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Decomposing loss aversion
from a single neural signal

Ruining Wang,1,2,3,4 Xiaoyi Wang,1,2,3,4 Michael L. Platt,5,6,7,8 and Feng Sheng1,2,3,4,5,9,10,*
SUMMARY

People often display stronger aversion to losses than appetite for equivalent gains, a widespread phe-
nomenon known as loss aversion. The prevailing theory attributes loss aversion to a valuation bias that
amplifies losses relative to gains. An alternative account attributes loss aversion to a response bias that
avoids choices that might result in loss. Bymodeling the temporal dynamics of scalp electrical activity dur-
ing decisions to accept or reject gambles within a sequential sampling framework, we decomposed
valuation bias and response bias from a single event-related neural signal, the P3. Specifically, we found
valuation bias manifested as larger sensitivity of P3 to losses than gains, which was localizable to reward-
related brain regions. By contrast, response bias manifested as larger P3 preceding gamble acceptance
than rejection and was localizable to motor cortex. Our study reveals the dissociable neural biomarkers
of response bias and valuation bias underpinning loss-averse decisions.

INTRODUCTION

Risky decisions often involve the prospect of gaining and the possibility of losing. Relative to the appetite for potential gains, people typically

exhibit a stronger degree of aversion to equivalent losses, a widespread phenomenon known as loss aversion.1 For example, people often

reject gambles of equal odds to win and losemoney, so-calledmixed gambles, even when the potential gain is larger than the potential loss.2

Loss aversion has been widely observed in both laboratory studies1–4 and field studies,5–7 is evident in both human and non-human pri-

mates,8,9 and has been linked to a variety of psychiatric conditions such as depression,10,11 anxiety,12,13 schizophrenia,14,15 and obsessive-

compulsive disorder.16

Despite the prevalence of loss aversion, its underlyingmechanism remains controversial. Conventionally, loss aversion has been attributed

to a valuation bias of amplifying potential losses over potential gains.1 Accordingly, people would reject a mixed gamble unless there is a

larger potential gain that could counteract the impact of asymmetric weighting. Alternatively, loss aversion has been attributed to a response

bias to avoid an option thatmay incur losses relative to the status quo, or the so-called status quo bias.17–20 Accordingly, people would reject a

gamble that may cause losses, unless there is an extra gain that could motivate them to overcome their inertia. Thus, loss aversion can be

explained either by valuation bias or by response bias.21

Distinct neural systems have been linked to loss aversion in prior research. An influential functional magnetic resonance imaging (fMRI)

study4 showed that the prefrontal-striatal dopaminergic system displays larger sensitivity to the magnitude of losses than to the magnitude

of gains, which may reflect valuation bias. By contrast, activity in the noradrenergic arousal system, which is implicated in stress response to

threats,22 has been linked to loss aversion by studies using positron emission tomography (PET),23 pharmacological manipulations,24 psycho-

physiological responses,25 and observation of decision-making in patients with brain damage.3 Thus, both the valuation-bias account and the

response-bias account find support in a disparate array of neurobiological studies.

Decision-making is not instantaneous but is often a process of evidence accumulation over time that culminates in a response,26 which

can be formally described by sequential sampling models such as the drift diffusion model (DDM).27 By unfolding the decision to accept or

reject a mixed gamble as an evidence accumulation process, we recently integrated valuation bias and response bias in a unified compu-

tational model.28 Specifically, we theorized that valuation bias would modulate how gains and losses were evaluated during evidence accu-

mulation, and response bias would modulate how much evidence needs to be accumulated, to choose whether or not to accept a gamble.

By coupling this model with eye-tracking and pupillometry, we showed that valuation bias of magnifying losses was associated with
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preferential attention to losses, which was indexed by biased gaze allocation.29 By contrast, response bias to avoid losses was observed in

larger physiological arousal when accepting relative to rejecting gambles, which was indexed by pupil dilation.30 Our approach integrates

the two competing accounts of loss aversion within a single evidence-accumulation model. However, to date, no direct neural evidence

has been provided for this two-dimensional framework. Here, we seek to fill this gap by exploiting scalp electrophysiological activity, which

can be measured noninvasively using electroencephalography (EEG). We focus on the event-related potential (ERP) P3 or P300—a positive

deflection in the EEG signal that peaks about 300–500 ms after stimulus onset and is observed in a variety of decision tasks.31–33 P3 is

probably the most intensively studied ERP and has been hypothesized to reflect the ongoing updating of mental representations in

response to incoming information.31 In other words, changes in the amplitude of P3 reflect the extent to which a mental representation

is updated. Notably, this classic hypothesis of P334 can also accommodate the recent study linking P3 to evidence-accumulation during

decision-making.35 That is, P3 may reflect the dynamics of mental representations that are continuously updated as evidence is accumu-

lated during the decision process.

Accordingly, we hypothesize that response bias and valuation bias in loss-averse decisions should both be reflected in P3. Specifically, in

decisions involving mixed-gambles, a response bias to avoid losses should manifest as a larger P3 when accepting compared to rejecting a

gamble, because accepting a gamble requires more evidence to be accumulated than rejecting it. A valuation bias that magnifies losses

should manifest as larger sensitivity of P3 to potential losses than to potential gains, because information about losses provides stronger ev-

idence than information about an equivalent amount of gains during the decision process.

