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otherwise both sides had to pay the whole price (i.e. losing 10 U each).

We found that participants were more likely to reject unfair offers in

the loss than in the gain domain, suggesting a higher propensity of

norm enforcement under adversity. This finding cannot be explained

solely by strategic comparisons in making decisions between the two

domains as this effect was present regardless of whether the gain–loss

frame was manipulated within- or between-participants (Zhou and

Wu, 2011).

Two possible motives may underlie this behavioral pattern. One is

,
 units
since 
gain-loss
``
''
``
''
,
``
''
,
gain-loss
gain-loss
,
in press
,
``
''
``
''
gain-loss
n
3 
7 
thirty-one
-
 (monetary unit)
-
 -- 
http://scan.oxfordjournals.org/
http://scan.oxfordjournals.org/


encountered during the experiment and that their decision in each trial

was directly related to their own and the corresponding proposer’s

final payoff. Participants were debriefed and thanked before they left

the testing room.

Unknown to the participants, the offer in each round was predeter-
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Normal University, using a T2-weighted echo planar imaging sequence

(48 sagittal slices, 3 mm thickness; TR ¼ 2400 ms; TE ¼ 25 ms; flip

angle ¼ 908; field of view ¼ 224 � 224 mm2 ; voxel size ¼ 3 � 3.5 � 3.5

mm3). The first five volumes were discarded to account for magnetic

equilibration. Two runs of 535 volumes were collected from each

participant.

Behavioral modeling

We examined the correspondence between the prediction of a formal

economic model and participants’ choices (Messick and McClintock,

1968; Fehr and Schmidt, 1999). The aim of this analysis was 2-fold:

the first was to explicitly distinguish between the SU of an offer to a

particular participant and the degree to which he/she cared about the

inequality in that offer. These two psychologically different factors are

otherwise implicitly embedded in the participant’s choice. The second

purpose was to derive model parameters that could bridge the external

choices on the one hand and the underlying neural mechanisms on the

other (see below).

Following the procedure of Wright et al. (2011), we fitted the

behavioral data (i.e. the acceptance rate at each fairness level) using

a psychometric model,

PðacceptÞ ¼
1

1 þ e�ðb0 þb1zÞ
,

where z is the fairness level and b0 and b1 are free model parameters.

We estimated the model separately for the gain and loss domains.

Assuming that the acceptance rate is a sigmoid function of SU asso-

ciated with each offer (Wright et al., 2011), the above psychometric

equation can be re-written as:

PðacceptÞ ¼
1

1 þ e�U
�

,

where the SU (U) is defined according to an influential economic

theory of fairness and inequality aversion (Fehr and Schmidt, 1999):

U ¼ xself � � � ðxother � xself Þ,� � 0; � � 0:

Instead of denoting direct payoff derived from the offers (e.g. 4 or �8),

xself and xother here denote the generalized payoff, i.e. the additional

amount of money the proposer (xother) and the responder (xself) would

get when the responder accepts relative to rejects offer. In the gain

domain, these values are equal to the proposed division. In the loss

domain, these values equal to 10 plus the proposed division (i.e. 1, 2, 3,

4, 5 for the responder and 9, 8, 7, 6, 5 for the proposer). This trans-

formation, while keeping the shape of the regression curves, and thus

keeping the model parameters unchanged, aligns the curve in the loss

domain with that in the gain domain in a Cartesian two-dimensional

space (i.e. generalized payoff as x-axis and acceptance rate as y-axis) so

that a direct comparison between gain and loss is made easy. The

‘envy’ parameter � reflects the degree to which an individual cares

about inequality, and the ‘temperature’ parameter � reflects decision

randomness. We optimized participant-specific � and �, separately for

gain trials and loss trials, according to the acceptance rate in each

condition using the glmfit function implemented in Matlab (Table 1).

fMRI data analysis

Functional data were analyzed using standard procedures in SPM8

(Statistical Parametric Mapping; http://www.fil.ion.ucl.ac.uk/spm).

Images were slice-time corrected, motion corrected, re-sampled to

3 � 3 � 3 mm3 isotropic voxel, normalized to MNI space (Montreal

Neurology Institute), spatially smoothed with an 8 mm FWHM

Gaussian filter, and temporally filtered using a high-pass filter with

1/128 Hz cutoff frequency. Statistical analyses based on general linear

model (GLM) were performed first at the participant level and then at

the group level.

For the individual participant level analysis, we built a parametric

model and a factorial model. In the parametric model (GLM 1), we sep-

arately modeled the offer presentation, response cue, motor response

and outcome in the gain and loss domains with boxcar functions

spanning the whole event convolved with a canonical hemodynamic

response function. The regressors corresponding to the offer presen-

tation screen in both the gain and the loss domains were further

modulated by the estimated SU that was computed with the above

modeling procedures. (We also built a parametric model in which

the defined fairness level, instead of the SU, served as the parametric

modulation. Essentially, the same pattern of activations was obtained.)

We checked the correlations between the regressors and found that the

correlation between the offer stage and the decision stage was 0.19 and

the correlation between the decision stage and the outcome stage was

0.13. These correlations were tolerable high in an event-related fMRI

design. In the factorial model (GLM 2), the offer presentation events

were assigned to four regressors according to the gain/loss domain and

the participants’ choice (acceptance vs rejection). Another six regres-

sors were included corresponding to the onset and duration of the

response cue, motor response and outcome in both gain and loss do-

mains. To extract regional activation strength (i.e. beta estimates), a

third model was built (GLM 3), in which the offer presentation cor-

responding to each fairness level was modeled in separate regressors.

