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Chapter 7

Mechanisms underlying 
Compensatory and Non-
compensatory Strategies during Risky 
Choice

This chapter is based on:

Van Duijvenvoorde, A.C.K., Figner, B., Weeda, W.D., Van der Molen, M.W., Jansen, B.R.J., & 
Huizenga, H.M. Mechanisms underlying Compensatory and Non-compensatory Strategies 
during Risky Choice. Submitted.
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Abstract

Decision neuroscience strongly focuses on compensatory (i.e., integrative) risky-choice strategies, 

whereas behavioral decision science has highlighted the prominent role of various non-compensatory 

(i.e., non-integrative) strategies. This study’s main focus was therefore to investigate neural mechanisms 

underlying compensatory versus non-compensatory strategies in risky choice. A binomial mixture analy-

sis of behavioral results showed pronounced differences between compensatory and non-compensatory 

decision makers, which were paralleled by neural results. We hypothesized and found that only compen-

satory decision makers coded expected-value differences between options: In non-dominated items, this 

was reflected in activations in parietal-occipital regions, in dominated items in activations in the ventral-

medial PFC and posterior cingulate cortex. Further, we expected non-compensatory decision makers 

to experience increased conflict specifically in non-dominated items. Accordingly they showed greater 

dorsal-medial PFC activation compared to the compensatory group in these items. These pronounced 

behavioral and neural differences indicate the need for decision neuroscience to broaden its scope to 

non-compensatory risky-choice strategies.
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7.1 Introduction

An important goal of decision neuroscience is to identify the neural mechanisms underlying 
individuals’ choices (Sanfey, 2004, 2007; Smith & Huettel, 2010). The dominant view in this 
field (Trepel et al., 2005; Vlaev et al., 2011) is that of compensatory decision strategies (e.g., 
Kahneman & Tversky, 1979; Von Neumann & Morgenstern, 1944). In these strategies, the 
decision maker integrates attributes of options, namely gains, losses and their probabilities, 
into an overall index of value and chooses the option with the highest integrated value. These 
decision strategies are compensatory, since weaknesses on one attribute can be compensated 
by strengths on others. Behavioral decision research, however, has highlighted the role of in-

dividual differences in decision strategies and has shown that people may resort to a variety 
of non-compensatory strategies to simplify the decision-process (Bröder & Gaissmaier, 2007; 
Gigerenzer & Goldstein, 1996; Kool et al., 2010; Luce, 1978; Payne et al., 1988; Riedl et al., 
2008; Russo & Dosher, 1983; Tversky & Kahneman, 1974). In a non-compensatory decision 
strategy, the decision maker does not compare options on their integrated value, but makes 
attribute-wise comparisons on a limited set of attributes (Bröder & Schiffer, 2006; Payne et 
al., 1988; Tversky & Slovic, 1988). These strategies are non-compensatory, since they do not 
allow weaknesses on one attribute to be compensated by strengths on others. Individuals may 
differ systematically in the propensity to use compensatory versus non-compensatory deci-
sion strategies (Bruhin et al., 2010; Jansen et al., 2012; Huizenga et al., 2007; Scheibehenne 
et al., 2013). These individual differences in decision strategies have critical implications for 
decision neuroscience and are therefore the main focus of the current study.

As decision neuroscience has focused on compensatory decision making, it has focused 
on identifying neural substrates reflecting an integrated value signal. Representations of such 
integrated value signals in risky choice, either objective expected value (EV) or subjective 
expected utility (EU), have been found in cortical and subcortical brain regions including 
regions innervated by mesolimbic dopamine projections, such as the ventral striatum (VStr) 
(Knutson et al., 2005; Rolls et al., 2008), and the ventral medial prefrontal cortex (vmPFC), 
but also in regions such as the posterior cingulate cortex (PCC) (Blair et al., 2006; Kable & 
Glimcher, 2007; McKell Carter et al., 2010; Tom et al., 2007). Additionally, the lateral prefron-
tal and the parietal cortex have been implicated in value coding in macaques (Platt & Glim-
cher, 1999; Sugrue et al., 2004) and in value comparisons in humans (Hunt et al., 2012). We 
expect that a value-signal is coded in these brain regions in individuals using a compensatory, 
but not in individuals using a non-compensatory strategy, since the latter do not engage in the 
compensatory process of weighting and summing.

Non-compensatory strategies can be expected to trigger other neural processes. During 
the evaluation of options, the decision maker may notice that some attributes make one option 
more attractive while other attributes make the other option more attractive; thus, the differ-
ent attributes may provide conflicting information (De Neys et al., 2008; Rao et al., 2011). 
The dorsomedial prefrontal cortex (dmPFC) is one of the key regions that has been related to 
conflict detection (Badre & Wagner, 2004; Liston et al., 2006; Pochon et al., 2008; Venkatra-
man and Huettel, 2012) and to the selection of mutually incompatible responses (Botvinick 
et al., 2001; Carter et al., 1998). Since non-compensatory decision-makers are expected to 
experience greater conflict due to their attribute-based comparisons, we expect them to show 
enhanced dmPFC activation as compared to individuals using compensatory strategies. 
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To identify and investigate individuals’ decision strategies, we used the Gambling Machine 
Task (GMT; Jansen et al., 2012; Van Duijvenvoorde et al., 2010). In the GMT, participants 
have to choose between two options, each characterized by a sure gain amount, a loss amount, 
and a loss-probability. An advantage of the GMT is that its carefully selected set of items—in 
combination with a binomial mixture analysis of the choice data—allows identification of par-
ticipants’ decision strategies (Bröder & Schiffer, 2003; Jansen et al., 2012; Van Duijvenvoorde 
et al., 2010).