To test these hypotheses, we recorded EEG from participants (N = 41) making decisions to accept or reject mixed gambles of equal odds

to win and losemoney (Figure 1A, see STARMethods for details).We simultaneouslymodeled their choices and reaction times to decompose

decisions into valuation bias and response bias using DDM.We then deconstructed P3 signals into P3 response differential, which quantified

the difference in P3 amplitudes for gamble acceptance vs. rejection, and P3 valuation differential, which quantified the difference in P3 re-

sponses to large vs. small amounts of gains vs. losses. We hypothesized that P3 response differential would be correlated with response

bias but not valuation bias, and P3 valuation differential would be correlated with valuation bias but not response bias. We further hypoth-

esized the P3 response differential, and the P3 valuation differential would be underpinned by distinct brain regions that could be identified

by source localization. By doing so, we aimed to reveal dissociable biomarkers of response bias and valuation bias multiplexed within a single

electrophysiological signal.
RESULTS

Loss aversion was observed in both choices and response times

We first analyzed participants’ choices and response times in the mixed-gamble task. Despite the symmetric design of the gamble set, par-

ticipants accepted fewer than half of all gambles (Figure 1B, MG SD = 26.8G 9.7%, t(40) =�15.276, p < 0.001) and demanded a premium to

be indifferent to accepting and rejecting gambles (i.e., the expected value entailing 50% probability of acceptance, Figure S1A, MG SD =U
15.579G 7.854, t(40) = 12.701,p< 0.001). Theywere also slower to accept (Figure 1C,MG SD=1.733G 0.567) than reject gambles (MG SD=

1.212G 0.395, t(40) =�7.138, p< 0.001, Cohen’sd= 1.115) and took the longest time to accept gambles with a premium larger than zero (i.e.,

the expected value entailing the largest response time, Figure S1B, M G SD = U 16.951 G 20.245, t(40) = 5.361, p < 0.001).
Computational modeling dissociated response bias and valuation bias

We next applied the DDM we constructed previously28 to provide a simultaneous account for observed choices and response times. In this

model, we assumed the decision to accept or reject a gamble as the outcome of a noisy evidence accumulation process drifting between two

response boundaries (Figure 1D). The gamble is accepted when the process reaches the upper boundary (denoted by 1) and rejected when it

reaches the bottom boundary (denoted by 0). The speedwith which evidence is accumulated, or drift rate, v, is determined by the linear com-

bination of weighted gain and loss, i.e., v� vG $G – vL $ L, whereG and L denote the magnitudes of potential gains and losses and vG and vL
denote the assigned weights, respectively. We quantified valuation bias as the log-transformed ratio of the two weights, ln (vL/vG), which is

greater than 0 when losses are overweighed. The starting point of the evidence accumulation process, z, determines initial inclination toward

one of the two boundaries. We quantified response bias as the deviance of the starting point from the middle point, 0.5-z, which is greater

than 0 when there is an inclination toward rejecting gambles. Critically, in this model, either a valuation bias amplifying potential losses [i.e., ln

(vL/vG) > 0] or a response bias favoring gamble rejection (i.e., 0.5-z > 0) would yield a larger probability and a faster speed to reject compared

to accept a gamble. By fitting this model simultaneously to choices and response times, we were able to identify valuation bias and response

bias for each participant (Figure 1E). See STAR Methods for details.

Overall, we found both response bias favoring gamble rejection (M G SD = 0.099 G 0.081, t(40) = 7.858, p < 0.001) and valuation

bias amplifying potential losses (M G SD = 0.874 G 0.647, t(40) = 8.642, p < 0.001), with a moderate correlation between the two biases

(r = 0.369, p = 0.018), as observed in our prior study.28 To test the independence of the two biases, we compared this model, denoted

as DDM4, against three reduced models, namely, DDM3, which zeroed out valuation bias (i.e., vG = vL), DDM2, which zeroed out

response bias (i.e., z = 0.5), and DDM1, which constrained both biases (i.e., z = 0.5, vG = vL). We found the full model, which allowed

both valuation bias and response bias to vary freely, performed the best (DIC: DDM4, 12350; DDM3, 13096; DDM2, 13486; DDM1,

14289). Thus, both response bias and valuation bias were necessary to account for the observed choices and response times in our

sample.
2 iScience 27, 110153, July 19, 2024



Figure 1. Task and behavior

(A) An illustration of the mixed-gamble task.

(B) Probability of gamble acceptance across gambles.

(C) Response times across gambles.

(D) An illustration of the DDM. See STAR Methods for model specifications.

(E) Valuation bias and response bias computed from DDM. Every point denotes a participant. The purple (P14) and green (P22) dots represent the two example

participants described in the text (Figures 5 and 6).
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Response bias manifested as a larger P3 for gamble acceptance than rejection

Wenext examined the ERPs accompanying the decision process with a focus on P3. As expected, we found a typical P3 that emerged approx-

imately 300ms after gamble onset, peaked around 450ms, and declined slowly until about 800ms, with a larger amplitude at the parietal site

Pz than the frontal site Fz (Figure S2).We calculated themean amplitude of P3 within the 400–700mswindow for each trial and then computed

the average across trials for each participant separately for accept and reject choices.

As predicted, we found P3 was significantly larger when gambles were accepted than rejected, at both the frontal site (Figures 2A and 2B,

DM G SD = 3.155 G 4.402, t(40) = 4.589, p < 0.001, Cohen’s d = 0.717) and parietal site (Figures S3A and S3B, DM G SD = 1.294 G 2.198,

t(40) = 3.769, p < 0.001, Cohen’s d = 0.589). We then calculated what we termed P3 response differential for each participant as the difference

of P3 amplitude in response to gamble acceptance versus rejection, i.e., P3accept�P3reject.While the P3 amplitudewas larger at the parietal
iScience 27, 110153, July 19, 2024 3



Figure 2. Frontal electrophysiological responses to gamble acceptance and rejection

(A) The mean amplitudes of ERPs locked to the onsets of gambles that were accepted (red) and rejected (blue), respectively. Shaded areas indicateGSEM. The

gray rectangle indicates the temporal window of analysis. The topography at the top-right corner indicates P3 response differential across electrodes, with the

darker gray representing larger values.

