceptibility to social influence.

Table 1. Overview of the four experiments.

Experiment 1-3 recruited college students and involved hypothetical donation decisions with ranges of $0-$2, $0-$10, and $0-$100,
respectively. Experiment 4 recruited participants from the U.S. general population via Prolific and implemented an incentive-compatible
design in which donations ranged from 0 to 100 points (equivalent to $1). Across all experiments, the mean and standard deviation of
observed others’ donations were experimentally manipulated (Fig. S1C2). In Experiment 1, we manipulated the overall mean ($0.6 vs. $1.4)
and standard deviation (0.1 vs. 0.3) of others’ donations, computed by pooling donation amounts across all charities. Experiment 2 adopted
the same distributional structure as Experiment 1, with all donation values scaled by a factor of 5. Experiment 3 further extended the donation
range ($0-$100) and increased the contrast in the standard deviation of others’ donations between the Low-SD and High-SD conditions.
Finally, Experiment 4 implemented an incentive-compatible design with more fine-grained donation settings, ensuring that the mean of

others’ donations was matched across SD conditions at the charity level while their standard deviation varied (Method S3 and Fig. S2(@).

Exp Sample Incentive Scale Key Manipulation
1 College Students Hypothetical $0-2 Mean and SD of Others’ Donation manipulated (group level across charities)
2 College Students Hypothetical ~ $0-10 Same distributional structure as Exp 1 (scaled * 5)
3 College Students Hypothetical ~ $0-100 Expanded donation range;

Increase contrast between Low vs. HighSD

4  US. general population Incentivized 0-100pts Charity-level means matched between Low and HighSD conditions; SD varied

Observing Others’ Generous (Stingy) Donations Increased
(Decreased) Individuals’ Donation Amounts, Regardless of the
Variance in Social Information

First, we examined whether individual donations were affected by the mean and standard
deviation of observed others’ donations. A linear mixed-effects model on individual donation
amounts revealed a significant interaction between the mean of others’ donations and the phase
across all four experiments (Exp 1: b = -0.34, SE = 0.023, t(12652) = -14.83, p < 0.001, 95% CI = [-0.39,
-0.30]; Exp 2: b =-1.83, SE = 0.10, t(13432) = -18.16, p < 0.001, 95% CI = [-2.04, -1.64]; Exp 3: b =-18.03,
SE =1.02, t(13627) =-17.71, p < 0.001, 95% CI = [-20.03, -16.04]; Exp 4: b = -15.42, SE = 0.87, t(14563) =
-17.63, p < 0.001, 95% CI = [-17.13, -13.70]; Fig. 22 ; Table S1 ). More specifically, pairwise
comparison revealed that participants significantly increased their donations after observing
generous donations from others, whereas participants decreased their donations after observing
stingy donations (Contrast of Baseline and Shift: Exp 1: Under LowMean, A = 0.20, SE = 0.01, z =
17.96, p < 0.001; Under HighMean, A =-0.16, SE = 0.01, z =-13.35, p < 0.001; Exp 2: Under LowMean,
A=1.03, SE =0.05, z = 20.34, p < 0.001; Under HighMean, A = -0.91, SE = 0.05, z = -17.88, p < 0.001;
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Figure 1. Schematic overview of the experimental design.

(A) The baseline donation phase. Participants were presented with twenty charities, each accompanied by a brief description.
For each charity, they were asked to decide how much they were willing to donate within the specified range. These initial
responses provided a baseline measure of individual giving preferences in the absence of social information. (B) The
observation of others’ donations and the second donation phase. For each charity, participants engaged in five sequential
trials in which they first predicted the donation of another individual and then received feedback about the actual donation.
This procedure exposed participants to a distribution of others’ giving behavior. After completing all five trials for a given
charity, participants made a second donation decision for that same charity, allowing assessment of changes in giving
following social information. The set of charities in this phase was identical to that in the baseline phase. (C) The
experimental manipulation. The distribution of others’ donations was manipulated along two dimensions - mean level and
variability (SD) - in a 2 * 2 between-subject design. Participants were randomly assigned to one of four conditions: Low Mean-
Low SD (LM-LSD); Low Mean-High SD (LM-HSD); High Mean-Low SD (HM-LSD); High Mean-High SD (HM-HSD). The histogram
and table display the distributions and descriptive statistics of the manipulated donation values in Experiment 1.
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Exp 3: Under LowMean, A = 7.75, SE = 0.52, z = 15.06, p < 0.001; Under HighMean, A =-10.80, SE =
0.51,z =-21.22, p < 0.001; Exp 4: Under LowMean, A = 8.15, SE = 0.44, z = 18.50, p < 0.001; Under
HighMean, A =-7.42, SE = 0.43, z =-17.20, p < 0.001). The preregistered mixed ANOVA on the
averaged individual amount yielded convergent evidence for the same results (Table S2 %), and
also confirmed what we had hypothesized in the preregistrations relating to the effect of the
mean. Overall, this pattern demonstrated that participants adjusted their giving behaviors toward
the generosity level displayed by others. As a control analysis, we focused on the baseline phase
and found no significant differences between conditions (Table S3(%), suggesting that the

subsequent donation changes were driven by exposure to others’ donations rather than by
baseline variability.

In contrast, evidence for an interaction between the standard deviation of observed others’
donation and phase was generally absent, appearing solely (and weakly) in Experiment 3 (Exp 3: b
=2.09, SE=1.02, t (13627) = 2.05, p = 0.04, 95% CI = [0.09, 4.09]) but not in the remaining three
experiments (Exp 1: b = 0.008, SE = 0.02, t (12652) = 0.34, p = 0.7, 95% CI = [-0.04, 0.05]; Exp 2: b =
0.05, SE =0.10, t (13432) = 0.50, p = 0.62, 95% CI = [-0.15, 0.25]; Exp 4: b = 0.33, SE = 0.86, t (14563) =
0.38, p = 0.70, 95% CI = [-1.36, 2.02]). Furthermore, contrary to what we had initially hypothesized,
results from the preregistered mixed-effects ANOVA do not show any significant standard
deviation and phase interaction in any of the 4 experiments (Table S2(%). No significant three-way
interactions between the mean, standard deviation of others’ donations and phase were present
across all experiments (Exp 1: b =-0.03, SE = 0.03, t(12652) =-1.07, p = 0.29, 95% CI = [-0.10, 0.03];
Exp 2: b =-0.20, SE = 0.14, t(13432) =-1.38, p = 0.17, 95% CI = [-0.47, 0.08]; Exp 3: b =-1.04, SE = 1.45,
t(13627) =-0.72, p = 0.47, 95% CI = [-3.88, 1.79]; Exp 4: b = -0.30, SE = 1.23, t (14563) =-0.25, p = 0.81,
95% CI = [-2.72, 2.11]). Taken together, these findings indicate that individual donation amounts
were robustly shaped by the average generosity of others, with little evidence for the influence of
variability of others’ donations.

Effect of Variance on Variance: The Variability of Individual
Donations Decreased After Observing Others’ Donations,
Especially When Others Showed Less Variability in Their Giving

We then investigated whether individual donation amounts became more or less variable
following exposure to others’ giving, and how the average magnitude and variability of others’
donations modulated these changes. Donation variability was quantified as the standard deviation
of individual donations within each phase. The results of a mixed ANOVA on donation standard
deviation across charities revealed a significant main effect of phase for all experiments (Exp1:
F(1, 321) = 146.63, p < 0.001, partial r]2 =0.31; Exp2: F(1, 341) = 260.99, p < 0.001, partial n = 0.43;
Exp3: F(1, 346) = 144.57, p < 0.001, partial n = 0.30; Exp4: F(1, 370) = 73.18, p < 0.001, partial n® =
0.17; Fig. 32; Table S4(%), demonstrating that the donation variability decreased significantly
after participants observed others’ donations, and this effect held under all conditions,
irrespective of the distribution characteristics of others’ donations. Moreover, a significant
interaction between the SD of others’ donations and phase was observed in Experiments 2-4
(Exp2: F(1, 341) = 14.64, p < 0.001, partial nz =0.04; Exp3: F(1, 346) = 18.44, p < 0.001, partial r]2 =
0.05; Exp4: F(1, 370) = 14.55, p < 0.001, partial r]z =0.04), while Experiment 1 showed a similar but
non-significant pattern (Exp1: F (1, 321) = 2.87, p = 0.09, partial n? = 0.009). Mirroring these results,
a two-way ANOVA on the change in donation standard deviation (Shift-Baseline) revealed a
significant main effect of others’ donation variability. Post hoc analyses further showed that the
variability in individual giving declined to a greater extent after exposure to more consistent
(LowSD) than more variable (HighSD) social information in Experiment 2-4 (Contrast of HighSD
and LowSD: Exp2: Under LowMean, A = 0.21, SE = 0.10, t (341) = 2.04, p = 0.04; Under HighMean, A =
0.34, SE = 0.10, t(341) = 3.34, p < 0.001; Exp3: Under LowMean, A = 2.46, SE = 1.09, t(346) = 2.25,p =
0.03; Under HighMean, A = 4.15, SE = 1.08, t(346) = 3.83, p < 0.001; Exp4: Under LowMean, A = 2.65,
SE =1.01, t (370) = 2.62, p = 0.009; Under HighMean, A = 2.75, SE = 0.99, £(370) = 2.78, p = 0.006), with
Experiment 1 showing a nonsignificant trend in the same direction (Exp1: Under LowMean, A =
0.03, SE = 0.02, t (321) = 1.32, p = 0.19; Under HighMean, A = 0.02, SE = 0.02, t(321) = 1.08, p = 0.28).
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Figure 2. The mean of observed others’ donations robustly modulated shifts in individual donation
amounts.

Across all four experiments, a significant interaction between the mean of others’ donations and phase was found across all
four experiments (Exp 1: b =-0.34, SE = 0.023, t (12652) = -14.83, p < 0.001; Exp 2: b =-1.83, SE=0.10, t(13432) =-18.16, p <
0.001; Exp 3: b =-18.03, SE = 1.02, t(13627) =-17.71, p < 0.001; Exp 4: b = -15.42, SE = 0.87, t(14563) =-17.63, p < 0.001; Table

others, but significantly decreased their donations after observing stingy donations of others. (A - D) displayed the results
from Experiments 1 - 4. Group averages are shown as colored dots with error bars indicating + 1 standard error of the mean
(SEM), whereas faint lines and dots represent individual participants.
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Thus, while the variance of social information did not seem to affect the mean donation amounts,
it did influence the variance of donation amounts, such that individual donations became more
consistent after exposure to more consistent others’ donations than to more variable others’
donations.

In Experiment 1-3, the mean and standard deviation of social information were manipulated at
the aggregate level (Fig. S2(2). Consequently, the variability of within-charity mean donation
amounts were greater in the HighSD than in the LowSD conditions, raising the possibility that the
observed variability effect may partially reflect a carryover of mean-related influences. To address
this concern, Experiment 4 manipulated social information at the charity-item level (See Method
S3 and Fig. S2(2). In addition, we introduced an alternative behavioral index, termed ‘pseudo-
SD of individual donation’ (See Method S4 %) to quantify donation variation relative to social
information rather than overall donation dispersion. This alternative analysis produced results
consistent with those reported above (Result S1 @, Fig. S3 and Table S5%). Taken together,
these findings indicate that the variability cues embedded in others’ donations shaped the
distribution of individual givings: observing more consistent donation patterns from others
narrowed the variation of individual donations, whereas the exposure to greater variability of

others’ donations enabled greater heterogeneity of individual givings.

Generalization of Mean and Variability Effects of Others’
Donations to Novel Charitable Giving

We next assessed whether the effect of the mean and variability of observed others’ donations
persisted beyond the immediate prediction-observation phase and generalized to novel charities,
even in the absence of social information. In Experiment 4, after completing the observation of
others’ donation and second donation phase, participants made five additional donations to novel
charities without receiving any further social input.

First, we focused on transfer of the mean effect. We observed a significant main effect of the mean
of others’ donation on the donation amount toward novel charities: people in High-Mean
conditions donated more than those in Low-Mean conditions (b = 16.94, SE = 3.37, t(370) = 5.03, p <
0.001, 95% CI = [10.34, 23.54]; Table S6 @). All other effects were nonsignificant, including the main

effect of others’ donation variance and the mean and variance interaction.

Second, we investigated whether variability in observed donations modulated the variability of
participants’ novel giving, operationalized as the standard deviation of donations to novel
charities. This analysis revealed a significant main effect of the others’ donation variability (F(1,
370) = 9.87, p = 0.002, partial n? = 0.026; Table S7(2). Compared with participants exposed to High-
SD social information, those exposed to Low-SD social information exhibited less variability in
their novel donations, with this effect being especially pronounced in the Low-Mean condition. No
other effects were significant, including the main effect of others’ donation mean and the mean
and variance interaction. Overall, these results indicate that the statistical properties of observed
donations - the mean and variability - continued to shape, respectively, the magnitude and

variability of individual donations in novel contexts.

The Hybrid Model of Initial Donations and Predictions of Others’
Donations Explains Donation Behaviors Best

To formally examine trial-by-trial learning about others’ donations and subsequent donation
changes, we fit participants’ choice behavior to a series of computational models. Specifically, the
candidate model set comprised six models (See Methods & for full model descriptions):

Model 0 (a non-learning model): This model serves as a baseline, assuming that both participants’
predictions of others’ donations and their second donations are fixed constants.

Model 1 (a D1 Only model): This model assumes that both predictions of others’ donations and
individual second donations are solely governed by the individual initial donations.
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Figure 3. Variations of individual donation amounts decreased after observing others, with a stronger
reduction in Low-SD groups.

The standard deviation of individual donation amounts significantly decreased following observing others’ donations across
all experiments (Exp1: F(1,321) = 146.63, p < 0.001; Exp2: F(1, 341) = 260.99, p < 0.001; Exp3: F(1, 346) = 144.57, p < 0.001; Exp4:
(Low-SD conditions). This pa.'.[lfé.r:r‘i"\‘/.\./gg"significant in Experiments 2 - 4 and marginal in Experiment 1 (Exp1: F(1,321)=2.87,p =
0.09; Exp2: F(1,341) = 14.64, p < 0.001 ; Exp3: F(1, 346) = 18.44, p < 0.001; Exp4: F(1, 370) = 14.55, p < 0.001). The results from
Experiments 1 - 4 were displayed in (A - D). Group averages are shown as colored dots with error bars indicating + 1 standard
error of the mean (SEM), whereas faint lines and dots represent individual participants.
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Figure 4. The mean and variability effects of others’ donations generalized to novel charitable giving.

(A) After the observation of others’ donation and second donation phase, participants in High-Mean conditions donated
more to novel charities than those in Low-Mean conditions, despite the absence of further social input (b = 16.94, SE = 3.37,

faint dots represent individual participants.
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Model 2 (a Prediction-Only model): This model assumes that participants update their trial-by-trial
predictions of others’ donations using a Rescorla-Wagner rule. It also accounts for self-referential
bias in the first prediction for each new charity item through a mixture of one’s initial donation
and the carryover prediction from the previous item. Second donations are modeled as a linear
function of the updated prediction of others’ donations.

Model 2b (variant of the Prediction-Only model): This model is similar to Model 2, except that it
removes the self-referential anchoring assumption for the first prediction in each charity item.

Instead, the initial prediction for each new item is set to the final updated prediction from the
previous item, yielding a continuous prediction sequence across items. The first prediction of the
first charity item is treated as a free parameter. As in Model 2, second donations depend linearly
on the updated prediction of others’ donations.

Model 3 (a Hybrid model, combining the D1 and Prediction model): This model adopts the same
prediction-learning process as Model 2. Second donations are modeled as a weighted combination
of participants’ initial donations and the updated prediction of others’ donations.

Model 3b (variant of the Hybrid model, combining the D1 and Prediction model): Predictions of
others’ donations are updated as in Model 2b. As in Model 3a, second donations reflect a weighted
average of the initial donation and the updated prediction of others’ donations.

Model fittings were then compared by using the summed AIC (Akaike Information Criterion), the
summed BIC (Bayesian Information Criterion) and the PXP (protected exceedance probability).
Lower AIC and BIC indicate better fit after penalizing model complexity, whereas higher PXP
reflects model dominance corrected for chance-level differences. Model comparison revealed that
participants’ behavioral data were best characterized by the Hybrid of D1 and Prediction model
(Model 3) in Experiment 1 to 3, which showed the lowest AIC and BIC and highest PXP among all
models (Fig. 5 and Table S8 (?). In Experiment 4, though the variant of Hybrid of D1 and
Prediction model (Model 3b) exhibited the lowest AIC and BIC, the Hybrid of D1 and Prediction
model (Model 3) had a higher protected exceedance probability (PXP = 67.3%) compared to Model
3b (PXP = 32.7%), suggesting stronger evidence for Model 3 at the group level after accounting for
chance. Together, these results suggest that individuals used feedback of actual donations of
observed others to update their predictions of others’ donation amounts, with the reliance of their
own initial donation in predicting each new item diminishing over time. Importantly, the best-
fitting model suggests that participants employed a hybrid strategy, combining their initial self-
donation tendencies with their predictions of observed others’ giving to guide their second
individual donations.