We investigated strategies located at quite opposite ends of the possible range of compen-
satory versus non-compensatory risky choice strategies: a compensatory strategy that maxi-
mizes expected value (EV-maximizing) versus a non-compensatory that minimizes loss Loss-
minimizing). In EV-maximizing, decision makers weigh the amount of gains and losses with 
their respective probabilities, sum the weighted outcomes within an option, and choose the 
option with the higher expected value. In Loss-minimizing, decision makers compare the two 
options on each attribute (gain amount, loss amount, loss probability) separately. If one op-
tion is dominating the other, i.e., is superior or equal on each attribute, the dominating option 
is chosen, if not, the option with the smallest loss amount is chosen (Tversky & Slovic, 1988). 

The GMT consists of two types of choice items: In the first type, the two choice options 
differ only on one attribute, making one option clearly superior (dominated items). In the 
second type, options differ on more than one attribute such that one option is superior on at 
least one attribute and the alternative is superior on at least one other attribute (non-domi-
nated items). Decision makers may adapt their strategies depending on the requirements and 
choices at hand, e.g., use a simpler non-compensatory strategy if this suffices in a certain con-
text (Payne et al., 1988; Tversky & Kahneman, 1974; Scheibehenne et al., 2013). Therefore, 
we expect the participants to use their respective strategies only in non-dominated, but not 
in dominated, items.

In sum, we expect no group differences in behavior or neural activations on dominated 
items. In contrast, in non-dominated items, we expect that the compensatory, but not the 
non-compensatory group, shows EV-coding in a network involving the VStr, vmPFC, PCC 
and parietal cortex. In addition, we expect that the non-compensatory, compared to the com-
pensatory group, shows increased conflict-related dmPFC activation in non-dominated items.

7.2 Method

fMRI-GMT
We used a risky choice task (the fMRI-GMT) in which participants chose between two gam-
bling machines, each characterized by a gain amount, a loss probability, and a loss amount (see 
Figure 1). The gain amount was depicted on the frame of the machine and was not probabi-
listic. Each machine contained 10 balls, some red and some green. The proportion of red balls 
represented the loss probability. The number written on the red balls represented the loss 
amount; within a machine all loss amounts were the same. Participants were explained that 
upon choosing a machine, one ball is drawn, and that they should choose the best machine to 
play with. Drawing a green ball would result in the stated gain, while drawing a red ball would 
result in the stated gain and loss. The fMRI-GMT is a static task, in which participants do not 
receive feedback about the outcomes of their choices. 
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The fMRI-GMT included six different items, three dominated and three non-dominated 
items (see Table 1). In one dominated item, only gain amounts differed between options 
(dominated: gain); in another, only loss amounts differed (dominated: loss); and in the third, 
only loss probabilities differed (dominated: probability). The three other items were non-
dominated items. In one non-dominated item, one option had a lower loss and the other had 
a higher gain, whereas the loss probability was equal in both options. The option with the 
lowest loss was the EV-maximizing choice (non-dominated: loss/gain). Another non-domi-
nated item presented a similar choice, yet now the option with the highest gain was the EV-
maximizing choice (non-dominated: gain/loss). In the third non-dominated item, all three 
attributes differed between options, and the option with the lowest loss, the highest gain and 
the highest loss probability was the EV-maximizing choice (non-dominated: all). 

The fMRI-GMT consisted of three blocks that each presented eight repetitions of all items. 
To reduce memory effects and keep participants engaged, the numeric values of gains, losses, 
and probabilities were varied somewhat across repetitions of the same item: Gain amounts 
were +2, +4, and +8, loss amounts were -2, -10, and -50, and loss-probabilities were .1, .3 and 
.5. The two options within a choice pair never had the same EV (see Table 1 for item types, 
variation in attributes, and the EV-maximizing solution). 

To control for activations triggered by processes unrelated to decision making, e.g., per-
ceptual or motor processes, the fMRI-GMT included “control” items that had a similar struc-
ture as the choice items, except that participants were not presented with an actual choice. In 
these control items, two identical options were shown. After an interval, a grey bar appeared 

Figure 1. Task design: Each dominated and non-dominated item started with a fixation cross (1000-2500 ms; jittered 
in steps of 500 ms), followed by the presentation of a choice item, which was response terminated (max 16 sec). By 
means of a button press participants indicated their choice after which a gray bar appeared below the chosen op-
tion. This display stayed on screen for 1-4 seconds (jittered in steps of 1 sec), after which the next trial started. Con-
trol items had a similar trial structure, except that the duration of the stimulus was based on participants’ response 
time (RT) in preceding items. This resulted in control items based on RT in non-dominated and control items based 
on RT in dominated items. In the control items, a gray bar appeared in one of the options signaling the participants 
to press the corresponding button. Dominated, non-dominated and control items were presented randomly and 
in 25% of the cases separated by longer inter-trial intervals of 2-8 sec, in which a central fixation cross was shown.
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in one of the options, and participants were instructed to choose the option indexed by the 
gray bar. The interval between the onset of the stimulus and the appearance of the grey bar 
was modeled based on each individual’s response time on a preceding trial, separately for 
dominated and non-dominated items. Matching of response times was applied to account for 
neural differences that might be due to an Item Type (dominated, non-dominated) x Strategy 
Group (EV-maximizing, Loss-minimizing) interaction in decision duration. Each block con-
sisted of 48 choice items and 27 control items. Control and choice items were presented in 
pseudorandom order.

Trials in the fMRI-GMT had the following structure (see Figure 1): First, a fixation cross 
was displayed on the screen for 1 to 2.5 sec (jittered in steps of 500 ms). Then, the two choice 
options were presented and participants could indicate their choice by pressing one of two 
buttons with their left hand: A button press with the middle finger indicated a choice for the 
left option and a button press with the index finger indicated a choice for the right option. 
After a decision was made, a grey bar appeared in the chosen option for 1 to 4 sec (jittered 
in steps of 1 sec). Thereafter, a fixation cross appeared, indicating the start of a new trial. 
Participants had a maximum time allowance of 16 seconds to make their decision, which was 
sufficient in all cases. In approximately 25% of the trials, additional inter-trial intervals were 
included that presented a fixation cross and were jittered exponentially to improve signal 
detection (2, 4, 6 and 8 sec, with 2 sec as the most frequent and 8 sec as the least frequent 
interval).