The six rigid body parameters were also included in all the three

models to account for head motion artifact.

For the group level analysis, a full factorial model with the paramet-

ric regressors in the gain and loss domains was built. This model

allowed us to identify the brain regions that showed differential or

similar association with SU in the loss and the gain domains. For

the commonalities, we defined a conjunction between the positive

effect of SU in the gain and the loss domains, and a conjunction be-

tween the negative effect of SU in the gain and the loss domains. For

the differential effect, we first defined four contrasts with an exclusive

mask approach in parametric analysis (Pochon et al., 2002; Seidler

et al., 2002; Roggeman et al., 2011; Chen and Zhou, 2013): (i) positive

effect of the parametric regressor of SU in the gain domain exclusively
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masked by positive effect of the parametric regressor of SU in the loss

domain, i.e. Gainþ [masked (excl.) by Lossþ], (ii) negative effect of the

parametric regressor of SU in the loss domain exclusively masked by

negative effect of the parametric regressor of SU in the gain domain

Loss� [masked (excl.) by Gain�]; (iii) and (iv) the reversed contrast of

(i) and (ii), i.e. Lossþ [masked (excl.) by Gainþ] and Gain� [masked

(excl.) by Loss�]. The mask image was thresholded at P < 0.01 uncor-

rected. The Gainþ[masked (excl.) by Lossþ] contrast, for example, will

show brain areas that positively correlate with SU in the gain domain

(at P < 0.001) but not positively correlate with SU in the loss domain

(even at P < 0.01). This difference in significance, however, should not

be taken as significant difference (Nieuwenhui et al., 2011). For a

formal test for significant difference in the association with SU and

fairness level, we extracted from two regions of interests (ROIs), i.e. the

VS and the right DLPFC, the beta values corresponding to all the 10

offer types (based on GLM 3) and subjected them to repeated measures

of analysis of variance (ANOVA). The coordinates of the ROIs were

defined based on the exclusive mask procedure. Because the criteria

for ROI selection (based on GLM 1) and ROI data extraction and

statistical analyses (based on GLM 3) were independent, we believe

this procedure controlled for the ‘double dipping’ problem

(Kriegeskorte et al., 2009).

To reveal the interaction between gain–loss frame and participants’

behavioral choice, the contrast corresponding to this interaction

[Loss (rej–acc) � Gain (rej–acc)] was defined using the one sample t-test

in SPM8 based on GLM 2.

We reported only those clusters that survive cluster-level correction

for multiple comparison (family wise error, FWE; P < 0.05) either over

the whole brain or over a priori ROIs (cluster-level correction after

voxel-level thresholding at P < 0.005; Lieberman and Cunningham,

2009). The a priori ROI of DS (MNI coordinates: �16, 2, 14) was

derived from Crockett et al. (2013), that of VS (MNI coordinates:

�9, 12, �6) and VMPFC (MNI coordinates: �9, 39, �9) were derived

from Tricomi et al. (2010), and that of the anterior cingulate cortex

(MNI coordinates: �8, 26, 28) was derived from Sanfey et al.

(2003). Statistical analyses over the ROIs were conducted using the

small-volume correction (SVC) method implemented in SPM8.
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can be seen from the figure that in the gain domain the VS activation

increased with the increase of offer utility, but this trend was not appar-

ent in the loss domain.

In contrast, we found that the activations in bilateral AI, ACC, right

DLPFC, and left lateral orbitofrontal cortex (LOFC) showed negative

correlations with fairness (i.e. SU) in the loss domain (Figure 4A,

Table 4) but not in the gain domain. The beta estimates (based on
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Gain–loss domain and third-party punishment

The neuroimaging findings suggest that the loss domain increased

second-party punishment by enhancing retaliatory motives, while at

the same time reducing fairness preferences. Lending support to these

findings, we found that gain–loss domain did not regulate third-party

punishment, which primarily relied on fairness preference rather than

retaliatory motives (

Gain-loss
gain-loss
p
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DISCUSSION

Using fMRI and a variant of the UG, we provide evidence for a neural

and behavioral account of how gain–loss frame modulates costly norm

enforcement. Our findings are generally in-line with a recent neuroi-

maging study (Guo et al., 2013) which adopted our previous paradigm

(Zhou and Wu, 2011). However, it should be noted that this study

focused on the brain responses to subjective value of offers and on the

association between brain activations and behavioral measures, such as

acceptance rate and subjective value. With the aid of these behav-

ior–brain correlations, we were better able to interpret our neuroima-

ging results in terms of psychological and economic factors.

Replicating our previous behavioral finding (Zhou and Wu, 2011),

participants in the current experiment rejected more in the loss than in

the gain domain. Parallel with this, results evidenced a higher response

to offers that would be rejected than to those that would be accepted,

and critically, the difference was amplified in the loss domain. This

raised the possibility that the loss context increased the motivation to

reject an unfair offer and thus punish the proposer. Reinforcement

learning literature showed that the DS plays a unique role in learning

about actions and their reward consequences (
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