We conducted model recovery and parameter recovery analyses to evaluate the model
identifiability and robustness. In model recovery analyses, across all four experiments, confusion
matrices were close to identity matrices, indicating that data generated by a given model was best
explained by that same model (Fig. S4 2 ; See Method S5 for model and parameter recovery
details). Additionally, to assess the robustness of the winning model, we performed parameter
recovery analyses. The results showed that recovered parameters from the winning model were
reliably associated with the true parameter values across all four experiments (learning rate: r >
0.98; relative weight on the initial donation: r > 0.89; social information weight: r > 0.98; Fig. S5(%).

To assess whether the winning model could adequately capture the key behavioral signatures
present in the real data, we performed posterior predictive check analyses. Simulated data
generated using the best-fitting parameters of each participant revealed that the winning model
successfully reproduced both the mean-dependent and variance-dependent behavioral patterns.
Specifically, the mean of social information modulated shifts in individual donation amounts,
while the variability of social information influenced changes in the dispersion of individual
donations (See Method S6 @ and Results S2(7, including Figs. S6(%-8 (2).
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Figure 5. Formal model comparison.

(A) The schematic of the reinforcement learning model used to fit participants’ choices. This model assumes that individuals
updated their beliefs about others’ donations through prediction errors, anchored to participants’ initial donations as
geometrically weighted references, and subsequently integrated these learned estimates with their own preferences to
determine their second donations. (B - E) For each experiment, we computed the summed AIC (Akaike Information
Criterion), the summed BIC (Bayesian Information Criterion) and the PXP (protected exceedance probability) for each
candidate model ('I_'_q_l_q_l_g__§_§3_ _______ 7). The model with lowest summed AIC and BIC were treated as the reference model, and AAIC
and ABIC values were computed by subtracting the information criterion of the reference model from that of each competing
model. Smaller AAIC/ABIC values indicate better fit, and PXP values indicate stronger evidence in favor of that model at the
group level. In Experiment 1 - 3, the Hybrid of D1 and Prediction model (Model 3) provided the best account of participants’
behaviors, as indicated by converging evidence from all three model comparison metrics. Though a variant of the Hybrid of
D1 and Prediction model (Model 3b) yielded the lowest AIC and BIC in Experiment 4, the Hybrid of D1 and Prediction model
(Model 3) showed a higher PXP value, suggesting greater population-level support. Collectively, these model comparison
results indicate that participants relied on both their initial donation and the updated prediction of others’ donation to guide
their second donation, and used feedback about others’ actual donations to update their predictions. Asterisks (*) denote
the best-fitting model according to each model comparison metric.
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Psychopathy Was Positively Associated with Susceptibility to
Others’ Donations

We subsequently assessed how individual differences in psychopathy modulated the extent to
which individuals changed their donations in the light of social information. We examined it by
using both model-agnostic and model-based indexes.

We first focused on absolute donation changes, capturing the magnitude of changes in individual
donations after observing others’ choices. The analysis revealed that absolute donation changes
from the first to the second individual donations were significantly positively correlated with
psychopathy scores in Experiment 2 to Experiment 4, with a marginally positive association
observed in Experiment 1 (Exp1: Spearman p = 0.10, p = 0.071, 95% CI: [-0.01, 0.21]; Exp2:
Spearman p = 0.17, p = 0.002, 95% CI: [0.06, 0.27]; Exp3: Spearman p = 0.14, p = 0.009, 95% CI: [0.03,
0.24]; Exp4: p = 0.19, p < 0.001, 95% CI: [0.09, 0.29]; Fig. S9(2). Secondly, we focused on the social
information weight parameter (w) obtained from the winning model, Model 3 (Hybrid of D1 and
Prediction Model). This parameter captured how strongly individuals incorporated predicted
donations of others into their second individual donations relative to their initial donations, where
higher value denoted stronger reliance on others’ predicted donations. Significant positive
associations between such social information weight parameter and psychopathy score were
found across all four experiments (Exp1l: Spearman p = 0.11, p = 0.046, 95% CI: [0, 0.22]; Exp2:
Spearman p = 0.18, p = 0.001, 95% CI: [0.07, 0.28]; Exp3: Spearman p = 0.14, p = 0.011, 95% CI: [0.03,
0.24]; Exp4: p = 0.28, p < 0.001, 95% CI: [0.19, 0.38]; Fig. 6(@).

These results revealed a robust positive association between the susceptibility to others’ donations
and psychopathy. However, it remained unclear whether this relationship was independent of
other factors. To address this, we conducted multiple linear regression analyses controlling for
potential confounds. We first examined absolute donation changes while controlling for age,
gender, and experimental conditions. The positive relationships between absolute donation
changes and psychopathy remained significant across all experiments (Exp1: b = 0.002, SE = 0.001,
t (318) = 2.00, p = 0.045, 95% CI = [0.000, 0.003]; Exp2: b = 0.011, SE = 0.005, t (338) = 2.28, p = 0.023,
95% CI = [0.001, 0.020]; Exp3: b = 0.140, SE = 0.045, ¢t (343) = 3.06, p = 0.002, 95% CI = [0.049, 0.225];
Exp4: b = 0.140, SE = 0.040, t(367) = 3.56, p < 0.001, 95% CI = [0.064, 0.222]; Table S9(2). Second,
when examining the social information weight parameter, we additionally controlled other
modeling parameters from the winning model along with age, gender, and experimental
conditions. The social information weight remained a significant predictor of psychopathy scores
in Experiment 2 to Experiment 4 with a marginal significant association in Experiment 1 (Exp1: b
=0.002, SE = 0.001, t (315) = 1.70, p = 0.090, 95% CI = [0.000, 0.005]; Exp2: b = 0.004, SE = 0.001, ¢
(336) = 3.04, p = 0.003, 95% CI = [0.002, 0.007]; Exp3: b = 0.004, SE = 0.002, t(341) = 2.43, p = 0.015,
95% CI = [0.001, 0.007]; Exp4: b = 0.007, SE = 0.001, t(365) = 5.27, p < 0.001, 95% CI = [0.004, 0.010];
Table S10%). Collectively, these findings revealed a consistent positive relationship between the
susceptibility to others’ donation and psychopathy, even after controlling for confounding factors.
This pattern indicates that individuals with higher psychopathy scores were more susceptible to
observed others’ donations, independent of other covariates.

We also evaluated the link between the social susceptibility to others’ donation and empathy. We
found that there were no significant relationships between empathy and absolute donation
changes across all experiments (all p > 0.08; Details in Results S3(7; Fig. S10 2 ; Table S11@).
Similarly, we didn’t find significant associations between empathy and the social information
weight parameter in all experiments (all p > 0.06; Fig. S11%; Table S12(). As preregistered, we
also tested the relationship between psychopathy, empathy, and baseline donation levels. The
baseline donation amounts were negatively correlated with psychopathy in Experiment 1-3, but
this relationship was not significant (and in the opposite direction) in Experiment 4. In contrast,
baseline donations were positively correlated with empathy in Experiment 1, 3, and 4, but not
significant in Experiment 2 (Details in Results S4(Z; Fig. S12 2 and Fig. S13(®@).
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Figure 6. Positive association between psychopathy and the social information weight parameter.

The total score of psychopath was positively associated with the social information weight parameter across all experiments
(Exp1: Spearman p = 0.11, p = 0.046; Exp2: Spearman p = 0.18, p = 0.001; Exp3: Spearman p = 0.14, p = 0.011; Exp4: p = 0.28, p <
0.001). (A - D) presented the results from Experiment 1 - 4.
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The Positive Association Between Psychopathy and Social
Information Weight Generalized to Perceptual Decision-Making

A robust positive relationship between psychopathy and susceptibility to others’ donations was
observed in our charitable giving context. We then examine whether this association reflects a
domain-specific effect or a more general tendency to incorporate social information by testing its
generalization to a perceptual decision-making task. This test helps determine whether individual
differences in social information use are confined to prosocial behavior or instead may reflect
broader traits governing how individuals integrate social information when forming judgments.
Participants in Experiment 4 additionally completed a perceptual social influence task, the BEAST
(Berlin Estimate AdjuStment Task) (Molleman et al., 2019(). In this task, participants made an
initial estimate of the number of animals shown on the screen, then had the opportunity to revise
their estimate after viewing another person’s estimate. The proportional movement toward the

more details). We found a significant positive association between psychopathy and the social
information weight in this perception social influence task (Spearman p = 0.15, p = 0.004, 95% CI:
[0.04, 0.25]; Fig. 72), while psychopathy was not related to participants’ initial estimates of the

Furthermore, this positive correlation between psychopathy scores and the social information
weight remained significant after accounting for gender and age (b = 0.003, SE = 0.001, t(365) =
3.10, p = 0.002, 95% CI = [0.001, 0.005]; Table S13(3). These findings indicate a positive relationship

between psychopathy and the social information weight that generalized across both social and
perceptual domains.

Discussion

We conducted four pre-registered experiments to investigate how the magnitude and variability of
others’ donations influenced individual charitable giving, as well as how initial donations and the
susceptibility to social information related to empathy and psychopathy. Across experiments,
individuals significantly increased their personal donations after observing generous donations
from others and decreased them after being exposed to stingy donations, showing that the amount
others offered systematically shaped participants’ own donation magnitudes. However, the
variance of others’ donations did not affect this mean shift. Furthermore, participants exhibited a
marked reduction in donation variability after being exposed to others’ donations. Individual
donations converged more closely on the mean of others’ donations when participants viewed
more consistent, as opposed to more variable, others’ donation patterns, indicating that the
variability of others’ donations shaped the distribution of individual giving. This social
information learning process underlying donation behavior was well captured by an RL-based
model, which models participants’ learning about others’ donations through trial-and-error
updating, and then determines participants’ second donations by using a weighted average of
participants’ initial donations and the learned social estimates. Experiment 4 further revealed that
these effects of the magnitude and variation of others’ donations generalized to novel charitable
giving, even when no social information was provided. Furthermore, we found that the
susceptibility to observed others’ donations was consistently positively associated with
psychopathic traits. This association also emerged in a perceptual-based social influence task,
indicating a domain-general pattern across decision domains.

Across four experiments, we showed that individual donation amounts significantly increased
after viewing generous donations from other donors, and decreased their donations after
observing stingy others’ donations. This effect remained stable regardless of changes in the
maximum donation range, differences in the variability of others’ donations between consistent
and variable group norms, or whether the donation context was hypothetical or incentivized.
Previous studies have demonstrated that others’ charitable giving played an important role in
shaping individual giving: individuals tended to shift their donation amounts toward the levels
donated by others in both laboratory settings and field experiments (Agerstrom et al., 2016 (2 ;
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Figure 7. Positive association between psychopathy and the social information weight in a perceptual task.

(A) Example trial of the BEAST Task (Berlin Estimate AdjuStment Task). Participants were presented with an image of
animals, and then estimated the number of animals displayed. They then observed another person’s estimate and were
given a chance to adjust their estimate. (B) The total psychopathy score was positively associated with the social information
weight in this perceptual task (Spearman p = 0.15, p = 0.004).
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Chierchia et al., 2020 (%; Feine et al., 2023 ; Frey & Meier, 2004 (2 ; Nook et al., 2016 2 ; Shang &
Croson, 2009 (@). Yet, these studies largely relied on a single piece of social information - either a
donation from one other donor or a summary statistics representing a group of previous donors to
assess how individuals respond to this single cue. Our study advances previous work by moving
beyond a single social information cue to a more dynamic scenario in which individuals were
sequentially exposed to diverse donations from multiple donors. Notably, even in this richer
information environment, we consistently observed the same directional effects of social
information, with individuals calibrating their donations toward the generosity levels of the
observed donor group. In addition, evidence that the variance of others’ donations influenced
individual generosity levels was minimal, appearing solely (and weakly) in Experiment 3.
Opportunistic conformity, characterized by the selective tendency to align with group norms when
it serves individual interests, has been documented in several studies (Charness et al., 2019(%;
Chierchia et al., 2020 %; Dimant, 2019®). In our design, such a pattern would be reflected by
larger decreases after observing stingy donations in the variable (vs. consistent) condition, and
attenuated increases in donations after observing generous donations in the variable (vs.
consistent) condition. However, we found limited evidence for opportunistic conformity in our
study. Instead, participants tended to adjust their donations toward the donation levels of others
regardless of whether observed donations were consistent or variable. Our findings thus indicate
that the magnitude of observed donations might exert a more robust influence on the level of
individual donations. Whether the observed donations were generous or stingy, consistent or
variable, or presented in hypothetical or incentivized contexts, people reliably shifted their
donations toward the observed generosity level, underscoring the magnitude of observed
donations as the key determinants of changes in individual donation levels.

We observed a significant decrease in the variability of individual donations following exposure to
others’ donations. Notably, this effect was more pronounced when observing more consistently,
compared to more variable donation patterns. One possible explanation is that this pattern may
arise as a by-product of magnitude effects, such that participants shifted their donations toward
the observed levels in both Low- and High-SD conditions, naturally producing corresponding
differences in donation variability. We ruled out this possibility through both experimental
controls and analytic approaches. In the final experiment, the mean of five others’ observed
donations for each item was held constant across Low- and High-SD conditions, eliminating
magnitude differences as a confound. The phase-by-variability interaction persisted, despite this
constraint. Additionally, we employed a novel behavioral measure, the pseudo-SD of individual
donation, reflecting how closely individual donations cluster around others’ mean donations. The
Low-SD conditions yielded a greater reduction in pseudo-SD, demonstrating stronger alignment
under consistent information. The degree to which others’ opinions are homogeneous or
heterogeneous influences our attitude toward their judgments (Pfander et al., 2025), and
potentially impacts personal judgments and behaviors (Brown et al., 2022 @; Ecker et al., 2022%;
Li et al., 2025 @ ; Molleman et al., 2020 3). Our results suggest that observing more heterogeneous
charitable donations led to greater variability in individuals’ own donation amounts. These
findings align with accumulating evidence that low group variability was perceived as a strong
and clear social signal, thereby reducing variability in individual behaviors (Brown et al., 2022 (3;
Dimant et al., 2024 3; Li et al., 2025 ). Prior work has shown that homogeneous group norms
exert strong conformer pressure, pulling individuals toward the normative center, whereas
heterogeneous group norms provide weaker cues and lead to more dispersed response, such as in
the case of cooperation (Dimant et al., 20247 ). Our results extended this pattern to charitable
giving and to contexts in which group norms must be learned incrementally rather than presented
all at once. In our design, the social information follows normal distributions, but an important
next step will be to examine whether similar effects occur in situations where observed donations
follow other distribution forms. Future experimental designs that incorporate skewed or
asymmetric distribution might be essential for determining how the shape and distribution of
social information impact individual behaviors.
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Higher levels of psychopathy have been linked to heightened antisocial behaviors and attenuated
prosocial behaviors (Blair et al., 2006 (% ; Marsh, 2019 % ; Rhoads et al., 2025(%). In line with these
prior findings, our initial donation results revealed an inconsistent but mainly negative
correlation between psychopathy and the initial amount individuals donated to charities in the
absence of social cues, whereas psychopathy was unrelated to participants’ initial estimates of the
number of animals. Overall, these findings converge with prior evidence suggesting that

2021 3; Gong et al., 20197 ; Gunschera et al., 2022 & ; Sakai et al., 2019(%). Given the lower
prosociality, we had initially expected that participants higher in psychopathic traits would be less
susceptible to social information. Instead, we found that self-reported psychopathic traits were
positively associated with the extent to which individuals incorporated social information into
their donation decisions. Notably, this positive relationship remained stable across hypothetical
and incentivized settings and was observed in both college student and general population
samples. Previous research has suggested that people with high psychopathy were more
susceptible to peers’ opinions to behaviors, from evaluations of facial attractiveness, institutional
misconduct to drug uses (Curtis et al., 2020 4% ; Overgaauw et al., 20197 ; Tatar Il et al., 2016 (2).
Individuals with elevated psychopathy were grandiose, interpersonally manipulative and
superficially charming. People exhibiting psychopathic traits may strategically display adaptive
behaviors in response to cues during interpersonal interactions, often to maximize self-interests
or achieve desired social goals (Brazil et al., 2025 @ ; Gervais et al., 2013 @ ; Osumi & Ohira, 2017 @).
Consistent with these findings, our results might suggest that individuals with higher psychopathic
traits strategically aligned with observed others’ donations in order to blend in socially, thereby
avoiding standing out, facilitating manipulations and strengthening their sense of fitting into the
group (Brazil et al., 2023 ; Glenn et al., 2017 3; Reale et al., 2020 (7). By adjusting individual
donations toward those observed from others, they may sustain a favorable social image while
still pursuing their own self-interests in the absence of explicit social cues. Such superficial
compliance with social norms is consistent with how individuals high in psychopathic traits
display socially desirable actions solely as a strategic tactic rather than from genuine motivations
(Gunschera et al., 20227; Lin et al., 2025 ; Osumi & Ohira, 2017 @). Future studies could examine
the neural mechanisms underlying social influence in individuals with elevated psychopathic
traits, as identifying the key neural circuits involved would provide a more mechanistic account of
why these individuals respond differently to social information. Additionally, despite the robust
and replicable positive association observed between psychopathy and susceptibility to others’
donations, the current study was conducted with non-clinical samples, primarily college students
and individuals from the general population. Future research could investigate whether these
effects extend to clinical or forensic populations, where the psychopathic traits are likely more
severe.