Pre-studies
To recruit participants for the fMRI-study, we ran a pre-study with a total of 70 participants, 
who were recruited through a university recruitment system. In this pre-study we adminis-
tered the fMRI-GMT, but included a third answer category, indicating that the machines were 
equally profitable. This third category has been used to better differentiate between strategies 
that, however, were not of interest in the current fMRI study (see Jansen et al., 2012; Van 
Duijvenvoorde et al., 2010). 

The pre-study GMT choice data were analyzed with a binomial mixture analysis (Bruhin 
et al., 2010; Conte et al., 2011; Leisch, 2004) to classify participants in subgroups character-
ized by homogeneous choice patterns, from which decision strategy was inferred. For this 
purpose, and to be able to check for consistency of choice, each item was repeated four times. 

Loss Probability Loss Amount Gain Expected Value

Item type A B A B A B A B

Dominated: Probability .1 .5 -10 -10 +2 +2 1 -3
Dominated: Loss .1 .1 -10 -50 +4 +4 3 -1
Dominated: Gain .3 .3 -2 -2 +4 +8 3.4 7.4
NonDominated: loss/gain .3 .3 -2 -10 +2 +4 1.4 1
NonDominated: gain/loss .3 .3 -2 -10 +4 +8 3.4 5
NonDominated: all .5 .1 -2 -10 +8 +4 7 3

Table 1. Item characteristics of the fMRI-GMT. One example of each item is included. In each block of the fMRI-GMT 
eight repetitions of each item were included. Between repetitions of the same item the numeric values of gains, 
losses, and probabilities were varied somewhat (cf. main text).
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For the mixture analysis, choices were converted to binary “EV-maximizing” and “non EV-
maximizing” responses, and summed over repetitions. This generates a multivariate choice 
pattern for each participant. Choice patterns of all participants were then analyzed with the 
binomial mixture analysis. 

The mixture-analysis involved three steps. First, the analysis fitted a model with varying 
numbers (1-17) of subgroups. For each model, the estimation algorithm was run 100 times 
with different starting values, to reduce the risk of local minima. Second, the solutions for 
the models with different subgroups were compared by means of the Bayesian Information 
Criterion (BIC; Leisch, 2004) and the best fitting model, the model with the lowest BIC, was 
selected. Third, we calculated each participant’s probability that (s)he belonged to a particular 
subgroup (the a-posteriori probability) and subsequently assigned each participant to his or 
her most likely group.

A mixture analysis on the pre-study data indicated that a model with three groups de-
scribed the GMT data best. One group’s choice pattern was indicative of a compensatory 
strategy (n = 33; 48%): These participants chose the option with the highest expected value 
in both dominated and non-dominated items. The two other groups’ choice patterns were 
indicative of non-compensatory strategies: In all dominated items, these participants chose 
the superior option, but they did not do so in all non-dominated items. More specifically, 
the second group’s choice pattern indicated that they chose the option with the smallest loss 
amount (n = 29; 41%). The third group’s choice pattern indicated that these participants chose 
the option with the lowest loss probability if loss probability differed between options, if not, 
they chose the option with the lowest loss amount (n = 8; 11%). The percentage of partici-
pants using compensatory and non-compensatory strategies was roughly comparable to that 
of a previous large-scale (N = 466) GMT study among first-year psychology students in which 
we used an extended version of the pre-study GMT. A mixture analysis on this large-scale 
dataset also indicated a compensatory EV-maximizing strategy (24%) and non-compensatory 
loss (-probability) minimizing strategies (40%) to be the most common. 

fMRI Study Participants
From the 70 participants in the pre-study we selected 45 participants for the fMRI study 
(28 female, Mean Age = 22.5 years, SD = 3.2, Min = 18 years, Max = 29 years). All included 
participants were right-handed, reported normal or corrected-to-normal vision and an ab-
sence of neurological or psychiatric conditions. Participants gave written informed consent 
and procedures were approved by the local ethics committee. Data of three participants had 
to be removed due to technical problems and two participants did not complete the fMRI-
session. Thus, a total of 40 participants (24 female) were included in the fMRI analyses. In the 
pre-study, twenty of these participants used a compensatory, EV-maximizing strategy, and 
20 participants a non-compensatory strategy. In the non-compensatory group, we grouped 
17 participants that used a loss minimizing strategy and three participants that used a loss-
probability minimizing strategy in the pre-study.

Before entering the scanner, task explanations were briefly repeated. All participants were 
paid a flat-rate for their participation plus, to increase task motivation, an additional vari-
able amount between Euro 0 and Euro 8 purportedly related to their decisions: Participants 
were informed that, dependent on their choices, they would afterwards play with a similar 
set of machines, in which loss and gain outcomes would be experienced. From these trials, a 
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randomly selected trial would be paid out as an additional amount (0 for a loss trial, Euro +2, 
+4 or +8 for different gain trials). Eventually, all participants were presented with the same 
machines after the fMRI-GMT task. 