(B) Mean P3 amplitudes for accepted and rejected gambles. Error bars indicate GSEM. ***p < 0.001; ns: non-significant, p > 0.1.

(C and D) Relationships between P3 response differential and the twoDDMbiases. The purple (C) and green (D) lines were fitted with a regression simultaneously

on DDM response bias and valuation bias that rescaled to values between 0 and 1.
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site than the frontal site (Figure S2), the P3 response differential was larger at the frontal site (Figure S4, DM G SD = 1.861 G 2.875, t(40) =

4.145, p < 0.001, Cohen’s d = 0.647; also see the topography at the top-right corner of Figure 2A). This is consistent with a recent report

showing the special role of frontal but not parietal scalp electrical activity in value-based decision-making.36

We then tested whether P3 response differential was associated with the behavioral response bias identified from DDM. To do this, we

regressed the P3 response differential on response bias across participants, with valuation bias included as a control variable. At the frontal

site, P3 response differential was predictedby response bias (Figure 2C, Beta = 8.865, SE= 3.208, 95% confidence interval [CI]: 2.371 to 15.359,

p = 0.009) but not by valuation bias (Figure 2D, Beta = 2.948, SE = 3.177, 95% CI:�3.483 to 9.379, p = 0.359); the predictive power of response

bias was 3.01 times larger than that of valuation bias. At parietal site, P3 response differential was again associated with response bias (Fig-

ure S3C, Beta = 3.621, SE = 1.598, 95% CI: 0.386 to 6.857, p = 0.029) but not valuation bias (Figure S3D, Beta = 2.606, SE = 1.583, 95% CI:

�0.598 to 5.809, p = 0.108); the predictive power of response bias was 1.39 times larger than that of valuation bias.

Together, these findings endorse the hypothesis that the differential P3 amplitude preceding choices reflects the different amounts of

evidence required to accept versus reject gambles. Notably, this relationship is more prominent over the frontal lobe than the parietal

lobe. Thus, frontal P3 response differential can be considered a neural biomarker of response bias.

Valuation bias manifested as larger sensitivity of P3 to losses than gains

We next asked whether the P3 manifests differently to the magnitude of potential gains and losses. To test the sensitivity of P3 to the magni-

tude of potential gains, we half split all gambles into low-gain (%U50) and high-gain (>U50) gambles and, for each participant, calculated the

mean P3 within the 400–700 ms window for each half of gambles. Similarly, to test the responsiveness of P3 to the amplitude of potential

losses, we half split all gambles into low-loss (%U50) and high-loss (>U50) gambles and, for each participant, computed the mean P3 within
4 iScience 27, 110153, July 19, 2024
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the 400–700 ms window for each half of gambles. Because our gamble set was designed to be symmetric, with both gains and losses ranging

from U10 to U100 (Figures 1B and 1C), the overall monetary difference between high-gain and low-gain gambles and that between low-loss

and high-loss gambles were the same. Consequently, if P3 was equally sensitive to themagnitude of gains and that of losses, wewould expect

the differential P3 between high-gain and low-gain gambles to be equal to the differential P3 between low-loss and high-loss gambles.

We found low-loss gambles evoked a larger frontal P3 than high-loss gambles (Figures 3A and 3C,DMG SD= 1.504G 2.447, t(40) = 3.937,

p< 0.001, Cohen’sd= 0.615), and conversely, high-gain gambles evoked a larger frontal P3 than low-gain gambles (Figures 3B and 3C,DMG

SD = 0.682G 1.766, t(40) = 2.474, p = 0.018, Cohen’s d = 0.386). This opposite pattern for gains and losses in the frontal P3 in response to the

magnitude of gains and losses is consistent with the larger frontal P3 for gamble acceptance vs. rejection. That is, either a small potential loss

or a large potential gain leads to both gamble acceptance and high P3 amplitude.

Importantly, the sensitivity of the frontal P3 to gains and losses was asymmetric. We found a greater difference in frontal P3 for low-loss vs.

high-loss gambles compared to high-gain vs. low-gain gambles (Figure 3C, DMG SD = 0.822G 2.377, t(40) = 2.214, p = 0.033, Cohen’s d =

0.346), demonstrating larger sensitivity of P3 to losses than gains. To confirm this finding, we performed amore rigorous analysis by regressing

the amplitudes of frontal P3 simultaneously on themagnitudes of gains and losses in amulti-level model. We found the decrease of frontal P3

by unit loss (Figure 3D, Beta = �2.667, SE = 0.574, 95% CI:�3.792 to �1.542, p < 0.001) was 2.120 times larger than the increase by unit gain

(Beta = 1.258, SE = 0.548, 95% CI: 0.183 to 2.332, p = 0.022; linear contrast of Betas, F(1,8197) = 4.006, p = 0.045).