We found that the positive link between psychopathic traits and the degree to which individuals
use social cues in their decisions generalized to the perceptual domain. Our results suggest that the
positive association between psychopathic traits and the susceptibility to social information
emerged not only in the domain of charitable giving where individuals could infer the descriptive
norm, but also in the perceptual decision-making task, where individuals merely observed others’
choices. Together, these findings suggest that psychopathy may be associated with heightened
domain-general susceptibility to social information - a pattern observed in both norm-driven and
ambiguity-driven settings. Nevertheless, it is worth noting that the perceptual task was only done
in one of the studies (study 4), and thus the perceptual task psychopathy results necessitate
replication. In addition, the two paradigms employed in this study differed substantially. Future
research could develop directly comparable designs across domains to better investigate the
domain-specific vs. domain-general cognitive and computational mechanisms underlying social
influence and how these relate to psychopathy (Lee & Chung, 2022 (%; Olsson et al., 2020% ; Ruff &
Fehr, 2014 %). Furthermore, both tasks involved two individual decisions - one made before and
one after exposure to social information. This structure may have introduced demand
characteristics, leading participants to adjust their response in line with perceived experimental
expectations (Corneille & Lush, 2023 ; Iarygina et al., 2025 ; Orne, 1962%). Individuals high in
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psychopathy may engage in strategic impression management, shifting their behaviors to align
with these perceived expectations as a means of influencing how they were viewed by the
experimenter (Gillard & Rogers, 2015 ; Hart et al., 2019 &@). Future studies could explore whether
the link between psychopathy and social susceptibility persists across tasks that vary in the
salience of demand characteristics, from overt social cues to more subtly framed designs with
immersive cover stories.

Together, we find evidence that the statistical properties of observed others’ donations shaped
corresponding features of individual donations: individuals increased (or decreased) their
donation levels after observing generous (or stingy) levels of others’ donations, while consistent
patterns of observed donations yielded a stronger reduction in individual variability than variable
patterns. Computational modeling successfully captured the key behavioral patterns underlying
changes in charitable giving. Moreover, the susceptibility to observed donations was positively
associated with psychopathic traits. These findings remained robust regardless of donation ranges,
whether the discrepancy between consistent and variable observed donations was changed,
whether giving was hypothetical or incentivized, or whether participants were from student or
general population samples. Additionally, a positive association between social information use
and psychopathic traits also appeared in a perceptual-based social influence task. These findings
could have important implications for our understanding of how specific statistical features of
social information systematically shape individual giving behaviors, and how individual
differences, particularly in psychopathic traits, may drive variability in this process.

Our results on the mean and variability of individual donations carry direct implications for
promoting charitable giving: displaying generous and consistent donor behavior may represent a
simple but effective strategy for nudging people toward greater prosocial engagement. Our
findings of a consistent positive relationship between psychopathic traits and susceptibility to
social information also point to a practically meaningful insight: despite the lower intrinsic
prosociality in individuals with elevated levels of psychopathy, presenting generous donations
from others may serve as an actionable pathway for promoting prosocial behavior in this
population. Overall, our results may thus directly inform the development of more effective
interventions to promote charity giving at both the individual and group levels, with potential
insights to promote prosocial behavior more generally.

Methods

Participants

Participants in Experiment 1-3 were recruited online through the course extra credit system at the
University of Minnesota. Participants had to be at least 18 years old and have normal or corrected-
to-normal vision. To obtain a more diverse general population sample, participants in Experiment
4 were recruited through Prolific Academic (https://www.prolific.com@). Participation criteria
included (1) United States as the country of residence, (2) age between 18 and 80 years, (3) fluency
in English, and (4) normal or corrected-to-normal vision. The sample size was pre-registered, and
determined based on prior work (Nook et al., 2016 (2), which reported an effect size for the main
effect of the mean of others’ donations (f= 0.23). To account for potential publication biases, we
performed an a priori power analysis in G*Power 3.1 (Faul et al., 2009 (@) using a slightly smaller
effect size (f= 0.20). This analysis indicated that a minimum of N = 327 participants was required
to achieve 95% power at a significance level a = 0.05. All participants across studies completed the
experiment online. All experiments were preregistered (Exp1: https://aspredicted.org/9jwt-
48nh.pdf@; Exp2: https://aspredicted.org/4dys2ws.pdf @ ; Exp3: https://osf.io/cz2u3 2 ; Exp4:
https://osf.io/fcugq@).

We recruited 356 participants in Experiment 1. As preregistered, 31 participants who failed more

were thus analysed (236 females, 81 males, 8 classified themselves as non-binary, other or prefer
not to respond; age = 20.24 + 3.49 [M £ s.d.]). Experiment 2 included 372 participants. 27
participants were excluded based on the same exclusion criterion as Experiment 1, resulting in the
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data of 345 participants being analysed (285 females, 55 males, 5 classified themselves as non-
binary, other or prefer not to respond; age = 20.05 + 2.77 [M + s.d.]). Experiment 3 had 375
participants, with 25 participants excluded based on the same exclusion criteria, leaving 350
participants for analysis (285 females, 56 males, 9 classified themselves as non-binary, other or
prefer not to respond; age = 20.19 + 2.78 [M + s.d.]). Experiment 4 included 388 participants, of
whom 14 were excluded according to the criteria, so 374 participants remained in the formal
analysis (218 females, 151 males, 5 classified themselves as non-binary, other or prefer not to
respond; age = 41.16 + 12.73 [M + s.d.]).

In Experiment 1-3, participants were awarded extra course credit upon completion of the
experiment. In Experiment 4, participants received a fixed payment (about $10/hour), plus a
bonus of up to $2 based on their decisions in the donation task and the perceptual animal counting
task. One of their donations was randomly selected for actual implementation. Our study protocol
has been approved by the University of Minnesota Institutional Review Board and all participants
provided informed consent before participating in the study.

Task Design - Donation Task

To investigate how the mean and variability of other’s donations influenced individual givings, we
employed a 2 (Mean of the observed donation: Low vs. High) x 2 (Standard Deviation (SD) of the
observed donation: Low vs. High) between-subjects design. Participants were randomly assigned
to one of these four group-norm conditions (e.g. the High-Mean-Low-SD of the observed donation
condition). All participants completed two task phases in sequence: (1) The baseline donation
phase; (2) The observation of others’ donation and individual second donation phase. The
experimental settings of Experiment 1 are elaborated in detail first, whereas variants across

participants performed the task online, in their own devices.

In the baseline donation phase, participants were asked to decide how much they were willing to
donate to each of 20 different charities, from $0 to $2 in Experiment 1. These 20 charities were
dedicated to missions in education, healthcare, environment and societal issues. The inclusion of
diverse charities was used to minimize confounds from idiosyncratic charity features in
measuring prosocial-influence effects (Chierchia et al., 2020 ). In each round, participants were
first shown a brief description of a charity alongside its logo, included to enhance task
engagement. To discourage uninformed decisions, the donation slider was displayed only
following a 3-second presentation of charity information. Participants were then able to indicate
their donations by adjusting the slider on a visual analogue scale ranging from $0 (donate nothing)
to $2 (donate all). The slider’s starting value was concealed until participants made their first
adjustment, to avoid anchoring effects. All decisions were self-paced with no time limit. Each
donation was followed by a fixation cross displayed for a randomly selected duration of 0.75, 1, or
1.25 s. The order of charities was randomized across participants. The baseline phase served to
quantify individual donation propensities in the absence of any experimental manipulations.

In the observation of others’ donation and individual second donation phase, participants
predicted and observed donations from multiple others, and were then requested to donate again.
In each round, participants were first asked to predict the first person’s donation to a particular
charity without a time limit. Their prediction and that person’s actual donation were then
displayed for at least 2 s. This prediction-then-feedback sequence was repeated for four additional
others, after which participants donated to the same charity again. In total, participants completed
20 rounds (one per charity): five prediction-feedback trials per charity (100 predictions overall)
followed by one individual donation per charity (20 donations total). The charity set was identical
to the baseline donation phase, but was presented in a randomized order. We used jittered
fixation: 0.75/ 1.0/ 1.25 s between prediction-feedback trials, and 2.25/ 2.5/ 2.75 s before the
donation trial and between rounds. The first and second individual donations were probed in
separate phases to allow us to quantify how individual donation changes as a function of the
social-information manipulations. All presented donations from others were choices collected
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from real participants. Social information in Experiment 1 was obtained from a pilot study that
collected real donation amounts from participants (see Method S22 in SI). In Experiment 2-4,
social information was derived from both the pilot study and prior experiments with donation
values rescaled to match the corresponding range of each experiment. For instance, Experiment 2
used social information from Experiment 1 and the pilot data, with others’ donation amount
multiplied by five to match the expended range. All participants were fully debriefed after the

experiment regarding the source and nature of social information.

In Experiment 1, participants made hypothetical donations within a $0-$2 range (Fig. STAC2). To
construct the Low-Mean and High-Mean groups, we chose representing means of M = 0.6 (Low-
Mean) and M = 1.4 (High-Mean), respectively, and standard deviations of SD = 0.1 (Low-SD) and SD
= 0.3 (High-SD). Because we selected donation amounts based on actual participant contributions,
condition: Mean = 0.593, SD = 0.103; Low-Mean-High-SD condition: Mean = 0.604, SD = 0.284; High-
Mean-Low-SD condition: Mean = 1.400, SD = 0.115; High-Mean-High-SD condition: Mean = 1.401, SD
=0.292). Experiment 2 expanded the range to $0-$10 and proportionally scaled social information
from Experiment 1 to preserve relative means and variances (Fig. S1B Z; Low-Mean-Low-SD
condition: Mean = 3.00, SD = 0.514; Low-Mean-High-SD condition: Mean = 3.02, SD = 1.418; High-
Mean-Low-SD condition: Mean = 7.00, SD = 0.576; High-Mean-High-SD condition: Mean = 7.00, SD
=1.460). Donation remained hypothetical. In Experiment 3, the donation range was $0-$100, and
the variability contrast between Low-SD and High-SD conditions was increased. Donations were
still hypothetical (Fig. S1C%; Low-Mean-Low-SD condition: Mean = 29.76, SD = 4.035; Low-Mean-
High-SD condition: Mean = 30.74, SD = 16.089; High-Mean-Low-SD condition: Mean = 70.30, SD =
4.049; High-Mean-High-SD condition: Mean = 69.42, SD = 16.466). To encourage real and honest
responses (Camerer & Mobbs, 2017 @), Experiment 4 was incentive-compatible. Donation was
recorded on a 0-100-points scale (100 points = $1) (Fig. S1D & ; Low-Mean-Low-SD condition: Mean
=29.65, SD = 4.191; Low-Mean-High-SD condition: Mean = 29.65, SD = 15.456; High-Mean-Low-SD
condition: Mean = 69.65, SD = 4.191; High-Mean-High-SD condition: Mean = 69.65, SD = 15.456). For
cleaner specification of SD effects, the per-charity mean of others’ donation was matched across

Low-SD and High-SD conditions (See Method S3®).

Procedure

In Experiment 1-3, participants first provided informed consent and read the instructions for the
baseline donation phase. They then were asked to fill out demographic information (including age,
gender, race, ethnicity and highest level of education). Before entering the formal task, they
performed two practice donation rounds and one practice attention check round. Upon
completion of the first phase, they were directed to instructions of the second phase, which
involved observing others’ donations and making their second donations. They then completed
practice trials (two prediction trials, one individual donation trials and one attention check),
before proceeding to the formal task of the second phase. At the end of the behavioral task,
participants estimated the range of others’ donations, and then indicated the average donation of
all donors they encountered in the second phase, along with their confidence in this estimate.
Afterward, they completed two questionnaires: the Levenson’s Self-Report Psychopathy Scale
(Levenson et al., 1995 ) and the Questionnaire of Cognitive and Affective Empathy (QCAE)
(Reniers et al., 2011 ().

In Experiment 4, the procedure was the same as above with the difference that participants
completed demographic information right after giving consent. Also, after completing the
Levenson’s Self-Report Psychopathy Scale and the QCAE, they completed a brief perceptual-based

here.
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Behavioral Data Analysis

To examine how the mean and variability of observed others’ donations influenced individual
donation tendencies, we fitted a mixed-effect linear regression, with trial-level donation amounts
as the dependent variable. The independent variables included the mean of observed donation
(Low vs. high), the SD of observed donation (Low vs. High), the donation phase (baseline vs.
observation of others’ donation and individual second donation), as well as all two-way and three-
way interactions among these factors. Random intercepts were included for both participants and
charity items, to account for repeated measures. The model was as formally specified as:

Donation Amount ~ MeanCond (Low vs. High) * SDCond (Low vs. High) * Phase (Baseline vs.
Observation) + (1| Item) + (1| Subject)

We also conducted the pre-registered 2 (Mean of observed donation: Low vs. High) x 2 (SD of
observed donation: Low vs. High) x 2 (Phase: Baseline vs. Shift) mixed-design ANOVA on
participants’ averaged donation amount.

To assess whether the average level and spread of observed others’ donations modulate the
variability of individual donations, we calculated the standard deviation of each participant’s
donations (across charities) separately for each phase. These values were then entered into a
mixed-design ANOVA, with the Mean of other’s donation (Low vs. High) and SD of others’ donation
(Low vs. High) as between-subjects factors, and Phase (Baseline vs. Observation) as a within-
subjects factor.

To investigate the association between psychopathy and donation changes after exposure to
others’ donations, we computed Spearman correlations between the total score of Levenson’s Self-
Report Psychopathy Scale, QCAE and the absolute difference between participants’ initial and
subsequent donations.

Computational Modeling

To quantitatively understand how individuals learned about others’ donations and changed their
individual donations in response to observed information, we built a series of models and
compared their fit to participant’s choice data.

Model 0 (Intercept Only Model)

Model 0 assumes that participants predict other’s donations using a fixed constant, and their
second donation did not vary.

Pred(t+1) = by
D2 = Cy

Model 1 (D1 Only Model)

Model 1 assumes that participants predict other’s donations and update their own second
donations using the linear functions of their initial donations. It means that both predicted others’
donations and second donations are modeled as regressions with the constant intercept and the
slope on the initial donation.

Pred (t + 1) =by+b1*D;
Dy =cy+c1*D;y

Model 2 (Prediction Only Model)

Model 2 employs the Rescorla-Wagner rule to model individuals’ predictions of other’s donations.
Specifically, this model uses the prediction errors (PE) and the current estimate of others’ donation
to update the prediction of others’ donation amount (Pred) in the next trial. The prediction error
(PE) is defined as the difference between the feedback of other’s actual donations and the
prediction on that trial.
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PE (t) = Feedback (t) — Pred (t)
The prediction of others’ donation is updated based on the following equation:
Pred (t+ 1) = Pred (t) + o*PE (t)

The learning rate parameter (a) specifies the extent to which the new information is integrated
into the current beliefs (ranging between 0 and 1).

To account for the potential self-referential bias in the first prediction of each charity item, this
first prediction is modeled as a mixture of the participant’s initial donation and the predicted
donation from the last trial of the previous charity item. Furthermore, the relative weight on the
initial donation is modeled as A("1), indicating it decreases geometrically with the number of
charity items (i). At the first time (i = 1), the prediction is determined entirely by individual initial
donations; as the item number (i) increases, its weight decreases, while the carryover prediction
term receives an increasing complementary weight. A is bounded between 0 and 1. Larger A
indicates that people place more weight on their own initial donation when forming the first
prediction for a new item; a smaller A means predictions are primarily driven by the estimate of
others’ donations from the prior item.

Pred (t +1) = AU"0*Dy + (1= A0 )*Pred (1)

In Model 2, it assumes that the second donation depends completely on the prediction of others’
donations. Specifically, the second donation is modeled as a regression on the last prediction of
others’ donation within each item, with the intercept and slope term.

Dy =cy+c1*Pred (t+1)

Model 2b (Prediction Only Model-Free Initial Prediction)

Model 2b mirrors Model 2, except that it omits the assumption of self-reference bias when
predicting others’ donations. It still allows the use of the Rescorla-Wagner rule to update
predictions of others’ donations. Instead, it assumes that the prediction process is modeled as a
single continuous sequence: the final updated prediction from the previous item (i) becomes the
initial prediction for the next item (i + 1). In addition, we assume that each person has an
individual initial prediction about the other’s donation. Therefore, the first prediction of others’
donation is set as a free parameter (bounded between 0 and the donation range).

Pred(t=1)=F,

Consistent with Model 2, the second donation is specified as a linear function of the participant’s
prediction of others’ donations, with no additional predictors.

Model 3 (Hybrid of D1 and Prediction)

In modeling the prediction of others’ donation, we adopt the same updating rule as Model 2: the
prediction of others’ donations is updated via the Rescorla-Wagner rule, and the first within-item
prediction incorporates their initial donation geometrically over time.

For the second donation, Model 3 assumes that individuals combine both their initial donations
and their prediction of observed others’ donation to guide their second donations. Accordingly, the
second donation is modeled as a weighted average of their initial donation and the prediction of
other’s donation. This weighted average is governed by a weighting parameter (w) bounded
between 0 and 1, specifying the extent to which the second donation is based on their own initial
donation (w = 0) versus prediction of observed donations from others (w = 1).
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Dy = w*Pred (t) + (1 —w)*D,

Model 3b (Hybrid of D1 and Prediction-Free Initial Prediction)

Like Model 2b, it assumes that updating predictions of others’ donations follows the Rescorla-
Wagner rule and predictions are treated as a continuous across items - the final updated
prediction for one item (i) serves as the initial prediction for the next item (i + 1).