Imaging
fMRI data were acquired with a standard whole-head coil using a 3-Tesla Philips Achieva scan-
ner. T2*-weighted echoplanar images (EPIs) were obtained during 3 functional runs of which 
the first 2 volumes were discarded to allow for equilibration of T1 saturation effects. Volumes 
covered the whole brain (34 slices; 3 mm slice thickness; 0.3 mm slice spacing; 220² mm FOV; 
ascending orientation) and were acquired every 2000 msec (TE = 28 ms). A high-resolution 
T1-weighted anatomical scan was obtained from each participant after the functional runs. 

fMRI analysis was performed using FEAT (FMRI Expert Analysis Tool) Version 5.98, part 
of FSL (FMRIB’s Software Library, www.fmrib.ox.ac.uk/fsl). The data were high-pass filtered 
with a cutoff frequency of 90 sec to remove baseline drift in the signal. Functional volumes 
were spatially smoothed with a 5 mm FWHM isotropic Gaussian kernel motion-corrected 
(Jenkinson et al., 2002) and slice-time corrected. Finally, the functional data were pre-whit-
ened using FSL. All functional data sets were registered into 3D space using the participant’s 
individual high-resolution anatomical images. The individual 3D image was then used to nor-
malize the functional data into Montreal Neurological Institute (MNI) standard space. Regis-
tration to high resolution structural and standard space images was carried out using FLIRT 
(Jenkinson et al., 2001; 2002). Registration from high resolution structural to standard space 
was further refined using FNIRT nonlinear registration (Andersson et al., 2007a; 2007b). The 
statistical analysis was performed using the general linear model. The design matrix of the 
general linear model was convolved with a double gamma hemodynamic response function 
and its first derivative.

For all analyses, only trials were included in which participants chose in accordance to 
their strategy. Occasional deviating responses were included in a regressor of no-interest. 
This happened rarely (see Figure 2): In the compensatory group this occurred in 0.7% (domi-
nated) and 4.8% (non-dominated) of the trials. In the non-compensatory group this occurred 
in 1.6% (dominated) and 12% (non-dominated) of the trials. We included discrete regressors 
separately for each dominated and non-dominated item. Additionally, we included two re-
gressors for the control items: The first included control items based on response time from 
the dominated items and the second included control items based on response time from 
the non-dominated items. Finally, we included two parametric regressors, dominated EV and 
non-dominated EV, which coded the difference in expected value between the two choice 
options for dominated and non-dominated items separately. The duration of each event in 
all regressors was modeled by the respective response time. Finally, motion regressors were 
included as regressors of no-interest.

Higher-level analysis was performed using FLAME (FMRIB’s Local Analysis of Mixed Ef-
fects) stage 1 with automatic outlier detection. For the whole-brain analysis, Z statistic images 
were thresholded with Gaussian Random Field Theory cluster-wise correction, Z > 2.3 and 
Family Wise Error (FWE) corrected with p < 0.05 (unless indicated otherwise).

To test our first hypothesis, that only the compensatory group would code EV differences, 
we tested the Group × EV effects, for non-dominated and dominated items separately. To test 
our second hypothesis, that specifically the non-compensatory group would show conflict-
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related activations in non-dominated items, we tested the Group × (non-dominated > control) 
effects and the Group × (dominated > control) effects. Note that the first contrast used the 
control-item regressor with response times based on the non-dominated items, and the sec-
ond contrast used the control-item regressor with response times based on the dominated 
items.

7.3 Results

In order to confirm stability of choice strategies, we first compared behavioral choices be-
tween the fMRI-GMT and the pre-study. Nearly all participants showed the same choice strat-

Figure 2. Behavioral task performance: In the upper panel, the proportion of EV-maximizing choices for each domi-
nated and non-dominated item are shown for the compensatory and non-compensatory group. In the lower panel, 
response times for each dominated and non-dominated item are shown for compensatory and non-compensatory 
group. Error bars indicate +/- 1 standard error around the mean.
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egy in the two sessions. Only two participants switched from a compensatory EV-maximizing 
strategy in the pre-study to a non-compensatory Loss-minimizing strategy in the fMRI ses-
sion. Also, two of the three loss-probability minimizing participants from the pre-study chose 
primarily the loss-minimizing options in the fMRI study. All four participants were included 
in the non-compensatory group for the fMRI analysis, leading to a compensatory group of n = 
18 (9 female) and a non-compensatory group of n = 22 (15 female). 

Figure 2 (upper panel) depicts the proportion of EV-maximizing choices as a function of 
item (three dominated, three non-dominated items) and strategy group. As expected, an Item 
Type (dominated vs. non-dominated) × Group (compensatory vs. non-compensatory) re-
peated-measures ANOVA on the proportion of EV-maximizing choices indicated a significant 
interaction between Item Type and Group, F(1, 38) = 305.3, p < .001, ƞ2

p
 = .89. As expected, in 

non-dominated items, the compensatory group showed a larger proportion of EV-maximizing 
choices than the non-compensatory group, F(1, 38) = 335.5, p < .001 ƞ2

p
 = .9. Note that in 

two non-dominated items, EV-maximizing and Loss-minimizing strategies, yielded similar 
choices. These items are of particular interest, because behavioral response time differences 
or neural differences cannot be attributed to choosing a different option, but are due to the 
difference in decision strategy. As expected there were no group differences in the dominated 
items (p = .165): All groups chose the option that dominated the other (and thus had the larg-
est EV). 

Figure 2 (lower panel) depicts response times (RT) as a function of Item Type and Group, 
and suggests that the EV-maximizing, as compared to the Loss-minimizing group, was slower 
to make decisions, yet only on non-dominated items. This was supported by an Item Type 
(dominated vs. non-dominated) × Group (compensatory vs. non-compensatory) repeated-
measures ANOVA on RTs that yielded a significant interaction between Item Type × Group, 
F(1, 38) = 12.4, p < .005, ƞ2

p
 = .25. For non-dominated items, the compensatory group was 

generally slower than the non-compensatory group, F(1, 38) = 11.8, p < .005 ƞ2
p
 = .24. Note 

that response times were slower in the compensatory group for all non-dominated items, 
providing further evidence that these groups used different strategies even when arriving at 
the same decisions. Finally, there were no group differences on dominated items (p = .461).