To examine whether the differential sensitivity of the frontal P3 to the magnitude of potential gains and losses reflects valuation bias, for

each participant, we calculated what we termed P3 valuation differential as the difference in the differential P3 amplitude for low-loss vs. high-

loss gambles and that for high-gain vs. low-gain gambles, i.e., (P3low-loss�P3high-loss)�(P3high-gain�P3low-gain). We then regressed frontal P3

valuation differential on behavioral valuation bias across participants and controlled for response bias. We found that individual differences

in frontal P3 valuation differential was predicted by behavioral valuation bias (Figure 3F, Beta = 3.905, SE = 1.812, 95% CI: 0.236 to 7.574, p =

0.038) but not behavioral response bias (Figure 3E, Beta = 1.053, SE = 1.830, 95% CI: �2.653 to 4.758, p = 0.569). The predictive power of

valuation bias was 3.71 times larger than response bias. This result confirms a selective relationship between P3 valuation differential and

behavioral valuation bias.

We calculated parietal P3 valuation differential in the sameway for each participant. Themean P3 valuation differential over parietal cortex

was significantly smaller than that over frontal cortex (Figure S6,DMG SD=�0.799G 1.830, t(40) =�2.795, p= 0.008, Cohen’sd= 0.437; also

see the topography at the top-right corner of Figure 3A). Although parietal P3 also differentiated the magnitudes of losses (Figures S5A and

S5C, low vs. high, DMG SD = 0.452G 1.152, t(40) = 2.515, p = 0.016, Cohen’s d = 0.393) and gains (Figures S5B and S5C, high, vs. low, DMG

SD = 0.429 G 1.040, t(40) = 2.640, p = 0.012, Cohen’s d = 0.412), the magnitude effects were symmetric (Figure S5C, DM G SD = 0.023 G

1.405, t(40) = 0.106,p= 0.916, Cohen’sd= 0.017).Multilevel regression analysis confirmed that the change of parietal P3 amplitudewas similar

in response to either the decrease of a unit loss (Figure S5D, Beta =�0.787, SE = 0.296, 95%CI:�1.367 to�0.205, p= 0.008) or the increase of

a unit gain (Beta = 0.882, SE = 0.281, 95% CI: 0.331 to 1.434, p = 0.002; linear contrast of Betas, F(1,8197) = 0.058, p = 0.810). Further, the

parietal P3 valuation differential was predicted neither by behavioral valuation bias (Figure S5F, Beta = 1.374, SE = 1.141, 95% CI: �0.937

to 3.684, p = 0.236) nor behavioral response bias (Figure S5E, Beta = �0.707, SE = 1.153, 95% CI: �3.040 to 1.626, p = 0.543).

Together, these findings indicate that the behavioral valuation bias to amplify potential losses was selectively indexed by frontal but not

parietal P3 response to potential losses versus potential gains. The frontal P3 valuation differential can thus be considered a neural biomarker

of behavioral valuation bias.

P3 response differential and valuation differential originated from distinct neural systems

Our findings uncovered a double dissociation in which P3 response differential selectively indexed response bias, whereas P3 valuation dif-

ferential selectively indexed valuation bias. This double dissociation invites the possibility that the two P3 differentials arise from neural activity

in distinct brain regions. To test this hypothesis, we modeled the sources of electrical currents within the brain that were most likely to

generate the P3 response differential and the P3 valuation differential using sLORETA37 (see STAR Methods). The estimated source of the

P3 response differential was deactivation within bilateral motor cortex, which prior studies have associated with motor planning during

evidence accumulation38–40 (Figure 4A). By contrast, the estimated source of the P3 valuation bias was activation of striatum and posterior

cingulate cortex (PCC), both of which have been linked to reward processing and representation of subjective value guiding decisions41,42

(Figure 4B). Thus, P3 response differential and P3 valuation differential index distinct decision biases and appear to originate in brain regions

implicated in motor planning and valuation processes, respectively.

P3 differentials characterized distinct types of loss-averse decision makers

In a prior study, we showed that DDM analysis uncovered distinct types of loss-averse decision-makers who were otherwise undetectable

based solely on their pattern of choices.28 Here, we extended that approach by asking whether distinct types of loss-averse decision-makers

can be identified solely based on their frontal P3 differentials. Individual participants varied in their combinations of frontal P3 response dif-

ferential and P3 valuation differential (Figure 5). We highlighted two individuals (Participant 14 and Participant 22) who accepted almost the

exact same sets of gambles (Figure 6A), both fewer than half. According to convention, they would be considered similarly loss-averse. By

incorporating their response time data into DDM, we found Participant 14 had a larger response bias (Figure 1E, purple dot), whereas Partic-

ipant 22 had a larger valuation bias (Figure 1E, green dot). Importantly, at the electrophysiological level, we also found a larger P3 response

differential in Participant 14 and a larger P3 valuation differential in Participant 22 (Figure 6B). Thus, the P3 response differential and P3
iScience 27, 110153, July 19, 2024 5



Figure 3. Frontal electrophysiological responses as a function of the magnitudes of potential losses and gains

(A) The mean amplitudes of ERPs locked to the onsets of gambles with low-loss (light orange, U10–50) and high-loss (dark orange, U60–100), respectively. The
topography at the top-right corner indicates P3 valuation differential across electrodes, with the darker gray representing larger values.

(B) Themean amplitudes of ERPs locked to the onsets of gambles with low-gain (light yellow,U10–50) and high-gain (dark yellow,U60–100), respectively. Shaded
areas indicate GSEM. The gray rectangles (A, B) indicate the window of analysis.

(C) Different P3 amplitude to high-loss vs. low-loss and that to high-gain vs. low gain gambles. Error bars indicate GSEM. ***p < 0.001; *p < 0.05. |*| indicates

p < 0.05 for analyses performed on P3 valuation differential [i.e., (P3low-loss�P3high-loss)�(P3high-gain�P3low-gain)].