As in Model 3, the second donation depends on both participant’s initial donation for the item and
the predicted donation of others via a weighted average.

Model fitting and model comparison

All models were fitted to participants’ behavioral responses to identify the model that best
characterized participants’ choices. Parameter optimization was conducted by using nonlinear
constrained minimization (implemented in the Matlab function fiincon), using 500 random start
points for parameters to find the best-fitting parameters for each individual. This procedure was
employed to minimize the sum of squared errors (SSE) between model-predicted and actual
responses across trials.

To evaluate the model performance, we used two complementary information criteria: the Akaike
Information Criterion (AIC) and the Bayesian Information Criterion (BIC). Both criteria penalize
goodness-of-fit by the model complexity. They were calculated as follows:

AIC = n*In(£5E) 4 2k
BIC = n*In(55E) + k*In (n)

where n denotes the number of observations, and k represents the number of free parameters.
Lower AIC and BIC indicate better model fit after accounting for model complexity. Both AIC and
BIC scores were summed across participants for each model.

In addition, the posterior exceedance probability among all models was computed. This measure
is used to estimate the probability that any model is more frequently used in the population than
other models within the model set, while correcting for the possibility that observed differences
were driven by chance rather than true population-level effects. Consistent with previous studies
(Doyon et al., 2025 ;; Frolichs et al., 2022 @), random-effect family-wise model comparison was
conducted using the Bayesian Model Selection (BMS) procedure in the SPM12 Matlab toolbox
(function spm_BMS) (Rigoux et al., 2014(2).

Model recovery and parameter recovery analyses were conducted to evaluate the identifiability
and reliability of candidate models and estimated parameters. Detailed procedures are provided

Use of Al

During the manuscript preparation, ChatGPT (GPT 5.3, OpenAl) was used, solely for language
polishing and wording refinement. Prompts were used for this purpose, including ‘help me revise
this sentence in several versions’, and ‘make this sentence more concise’. All outputs were carefully
reviewed by the authors. These Al tools were not used to generate statements, design experiments,
interpret findings or make scientific conclusions.
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Supplementary Materials

Supplementary Methods
Method S1. Attention check questions

As preregistered, seven attention check items were included for each experiment. These consisted
of two catch trials in the baseline donation phase, three during the observation of others’ donation
and individual second donation phase, and two within the questionnaire section. The specific
items are listed below.

In the baseline donation phase, attention checks (using Experiment 1 as an example; numeric
ranges were proportionally changed according to the maximum donation range in Experiment 24)
were:

1. This is a forced choice round: Please choose a number between $0.6 and $1.
2. This is a forced choice round: Please choose a number between $1.2 and $1.6.

In the observation of others’ donation and individual donation shift phase, the following terms
were used:

1. This is a forced choice round: Please choose a number between $1.6 and $2.
2. This is a forced choice round: Please choose a number between $0 and $0.4.
3. This is a forced choice round: Please choose a number between $0.6 and $1.

Within the questionnaires (empathy and psychopathy scales, respectively), two additional
attention check questions were included:

1. Please select ‘Strongly Disagree’ for this question.
2. For this item please choose ‘Agree somewhat'.

Method S2. Pilot study

To obtain social information presented to participants in the social influence task on charitable
giving, we conducted a pilot study with college students (N = 169; 120 females, 45 males, 4
identifying as non-binary; age = 19.98 + 2.10 [M = s.d.]). Participants received extra credits as
compensation. In the pilot study, participants indicated their willingness to donate to a series of
charities, with donation amounts ranging from $0 to $2. Following the donation task, participants
completed the Questionnaire of Cognitive and Affective Empathy (QCAE) (Reniers et al. 2011 ®).
Donation amounts from the pilot study were presented to participants in the formal task either in
their original values or after being multiplied by a constant factor. In the pilot study, individual
donation amounts were significantly positively associated with empathy (b = 0.007, SE = 0.002,
t(146) = 2.80, p = 0.0006, 95% CI = [0.002, 0.012]).

Method S3. Item-level social information settings in Experimental 4

In Experiment 1-3, we systematically manipulated the mean and standard deviation of the social
information across four conditions. At the aggregate level, mean donation amounts were matched
between LowMean-LowSD and LowMean-HighSD conditions, as well as between HighMean-
LowSD and HighMean-HighSD conditions. Likewise, overall standard deviations were matched
between LowMean-LowSD and HighMean-LowSD conditions, and between LowMean-HighSD and
HighMean-HighSD conditions (Fig. S1%). However, these constraints were implemented at the

variability effect (participants showed lower variability in their second donation decisions
compared to their first donation decisions, and more so in the lowSD conditions) may partially
reflect a carryover of mean-related effects: the dispersion of the within-charity mean donation
amounts tended to be greater in HighSD than in LowSD conditions. Under this structure, when
participants shifted their donations toward the mean social information for each charity, the
standard deviation of their donations may be expected to be larger in HighSD conditions than
LowSD conditions.
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To rule out this possibility, we manipulated the social information at the charity-item level in
Experiment 4. Specifically, within each charity item, we held the average of the five observed
donations constant between LowSD and HighSD conditions within both the LowMean and
HighMean settings, while ensuring that the standard deviation of the five observed donations was
higher in HighSD than in LowSD conditions. This design guarantees that the mean level of others’
donations was identical at the item level across SD conditions, whereas the variability differed
systematically, allowing us to test variability effects without confounding from mean differences.

Method S4. Analysis for testing the variability effect

We further evaluated whether the variability of social information influenced changes in
participants’ donation variability. Importantly, instead of focusing exclusively on the variability of
participants’ donations per se, we assessed the extent to which participants’ donation converged
toward (or diverged from) the social information provided for each charity item.

To this end, we derived a behavioral index termed ‘pseudo-SD of individual donation’. This index is
conceptually analogous to the conventional standard deviation, but instead of centering each
participant’s donation around their own mean across items, it centers individual donations
around the mean donation of five observed donors for the corresponding charity item.

Pseudo SD of Individual Donations

o S (Individual Donation;—Mean of Five Others’ Donm‘ions)2
- n—1

where i denotes the i th charity item; n
= 20 represents the total number of charity items

This measure provides the degree of variation in participants’ donations around the mean of
others’ donations, with lower pseudo-SD values indicating reduced variation from others’
donation levels and higher values indicating increased variation across items.

We then conducted a mixed-design ANOVA on pseudo-SD of individual donation, mirroring the
analysis performed on the SD of individual donation. This analysis allows us to examine the
variability effect in a way that is less susceptible to potential mean-induced differences in
donation dispersion, while still characterizing the degree of variation in donation behavior.

Method S5. Model and Parameter recovery

To evaluate whether data simulated under a given model would be best fit by the same model, we
constructed confusion matrices for all four experiments. For each confusion matrix, parameter
values were randomly drawn (uniformly) from predefined ranges to simulate data 360 times (85
artificial agents per condition) under each candidate model. Gaussian noise was added to the
simulated data (SD = 0.1, 0.5, 5 and 5 respectively, based on the range of 2, 10, 100, and 100 in the
corresponding experiment). All candidate models were subsequently fitted to the simulated data,
and model recovery was assessed using BIC. Confusion matrices were based on the probabilities of
selecting each candidate model as the best-fitting model for data generated by a particular model,
using BIC values, with ideal recovery reflected by dominant diagonal elements.

In addition, we conducted parameter recovery analyses to evaluate whether parameters of the
winning model could be reliably recovered. For each experiment, we simulated data of 360
artificial agents (85 agents per condition) using randomly sampled parameters of the winning
model. Gaussian noise was added to the simulated data (SD = 0.1, 0.5, 5, and 5, respectively). The
winning model was then fitted to the simulated datasets to obtain recovered parameter estimates.
Parameter recovery was quantified by computing correlations between the groundtruth and
recovered parameters, with higher values reflecting better recovery.
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Method S6. Posterior predictive checks

To evaluate whether the winning model (Model 3: a Hybrid model, combining the D1 and
Prediction model) could reproduce the behavioral signatures present in the real data, we
conducted the predictive check analyses. First, the predicted second donation amounts were
generated using each participant’s best-fitting parameters from the winning model. Second, the
simulated data were analyzed using the same procedures applied to the empirical data. Linear
mixed-effects models were fitted to donation amounts, whereas mixed-effects ANOVAs were
conducted on the SD of individual donation amounts and the Pseudo SD of individual donation
amounts. First donation amounts were retained from the empirical data.

Method S7. The description of the perceptual-based social influence task

At the end of Experiment 4, participants completed a perceptual-based social influence task: the
BEAST (Berlin Estimate AdjuStment Task) (Molleman, Kurvers, and van den Bos 2019 @). This task
comprised five rounds presented in a fixed order. In each round, participants viewed an image
containing 50-100 animals. After 6 seconds, the image disappeared, and participants were asked to
provide an initial estimate of the number of animals (E1 ) within 15 seconds. After entering their
first estimate (E1 ), participants were shown social information (X), which was an estimate
provided by another person who had previously completed the task. Participants then made their
second estimate (E2 ) within 45 seconds. During the second estimate, both their first estimate and
the social information were displayed on the screen.

The distance between EI and X was controlled by selecting social information from a prerecorded
pool of estimates provided by 100 previous participants. Across Round 1-5, the target proportional
deviation of X from E1 (A)) was set to 25%, 15%, 20%, 15%, 25%, respectively. Importantly, the
social information always pointed to the direction of the true value. To implement this
manipulation, we computed the ‘target’ value (X") as follows: If E1 was below the true value, X' =
E1* (1 +A); If E1 was above the correct value, X' = E1 * (1 —A) ; The displayed social information
was then selected as the estimate from the pre-recorded pool that was closest to the target value
@x).

The social information use (s) in each round was calculated as a relative change toward social
information: s = (E, — E;)/(X — E). Rearranging this equation yielded:E, = (1 —s) *E; +s *E,,
indicating that the second estimate (E5) in each round reflected a weighted average of an
individual initial estimate (E;) and the social information (X). s represented a relative weight on
social information.

Following previous studies (Gaule et al. 2022 2 ; Molleman et al. 2019 @), we excluded rounds in
which participants updated their estimate in the opposite direction of the social information (s < 0)
or moved beyond the social information (s > 1). We also excluded rounds in which the first or
second estimate was more than 100 animals away from the true value, which likely reflected data
entry errors. Rounds were also removed when either estimate was 0 or when participants’
estimates exactly matched social information. In total, 92.74% of rounds were included in the final
analysis.

Supplementary Results

Results S1. Assessing the variability effect on the dispersion of participants’
donations around social information

To further probe the robustness of the variability effect and to rule out the possibility that it
merely reflects mean-driven differences across social information settings, we devised an
alternative behavioral index capturing the dispersion of individual donations relative to others’
the conventional standard deviation, with the mean of individual donations substituted by the
mean donation of five others to the specific charity. Accordingly, the pseudo-SD provides a
quantification of how strongly participants’ donations deviated from the social information of
each charity.
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A mixed ANOVA on pseudo-SD revealed robust main effects of phase across all experiments
Specifically, pseudo-SD significantly decreased from baseline to observation phase, indicating that
participants’ donations became less dispersed around others’ donation after exposure to social
information (Expl: F(1, 321) = 372.79,p < 0.001, partial r]z =0.54; Exp2: F(1, 341) = 464.22, p < 0.001,
partial n = 0.58; Exp3: F(1, 346) = 397.08,p < 0.001, partial n? = 0.53; Exp4: F(1, 370) = 238.73, p <
0.001, partial n? = 0.39; Table S5C7; Fig. S3 ). Critically, across Experiments 2-4, the interaction
between the variability of others’ donations and phase was significant (Exp2: F(1, 341) = 7.82,p =
0.005, partial n? = 0.02; Exp3: F(1, 346) = 10.43, p = 0.001, partial n = 0.03; Exp4: F(1, 370) = 10.72, p
=0.001, partial r]z =0.03), with Experiment 1 showing a marginal trend in the same direction
(Exp1: F(1, 321) = 3.56, p = 0.06, partial n? = 0.01). Specifically, individual donations clustered more
closely around the mean of five others’ donations after exposure to more consistent (LowSD) vs.
more variable (HighSD) donations from others. Thus, the observed variability effect appears
robust to alternative analyses and design constraints, supporting a robust role of social
information variability in affecting the variability of individual giving.

Results S2. Posterior predictive predictions

To further determine the extent to which the winning model (Model 3: a Hybrid model, combining
the D1 and Prediction model) could account for the behavioral patterns observed in the empirical
data, we performed the posterior predictive check analyses. We first examined the predicted
donation amount, and the linear mixed-effects model applied to the simulated data showed a
significant interaction between the mean of others’ donations and the phase across all four
experiments (Exp 1: b =-0.29, SE = 0.021, t(12613) =-13.96,p < 0.001, 95% CI = [-0.34, - 0.25]; Exp 2: b
=-1.68, SE = 0.09, t(13432) = -18.06,p < 0.001, 95% CI = [-1.87,-1.50]; Exp 3: b =-15.66, SE = 0.94,
t(13627) =-16.74,p < 0.001, 95% CI = [-17.49, -13.82]; Exp 4: b = - 14.44, SE = 0.79, t(14563) =-18.27,p <
0.001, 95% CI = [-16.00, -12.90]; Fig %). These results indicate that the effect of the average level
of social information on individual donation amounts was replicated in the simulated data. We
next focused on the variability effect. Mixed-effect ANOVAs on the SD of predicted individual
donation amounts revealed a significant main effect of the phase across all four experiments
(Expl: F(1, 320) = 833.875,p < 0.001, partial n = 0.72; Exp2: F(1, 341) = 927.77,p < 0.001, partial n? =
0.73; Exp3: F(1, 346) = 766.36,p < 0.001, partial n? = 0.69; Exp4: F(1, 370) = 443.04,p < 0.001, partial n>
= 0.55; Fig. S7(2). The interaction between the phase and the variability of others’ donations were
also reproduced in Experiments 2-4 (Exp2: F(1, 341) = 14.64,p < 0.001, partial n = 0.04; Exp3: F(1,
346) = 18.44, p < 0.001, partial n? = 0.05; Exp4: F(1, 370) = 14.55, p < 0.001, partial n = 0.04). Notably,
this interaction also emerged as significant in Experiment 1 in the simulated data (Exp1: F(1, 320) =
6.34, p = 0.01, partial n® = 0.02). Similarly, mixed-effect ANOVAs on the Pseudo SD of predicted
individual donation amounts also showed a significant main effect of the phase (Exp1: F(1, 320) =
778.26, p < 0.001, partial r]z =0.71; Exp2: F(1, 341) = 836.19, p < 0.001, partial r]z =0.71; Exp3: F(1,
346) = 762.26, p < 0.001, partial n? = 0.69; Exp4: F(1, 370) = 480.14, p < 0.001, partial n = 0.57; Fig.

S8(3). In addition, a significant interaction between the phase and the variability of others’
donations was observed across all four experiments (Exp1: F(1, 320) = 4.89, p = 0.03, partial n? =
0.02; Exp2: F(1, 341) = 5.08, p = 0.03, partial nz =0.02; Exp3: F(1, 346) = 8.75, p = 0.003, partial r|2 =
0.03; Exp4: F(1, 370) = 7.52, p = 0.006, partial r]2 =0.02). Taken together, these posterior predictive
check analyses reveal that the winning model provides a close quantitative account of the

behavioral patterns observed in the empirical data.

Results S3. Assessing the associations between empathy and the
susceptibility to social information

By examining the associations between empathy and the absolute donation changes from the first
to the second donation, we found there were no significant association between them in all four
experiments (Exp1: Spearman p =-0.04, p = 0.51, 95% CI: [-0.15, 0.08]; Exp2: Spearman p =-0.03, p
=0.57,95% CI: [-0.14, 0.08]; Exp3: Spearman p =-0.03, p = 0.58, 95% CI: [-0.14, 0.08]; Exp4: p = 0.09, p
=0.086, 95% CI: [-0.02, 0.19]; Fig. S10 (). Similarly, there were no significant relationships between
empathy and the social information weights from the model across all experiments (Exp1:
Spearman p =-0.01, p = 0.81, 95% CI: [-0.13, 0.10]; Exp2: Spearman p = - 0.10, p = 0.062, 95% CI:
[-0.21, 0.01]; Exp3: Spearman p =-0.06, p = 0.24, 95% CI: [-0.17, 0.05]; Exp4: p = 0.09, p = 0.091, 95%

Jin et al., 2026 eLife 15:RP112321. https://doi.org/10.7554/eLife.112321.1 28 of 81


https://doi.org/10.7554/eLife.112321.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience
https://elifesciences.org/subjects/computational-systems-biology

°Pe . Neuroscience | Computational and Systems Biology
v eLife

significant effects were observed for the absolute donation changes across all experiments (Exp1:
b =-0.000, SE = 0.001, ¢ (318) =-0.29, p = 0.77, 95% CI = [-0.002, 0.001]; Exp2: b = -0.002, SE = 0.005, t
(338) =-0.47, p = 0.64, 95% CI = [0.011, 0.007]; Exp3: b = -0.046, SE = 0.041, t (343) = -1.14, p = 0.25,
95% CI = [-0.126, 0.033]; Exp4: b = 0.039, SE = 0.041, t (367) = 0.95, p = 0.34, 95% CI = [-0.041, 0.119];
Table S11%). Likewise, the effects of the social information weight on empathy were not
significant, after additionally controlling other modeling parameters (Exp1: b = 0.000, SE = 0.001, t
(315) = 0.02, p = 0.985, 95% CI = [-0.003, 0.003]; Exp2: b =-0.002, SE =0.001, t (336) =-1.34, p = 0.181,
95% CI = [-0.005, 0.001]; Exp3: b = -0.002, SE = 0.001, t (341) = -1.44, p = 0.151, 95% CI = [-0.005,
0.001]; Exp4: b = 0.002, SE = 0.001, t(365) = 1.47, p = 0.142, 95% CI = [-0.001, 0.005]; Table S12 3).