These behavioral differences were paralleled by neural differences. First we tested the 
hypothesis concerning parametric coding of EV differences. As expected, in non-dominated 
items, the Group × EV effect showed significantly stronger EV-coding in the compensatory 
than in the non-compensatory group, these differences were found in the parietal and occipi-
tal cortex (see Figure 3 and Table S1). Follow-up tests for each group separately showed an 
effect of EV in the EV-maximizing group in similar regions as those identified in the Group 
× EV effect, whereas the non-compensatory group did not show any activations tracking EV 
differences. Even at more lenient thresholds (p = .1; p = .25), no clusters of EV-related acti-
vations were observed in the non-compensatory group (see Supplementary Material). In an 
exploratory manner, we also checked whether any regions showed stronger EV-coding in the 
non-compensatory than the compensatory group, which was not the case.

Surprisingly, compensatory decision makers also showed evidence of EV-coding in domi-
nated items. In these items, the compensatory, compared to the non-compensatory group, 
showed significantly stronger EV-coding in parietal cortex, vmPFC and PCC (see Figure 3 and 
Table S1). Follow-up tests for each group separately showed EV-coding in the compensatory 
group in similar regions as those identified in the Group × EV effect, whereas even at more 
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lenient thresholds the non-compensatory group did not show any evidence for neural EV-
coding (see Supplementary Material). Again, no regions showed stronger EV-coding in the 
non-compensatory than in the compensatory group.

In these previous analyses, we thus find no evidence for a neural representation of an inte-
grated value signal in the non-compensatory group. It might be argued, however, that the non-
compensatory group does not code the difference in EV between options, but instead codes 
differences in loss amounts, consistent with the notion that this is their main choice criterion. 
In order to check this, we ran a similar whole-brain analysis to identify regions that code dif-
ferences in the amount of loss between options. That is, instead of two EV regressors, we now 
incorporated two parametric Loss regressors, one for dominated and one for non-dominated 
items. These analyses indicated no group differences in loss coding, neither in dominated or 
in non-dominated items. Analyses in both groups separately also did not show any evidence 
for loss coding, even at more lenient thresholds (see Supplementary Material). Thus, we did 
not observe any evidence that the Loss-minimizing group (nor the EV-maximizing group) 
parametrically coded the difference in loss between options. 

Figure 3. EV coding by the compensatory group in dominated (a) and non-dominated (b) items. The non-compen-
satory group did not show any EV-related activity. The figure displays cluster-corrected results (Z > 2.3, p < .05, FWE 
corrected); coordinates are reported in Table S1; see also Supplementary Material for further analyses.
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With respect to our second hypothesis, the Group × (non-dominated > control) effect, 
showed, as expected, increased dmPFC activity in the non-compensatory as compared to the 
compensatory group. Additionally, we observed greater activity in the posterior insular cor-
tex in the non-compensatory compared to the compensatory group (see Figure 4 and Ta-
ble S2). Follow-up tests on each non-dominated item separately indicated that this increased 
dmPFC activation in the non-compensatory group was present in each of the items, whereas 
insula activation was only present in one item (non-dominated: loss/gain). In addition, these 
follow-up tests showed increased activity in parietal cortex for the non-compensatory group 
in all non-dominated items (see Supplementary Material and Table S4, S5 and S6 for details). 

In an exploratory manner we also tested whether the compensatory group showed 
stronger neural activations than the non-compensatory group in non-dominated items, which 
proved to be the case in the bilateral VStr (see Figure 4 and Table S2). Follow-up tests on each 
of the non-dominated items separately showed consistency of these results, and indicated 
in addition increased activity in the lateral prefrontal cortex, occipital cortex and precentral 
cortex in the non-dominated: gain/loss item (see Supplementary Material and Table S4, S5 
and S6 for further details). In dominated items, we did not observe any group differences in 
neural activations (see Table S3). Finally, the main effects of the whole-brain analysis on the 
non-dominated > control and dominated > control contrasts are further reported in the Sup-
plementary Materials (see Table S2, S3 and Figure S1).

In sum, we observed pronounced behavioral and neural differences between decision 
makers using compensatory versus non-compensatory strategies. The compensatory as com-
pared to the non-compensatory group is characterized by more EV-maximizing choices and 
longer response times, specifically in non-dominated items. Imaging results indicate, as ex-
pected, that the compensatory, but not the non-compensatory, group codes the difference in 
expected value: In non-dominated items they do so in occipital and parietal cortex, in domi-
nated items in the vmPFC, PCC and parietal cortex. Related to our hypothesis of conflict 

Figure 4. Whole-brain clusters in which the non-compensatory group showed more activation than the compensa-
tory group in non-dominated > control items (right panel), and in which the compensatory group showed more 
activation than the non-compensatory group in non-dominated > control items (left panel). Below each whole-brain 
cluster the average extracted values are plotted per strategy group. The figure displays cluster corrected results (Z > 
2.3, p < .05 FWE corrected); coordinates are reported in Table S2 and S3.
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detection, the non-compensatory group activated, as expected, the dmPFC more strongly, 
specifically in non-dominated items. In these items they also showed enhanced activation 
in the posterior insula, and the parietal cortex. An exploratory analysis indicated that the 
compensatory as compared to the non-compensatory group showed enhanced bilateral VStr 
activations in non-dominated items.

7.4 Discussion

In this study we investigated the neural mechanisms underlying compensatory (EV-max-
imizing) and non-compensatory (Loss-minimizing) decision strategies. In order to do so, we 
compared individuals using EV-maximizing and Loss-minimizing strategies on two types of 
items: dominated and non-dominated items. Non-dominated items were expected to trigger 
an individual’s typical strategy, resulting in behavioral and neural differences, which were 
not expected in dominated items. We inferred strategy use on the basis of a binomial mixture 
analysis that indicated that non-compensatory decision makers generally used a loss-mini-
mizing strategy and compensatory decision-makers used an EV-maximizing strategy.