(D) Betas estimated by regressing P3 amplitude simultaneously on themagnitudes of gains and losses across trials. Error bars indicateGSE. |*| indicates p < 0.05

for the contrast of the absolute size between the two betas.

(E and F) Relationships between P3 valuation differential and the two DDM biases. The purple (E) and green (F) lines were fitted with a regression simultaneously

on DDM response bias and valuation bias that rescaled to values between 0 and 1.

ll
OPEN ACCESS

6 iScience 27, 110153, July 19, 2024

iScience
Article



Figure 4. Source localization of P3 differentials

(A) P3 response differential (P3accept�P3reject) was associated with deactivation of motor cortex. (B) P3 valuation differential [(P3low-loss�P3high-loss) �(P3high-

gain�P3low-gain)] was associated with activation of striatum and posterior cingulate cortex (PCC). Maps are color-coded by SnPM t-values, where blue and red

indicate negative and positive values (two-tailed), respectively.
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valuation differential provide directly observable biomarkers of individual differences in the processes that generate what are otherwise

similar loss-averse decisions.

P3 predicted choice and response time

We next examined whether frontal P3 amplitude predicts choices and response times at the trial level. First, using multi-level logistic regres-

sion, we found that larger P3 amplitudes predicted a higher probability of gamble acceptance (Beta = 0.019, SE = 0.004, 95% CI: 0.012 to

0.027, p < 0.001). Further, for each individual, we estimated the probability of acceptance for each gamble based on the parameters derived

from the logistic regression and thenmade predictions for each gamble depending on whether the estimated probability of acceptance was

larger than 50%, thus accepting the gamble, or not, thus rejecting the gamble. We found prediction accuracy was about 73%, significantly

higher than chance (M G SD = 73.5% G 9.6%, range: 54.0%–95.5%; t(40) = 15.63, p < 0.001). To determine whether P3 amplitude predicts

response times in addition to choices, we constructed a DDM (DDM5) that modeled P3 amplitude as an additive component in the drift

rate (see STAR Methods). We found this extended DDM outperformed the model that did not incorporate P3 amplitude (DDM4) (DDIC =

�47.67). Collectively, these results endorse the hypothesis that P3 reflects evidence-accumulation during decisions to accept or reject a

gamble and that P3 amplitude predicts both which choice will be made and when it will be made.

We also tested whether, at the individual level, frontal P3 differentials predict probability of gamble acceptance and response time to

accept vs. reject gambles—the two behavioral indices of loss aversion without DDMmodeling.We found that frontal P3 response differential

was negatively correlated with probability of gamble acceptance (r = �0.516, p = 0.001) and positively correlated with differential response

time to accept vs. reject gambles (r = 0.353, p= 0.024). By contrast, frontal P3 valuation differentials were correlated with neither probability of

gamble acceptance (r = �0.060, p = 0.710) nor differential response time to accept vs. reject gambles (r = 0.186, p = 0.244). Thus, frontal P3

response differential was reflected in the two typical behavioral indices of loss aversionwithoutmodelingwhile frontal P3 valuation differential

was not.

Loss aversion estimated by prospect theory was correlated with P3 response differential but not P3 valuation differential

Loss aversion inmixed-gamble tasks is conventionally estimated as a single bias by prospect theory (PT), whichmodels choices without taking

into account response times.2 Taking this conventional approach, we found loss aversion, when estimated as log-transformed weighting of

loss relative to gain using PT based on choice data alone (see STARMethods), was correlatedwith both valuation bias (r = 0.524,p< 0.001) and

response bias (r = 0.658, p < 0.001) estimated by DDM, which replicated our previous finding.28 We then examined whether PT loss aversion

was reflected in P3 differentials. We found that PT loss aversion was correlated with P3 response differential at both the frontal site (r = 0.550,
iScience 27, 110153, July 19, 2024 7



Figure 5. Relationship between P3 valuation differential and P3 response differential

Each point indicates a participant. The purple and green dots represent P14 and P22, respectively.
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p< 0.001) and the parietal site (r = 0.539,p< 0.001) but was not correlatedwith P3 valuation differential at neither frontal nor parietal site (both

rs < 0.149, both ps > 0.351). Thus, without modeling response times, we were unable to observe separable behavioral indices of P3 response

differential and P3 valuation differential.

Loss aversion was not observed in P2 and N2

Finally, we asked whether loss aversion might also be reflected in ERP components earlier than P3, like P2 and N2, both of which have been

previously implicated in processing of risk.43–47 We calculated the mean P2 amplitude within 200–300 ms and N2 amplitude within 300–

400 ms, and for each component, computed response differential (i.e., accept - reject) and valuation differential [i.e., (low-loss�high-

loss)�(high-gain�low-gain)] at the frontal site and the parietal site, respectively. We found neither significant response differential nor

significant valuation differential of P2 or N2 at either the frontal or the parietal site (all ps > 0.166; see Tables S1 and S2 for details). Thus,

in our task, P2 and N2 did not discriminate gamble acceptance and rejection and did not show different sensitivity to the magnitude of losses

and the magnitude of gains.

DISCUSSION

Applying an evidence-accumulation framework using DDM and EEG, we decomposed loss aversion from the dynamics of a single scalp elec-

trical signal, P3. Specifically, we observed a response bias to avoid potential losses indexed by larger P3 preceding gamble acceptance than

rejection, which was localizable to motor cortex. We further observed a valuation bias to amplify potential losses indexed by larger sensitivity

of P3 to potential losses than potential gains, which was localizable to brain regions implicated in reward processing. Our study provides

direct neural evidence supporting the hypothesis that loss aversion arises from a combination of response bias and valuation bias and de-

scribes neural biomarkers that can identify distinct types of loss-averse decision-makers.