In addition, we investigated the association between empathy and social information use in the
perceptual task, and also found no significant relationship between the two (Spearman p = 0.07, p

Results S4. Assessing the associations between psychopathy, empathy,
baseline donation amount and baseline estimation

As preregistered, we also investigated the associations between psychopathy, empathy, and
baseline donation levels. We had hypothesized that baseline donation amounts would be
positively correlated with empathy, but negatively correlated with psychopathy. The results
revealed a significant negative association between psychopathy and the baseline donation
amount in Experiment 1-3, but not significant (and in the other direction) in Experiment 4 (Exp1:
Spearman p =-0.15, p = 0.006, 95% CI: [-0.26, -0.04]; Exp2: Spearman p = -0.12, p = 0.024, 95% CI:
[-0.23, -0.01]; Exp3: Spearman p =-0.11, p = 0.038, 95% CI: [-0.22, 0]; Exp4: p = 0.09, p = 0.07, 95% CI:
[-0.01, 0.20]; Fig. S12(%). In contrast, empathy was positively associated with the baseline donation

amounts in Experiment 1, 3 and 4, but not significant in Experiment 2 (Exp1: Spearman p = 0.17,p
=0.002, 95% CI: [0.06, 0.28]; Exp2: Spearman p = 0.02,p = 0.71, 95% CI: [-0.09, 0.13]; Exp3: Spearman

In the perceptual-based social influence task, and as predicted (https://osf.io/ys9zw/overview 2),
psychopathy was not associated with initial estimates of the number of presented animals
(Spearman p =-0.03, p = 0.51, 95% CI: [-0.14, 0.07]; Fig. S14 ). Similarly, empathy showed no

significant association with participants’ initial estimates (Spearman p = 0.06, p = 0.23, 95% CI:
[-0.04, 0.17]; Fig. S16(®).
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Supplementary Figures
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Figure S1.The distribution of social information across conditions in all experiments. Histograms depict the
distribution of donation amounts provided by others, presented as social information to participants. In each
experiment (A - D), participants were randomly assigned to one of four conditions in a 2 (Mean: Low vs. High) x 2
(SD: Low vs. High) between-subjects design. The distributions reflect the experimental manipulation of the mean
and variability of social information in each condition (Experiment 1: LM-Low-SD condition: Mean = 0.593, SD =
0.103; Low-Mean-High-SD condition: Mean = 0.604, SD = 0.284; High-Mean-Low-SD condition: Mean = 1.400, SD =
0.115; High-Mean- High-SD condition: Mean = 1.401, SD = 0.292; Experiment 2: LSD-LSD condition: Mean = 3.00, SD
=0.514; LM-HSD condition: Mean = 3.02, SD = 1.418; HM-LSD condition: Mean = 7.00, SD = 0.576; HM-HSD
condition: Mean = 7.00, SD =1.460; Experiment 3: LM-LSD condition: Mean = 29.76, SD = 4.035; LM-HSD condition:
Mean = 30.74, SD = 16.089; HM-LSD condition: Mean = 70.30, SD = 4.049; HM-HSD condition: Mean = 69.42, SD =
16.466; Experiment 4: LM-LSD condition: Mean = 29.65, SD = 4.191; LM-HSD condition: Mean = 29.65, SD = 15.456;
HM-LSD condition: Mean = 69.65, SD =4.191; HM-HSD condition: Mean = 69.65, SD = 15.456).
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Figure S2. Item-level social information values across charity items and conditions in all experiments.

Each panel displays the observed donation amounts presented as social information for each charity item (Items 1-20) across
four conditions (LowMean-LowSD, LowMean-HighSD, HighMean-LowSD, HighMean-HighSD). The x-axis represents the value
of others’ donation amounts, and the y-axis represents the charity item. Gray dots denote individual observed donations (five
per item), and red dots represent the average of the five observed donations for each charity item. In Experiment 1 -3 (A - C),
the mean and standard deviation of social information were manipulated at the aggregate level across items. At the group
level, HighMean conditions had larger average donation amounts than LowMean conditions, and HighSD conditions had
greater variability than LowSD conditions. However, these constraints were implemented across items rather than within
each item, such that item-level means differed between SD groups. In Experiment 4 (D), social information was manipulated
at the charity-item level to eliminate this potential confound. Specifically, for each charity item, the mean of the five observed
donations was held constant between LowSD and HighSD conditions, while the standard deviation of the five observed
donations was systematically larger in HighSD than LowSD conditions. This design ensured that variability effects could be
examined independently of the mean-related effects.
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Figure S3. Exposure to others’ donations promoted convergence of individual donations toward group
giving, especially when others’ donations were consistent.

The pseudo-SD of individual donations, indexing dispersion of individual donations around others’ mean donations,
significantly decreased after observing others’ donations in all experiments ((Expl: F(1, 321) = 372.79,p < 0.001, partial r]2 =
0.54; Exp2: F(1, 341) = 464.22,p < 0.001, partial r]z =0.58; Exp3: F(1, 346) = 397.08,p < 0.001, partial r]2 =0.53; Exp4: F(1, 370) =
238.73,p < 0.001, partial r]z =0.39; Table S5C4 ). This convergence effect was significantly larger in Low-SD conditions in
Experiment 2 - 4 and marginal in Experiment 1 (Exp1: F(1, 321) = 3.56, p = 0.06, partial n% = 0.01; Exp2: F(1,341)=7.82, p =
0.005, partial n% = 0.02; Exp3: F(1, 346) = 10.43, p = 0.001, partial n? = 0.03; Exp4: F(1, 370) = 10.72, p = 0.001, partial n = 0.03).
Group averages are shown as colored dots with error bars indicating + 1 standard error of the mean (SEM), whereas faint
lines and dots represent individual participants.
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Figure S4. Model recovery.

To assess whether our tested models could be reliably distinguished, model recovery analyses were performed (A - D). For
each experiment, simulated datasets were generated from each candidate model (N = 360 artificial agents; 85 simulated
agents per condition), and Gaussian noise was added. All candidate models were fitted to the simulated data and compared.
Values in the confusion matrices reflect the probabilities that a candidate model is selected as the best-fitting model for data
generated from a given model, according to BIC. Across all experiments, the confusion matrices exhibited strong diagonal
dominance, demonstrating great model recovery and clear separation among models.
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Figure S5. Parameter recovery.

To examine whether parameters of the winning model are recoverable, parameter recovery analyses were performed (A - D).
For each experiment, we generated datasets from the winning model (N = 360 artificial agents; 85 simulated agents per
condition) with added Gaussian noise. The winning model was then fitted to the simulated data. Parameter recovery was
quantified by computing the correlation between true and fitted parameter values, with higher correlations indicating better
recovery. Across all experiments, parameter recovery was strong: Spearman correlations between true and recovered values
for the learning rate (a), relative weight on initial donations (A), and social information weight (w) all exceeded 0.89.
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Figure S6. Posterior predictive check: the predicted donation amount.

The linear mixed-effects model conducted on donation amounts simulated from the winning model revealed a significant
interaction between the mean of others’ donations and the phase across all four experiments (Exp 1: b =- 0.29, SE = 0.021,
t(12613) =-13.96,p < 0.001, 95% CI = [-0.34, -0.25]; Exp 2: b =-1.68, SE = 0.09, t(13432) = -18.06,p < 0.001, 95% CI = [-1.87, -1.50];
Exp 3: b =-15.66, SE = 0.94, t(13627) = -16.74,p < 0.001, 95% CI = [-17.49, -13.82]; Exp 4: b = -14.44, SE = 0.79, t(14563) = -18.27,p <
0.001, 95% CI = [-16.00, -12.90]). This pattern mirrors the real data, indicating that the winning model successfully captures
the changes in the central tendency of individual donations. Solid lines indicate the observed donation behaviors, and dashed
lines indicate model predictions generated using the best-fitting parameters of the winning model. Magenta dots represent
the simulated values from the winning model.
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Figure S7. Posterior predictive check: the standard deviation of the predicted donation amount.

Mixed-effects ANOVAs conducted on the SD of predicted donation amounts revealed a significant main effect of the phase
across all four experiments (Expl: F(1, 320) = 833.875,p < 0.001, partial n? = 0.72; Exp2: F(1, 341) = 927.77,p < 0.001, partial n? =
0.73; Exp3: F(1, 346) = 766.36,p < 0.001, partial n? = 0.69; Exp4: F(1, 370) = 443.04,p < 0.001, partial nZ = 0.55). Moreover, the
between the phase and the variability of others’ donations was significant across all experiments (Exp1: F(1, 320) = 6.34, p =
0.01, partial n? = 0.02; Exp2: F(1, 341) = 14.64,p < 0.001, partial n? = 0.04; Exp3: F(1, 346) = 18.44,p < 0.001, partial n? = 0.05;
Exp4: F(1, 370) = 14.55,p < 0.001, partial n? = 0.04). These results suggest that the winning model captures the variability
dynamics observed in the real data. Solid lines indicate the observed donation behaviors, and dashed lines indicate model
predictions generated using the best-fitting parameters of the winning model. Magenta dots represent the simulated values
from the winning model.
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Figure S8. Posterior predictive check: the Pseudo SD of the predicted donation amount.

Mixedeffects ANOVAs conducted on the Pseudo SD of predicted donation amounts revealed a significant main effect of the
phase across all four experiments (Exp1: F(1, 320) = 833.875,p < 0.001, partial n2 = 0.72; Exp2: (1, 341) = 927.77,p < 0.001,
partial n? = 0.73; Exp3: F(1, 346) = 766.36,p < 0.001, partial n? = 0.69; Exp4: F(1, 370) = 443.04,p < 0.001, partial n = 0.55).
Moreover, we observed a significant interaction between the phase and the variability of others’ donations (Exp1: F(1, 320) =
6.34, p = 0.01, partial n? = 0.02; Exp2: F(1, 341) = 14.64,p < 0.001, partial n? = 0.04; Exp3: F(1, 346) = 18.44,p < 0.001, partial n? =
0.05; Exp4: F(1, 370) = 14.55,p < 0.001, partial n? = 0.04). These results demonstrate that the winning model generates
variability patterns closely matching those observed in the real data. Solid lines indicate the observed donation behaviors,
and dashed lines indicate model predictions generated using the best-fitting parameters of the winning model. Magenta dots
represent the simulated values from the winning model.
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Figure S9. Relationships between psychopathy and absolute donation changes from the first to the second
individual donations, per experiment.

The total psychopathy scores were positively correlated with the absolute donation changes in Experiment 2 - Experiment 4,
with a marginally significant association observed in Experiment 1 (Expl: Spearman p = 0.10, p = 0.071, 95% CI: [-0.01, 0.21];
Exp2: Spearmanp = 0.17,p = 0.002, 95% CI: [0.06, 0.27]; Exp3: Spearman p = 0.14,p = 0.009, 95% CI: [0.03, 0.24]; Exp4: p = 0.19,p
<0.001, 95% CI: [0.09, 0.29]).
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Figure S10. Relationships between empathy and absolute donation changes from the first to the second
individual donations.

The total empathy scores showed no significant associations with the absolute donation changes across all experiments
(Expl: Spearman p =-0.04, p = 0.51, 95% CI: [-0.15, 0.08]; Exp2: Spearman p =-0.03, p = 0.57, 95% CI: [-0.14, 0.08]; Exp3:
Spearman p =-0.03, p = 0.58, 95% CI: [-0.14, 0.08]; Exp4: p = 0.09, p = 0.086, 95% CI: [-0.02, 0.19]).

Jin et al., 2026 eLife 15:RP112321. https://doi.org/10.7554/eLife.112321.1 39 of 81


https://doi.org/10.7554/eLife.112321.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience
https://elifesciences.org/subjects/computational-systems-biology

°Fe H Neuroscience | Computational and Systems Biology
g f
weLife

A Exp1 B Exp2
1.001 R=-0.013,p=0.81 1.00] R=-0.1,p=0.062
50.75- £0.75-
(3] ()]
= =
“_g 0.50 7 E 0.50 & \
© ©
o O
3 0.25 3 0.25 1
0.00 1 0.00 1
60 80 100 12( 40 60 80 100
Empathy Total Score Empathy Total Score
C Exp3 D Exp4
1.00{ R=-0.063,p=0.24 1.00{ R=0.087, p =0.091
5 0.75 - 5 0.75
(3] (%]
= =
2 0.50- o< 1L, (R 2 0.50- - oo any
© ©
[ (6]
2 0.25 1 3 0.25
0.00 0.00 1
80 100 120 60 80 100 120
Empathy Total Score Empathy Total Score

Figure S11. Association between empathy and the social information weight parameters, per experiment.

The total empathy scores were not significantly associated with the social information weight parameter (Expl: Spearman p =
-0.01, p = 0.81, 95% CI: [-0.13, 0.10]; Exp2: Spearman p =-0.10, p = 0.062, 95% CI: [-0.21, 0.01]; Exp3: Spearman p =-0.06, p =
0.24, 95% CI: [-0.17, 0.05]; Exp4: p = 0.09, p = 0.091, 95% CI: [-0.02, 0.19]).
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Figure S12. Association between psychopathy and baseline donation amounts, per experiment.

The total psychopathy scores were significantly negatively associated with the baseline donation amount in Experiment 1-3,
but not in Experiment 4 (Exp1: Spearman p =-0.15, p = 0.006, 95% CI: [-0.26, -0.04]; Exp2: Spearman p =-0.12, p = 0.024, 95%
CI: [-0.23, -0.01]; Exp3: Spearman p =-0.11, p = 0.038, 95% CI: [-0.22, 0]; Exp4: p = 0.09, p = 0.07, 95% CI: [-0.01, 0.20]).
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Figure S13. Association between empathy and the baseline donation amounts, per experiment.

Significant positive associations between the total empathy scores and the baseline donation amounts emerged in
Experiment 1, 3 and 4, whereas this association was not observed in Experiment 2 (Expl: Spearman p = 0.17, p = 0.002, 95% CI:
[0.06, 0.28]; Exp2: Spearman p = 0.02, p = 0.71, 95% CI: [-0.09, 0.13]; Exp3: Spearman p = 0.13,p = 0.014, 95% CI: [0.02, 0.24];
Exp4: p = 0.22,p < 0.001, 95% CI: [0.12, 0.32]).
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Figure S14. No association between psychopathy and the initial estimate of the number of animals.

The total psychopathy scores were not associated with the first estimate of the number of animals in the perceptual-based
social influence task (Spearman p =-0.03, p = 0.51, 95% CI: [-0.14, 0.07]).
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Figure S15. No association between empathy and the social information weight in a perceptual task.

The total empathy scores were not correlated with the social information weight in the perceptual-based social influence task
(Spearman p = 0.07, p = 0.18, 95% CI: [-0.03, 0.17]).
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Figure S16. No association between empathy and the initial estimate of the number of animals.

The total empathy scores were not correlated with the first estimate of the number of animals in the perceptual-based social
influence task (Spearman p = 0.06, p = 0.23, 95% CI: [-0.04, 0.17]).