In non-dominated items, we expected that the compensatory, but not the non-compensa-
tory, group would show neural activations in relation to a value-signal that reflected the differ-
ence in EV between items; we expected this value signal in regions as the VStr, vmPFC, PCC, 
lateral prefrontal cortex and parietal cortex (Blair et al., 2006; Kable & Glimcher, 2007; Mc-
Kell Carter et al., 2010; Tom et al., 2007). Indeed, we observed that the compensatory group 
showed EV-coding, in the parietal and occipital cortex, whereas the non-compensatory group 
showed no evidence for such a parametric EV-signal. Additional analyses were performed to 
check whether the non-compensatory group coded instead a parametric loss signal, reflecting 
the differences in amount of loss between choice options, which proved not to be the case. 
Generally, these results indicate that individuals using a non-compensatory Loss-minimizing 
strategy do not code parametric EV differences or parametric differences in loss. Note that a 
strategy such as Loss-minimization indeed does not require a parametric coding of loss differ-
ences, as a discrete detection of attribute differences between options is sufficient to arrive at 
a decision (Minati et al., 2012).

Since we assumed that decision makers would adopt a simple strategy if that sufficed, 
we expected no group differences in EV coding in the dominated items. Surprisingly, we did 
observe such group differences: In dominated items the compensatory, but not the non-com-
pensatory, group showed evidence of EV coding in the vmPFC, PCC, and parietal cortex. Note 
that in the non-dominated items we observed EV coding only in the parietal and occipital 
cortex. A speculative account of this differential EV-coding is that in non-dominated items, 
the compensatory group uses a deliberative mathematical strategy to compute EV differences, 
resulting in activity in the parietal cortex, which has been implicated in mental calculations 
(Dehaene et al., 2003; Dehaene et al., 1999). This deliberation interpretation is consistent 
with the increased response times of the EV-maximizing group on non-dominated items. 
Dominated items, on the other hand, may lead to a more automatic coding of EV resulting in 
enhanced activations in regions such as the vmPFC and PCC.

In sum, individuals using a compensatory decision strategy showed clear neural responses 
to differences in EV in both dominated and non-dominated items, albeit in different brain 
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regions. In contrast, individuals using a non-compensatory strategy do not seem to represent 
an integrated EV signal. 

Second, we expected that non-compensatory decision makers would experience conflict 
in non-dominated items, as some attributes favor one and other attributes the other option. 
As the dmPFC has been implicated as playing a key-role in the detection of decision conflict 
(De Neys et al., 2008; Rao et al., 2011) we expected, and confirmed, enhanced dmPFC activa-
tion in the non-compensatory as compared to the compensatory group. Consistent with our 
hypothesis, this only occurred in non-dominated items, in which attributes provided conflict-
ing information.

In addition to these main findings, some other observations are worth mentioning. First, 
we observed that the non-compensatory as compared to the compensatory group was not 
only characterized by enhanced dmPFC activation, but also by increased activations in the 
posterior insula and the parietal cortex. This seems to be consistent with the hypothesized 
role of the dmPFC in allocating other, control-related brain regions to resolve experienced 
conflict (Kerns et al., 2004; Venkatraman & Huettel, 2012; Venkatraman et al., 2009). For ex-
ample, a study of Venkatraman et al. (2009) showed increased connectivity between dmPFC 
and parietal cortex in simplifying (non-compensatory) choices, and increased connectivity 
between the dmPFC and insula in loss-minimizing choices. 

Second, in non-dominated items we observed larger VStr activity in the compensatory as 
compared to the non-compensatory group. A plausible interpretation of this finding is related 
to the reward-system, which has been shown to be a key function of this dopaminergically 
innervated region (Knutson et al., 2008; Schultz, 2001; Tobler et al., 2005). More specifically, 
as compensatory, but not non-compensatory decision makers take gains into account in their 
decisions, they may be characterized by enhanced striatal activity. Interestingly, an EV-signal 
was not observed in the striatum, which may indicate that this region is less involved in com-
puting overall value, but more in gain processing (see Liu et al., 2011). Follow-up tests per 
non-dominated item also showed increased activation in the lateral prefrontal cortex for the 
compensatory group. These results may be consistent with the role of the lateral prefrontal 
cortex in executing control to arrive at normative decision making (De Neys et al., 2008).

This study highlights the importance of studying individual differences in decision strate-
gies by including experimental paradigms and analysis methods that allow for strategy as-
sessment. These individual differences in decision strategies may go unnoticed if data are 
averaged across participants and consequently may obscure results. For example, value cod-
ing would have been less pronounced if we would have neglected individual differences in 
strategy use and just averaged across all participants. Therefore, such paradigms and analysis 
techniques that allow the analysis of strategy differences may be highly beneficial to decision 
neuroscience. 

Note, however, that the current study is not without limitations. First, we only focused on 
a situation in which participants did not experience outcomes of their decisions after each 
choice was made. It can be expected that in a more dynamic choice environment, as when 
decision outcomes are experienced, individuals are more prone to adjust their strategies. Sec-
ond, although the current study included decision strategies that commonly occur in risky 
choice tasks, it is limited in the way that only one type of non-compensatory and one type 
of compensatory strategy was considered, of which many are known to exist (Riedl et al., 
2008). For example, in the current study compensatory decision makers maximized objective 
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expected value. Compensatory decision-makers may, however, also base their decisions on 
subjective expected utility (Kahneman & Tversky, 1979; Trepel et al., 2005), which may trig-
ger different neural mechanisms. 

To conclude, compensatory and non-compensatory decision makers do not only differ 
in behavior, but also in underlying neural mechanisms. That is, compensatory, but not non-
compensatory decision makers, code the difference in value between options, specifically in 
vmPFC and PCC (dominated items), and in occipital-parietal regions (non-dominated items). 
Non-compensatory decision makers, on the other hand, show evidence of conflict-detection 
between attributes, as evidenced by increased dmPFC, insular and parietal activity. These 
results indicate the need for decision neuroscience to expand its scope by focusing not only 
on compensatory, but also on non-compensatory decision strategies.
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7.5 Supplementary Materials

Tests for EV representations at lenient thresholds
First, the EV-difference regressor in the non-compensatory group (main effect) was inspect-
ed at more lenient thresholds: i) cluster corrected, Z > 2.3, p < .1; ii) cluster corrected, Z > 
2.3, p < .25. For both the dominated and non-dominated items no clusters of activations were 
observed even at these lenient thresholds. 