The cognitive mechanisms underlying loss aversion remain hotly debated.19,21 The conventional account theorizes that loss aversion re-

sults from subjective magnification of losses over gains.2 By contrast, the response-bias account proffers that loss aversion arises from avoid-

ance of any choice that could result in a loss.17,20 By coupling DDM analysis of both choices and response times with EEG, we uncovered both

response bias and valuation bias multiplexed within the dynamics of a single electrical signal, P3. Prior studies demonstrated that P3 reflects

the updating of mental states when contexts change31 and tracks evidence accumulation during perceptual decision-making.35,48,49 Our

study builds upon and extends these findings by linking P3 to evidence accumulation processes during value-based decision-making and

invites accommodation with the prevailing mental-updating hypothesis of P3.31 Specifically, the larger P3 evoked by gamble acceptance

than rejection, or P3 response differential, implies that a larger amount of evidence must be accumulated to update the default tendency

to reject gambles. The larger sensitivity of P3 to potential losses than potential gains, or P3 valuation differential, suggests potential losses

provoke greater mental updating relative to an equivalent amount of potential gains, which was manifest in valuation bias.

The association between P3 and loss aversion was preferentially expressed over frontal cortex. Specifically, response bias was more prom-

inently reflected in frontal than parietal P3 response differentials, and valuation bias was selectively indexed by frontal but not parietal P3

valuation differentials. This is consistent with the observation that evidence accumulation processes are reflected selectively in neural oscil-

lations over frontal areas during value-based decision-making but reflected in neural oscillations over parietal cortex during both perceptual

and value-based decision-making.36 Our findings thus endorse the selectivity of frontal electrical activity for decoding value-based decisions.
8 iScience 27, 110153, July 19, 2024



Figure 6. Two example participants

(A) Probability of acceptance and response times of two example participants.

(B) Electrophysiological responses of two example participants. The two pictures above are mean amplitudes of ERPs locked to gamble onset for accepted and

rejected gambles, respectively. The two pictures below are different amplitude for low-loss and high-loss gambles and that for high-gain and low-gain gambles,

respectively. Shaded areas indicate GSEM. Gray rectangles indicate the windows of analysis.

ll
OPEN ACCESS

iScience
Article
The literature on P3 has discriminated an earlier frontocentral subcomponent P3a and a later parietal subcomponent P3b in distinct con-

texts.33,50 For example, in oddball tasks, P3b is evoked by the target stimulus, whereas P3a is evoked by a distractor. In addition, in language-

comprehension task, a delayed variant of P3b, or P600, is often evoked by syntactic and semantic incongruity.51 In our gambling task, P3

emerged at a relatively late stage at both the frontal and parietal regions and was larger at the parietal region than over the frontal region

(see Figure S2). However, gamble acceptance and rejection (Figure S4) as well as gain and loss magnitude (Figure S6) were better discrim-

inated by frontal P3 than parietal P3. Our findings thus provide a special case for the coexistence and distinction between frontal and parietal

P3s and add to the accumulating literature on the subcomponents of P3.

The current study investigated electrophysiological activity alongside the process of decision-making under risk, with a focus on P3, a

classic ERP that has been previously found for the selection of riskier options (see ref.52 for a review). By employing evidence accumulation

modeling, we decomposed response bias and valuation bias underpinning P3 in risky decision-making. In addition to the P3 component pre-

ceding decisions, two post-decision ERP components have been commonly found for risky decision-making.52,53 One is error-related nega-

tivity (ERN) locked to response, which is often elicited by error commission and has been found to be enhanced for risk taking,54 and the other

is feedback-related negativity (FRN) locked to the onset of outcome, which often displays distinct sensitivity to gains and losses.54–56 Our

decomposition of response bias and valuation bias in risky decision-making provides an integrative framework for future research to examine

potentially distinct relationships between the two post-decision electrophysiological components and the two biases. For example, ERNmay

preferentially reflect response bias, whereas FRN may preferentially reflect valuation bias.

Using source localization, we further showed that P3 response differential and P3 valuation differential most likely arise from distinct brain

regions. Specifically, P3 valuation differential was localizable to two regions of the reward system, i.e., the striatum and PCC. This finding is

consistent with previous functional neuroimaging data showing larger hemodynamic responses in the striatum to a reduction in losses than to

an increase in gains.4,57 Previous EEG studies on value-based decision-making have found that scalp potentials underpinning subjective valu-

ation often emerge about 300–700 ms after stimulus onset, localizable to another region of the reward system, i.e., ventral medial prefrontal

cortex (VMPFC; see ref.58 for a review). Specifically, an earlier study on food choice showed that the relative weights of taste and health during

evidence accumulation identified byDDMwere reflected in a positive ERP component over the frontocentral area emerging 500–650ms after

stimulus onset, which was localizable to VMPFC.59 Our study, together with these earlier studies, suggests that late frontocentral positive ERP

components, presumably arising from the reward system, contribute to evidence construction andmediate valuation bias in value-based de-

cision-making.