Jin et al., 2026 eLife 15:RP112321. https://doi.org/10.7554/eLife.112321.1 44 of 81


https://doi.org/10.7554/eLife.112321.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience
https://elifesciences.org/subjects/computational-systems-biology

°Pe . Neuroscience | Computational and Systems Biology
v eLife

Supplementary Tables
Expl: Fixed effect beta SE df t 95% CI r
Intercept 111 0.08 32 14.38 [0.96, 1.26] <0.001
Mean Cond 0.05 0.05 355 0.91 [-0.05, 0.15] 0.37
SD Cond 0.04 0.05 355 0.69 [-0.07, 0.14] 0.49
Phase 0.15 0.02 12652 9.08 [0.12, 0.18] <0.001
Mean Cond *SD  -0.05 0.07 355 -0.74 [-0.20, 0.09] 0.46
Cond
Mean Cond * Phase -0.34 0.02 12652 -14.83 [-0.39, -0.30] <0.001
SD Cond * Phase  0.01 0.02 12652 0.34 [-0.04, 0.05] 0.74
Mean Cond * SD  -0.04 0.03 12652 -1.07 [-0.10, 0.03] 0.29

Cond * Phase

Exp2: Fixed effect beta SE df t 95% CI P
Intercept 5.4 0.35 33 15.43 [4.71,6.07] <0.001
Mean Cond 0.14 0.24 372 0.59 [-0.34, 0.63] 0.55
SD Cond 0.06 0.24 372 0.24 [-0.42, 0.54] 0.81
Phase 0.88 0.07 13432 12.32 [0.74, 1.02] <0.001
Mean Cond * SD -0.21 0.35 372 -0.60 [-0.89, 0.47] 0.55
Cond

Mean Cond * Phase -1.84 0.10 13432 -18.16 [-2.04, -1.64] <0.001
SD Cond * Phase 0.05 0.10 13432 0.50 [-0.15, 0.25] 0.62
Mean Cond * SD -0.20 0.14 13432 -1.38 [-0.48, 0.08] 0.17

Cond * Phase
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Exp3: Fixed effect beta SE df t 95% CI )/
Intercept 47.81 0.35 32 13.27 [40.74, 54.87] <0.001
Mean Cond 2.66 0.24 377 1.07 [-2.21, 7.54] 0.28
SD Cond 2.99 0.24 377 1.20 [-1.88, 7.86] 0.23
Phase 9.76 0.07 13627 13.75 [8.37, 11.15] <0.001
Mean Cond * SD -7.84 0.35 377 -2.22 [-14.76,-0.91] 0.027
Cond

Mean Cond * Phase -18.03 0.10 13627 -17.71 [-20.03,-16.04] <0.001
SD Cond * Phase 2.09 0.10 13627 2.05 [0.09, 4.09] 0.040
Mean Cond * SD -1.04 0.14 13627 -0.72 [-3.88, 1.79] 0.47

Cond * Phase

Exp4: Fixed effect beta SE df t 95% CI )/
Intercept 40.71 2.69 154 15.16 [35.44, 45.97] <0.001
Mean Cond 2.36 3.20 384 0.74 [-3.01, 8.63] 0.46
SD Cond 4.56 3.15 384 1.45 [-1.62, 10.74] 0.15
Phase 7.25 0.61 14563 11.92 [6.06, 8.45] <0.001
Mean Cond * SD -6.91 4.51 384 -1.53 [-15.75, 1.93] 0.13
Cond

Mean Cond * Phase -15.42 0.87 14563 -17.63 [-17.13,-13.70]  <0.001
SD Cond * Phase 0.33 0.86 14563 0.38 [-1.36, 2.02] 0.70
Mean Cond * SD -0.30 1.23 14563 -0.25 [-2.72,2.11] 0.81

Cond * Phase

Table S1.Linear mixed-effects model results predicting individual donation amounts as a function of the
Mean and SD of Others’ donations and Phase Individual donation amount ~ 1 + Mean Cond + SD Cond + Phase +
Mean Cond * SD Cond + Mean Cond * Phase + SD Cond * Phase + Mean Cond * SD Cond * Phase + (1 | SubID) + (1 |
Charity Item)
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Exp 1 df1 df2 F P partial n?
Mean Cond 1 321 20.18 <0.001 0.06

SD Cond 1 321 0.02 0.90 <0.001
Phase 1 321 4.57 0.03 0.01
Mean Cond * SD Cond 1 321 1.00 0.32 0.003

Table S2. Mixed ANOVA on the averaged individual donation amount
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Mean Cond * Phase 1 321 255.26 <0.001 0.44
SD Cond * Phase 1 321 0.18 0.67 0.001
Mean Cond * SD Cond * 1 321 0.60 0.44 0.002
Phase

Note: g #? - generalized eta squared
Exp 2 df1 df2 F p partial n*
Mean Cond 1 341 29.95 <0.001 0.08
SD Cond 1 341 0.17 0.67 0.001
Phase 1 341 1.13 0.29 0.003
Mean Cond * SD Cond 1 341 0.82 0.37 0.002
Mean Cond * Phase 1 341 258.33 <0.001 043
SD Cond * Phase 1 341 0.16 0.69 <0.001
Mean Cond * SD Cond * 1 341 0.68 0.41 0.002
Phase
Exp 3 df1 df2 F p partial n?
Mean Cond 1 346 37.07 <0.001 0.10
SD Cond 1 346 0.01 0.93 <0.001
Phase 1 346 6.25 0.01 0.02
Mean Cond * SD Cond 1 346 5.84 0.02 0.02
Mean Cond * Phase 1 346 231.13 <0.001 0.40
SD Cond * Phase 1 346 1.65 0.20 0.005
Mean Cond * SD Cond * 1 346 0.18 0.70 0.001
Phase
Exp 4 dfl df2 F p partial n?
Mean Cond 1 370 15.81 <0.001 0.04
SD Cond 1 370 0.28 0.59 0.001

Table S2. (continued)
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Phase 1 370 0.31 0.58 0.001
Mean Cond * SD Cond 1 370 2.50 0.12 0.007
Mean Cond * Phase 1 370 138.10 <0.001 0.27
SD Cond * Phase 1 370 0.02 0.90 <0.001
Mean Cond * SD Cond * 1 370 0.01 0.91 <0.001
Phase

Table S2. (continued)
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Table S3. Control analysis: The linear mixed-effects model predicting individual donation amounts as a
function of the Mean and SD of Others’ donations in the Baseline Phase

Individual donation amount ~ 1 + Mean Cond + SD Cond + Mean Cond * SD Cond + (1 | SubiD) + (1 | Charity Item)

Expl: Fixed effect beta SE df t 95% CI )/,
Intercept 1.11 0.09 31 13.00 [0.94, 1.27] <0.001
Mean Cond 0.05 0.06 321 0.82 [-0.06, 0.16] 0.41
SD Cond 0.04 0.06 321 0.63 [-0.08, 0.15] 0.53
Mean Cond * SD -0.05 0.08 321 -0.67 [-0.21, 0.10] 0.50
Cond

Exp2: Fixed effect beta SE df t 95% CI p
Intercept 5.39 0.40 32 13.39 [4.60, 6.18] <0.001
Mean Cond 0.14 0.28 341 0.52 [-0.40, 0.69] 0.60
SD Cond 0.06 0.28 341 0.21 [-0.49, 0.61] 0.84
Mean Cond * SD -0.21 0.40 341 -0.53 [-0.99, 0.57] 0.60
Cond

Exp3: Fixed effect beta SE df t 95% CI P
Intercept 47.81 4.07 32 11.73 [39.82, 55.80] <0.001
Mean Cond 2.66 2.86 346 0.93 [-2.94, 8.26] 0.35
SD Cond 2.99 2.86 346 1.05 [-2.61, 8.59] 0.29
Mean Cond * SD -7.84 4.06 346 -1.93 [-15.80, 0.12] 0.054
Cond

Exp4: Fixed effect beta SE df t 95% CI )/
Intercept 40.71 3.03 126 13.44 [34.77, 46.64] <0.001
Mean Cond 2.36 3.50 370 0.67 [-4.50,9.21] 0.50
SD Cond 4.56 3.45 370 1.32 [-2.20, 11.32] 0.19
Mean Cond * SD -6.91 4.93 370 -1.40 [-16.58,2.76] 0.16

Cond
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Exp 1 dfl df2 F )/ partial n*
Mean Cond 1 321 1.40 0.24 0.004

SD Cond 1 321 1.07 0.30 0.003
Phase 1 321 146.63 <0.001 0.31
Mean Cond * SD Cond 1 321 0.76 0.38 0.002
Mean Cond * Phase 1 321 10.17 0.002 0.03

SD Cond * Phase 1 321 2.87 0.09 0.009
Mean Cond * SD Cond * 1 321 0.02 0.89 <0.001
Phase

Note: partial n° - partial eta squared

Exp 2 df1 df2 F )/ partial n*
Mean Cond 1 341 3.62 0.06 0.01

SD Cond 1 341 4.51 0.03 0.01
Phase 1 341 260.99 <0.001 0.43
Mean Cond * SD Cond 1 341 4.44 0.04 0.01
Mean Cond * Phase 1 341 0.11 0.74 <0.001
SD Cond * Phase 1 341 14.64 <0.001 0.04
Mean Cond * SD Cond * 1 341 0.88 0.35 0.003
Phase

Exp 3 dfl df2 F P partial y?
Mean Cond 1 346 0.55 0.46 0.002

Table S4. Mixed ANOVA on the SD of the individual donation amounts
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SD Cond 1 346 6.32 0.01 0.02
Phase 1 346 144.57 <0.001 0.30
Mean Cond * SD Cond 1 341 0.08 0.77 <0.001
Mean Cond * Phase 1 346 0.16 0.69 <0.001
SD Cond * Phase 1 346 18.44 <0.001 0.05
Mean Cond * SD Cond * 1 346 1.20 0.28 0.003
Phase

Exp 4 dfi df2 F P partial y?
Mean Cond 1 370 2.63 0.11 0.007
SD Cond 1 370 7.99 0.005 0.02
Phase 1 370 73.18 <0.001 0.17
Mean Cond * SD Cond 1 370 3.20 0.07 0.009
Mean Cond * Phase 1 370 1.58 0.21 0.004
SD Cond * Phase 1 370 14.55 <0.001 0.04
Mean Cond * SD Cond * 1 370 0.005 0.95 <0.001
Phase

Table S4. (continued)
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Exp 1 df1 df2 F ) partial y?
Mean Cond 1 321 33.46 <0.001 0.09

SD Cond 1 321 3.76 0.054 0.01
Phase 1 321 372.79 <0.001 0.54
Mean Cond * SD Cond 1 321 0.39 0.53 0.001
Mean Cond * Phase 1 321 0.05 0.83 <0.001
SD Cond * Phase 1 321 3.56 0.06 0.01
Mean Cond * SD Cond * 1 321 0.52 0.47 0.002
Phase

Note: partial ° - partial eta squared
Table S5. Mixed ANOVA on the ‘pseudo-SD of individual donation’ amounts
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Exp 2 df1 df2 F P partial n*
Mean Cond 1 341 15.77 <0.001 0.04

SD Cond 1 341 2.75 0.10 0.008
Phase 1 341 464.22 <0.001 0.58
Mean Cond * SD Cond 1 341 1.62 0.20 0.005
Mean Cond * Phase 1 341 0.08 0.77 <0.001
SD Cond * Phase 1 341 7.82 0.005 0.02
Mean Cond * SD Cond * 1 341 0.04 0.84 <0.001
Phase

Exp 3 df1 df2 F p partial n?
Mean Cond 1 346 0.01 0.91 <0.001
SD Cond 1 346 13.06 <0.001 0.04
Phase 1 346 397.08 <0.001 0.53
Mean Cond * SD Cond 1 341 0.26 0.61 0.001
Mean Cond * Phase 1 346 7.56 0.006 0.02

SD Cond * Phase 1 346 10.43 0.001 0.03
Mean Cond * SD Cond * 1 346 3.44 0.064 0.01
Phase

Exp 4 df1 df2 F P partial n?
Mean Cond 1 370 12.18 0.001 0.03

SD Cond 1 370 5.80 0.02 0.02
Phase 1 370 238.73 <0.001 0.39
Mean Cond * SD Cond 1 370 0.79 0.37 0.002
Mean Cond * Phase 1 370 0.06 0.81 <0.001
SD Cond * Phase 1 370 10.72 0.001 0.03

Table S5. (continued)
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Table S5. (continued)

Mean Cond * SD Cond * 1 370 0.11 0.74 <0.001
Phase

Table S6. Linear mixed-effects model predicting individual novel donation amounts as a function of the
Mean and SD of Others’ donations

Individual novel donation amount ~ 1 + Mean Cond + SD Cond + Mean Cond * SD Cond + (1 | SubID) + (1 | Charity Item)

Exp4: Fixed effect beta SE df t 95% CI p
Intercept 33.15 4.32 8 7.67 [24.69, 41.61] <0.001
Mean Cond 16.94 3.37 370 5.03 [10.34, 23.54] <0.001
SD Cond -1.76 3.42 370 -0.51 [-8.45, 4.94] 0.61
Mean Cond * SD -4.22 4.78 370 -0.88 [-13.59, 5.15] 0.38
Cond

Table S7. Mixed ANOVA on the standard deviation of individual novel donation amounts

Exp 4 df1 df2 F P partial n?
Mean Cond 1 370 0.72 0.40 0.002
SD Cond 1 370 9.87 0.002 0.026
Mean Cond * SD Cond 1 370 2.20 0.14 0.006

Note: partial n? - partial eta squared
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Table S8. Summary table of model comparison results.

AIC and BIC were calculated and then summed across participants. PXP (protected exceedance probability) was calculated
among all models. Model 0 is the Intercept Only Model; Model 1 is the D1 Only Model; Model 2 is the Prediction Only Model;
Model 2b is a variant of the Prediction Only model with a free initial prediction; Model 3 is a Hybrid of D1 and Prediction
Model; Model 3b is a variant of Hybrid of D1 and Prediction Model with a free initial prediction. #param means the number of

parameters.
Model 0 Model 1 Model2  Model2b  Model3  Model 3b
#param 2 4 4 4 3 3
AIC -101626.2 -117195.5 -109075.8 -104368.6 -118502.3 -114206.5
Exp1 BIC -99658.2 -113259.5 -105139.8 -100432.6 -115550.3 -111254.5
PXP (%) 0 0 0 0 100 0
AIC 28341.9 14015.4 20794.7 25866.0 12311.3 17084.1
Exp 2 BIC 30265.3 17862.1 24641.5 29712.8 15196.3 19969.1
PXP (%) 0 0 0 0 100 0
AIC 222483.0 206804.2 214030.8 219738.6 203516.5 209481.5
Exp 3 BIC 2244343 210706.8 217933.3 223641.1 206443.4 212408.4
PXP (%) 0 0 0 0 100 0
AIC 213502.8 204673.4 213189.6 209286.2 208159.1 203790.8
Exp 4 BIC 215587.9 208843.5 217359.7 213456.4 211286.7 206918.3
PXP (%) 0 0.03 0 0 67.32 32.65
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Expl beta SE df t 95% CI p
Intercept 0.25 0.073 325 3.43 [0.108, 0.396] <0.001
Psychopathy 0.002 0.001 318 2.00 [0.000, 0.003] 0.045
Age -0.001 0.002 318 -0.44 [-0.006, 0.004] 0.66
Gender 0.012 0.019 318 0.66 [-0.024, 0.049] 0.51
Mean Cond 0.018 0.023 318 0.77 [-0.028, 0.064] 0.44
SD Cond 0.004 0.024 318 0.18 [-0.042, 0.050] 0.86
Mean Cond * SD 0.026 0.033 318 0.80 [-0.038, 0.091] 0.42
Cond

Note: Gender was coded as non-Female (0) and Female (1).

Exp2 beta SE df t 95% CI p
Intercept 1.300 0.310 343 4.43 [0.735, 1.949] <0.001
Psychopathy 0.011 0.005 338 2.28 [0.001, 0.020] 0.023
Age -0.007 0.005 338 -1.46 [-0.016, 0.002] 0.14

Table S9. Linear mixed-effects model predicting absolute donation changes from psychopathy scores, after
controlling for confounding variables

|D2 — D1|~1 + Psychopathy Score + Age + Gender + Mean Cond + SD Cond + + Mean Cond * SD Cond + (1|SubID) + (1| Charity Item)
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Gender -0.110 0.120 338 -0.94 [-0.346, 0.122] 0.35
Mean Cond 0.140 0.120 338 1.11 [-0.106, 0.382] 0.37
SD Cond 0.110 0.120 338 0.87 [-0.137, 0.352] 0.39
Mean Cond * SD -0.042 0.180 338 -0.23 [-0.388, 0.305] 0.81
Cond

Exp3 beta SE df t 95% CI P
Intercept 14.00 4.400 344 3.23 [5.544, 22.633] <0.001
Psychopathy 0.140 0.045 343 3.06 [0.049, 0.225] 0.002
Age -0.280 0.150 343 -1.81 [-0.583, 0.022] 0.070
Gender 2.400 1.100 343 22 [0.269, 4.605] 0.028
Mean Cond -1.300 1.200 343 -1.12 [-3.654, 0.993] 0.26
SD Cond 2.700 1.200 343 2.29 [0.391, 5.030] 0.022
Mean Cond * SD -2.900 1.700 343 -1.73 [-6.209, 0.385] 0.083
Cond

Exp4 beta SE df t 95% CI P
Intercept 8.900 3.000 367 2.92 [2.936, 14.879] 0.003
Psychopathy 0.140 0.040 367 3.56 [0.064, 0.222] <0.001
Age -0.057 0.041 367 -1.38 [-0.139, 0.024] 0.17
Gender 1.400 1.000 367 1.35 [-0.644, 3.461] 0.18
Mean Cond 0.780 1.500 367 0.54 [-2.077, 3.640] 0.59
SD Cond 1.200 1.400 367 0.84 [-1.610, 4.025] 0.40
Mean Cond * SD -0.330 2.100 367 -0.16 [-4.381, 3.728] 0.87
Cond

Table S9. (continued)
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Expl beta SE df t 95% CI )/
Intercept 0.439 0.135 315 3.24 [0.173, 0.705] 0.001
Psychopathy 0.002 0.001 315 1.70 [0.000, 0.005] 0.090

a 0.043 0.085 315 0.51 [-0.124,0.211] 0.609

A -0.057 0.045 315 -1.25 [-0.146, 0.032] 0.211
Age -0.006 0.004 315 -1.57 [-0.014, 0.002] 0.117
Gender 0.026 0.032 315 0.81 [-0.037, 0.088] 0.417
Mean Cond -0.050 0.039 315 -1.26 [-0.127, 0.028] 0.209
SD Cond 0.051 0.042 315 1.24 [-0.030, 0.133] 0.217
Mean Cond * SD -0.013 0.056 315 -0.23 [-0.122, 0.096] 0.815
Cond

Note: Gender was coded as non-Female (0) and Female (1).