Tests for Loss representations at lenient thresholds
The loss-difference regressor in the non-compensatory group (main effect) was inspected at 
equally lenient thresholds: i) cluster corrected, Z > 2.3, p < .1; ii) cluster corrected, Z > 2.3, p 
< .25. For both the dominated and non-dominated items no clusters of activations were ob-
served even at these lenient thresholds.

Tests for main effects (dominated and non-dominated items)
To illustrate which regions were generally activated during choice in dominated and non-
dominated items when contrasted with control items, the main effect of non-dominated > 
control and dominated > control are presented in Tables S2, S3, and Figure S1. Results show 
that both dominated and non-dominated items activated a wide-spread network with activa-
tions in the lateral PFC, parietal cortex, inferior frontal gyrus, hippocampus, and dmPFC. 
Non-dominated items in addition activated the bilateral striatum and insular cortex.

Separate tests for each non-dominated item
To test whether group differences were comparable for each of the non-dominated items, we 
investigated group differences for each non-dominated item separately (non-dominated: loss/
gain > control; non-dominated: gain/loss > control; non-dominated: all > control (see Tables 
S4, S5 and S6). These results showed that for each non-dominated item the non-compensa-
tory group, compared to the non-compensatory group showed greater dmPFC and parietal 
cortex activation, whereas greater insula activation was only observed in one of the items in 
which loss might have been more salient (non-dominated: loss/gain). 

A reversed contrast (compensatory > non-compensatory) on each of the non-dominated 
items showed that ventral striatal activation was stronger in the compensatory group, both 
in items in which groups chose the same option (non-dominated: loss/gain) and in items in 
which the groups chose different options (non-dominated: gain/loss) (see Tables S4, S5 and 
S6). Additional activation was observed in lateral PFC, precentral gyrus and occipital cortex 
in each of the non-dominated items.
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Anatomical Area MNI coordinates
(mm)

Cluster 
size

x y z Z-max 
value

Expected Value: Non-dominated items
Mean activity compensatory group

R Occipital Pole 3678 16 -98 -4 4.44

L Lateral Occipital Cortex 1942 -32 -86 12 4.18

R Inferior Parietal Lobe 335 58 -22 40 3.08

Compensatory > Non-Compensatory

L Posterior Cingulate / Parietal Lobe/ 
Occipital Cortex

6598 -30 -90 15 3.96

Non-Compensatory > Compensatory No Activated Regions

Expected Value: Dominated items
Mean activity compensatory group

R Posterior Cingulate 2318 2 -70 24 4.05

L Inferior Frontal Gyrus 3907 -50 24 4 4.0

L Angular Gyrus 1016 -36 -70 36 3.66

R Angular Gyrus / Temporal Gyrus 568 42 -66 24 3.61

Compensatory > Non-Compensatory

L Medial PFC / SFG 6492 -22 26 44 3.71

R Posterior Cingulate Gyrus 3222 6 -54 12 3.66

R Lateral PFC 641 44 28 22 3.26

R Postcentral 1186 12 -46 74 3.62

L Angular Gyrus 1724 -36 -70 38 3.9

R Angular Gyrus / Temporal Gyrus 406 42 -66 24 3.21

Non-Compensatory > Compensatory No Activated Regions

Table S1: Coordinates for the brain regions showing parametric EV-difference coding. Main effects per strategy 
group and group differences are reported. 
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Anatomical Area MNI coordinates
(mm)

Cluster 
size

x y z Z-max 
value

Non-Dominated > Control
Mean activity Z > 3.6
L Precuneus 10977 -24 -68 30 7.16
L Lateral PFC / Frontal pole 3616 -38 42 4 6.96
R Lateral PFC / Frontal pole 1449 30 40 14 6.5
R/L dmPFC 2135 2 26 42 6.51
R Frontal Pole / Orbital Frontal 121 18 46 -24 6.08
R Frontal Pole / Orbital Frontal 65 -20 48 -20 5.12
L Insula 235 -30 22 -4 5.82
R Insula 111 34 22 -4 5.22
R Middle Frontal Gyrus (BA6) 541 28 8 52 6.14
R Striatum 459 14 14 0 5.48
R/L Midbrain / Cerebellum 2813 2 -62 -28 5.64
R Hippocampus 147 24 -30 -8 4.32
R Occipital Pole 3304 34 -98 -14 6.33
L Lingual Gyrus (BA18) 169 -14 -84 0 5.64
R Lingual Gyrus (BA19) 83 14 -66 2 4.06

Compensatory > Non-Compensatory
L Striatum 656 -16 4 -4 3.71
R Striatum 527 18 2 -2 3.58
R Superior Frontal Gyrus 350 14 -2 66 5.1
R Middle Temporal Gyrus 360 62 -30 -6 5.55

Non-Compensatory > Compensatory 
L dmPFC 1289 -8 32 36 6.45
L Posterior Insula 356 -40 12 -20 3.35

Anatomical Area MNI coordinates
(mm)

Cluster 
Size

x y z Z-max 
value

Dominated > Control
Mean activity Z > 3.6
L Precuneus / Occipital Cortex 5207 -22 -94 -8 5.95
R Precuneus 2526 26 -64 46 6.03

Table S3: Coordinates for the brain regions showing activations for the dominated > control contrast. Main effects 
per strategy group and group differences are reported. 