By contrast, P3 response differential, or the larger P3 amplitude for gamble acceptance relative to rejection, was localizable to primary

motor cortex. In other words, gamble rejection evoked stronger activation in motor cortex. This result is consistent with a previous finding
iScience 27, 110153, July 19, 2024 9
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showing thatmotor cortex, as a typical region involved in evidence accumulation,60 underpins response bias, or starting point bias, in percep-

tual decision-making.61 This finding also aligns with neurological evidence from movement disorders, showing that higher activity in motor

cortex reflects a greater behavioral tendency to maintain the status quo rather than to change it (see ref.62 for a review). Moreover, like

response bias in perceptual decision-making,63–66 response bias in value-based decision-making has been shown to evolve in response to

the choices one experiences.67 More specifically, response bias of rejecting mixed gambles has been found to be adaptive to the context,

which is larger when most gambles are of low payoff and smaller when most gambles are of high payoff.68 Notably, neural activity in motor

cortex has also been found to track experienced choices in human decision-making.61,69 We speculate that in a mixed gamble task of a sym-

metric design (Figures 1B and 1C), a typical loss-averse decision-maker may rapidly discover most gambles are not appealing, which poten-

tiates the action that maintains the status quo, manifesting as increased activation of motor cortex.

Our finding that P3 differentially reflects response bias and valuation bias complements our prior findings showing that pupil dilation and

gaze allocation index loss-averse decisions. P3 and pupil dilation evoked in decision tasks70,71 are thought to reflect phasic norepinephrine

activity arising from the locus coeruleus.32 Both P3 amplitude and pupil dynamics track evidence integration72,73 and reflect mental updating

during decision-making.74–76 P3 amplitude is also modulated by attention,33 which is indexed by gaze allocation associated with dopami-

nergic activity.29 Together, while our former study28 suggested that response bias and valuation bias underlying loss aversion are indexed

by pupil dilation and gaze allocation, respectively, the current study shows that both biases can be reflected in a single neural response, pre-

viously found to be related to both types of eye activities.

Notably, the decomposition of response bias and valuation bias from P3 dynamics enabled us to distinguish distinct types of loss-averse

decision-makers who would otherwise be indistinguishable from examining decisions alone. An individual with a large valuation bias and a

small response bias would be indistinguishable from another individual with a large response bias and a small valuation bias solely based on

their choices. In an extreme case, the counteraction of the two biases could, in theory, result in no behavioral evidence of loss aversion. The P3

response differential and valuation differential can resolve these situations. Thus, our two-dimensional model provides a neurophysiologically

grounded framework for discriminating the nuanced differences between distinct types of loss-averse decision-makers.

P3 is one of the most commonly used ERP signals for clinical assessment of psychiatric symptoms77 such as depression,78,79 schizo-

phrenia,80–82 and obsessive-compulsive disorder.81,83 In parallel, loss aversion is one of themost common decision biases linked to these psy-

chiatric conditions.10,11,14–16 Here, by integrating decision-making, EEG, and computational modeling, we offer a theoretical framework and a

scalable measure that may prove useful for clinical research and treatment. Our study thus demonstrates how decision neuroscience can

contribute to the emerging field of computational psychiatry.

Limitations of the study

By leveraging high temporal resolution of scalp EEG, we unfolded the time course of loss-averse decisions with a focus on P3 and dissociated

valuation bias and response bias that were localizable to the reward system and the motor system, respectively. Yet, there are two limitations

of our scalp-EEG-based approach. First, source localization of scalp EEG could only be suggestive but not demonstrative about the activity of

the brain structures underlying the skull. Building on our behavioral paradigm and computational model, follow-up studies may utilize intra-

cranial EEG or fMRI to scrutinize the neuroanatomical correlates of the two biases underpinning loss-averse decisions. Second, the observed

association between scalp neuroelectrical signals and loss aversion is correlational but not necessarily causal. Future studies may employ

techniques manipulative of neurophysiological activity to test potential causal relationship.
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Materials availability

This study did not generate new unique reagents.

Data and code availability

� De-identified behavioral and EEG data have been deposited at Open Science Framework (https://osf.io/ruwe8/) and are publicly avail-

able as of the date of publication.

� All original code has been deposited at Open Science Framework (https://osf.io/ruwe8/) and is publicly available as of the date of pub-

lication.
� Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The protocol of this research was approved by the Ethics Committee of School of Management at Zhejiang University. The experiment was

performed in accordance with relevant guidelines and regulations. Informed consents were obtained from all participants. Forty-one adults

(all Han Chinese; 26 males, 15 females; 20-26 y, MG SD = 23.07G 1.56 y) were recruited. All participants were healthy and right-handed, with

normal or corrected-to-normal vision.

METHOD DETAILS

Task

Each participant received U100 as an endowment. They were then seated in a dimly lit, electrically shielded room and completed the

gambling task on a computer. In each trial, the computer screen displayed a gamble of equal odds to win an amount of money and lose

another amount of money (Figure 1A). Participants decided whether to accept or reject the gamble by pressing one of two buttons by the

right hand. The amounts of gains and losses both ranged from U10 to U100, with U10 increments, resulting in 100 unique gambles. Each

participant completed two blocks of 100 gambles and made decisions twice for each gamble. The order of gambles was randomized for

each block and each participant. The positions of gain and loss (i.e., left vs. right, Figure 1A) were fixed within a block, but were switched be-

tween the two blocks for each participant. Specifically, for 22 out of 41 participants, gain was displayed on the left in the first block and on the

right in the second block. For the other 19 participants, gain was diaplayed on the right in the first block and on the left in the second block. A

fixation cross was presented between trials with a varying duration of 2 � 4 s. A 5-min break was inserted between the two blocks. The pro-

cedures were run by PsychoPy2 (https://www.psychopy.org/).84

A gamble was not resolved immediately after a decision was made. Instead, for each participant, after all decisions were made, one of the

decisions was randomly selected for payout. When the selelcted decision was rejection, the participant left with the endowed U100. When

the decision was acceptance, a coin was flipped to determine whether the participant won or lost money. When the coin landed with heads,

the participant was paid with the corresponding amount of money in addition to the U100 endowment. When the coin landed with tails, the

corresponding losswas subtracted from theU100 endowment. Participants learned the rule of payment before they started the gambling task.
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EEG data recording