Exp2 beta SE df t 95% CI p
Intercept 0.412 0.105 336 3.93 [0.206, 0.618] <0.001
Psychopathy 0.004 0.001 336 3.04 [0.002, 0.007] 0.003
a -0.298 0.095 336 -3.13 [-0.485,-0.111]  0.002
A -0.011 0.048 336 -0.24 [-0.105, 0.082] 0.811
Age -0.003 0.001 336 -1.78 [-0.005, 0.000] 0.076
Gender -0.010 0.037 336 -0.26 [-0.083, 0.064] 0.793
Mean Cond -0.039 0.039 336 -1.01 [-0.116, 0.037] 0.312
SD Cond 0.080 0.042 336 1.91 [-0.002, 0.163] 0.057
Mean Cond * SD 0.018 0.055 336 0.32 [-0.091, 0.127] 0.748
Cond
Exp3 beta SE daf t 95% CI p
Intercept 0.420 0.161 341 2.61 [0.104, 0.735] 0.009
Psychopathy 0.004 0.002 341 243 [0.001, 0.007] 0.015

Table S10. Linear regression predicting the social information weight from psychopathy scores, after
controlling for other modeling parameters and confounding variables

w ~ 1 + Psychopathy Score + a + A + Age + Gender + Mean Cond + SD Cond + + Mean Cond * SD Cond
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a -0.144 0.090 341 -1.59 [-0.321, 0.034] 0.113
A -0.072 0.051 341 -1.43 [-0.172, 0.027] 0.155
Age -0.007 0.005 341 -1.28 [-0.018, 0.004] 0.201
Gender 0.067 0.039 341 1.72 [-0.009, 0.143] 0.086
Mean Cond -0.030 0.042 341 -0.72 [-0.112, 0.052] 0.475
SD Cond 0.149 0.047 341 3.18 [0.057, 0.242] 0.002
Mean Cond * SD -0.058 0.059 341 -0.98 [-0.174, 0.058] 0.326
Cond
Exp4 beta SE df t 95% CI P
Intercept 0.264 0.106 365 2.50 [0.056, 0.472] 0.013
Psychopathy 0.007 0.001 365 5.27 [0.004, 0.010] <0.001
a -0.389 0.091 365 -4.29 [-0.567,-0.211]  <0.001
A -0.023 0.049 365 -0.48 [-0.120, 0.073] 0.635
Age -0.002 0.001 365 -1.64 [-0.005, 0.000] 0.101
Gender 0.048 0.035 365 1.37 [-0.021, 0.117] 0.172
Mean Cond -0.011 0.049 365 -0.23 [-0.107, 0.085] 0.818
SD Cond 0.175 0.052 365 3.37 [0.073, 0.277] <0.001
Mean Cond * SD -0.060 0.069 365 -0.86 [-0.196, 0.077] 0.39
Cond

Table S10. (continued)
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Expl beta SE df t 95% CI )/
Intercept 0.380 0.093 323 4.06 [0.195, 0.559] <0.001
Empathy -0.000 0.001 318 -0.29 [-0.002, 0.001] 0.77

Table S11. Linear mixed-effects model predicting absolute donation changes from empathy scores, after
controlling for confounding variables

|D2 — D1|~1 + Empathy Score + Age + Gender + Mean Cond + SD Cond + + Mean Cond * SD Cond + (1 | SubID) + (1 | Charity item)
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Age -0.002 0.002 318 -0.68 [-0.006, 0.003] 0.50
Gender 0.007 0.019 318 0.36 [-0.030, 0.044] 0.72
Mean Cond 0.014 0.023 318 0.58 [-0.032, 0.059] 0.56
SD Cond 0.002 0.024 318 0.09 [-0.044, 0.048] 0.93
Mean Cond * SD 0.030 0.033 318 0.92 [-0.034, 0.095] 0.36
Cond

Note: Gender was coded as non-Female (0) and Female (1).

Exp2 beta SE df t 95% CI P
Intercept 2.100 0.440 341 4.89 [1.278, 2.987] <0.001
Empathy -0.002 0.005 338 -0.47 [-0.011, 0.007] 0.64
Age -0.008 0.005 338 -1.62 [-0.017, 0.002] 0.11
Gender -0.150 0.120 338 -1.28 [-0.391, 0.083] 0.20
Mean Cond 0.140 0.130 338 1.14 [-0.103, 0.388] 0.26
SD Cond 0.093 0.130 338 0.74 [-0.153, 0.339] 0.46
Mean Cond * SD -0.034 0.180 338 -0.19 [-0.384, 0.316] 0.85
Cond

Exp3 beta SE df t 95% CI P
Intercept 26.000 5.200 344 5.1 [16.23,36.45 ] <0.001
Empathy -0.046 0.041 343 -1.14 [-0.126, 0.033] 0.25
Age -0.330 0.160 343 -2.14 [-0.636, -0.028]  0.032
Gender 2.300 1.100 343 2.03 [0.074, 4.509] 0.043
Mean Cond -1.100 1.200 343 -0.94 [-3.475, 1.218] 0.35
SD Cond 2.500 1.200 343 2.1 [0.172, 4.864] 0.035
Mean Cond * SD -2.900 1.700 343 -1.72 [-6.263, 0.408] 0.085
Cond

Exp4 beta SE df t 95% CI P

Table S11. (continued)

Jin et al., 2026 eLife 15:RP112321. https://doi.org/10.7554/eLife.112321.1 62 of 81


https://doi.org/10.7554/eLife.112321.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience
https://elifesciences.org/subjects/computational-systems-biology

oS H Neuroscience | Computational and Systems Biology
: f
weLife

Intercept 14.000 4.200 367 3.24 [5.347,21.765] 0.001
Empathy 0.039 0.041 367 0.95 [-0.041, 0.119] 0.34
Age -0.087 0.041 367 -2.09 [-0.168,-0.005]  0.036
Gender 0.940 1.100 367 0.88 [-1.157,3.0400] 0.38
Mean Cond 0.480 1.500 367 0.32 [-2.430, 3.386] 0.75
SD Cond 1.200 1.500 367 0.82 [-1.665, 4.061] 0.41
Mean Cond * SD 0.140 2.100 367 0.07 [-3.985, 4.258] 0.95
Cond

Table S11. (continued)

Jin et al., 2026 eLife 15:RP112321. https://doi.org/10.7554/eLife.112321.1 63 of 81


https://doi.org/10.7554/eLife.112321.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience
https://elifesciences.org/subjects/computational-systems-biology

°Pe . Neuroscience | Computational and Systems Biology
wieLife

Expl beta SE df t 95% CI )/
Intercept 0.595 0.163 315 3.66 [0.275, 0.915] <0.001
Empathy 0.000 0.001 315 0.02 [-0.003, 0.003] 0.985

a 0.039 0.085 315 0.46 [-0.129, 0.207] 0.649

A -0.067 0.045 315 -1.48 [-0.155, 0.022] 0.139
Age -0.007 0.004 315 -1.81 [-0.015, 0.001] 0.071
Gender 0.016 0.032 315 0.51 [-0.047, 0.079] 0.612
Mean Cond -0.055 0.040 315 -1.40 [-0.133, 0.023] 0.164
SD Cond 0.049 0.042 315 1.17 [-0.033, 0.131] 0.243
Mean Cond * SD -0.008 0.056 315 -0.13 [-0.117,0.102] 0.893
Cond

Note: Gender was coded as non-Female (0) and Female (1).

Exp2 beta SE df t 95% CI p

Intercept 0.843 0.139 336 6.05 [0.569, 1.118] <0.001

Empathy -0.002 0.001 336 -1.34 [-0.005, 0.001] 0.181
a -0.323 0.096 336 -3.36 [-0.512,-0.134] < 0.001

Table S12. Linear regression predicting the social information weight from empathy scores, after
controlling for other modeling parameters and confounding variables

w ~ 1+ Empathy Score + a + A + Age + Gender + Mean Cond + SD Cond + + Mean Cond * SD Cond
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A -0.017 0.048 336 -0.35 [-0.111, 0.078] 0.73
Age -0.003 0.001 336 -1.89 [-0.006, 0.000] 0.059
Gender -0.020 0.038 336 -0.54 [-0.095, 0.054] 0.589
Mean Cond -0.036 0.039 336 -0.92 [-0.114, 0.041] 0.357
SD Cond 0.079 0.043 336 1.87 [-0.004, 0.163] 0.062
Mean Cond * SD 0.018 0.056 336 0.33 [-0.092, 0.129] 0.744
Cond
Exp3 beta SE df t 95% CI p
Intercept 0.840 0.185 341 4.55 [0.477, 1.204] <0.001
Empathy -0.002 0.001 341 -1.44 [-0.005, 0.001] 0.151
a -0.157 0.091 341 -1.73 [-0.337, 0.022] 0.085
A -0.078 0.051 341 -1.53 [-0.178, 0.023] 0.128
Age -0.008 0.005 341 -1.57 [-0.019, 0.002] 0.118
Gender 0.067 0.039 341 1.69 [-0.011, 0.144] 0.091
Mean Cond -0.024 0.042 341 -0.57 [-0.106, 0.059] 0.57
SD Cond 0.146 0.047 341 3.09 [0.053, 0.239] 0.002
Mean Cond * SD -0.058 0.059 341 -0.99 [-0.175, 0.058] 0.325
Cond
Exp4 beta SE df t 95% CI P
Intercept 0.496 0.145 365 3.42 [0.211, 0.780] <0.001
Empathy 0.002 0.001 365 1.47 [-0.001, 0.005] 0.142
a -0.410 0.094 365 -4.37 [-0.594,-0.226] < 0.001
A -0.040 0.051 365 -0.80 [-0.140, 0.059] 0.425
Age -0.004 0.001 365 -2.59 [-0.006, -0.001]  0.01

Table S12. (continued)
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Table S12. (continued)

Gender 0.026 0.037 365 0.71 [-0.046, 0.098] 0.476
Mean Cond -0.028 0.051 365 -0.55 [-0.127, 0.071] 0.581
SD Cond 0.176 0.054 365 3.28 [0.070, 0.282] 0.001
Mean Cond * SD -0.035 0.072 365 -0.49 [-0.176, 0.106] 0.627
Cond

Table S13. Linear regression predicting the social information weight from psychopathy scores in the
perceptual task, after controlling for confounding variables

SocWeight ~ 1 + Psychopathy Score + Age + Gender

beta SE df t 95% CI P
Intercept 0.301 0.071 365 4.21 [0.160, 0.441] <0.001
Psychopathy 0.003 0.001 365 3.10 [0.001, 0.005] 0.002
Age -0.001 0.001 365 -0.89 [-0.003, 0.001] 0.373
Gender -0.002 0.026 365 -0.09 [-0.052, 0.048] 0.932

Note: Gender was coded as non-Female (0) and Female (1).

Table S14. Linear regression predicting empathy scores from the social information weight in the
perceptual task, after controlling for confounding variables

SocWeight ~ 1 + Empathy Score + Age + Gender

beta SE df t 95% CI p
Intercept 0.372 0.100 365 3.72 [0.175, 0.568] <0.001
Empathy 0.001 0.001 365 1.15 [-0.001, 0.003] 0.251
Age -0.002 0.001 365 -1.57 [-0.004, 0.000] 0.117
Gender -0.013 0.026 365 -0.50 [-0.064, 0.038] 0.621

Note: Gender was coded as non-Female (0) and Female (1).
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Reviewer #1 (Public review):

This manuscript investigates how people use sequential social information when deciding
how much to donate to charity. Across four preregistered experiments, participants first
made baseline donations to a set of charities, then observed a sequence of donations from
five other people whose mean and variability were experimentally manipulated, and finally
made a second donation to the same charities. The authors ask whether the mean and
variability of others' donations affect the mean and variability of participants' own
donations, and whether individual differences in psychopathy and empathy are associated
with responsiveness to social information.

The main behavioral finding is that participants shifted their second donations toward the
mean of the donations they observed: generous social information increased donations,
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whereas stingy social information decreased donations. In contrast, the variability of
observed donations had little effect on the mean donation shift, but did affect the variability
of participants' subsequent donations, with more consistent social information producing
stronger reductions in variability. The authors also fit several computational models and
conclude that a hybrid model, in which second donations reflect both participants' initial
donations and learned predictions of others' donations, best accounts for the data. Finally,
they report that psychopathic traits are positively associated with donation change and with
model-derived social-information use, and that this association generalizes to a perceptual
social-influence task in Experiment 4.

The paper addresses an interesting question and has several strengths, especially the
repeated experimental design, the direct manipulation of social-information statistics, and
the attempt to connect descriptive behavior with computational modeling and individual-
difference measures. However, several aspects of the design and analysis currently block
some of the major conclusions. The behavioral results provide convincing evidence that
observed donation levels affect later donation decisions. The current evidence is less decisive
for the stronger claims that the winning computational model identifies the underlying
mechanism, that individual-level model parameters are robust phenotypes, and that
psychopathy specifically increases susceptibility to social information.

Strengths:

A major strength of the manuscript is that it investigates social influence in charitable giving
across four preregistered experiments with relatively large samples. The core mean-effect
result is replicated across different donation scales, across hypothetical and incentivized
settings, and across student and more general online samples. This gives the descriptive
behavioral finding substantially more credibility than would be available from a single
experiment.

The experimental manipulation is also valuable. Rather than presenting only a single prior
donation or a simple group average, the authors expose participants to sequences of
donations and independently manipulate the mean and variability of this social information.
This design allows the authors to ask not only whether social information changes donation
levels, but also whether the distributional structure of that information changes the
variability of participants' own responses.

Another strength is the combination of traditional statistical analyses with computational
modeling. The hybrid model is a reasonable descriptive candidate because it formalizes the
intuitive idea that second donations may depend both on participants' initial preferences and
on learned expectations about others' donations. This modeling approach has the potential to
clarify mechanisms of social-information use, especially if the validation of the model and its
individual-level parameters is strengthened.

Experiment 4 is a sensible extension because it uses an incentivized design, includes a more
diverse sample, examines transfer to novel charities, and adds a perceptual social-influence
task. These features broaden the empirical scope of the manuscript and make the
psychopathy-related findings more interesting, although the perceptual-task result should
still be treated as requiring replication.

Weaknesses

The first limitation concerns causal interpretation of the phase effects. Participants always
make baseline donations first, then observe social information, and then make second
donations to the same charities. There is no non-social repeated-donation control condition.
This type of design does support the conclusion that donation changes differ as a function of
the observed social-information condition, especially the mean of others' donations.
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However, it does not by itself fully isolate social influence from other processes that could
also occur between a first and second donation to the same item, such as repeated exposure
to the charities, slider familiarity, memory of the first donation, regression to the mean,
reduced uncertainty, fatigue, or "the experiment clearly wants me to update" demand effects.
This issue is especially relevant for the claim that observing others' donations generally
reduces the variability of individual donations. The variability effect may well be socially
driven, but the absence of a non-social or irrelevant-information repeated-donation control
means that this cannot be decisively demonstrated.

The second limitation concerns the trial-level mixed models. The primary mixed-effects
models include random intercepts for participants and items, but do not appear to include
random slopes for within-participant or within-item phase effects. Since phase is repeatedly
manipulated within participants and items, random-intercept-only models may
underestimate uncertainty for some phase interactions, resulting in anti-conservative p-
values. The convergent participant-level ANOVA analyses are reassuring, but the trial-level
inferential claims would be stronger if the authors reported additional analyses using fuller
random-effects structures or other methods that better reflect the repeated-measures
structure.

The third limitation concerns model comparison and model validation. The computational
models are fit separately to each participant, and model comparison is based on summed
information criteria and protected exceedance probabilities derived from those participant-
level fits. This is informative about relative conditional fit within the tested sample and
model set. However, the manuscript uses the winning model to support broader claims about
latent computational mechanisms, individual computational phenotypes, psychopathy-
related susceptibility, and potential intervention relevance. For these claims, the relevant
prediction target is generalization to new participants, whose individual parameters are not
known in advance. The current model-comparison approach is not well aligned with that
target. Additionally, the loss appears to combine prediction trials and donation outcomes, so
the selected model may more strongly reflect performance at predicting participants' guesses
about others rather than specifically predicting their own donation decisions.

The fourth limitation concerns the model adequacy checks and recovery analyses. The
analyses described as posterior predictive checks do not appear to be posterior predictive
checks, because the models are not Bayesian and there consequently isn't a posterior to
check. Instead, the analyses appear closer to some sort of in-sample fitted-value
reconstruction checks. Such checks provide limited evidence of model adequacy, especially
because the same second-donation data used to estimate individual parameters are then used
to assess whether the fitted model reproduces the main behavioral patterns. In addition, the
reported model and parameter recovery analyses use extremely favorable response-noise
assumptions that are not expected to be met in real data. The analyses establish that the
models and parameters are mathematically distinguishable in principle, but they do not
establish that the individual-level parameters are reliably recoverable under realistic
empirical noise levels to the extent required for the analyses performed in the manuscript.

The fifth limitation concerns the interpretation of the psychopathy results. The association
between psychopathic traits and donation change is interesting and appears directionally
consistent across experiments. However, the interpretation that psychopathy increases
susceptibility to social information is vulnerable to biasing by baseline-distance. The
manuscript reports that psychopathy is negatively associated with baseline donations in
Experiments 1-3. Participants with lower baseline donations have more room to move toward
generous social information, and absolute donation change is partly a function of the
distance between the initial donation and the observed social mean for mechanical reasons.
Thus, an association between psychopathy and absolute donation change could theoretically
arise even if psychopathy does not directly increase social susceptibility.