Table S2: Coordinates for the brain regions showing activations for the non-dominated > control contrast. Main ef-
fects per strategy group and group differences are reported. 
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L Lateral PFC 970 -46 30 24 5.23
R Lateral PFC 620 48 38 16 5.63
L Inferior Frontal Gyrus 489 -48 2 22 5.38
R/L dmPFC 802 4 28 36 5.31
R Frontal Pole / Orbital Frontal 79 46 54 -16 4.35
L Hippocampus 42 -22 -30 -10 4.29
R Occipital Pole / Occipital Gyrus 1957 34 -90 -8 6.15
R Cerebellum 76 8 -58 -16 4.25

Compensatory > Non-Compensatory No Activated Regions

Non-Compensatory > Compensatory No Activated Regions

Anatomical Area MNI coordinates
(mm)

Cluster 
size

x y z Z-max 
value

Non-Dominated: Loss/Gain > Control
Mean activity Z > 3.6
R Precuneus / Occipital Cortex / SMG 3164 36 -70 36 6.5
L Precuneus / Occipital Cortex / SMG 2523 -28 -68 38 6.85
L Lateral PFC 2952 -52 6 32 6.37
R Lateral PFC 1192 42 40 16 6.13
R/L dmPFC 1433 -2 20 42 6.05
R Frontal Pole / Orbital Frontal 94 22 46 -18 4.68
L Insula 168 -32 22 -4 4.9
R Insula 103 32 22 -2 5.0
R Middle Frontal Gyrus / SFG 275 30 14 48 6.21
L Middle Frontal Gyrus / SFG 105 -28 4 54 4.62
L Striatum 155 -12 6 -4 4.72
R Striatum 95 14 12 -2 4.49
L Thalamus 45 -8 -16 6 4.4
L Hippocampus 70 -24 -28 -12 4.57
R Occipital Pole 7436 32 -92 -2 6.44
L Lingual Gyrus 330 -8 -72 6 4.77
R/L Cerebellum 513 0 -62 -26 5.13
R Brainstem 52 4 -16 -20 4.2

Compensatory > Non-compensatory
L Ventral Striatum/ Putamen 386 -18 4 8 3.55

Table S4: Coordinates for the brain regions showing activations for the non-dominated: Loss/Gain > control con-
trasts. Main effects per strategy group and group differences are reported. 

Table S3 continued
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Non-compensatory > Compensatory
R/L dmPFC (SFG) 1005 -14 30 42 4.06
L Insula (posterior) 661 -38 -20 0 3.84
R Insula (posterior) / Planum Temporale 555 50 -32 16 4.03
L Angular Gyrus 387 -46 -62 34 3.87

Anatomical Area MNI coordinates
(mm)

Cluster 
size

x y z Z-max 
value

Non-Dominated: Gain/Loss > Control
Mean activity Z > 3.6
R Precuneus / Occipital Cortex / SMG 3224 34 -62 42 6.42
L Precuneus / Occipital Cortex / SMG 2648 -30 -62 40 6.83
L Lateral PFC 3278 -46 46 4 6.77
R Lateral PFC 1234 46 52 -6 6.04
R/L dmPFC 1488 4 26 40 6.29
R Frontal Pole / Orbital Frontal 70 22 46 -20 4.56
L Insula 145 -30 22 -4 5.13
L Middle Frontal Gyrus / SFG 190 -26 6 50 4.85
L Caudate (Striatum) 496 -12 16 4 5.3
R Caudate (Striatum) 290 14 14 0 5.4
L Lateral Occipital Cortex 2713 -34 -86 -18 6.15
R Lateral Occipital Cortex 1339 30 -94 -14 6.19
R Inferior Temporal Gyrus 545 62 -56 -20 4.97
R Cerebellum 163 2 -62 -28 4.99
R Cerebellum 70 22 46 -20 4.56
R Brainstem 122 2 -18 -22 4.85

Compensatory > Non-compensatory 
L Lateral PFC 410 -42 38 22 4.34
L Ventral Striatum (Putamen) 634 -22 10 -10 3.83
R Ventral Striatum (Putamen) 571 20 10 -2 3.63
R Superior Frontal Gyrus 912 16 2 68 4.48
L Precentral Gyrus 675 -52 -10 52 3.64
L Lateral Occipital Cortex 697 -32 -78 0 3.55

Non-compensatory > Compensatory 
L dmPFC / SFG 693 -22 38 40 3.97
L Angular Gyrus 427 -60 -66 24 4.02

Table S5: Coordinates for the brain regions showing activations for the non-dominated: Gain/Loss > control con-
trasts. Main effects per strategy group and group differences are reported.

Table S4 continued
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Anatomical Area MNI coordinates
(mm)

Cluster 
Size

x y z Z-max 
value

Non-Dominated: All > Control
Mean activity Z > 3.6
R Precuneus 15831 32 -64 40 7.08
L Lateral PFC (BA 46) 3591 -44 44 0 7.2
R dmPFC 2189 2 22 42 6.14
L Striatum 1768 -10 14 -4 5.59
R Lateral PFC (BA 46) 1748 48 36 22 6.55
R Medial Frontal Gyrus / SFG 649 32 22 48 5.78
L Insula 221 -30 22 -4 5.3
R Frontal Pole / Orbital Frontal 95 20 44 -18 4.56
R Insula 74 34 26 -6 4.7
L Hippocampus 73 -16 -34 -10 4.63
L Lingual Gyrus 51 -12 -76 8 4.21
R Lingual Gyrus 51 14 -66 6 4.81

Compensatory > Non-compensatory 
R Lateral Occipital Cortex/ Precuneus 1305 8 -82 50 5.33

Non-compensatory > Compensatory 
R/L dmPFC / SFG 1166 -6 48 42 4.17
L Angular Gyrus 364 -46 -56 36 3.79

Table S6: Coordinates for the brain regions showing activations for the non-dominated: All > control contrasts. Main 
effects per strategy group and group differences are reported. 
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Figure S1. Whole-brain results across groups showing which brain regions were activated for the contrasts domi-
nated > control items (left panel) and non-dominated > control items (right panel). Figure displays cluster-corrected 
results (Z > 3.6, p < .05, FWE corrected); coordinates are reported in Tables S2 and S3.