The EEG was continuously recorded from 62 Ag/AgCl scalp electrodes mounted on an elastic cap in accordance with the standard 10–20

system (NeuroScan 4.3.1; band pass: 0.05–100 Hz; sampling rate: 1000 Hz). Horizontal electrooculograms (EOGs) were recorded from the

electrodes located near the outer canthus each eye, and the vertical EOGs were recorded by the ones above and below the left eye in parallel

with the pupil. The electrode impedance was kept below 5 kU.

QUANTIFICATION AND STATISTICAL ANALYSIS

EEG data analyses

Recorded EEG was preprocessed offline using EEGLAB.85 EEG signals recorded from all electrodes were re-referenced to the left and right

mastoids, and signals were band-pass filtered (1-40 Hz). Artifacts were removed using MARA plug-in of EEGLAB (freely available at https://

irenne.github.io/artifacts) but no trial was removed. ERP at each electrode was identified for each trial from 200 ms before gamble onset to

1000 ms after, with the 200 ms before gamble onset as the baseline. The means and standard deviations of the numbers of epochs identified

for gamble acceptance and rejection were 53.6G19.4 and 146.4G19.4, respectively. The numbers of epochs identified for high-gain, low-

gain, high-loss and low-loss gambles were 100, 100, 100 and 100, respectively.

For statistical analysis of ERPs, we selected Fz and Pz as electrodes of interests, to denote the frontal and parietal areas, respectively. ERPs

at the central area (Cz) showed amplitudes between those at frontal area and those at parietal area, and were thus not additionally reported.

400-700 ms was selected as the window of interests for P3 based on visual inspection. The reported results were robust to the adjustment of

the time window.

Source localization was implemented with sLORETA.37 sLORETA calculates the standardized source current dipole moments at each of

the 6239 gray matter voxels with a spatial resolution of 5 mm. Source current dipole moments in each voxel are then calculated in a realistic

head model with the probabilistic MNI152 template.86,87 Specifically, we assessed the 3D current source of neural activity in the window of

interests (400-700 ms) that differentiated (1) ERPs to acceptance and rejection, and (2) ERPs to (low loss – high loss) and (high gain – low gain)

across participants. All 62 electrodes were used as entries to the data matrix. Comparisons between different stimulus conditions were con-

ducted by the statistical nonparametric mapping (SnPM) test using the log of the ratio of averages (log of F-ratio).88 The maps were color-

coded by the SnPM t-values (Figure 4).

DDM

The main model (DDM4) was adopted from our earlier work,28 in which the decision to accept or reject a mixed gamble was assumed as the

outcome of a noisy evidence accumulation process drifting between two response boundaries. When the process reached the upper bound-

ary (denoted as 1), the gamble was to be accepted and when the process reached the bottom boundary (denoted as 0), the gamble was to be

rejected. The starting point of the process was denotedby z. The velocity of the drift process, or drift rate, was defined as v= vG $G - vL $ L+b+

ε, whereG and L denoted themagnitudes of potential gain and loss, vG and vL denoted the respective weights, b denoted an intercept, and ε

denoted random noise that followed a standard normal distribution. In addition, non-decision time (t) and boundary separation (a) were also

included as variables of non-interests. The current study focused on the decomposition of electrophysiological signatures for response bias

(0.5-z) and valuation bias [ln (vL / vG)] that were dissociated in our earlier work.28 The main results of other parameters in our model were re-

ported in Figure S7.

In addition to the main model, we also tested three reduced models that constrained valuation bias (DDM3, set vG=vL), response bias

(DDM2, set z=0.5) or both biases (DDM1), and an extended model that incorporated P3 as an additional additive variable in the drift rate

(DDM5). All of the fivemodels were fit to choices and response times using the Python toolbox HDDM.89 However, estimation was performed

for each subject individually to avoid endogenous correlation in hierarchical estimation. For each model, we drew 6,000 posterior samples

with the first 2,000 discarded as burn-in.

Prospect theory model

Following our earlier work,28 the expected utility of accepting a gamble (UA) was modeled as the sum of probability-weighted gain (G) and

loss (L), i.e., UA = 0.5 $G� 0.5 $ l $ L, where l indicated the weight of loss relative to gain. The expected utility to reject a gamble was assumed

to be zero, i.e., UR = 0. The probability of accepting a gamble (PA) was computed by the softmax function, PA = 1/{1+exp[�m(UA�UR)]}, where

m indicated the degree to which a decision was sensitive to expected utility. The probability of rejecting a gamble was calculated as PA = 1�
PR.Maximum likelihood estimationwas then employed to identify the values of l and m. PT loss aversionwas quantified as the log-transformed

weight of loss, i.e., ln (l), which was thereby comparable with DDM valuation bias [ln (vL / vG)].

T-tests and regression analyses

All t-tests were two-tailed. For regression analyses, all regressorswere rescaled between 0 and 1. Formultilevel-regressions, randomeffects of

participants were included for the intercept and all regressors. Comparisons of coefficients between each pair of regressors were conducted

using linhyptest function in MATLAB.
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