Jin et al., 2026 eLife 15:RP112321. https://doi.org/10.7554/eLife.112321.1 74 of 81


https://doi.org/10.7554/eLife.112321.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience
https://elifesciences.org/subjects/computational-systems-biology

°Pe . Neuroscience | Computational and Systems Biology
wieLife

A sixth limitation is that we could not find the links to the preregistration. The authors state
when preregistered hypotheses were or were not supported, but it is unclear how these
hypotheses were phrased. Most notably, it is unclear how variance in the observed donation
choices was supposed to influence participants. As a side note, it was not quite clear if the
variance in the observations was higher or lower across charities, across observed persons,
or across both.

Several more minor suggestions can also be made regarding the modelling and the
presentation of the task, etc.

https://doi.org/10.7554/eLife.112321.1.sa3

Reviewer #2 (Public review):

Summary:

This manuscript examines how the statistical properties of others' charitable donations shape
subsequent giving using four preregistered experiments and computational modelling. The
authors find that both the average level and variability of observed donations influence
donation behaviour, and that individual differences in social information use are associated
with psychopathic traits.

Strengths:

This is a well-executed paper on the important question of how social information shapes
charitable giving. In my view, the combination of preregistered experiments, large sample
sizes, computational modelling, and a multi-paradigm approach makes for convincing
evidence. The progression across experiments, the use of real donation data rather than
deception, the incentivized experiment 4, and the generalization to a second paradigm are all
notable strengths. The introduction is clearly written and well-motivated - an enjoyable read.
The experimental paradigm is thoughtfully designed, and the methods and supplementary
materials are described in considerable detail. The computational modelling provides useful
additional insights beyond the behavioural analyses.

As far as I could tell, the manuscript also adheres closely to the preregistrations. The primary
hypotheses, experimental designs, exclusion criteria, and key analyses are all consistent with
the preregistered plans. Deviations seem to consist of methodological improvements (e.g.,
mixed-effects models replacing ANOVAs), additional computational and robustness analyses,
and therefore strengthen rather than weaken the manuscript. (NB: for transparency, I would
appreciate a clearer distinction between preregistered and post hoc analyses, as well as a
brief explanation for why some preregistered secondary analyses are no longer reported; see
minor comments below).

Overall, I enjoyed reading this paper. I believe it will make a valuable contribution. My
comments below are intended to further strengthen an already solid manuscript.

Weaknesses:

(1) The rationale for the social-information phase could be clarified further. Given the
research question, I wondered why participants observed the five donations sequentially
(and only briefly) rather than simultaneously. In particular, variance is arguably more
difficult than the mean to encode and remember, and a sequential presentation may both
obscure distributional differences and introduce primacy or recency effects. It would be
helpful if the authors could better motivate this design choice, and indicate whether they
examined possible order effects.
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Relatedly, I felt somewhat uncertain about the purpose of asking participants to predict each
donation before observing it. The prediction phase appears to play an important role in the
computational model, but its theoretical role is not clearly introduced. Is it intended as a
measure of participants' evolving beliefs about the descriptive norm, or primarily as a
modelling device? Finally, were these predictions incentivized (e.g., for accuracy), and if not,
how should readers interpret them?

(2) I'would appreciate having the full experimental materials reproduced in the
Supplementary Information. This would make it easier to understand what participants
experienced during the task, including what they were told about the "other participants"
whose donations they observed.

Minor points:

(1) The interpretations around domain-generality would be strengthened by reporting the
association between social information use in the charitable giving task and in the BEAST.
Currently, both measures are shown to correlate with psychopathy, but it remains unclear
whether individuals who rely strongly on social information in one task also do so in the
other. Reporting this correlation (or explaining why it cannot be meaningfully computed)
would provide a nice and direct test of a domain-general tendency to use social information.

(2) It would help to explain more explicitly why the standard deviation of donations is
theoretically interesting in its own right. The motivation for studying the mean seems
immediately intuitive, whereas the motivation for focusing on variability could be elaborated
on further in the Introduction.

(3) As I said above, I think the manuscript follows the preregistrations closely. Maybe I missed
it, but it seems that prediction accuracy and reaction-time analyses were omitted. It would
improve transparency further if the authors would briefly mention the preregistered
secondary analyses that are no longer reported (and explain why they were omitted).

https://doi.org/10.7554/eLife.112321.1.sa2

Reviewer #3 (Public review):
Summary:

In this manuscript, the authors aimed to assess the mechanisms of social influence on
charitable giving, particularly by separating the role of donation magnitude and variability in
others' donations, and by examining the role of incremental social information in a learning
framework. They additionally investigated individual differences in the magnitude effects in
relation to self-reported psychopathy and empathy. The main findings suggest that magnitude
and variability of others' donation impacted the magnitude and variability of the
participants’ donations, respectively, and that the weight of social information on individual
decisions correlates positively with psychopathy, but not with empathy.

Strengths:

(1) The findings extend previous evidence for social influence on charitable giving to contexts
where social information is provided incrementally, and to effects on the variability in social
information (in addition to the mean).

(2) Individual differences suggest a role for psychopathy, but not empathy.

(3) Findings are replicated across all 4 (or for some findings 3 out of the 4) experiments,
which helps strengthen the claims.

Jin et al., 2026 eLife 15:RP112321. https://doi.org/10.7554/eLife.112321.1 76 of 81


https://doi.org/10.7554/eLife.112321.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.7554/eLife.112321.1.sa2
https://doi.org/10.7554/eLife.112321.1.sa2
https://elifesciences.org/subjects/neuroscience
https://elifesciences.org/subjects/computational-systems-biology

°Pe . Neuroscience | Computational and Systems Biology
wieLife

(4) Multiple experiments are a strength, especially Experiment 4, which helped address
concerns/potential confounds in the previous experiments, increase representativeness of the
sample, add incentive compatibility, and generalize to another task domain (perceptual).

(5) For modelling, strong model and parameter recovery was obtained, thus validating the
modelling pipelines.

(6) The experiments were pre-registered, though it's unclear whether only planned analyses
were pre-registered, or specific directional hypotheses. It would help if the manuscript took
the reader through the pre-registration (and any deviation from it), instead of expecting the
reader to do the comparison between the pre-registrations and actual manuscripts.

(7) The studies are appropriately powered, and power analyses are provided.
Weaknesses
(1) Lack of rationale and justification for the between-subjects design.

While this design may be appropriate in some cases (for example, for the generalization of
donation to new charities or as a potential "intervention"), it would have been great to know
if the findings related to social influence extend to a within-subjects design, especially given
the weak results related to the effects of standard deviation in others' donations. It is possible
that variability in others' responses would have a stronger effect if manipulated within
individuals, since the same individual exposed to both high-SD and low-SD social information
may weight low-SD information more, but this effect may lack when individuals are only
exposed to the same variability across trials.

(2) Motivation for the RL framework.

The use of reinforcement learning (RL) isn't very well motivated, both in the introduction and
methods/results (given the task). In particular, why is RL relevant to studying the problem of
social influence, which isn't inherently a learning problem? This should be better motivated
in the introduction. Second, when taking the task into account, it's unclear why RL is an
appropriate model, given that from the perspective of the participant, the 5 others are
different individuals, so the model shouldn't assume that predicting an individual's donation
should be related to the previous individual's donation. Unless participants are informed that
there is some dependency between the 5 donors they observe on each trial? If so, this should
be made clear.

(3) Specifics of modelling analyses, and separability between prediction and second donation
data.

Does the RL-based model (either prediction-only or hybrid) explain more variance in second
donations than a simple linear regression model predicting second donation from initial
donation and the mean of others' donations (or each individual other's donation)? It could be
helpful to add some models that include social influence (i.e., integration of social and
individual information) but no learning mechanisms per se. If this is not done, I do not
believe that current results show that participants combine "their initial self-donation
tendencies with their predictions of observed others' giving to guide their second individual
donations". While participants may update their predictions, the authors should test multiple
models of prediction update (fit only on the prediction data to understand the specific
mechanisms of prediction update independently of second donation - for example, is it RL, or
could it just be a running average, or some other heuristic? In parallel, it would be helpful to
test whether it's the learned predictions (or whatever other prediction update mechanism
was found to best explain the prediction data) or the actual others' donation information that
best explains second donation - when combined with initial donation. These latter models
would be fit on second donation data only in order to be comparable. If it's not possible to
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separate people's predictions from the actual social information (others' donations) then this
should be acknowledged as a limitation. Ultimately, separating the modelling by data type
(prediction only vs second donation data only) would help provide more insights into the
learning mechanisms (if any) and whether it's learned prediction, or just social information,
which influences second donation.

(4) Missing statistics in generalization to novel donation results.

On page 13, in the generalization effect, the authors mention that "Compared with
participants exposed to High-SD social information, those exposed to Low-SD social
information exhibited less variability in their novel donations, with this effect being
especially pronounced in the Low-Mean condition." Was this supported by a significant
interaction between SD and Mean condition? If so, please report the statistics of the
interaction; if not, it's probably better to refrain from making this claim.

(5) Behavioral index of social influence individual differences.

For the first analysis reported on the association with psychopathy (Figure S9), as well as
empathy (Figure S10), the absolute change between first and second donation does not seem
like the appropriate marker of social influence. While I understand from Figure 2 that most
participants changed their donation in a direction consistent with the social information, it
would appear more appropriate to calculate an index of donation change consistent with
influence, so calculated as D2 - D1 for the high mean groups and D1 - D2 for the low mean
groups. This would be a better measure to interpret high values as an index of social
influence.

(6) Interpretation of psychopathy effects.

a) The general idea that high psychopathy would be associated with increased social
influence seems counterintuitive. While I appreciate that the authors controlled for
additional variables such as age, gender, condition, and other model parameters, is it possible
that this effect could be instead explained by the availability heuristic (the social information
is more readily available to participants than their individual choice from the baseline trials),
lower memory for their own choice, or lower 1Q/cognitive abilities? These appear to be
important confounds to address to be able to interpret the findings.

b) Related to this, and given that psychopathy/empathy were negatively/positively related to
baseline donation amounts, it would be good to account for baseline mean donation amount
in the individual difference analyses.

c) Finally, the authors interpret this association in line with other studies that have shown
strategic social blending in psychopathy - while this seems possible in contexts where others
are present, it doesn't really seem to be the case in this task. Did participants believe the other
donors were watching them somehow? It also appears contradictory for the incentivized
experiment, whereby if high psychopathy participants would no longer be able to "maintain
a favorable social image while still pursuing their own self-interests" (p.23), since as soon as
incentivization is added, participants' own self-interests are directly in conflict with the social
image. Was participants' understanding of the incentive compatibility tested in Experiment
4?

(7) Asymmetry between generous vs stingy social influence and link with psychopathy.

a) Was such an asymmetry present - in other words, were people more strongly influenced by
generous others or stingy others, or were the two comparable? I believe some analyses could
be added to test this, and this is also where a within-subject design could help (e.g., different
parameters for the two directions of social influence at the individual levels).

Jin et al., 2026 eLife 15:RP112321. https://doi.org/10.7554/eLife.112321.1 78 of 81


https://doi.org/10.7554/eLife.112321.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience
https://elifesciences.org/subjects/computational-systems-biology

°Pe . Neuroscience | Computational and Systems Biology
wieLife

b) Related to that, does the correlation with psychopathy vary between conditions? It appears
important to test if the increased social susceptibility is general or specific to increases (~high
mean group, generous social influence) or decreases (~low mean group, stingy social
influence) in donation. I understand that the main effect of psychopathy survived controlling
for conditions, but it would still be interesting to test for an interaction between psychopathy
and condition in predicting donation changes (calculated as suggested in point 5 above) or
social influence weight.

(8) Perceptual task in Experiment 4.

a) While it is good to show that there was no correlation between psychopathy and initial
estimate in the perceptual task, were there differences in initial estimate accuracy (i.e.,
difference between initial estimate and correct answer) along psychopathology? If so, this
should be controlled for in the analyses. Given that social influence is always in the direction
of the true value, the proportional deviations between initial estimate and social information
could yield larger numerical differences and induce larger changes in estimate.

b) Even if previous studies have excluded rounds in which participants update their estimate
in the opposite direction of the social information or move beyond it, I believe analyses that
include those rounds should be included, especially in the context of individual difference
analyses. Could it be that individuals who are high in psychopathy or low in empathy have a
higher proportion of rounds where they go against the social influence? The same question
applies to the main 4 experiments (in case this criterion was applied to) as well as the
perceptual task.

c) Because the perceptual task was completed by the same participants as Experiment 4, were
the two social influence measures correlated across tasks? Was psychopathy better predicted
by a combination of predictors across the two tasks?

(9) Were individual difference measures examined in relation to the variability effect?
(10) Discussion.

The authors argue against a role for opportunistic conformity. While I tend to agree with
their interpretation, I believe that it could be strengthened as follows:

a) First, it relies on a null result (the absence of a difference in decreases between low-mean
low-SD and low-mean high-SD groups), which I do not believe was explicitly tested; and even
if it was, it should ideally be corroborated by Bayesian statistics to provide strength of
evidence for the null effect.

b) Second, this could be a great opportunity to dive into the mechanisms of social influence in
the model, by testing the theory that only the lowest (or highest) donation from the group
(rather than the mean, or the learned prediction) influences donation. Could a subset of
participants be better fitted by such a model?

(11) Methods. Maybe I missed it, but it's unclear what participants were told about the other
donors they are observing. It is mentioned that they were fully debriefed after the
experiment, but what they were told in the instructions appears important. Was believability
tested (this also relates to my comment #1 about the rationale for a between-subjects design,
which creates fairly biased sets of social information from the perspective of a single
participant)? And related to my comment #2, what participants were told about the donors
could help justify the rationale for the RL framework.

https://doi.org/10.7554/eLife.112321.1.sa1
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Author response:

We thank the editors and reviewers for their thoughtful and constructive comments on our
manuscript. We are pleased that they considered the core behavioral findings important and
robust, especially the results showing that the magnitude and variability of others’ donations
affected the magnitude and variability of participants' donations, respectively. We also
appreciate their acknowledgement of the strengths of the experimental design, large sample
sizes, the incentive-compatible and across-domain measures included in Experiment 4, and
combined behavioral and computational approaches.

We agree that the manuscript would benefit from greater clarification in several areas,
further analyses, and more cautious interpretations. In the revised manuscript, we plan to
clarify the rationale for sequentially presenting social information, the role of prediction
responses, the theoretical motivation of examining the variability of others’ donation, the use
of the between-subjects design, and the motivation for the RL framework. We also agree that
the lack of a non-social repeated-donation control condition limits the interpretation of the
phase effects. Our design permits strong inferences about differences in donation changes
across different conditions, but it cannot establish that the phase-related changes are
exclusively attributable to social information exposure. We will revise the wording
accordingly, moderate the causal language, and explicitly discuss the limitations of our
design.

To strengthen the behavioral analyses, we plan to supplement the current mixed-effects
linear models with models that reflect the repeated-measure structure of the task, including
random slopes for the phase. We will also add statistics in the generalization results section
and test the asymmetry between generous vs. stingy social influence. Moreover, the
reviewers raised an important concern regarding the associations between psychopathy and
the donation change. Because psychopathy is negatively correlated with initial donations in
several experiments, absolute donation changes may partly reflect the distance between
initial donation and the observed donation mean. We therefore plan to reanalyze the
psychopathy effects by using signed donation changes and trial-level discrepancies between
participants’ initial donations and the observed social information. These additional analyses
will enable a more direct and precise assessment of whether psychopathy is associated with
greater susceptibility to social influence.

We further agree that the comparison and validation of the computational models should be
strengthened. In the revised manuscript, we plan to clarify that the learning models are
intended to describe the updating beliefs about a group-level donation norm from sequential
social information, rather than learning about a single donor. We will expand the candidate
model set to include non-learning models, such as models based on the actual social mean, a
running average. We will also model the prediction phase and the second donation phase
separately. This will help identify the models that provide explanatory values for both
predictions of others’ donations and individual donation behaviors. In addition, because the
models were not estimated via a Bayesian framework, we agree that the term “posterior
predictive checks” is inappropriate. We will rename these analyses. We will also rerun the
parameter and model recovery analyses using empirically informed noise levels separately
for the prediction and donation phases. In addition, we will implement model-evaluation
processes, such as cross-validation, that better reflect prediction for new participants.

In Experiment 4, we plan to directly report the association between social-information-use
measures in the perceptual and the donation task to strengthen the domain-generality effect.
We will additionally examine whether social susceptibility in the perceptual task is associated
with psychopathy by including all trials, including those in which participants moved away
from or beyond the social value.
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Finally, we will correct the reporting and presentation issues identified by the reviewers,
including the social information use equation in the perceptual task, the pseudo-SD of
individual donations formula, supplementary figure captions, and task duration. We will also
provide fuller experimental materials and make the preregistration links more prominent. In
addition, we intend to make the analysis code, model-fitting scripts, and data available during
the revision process.

We greatly appreciate the editors’ and reviewers’ thoughtful suggestions, which will help us
substantially strengthen the manuscript. We are grateful for the opportunity to address these
important points and believe that the planned revisions will enhance the manuscript’s clarity,
robustness, and its contribution to the understanding of social influence in donation
behaviors.

https://doi.org/10.7554/eLife.112321.1.sa0
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