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Supplementary Results
In this part we present and discuss in more details the experimental results referred to in the main text.
1. Investigating scaling laws in value-rating tasks
Experimental data consists in three published fMRI datasets recorded while subjects were performing
a similar task (Figure Supp. 1.A): judging the pleasantness of pictures of paintings, houses and faces
(Study 1), the desirability of objects depicted in short videos (Study 2) or the desirability of events
described in sentences (Study 3), and reporting those evaluations on a rating scale (Lebreton et al.,
2015, 2012, 2009).
Encoding of values in the VMPFC
As a preliminary quality check, we first ran a whole-brain random-effect analysis on the parametric
value-regressor in all three datasets, using both the native (𝐯) and the individually Z-scored values
(𝐯 ! ). Results univocally confirmed that values are represented in the VMPFC (PFWE<0.05 Figure
Supp. 1.B).
Random effect models with native or Z-scored values
The mathematical derivations (see Main Text) predict that the random effect should be more significant
with 𝐯 ! under the normalization hypothesis, and more significant with 𝐯 under the proportional
hypothesis. We used two measures to assess the significance of the random effects: 1) the size (k) of
the VMPFC clusters (pFWE-clu<0.05, with a voxel-wise cluster-generating threshold pUNC<0.001), and 2)
the p-value of the random effects in an anatomical independent VMPFC ROI (one-sample t-test on the
individual 𝛽! and 𝛽!! averaged over the voxels of the ROI). These two measures in the 3 datasets
consistently indicated that using 𝐯 ! produces more significant random-effects (Figure Supp. 1.B and
Figure Supp. 2). Overall, these results, favor the normalization hypothesis.
Inter-individual correlations
In the anatomical ROI, we next tested the two main statistical relations derived in the main text
(equations (5), (8) (10) and (11)): 1) the correlations between 𝛽!! and 𝜎(𝐯! ), and 2) the correlation
between 𝛽! and 1/𝜎(𝐯! ). Again, a very consistent pattern emerged across all 3 studies: whereas the
first correlations were never found significant and positive, the second correlations systematically were
(all p<0.05, Figure Supp. 1.C and Figure Supp. 2). These results also strongly favor the
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normalization hypothesis. Importantly, the same correlations assessed with the t-values n (𝑡!! or 𝑡! )
did not exhibit the same pattern (Figure Supp. 2). Hence, inter-individual differences in “activations”,
as measured by 𝛽! are likely due to scaling issues rather than differences in the linear dependencies
between the BOLD signal and the behavioral measure 𝐯.
Conclusion
Overall, these results indicate that the inter-individual differences in the VMPFC representation of
values in rating tasks follows a normalization scaling rule.
2. Investigating scaling laws in a model-based learning tasks
Experimental data consists in a published fMRI and behavioral dataset recorded while subjects
performed a probabilistic instrumental learning task (Palminteri et al., 2015) adapted from previous
imaging and patient studies (Palminteri et al., 2012, 2009; Pessiglione et al., 2006; Worbe et al.,
2011). We focus on the representation of the Q-value of the chosen option 𝐪𝐜 ! which represent a
computational analogue of subjective values, and has been robustly found in the vmPFC (Boorman
and Rushworth, 2009; Gershman et al., 2009; Wunderlich et al., 2009).
Behavior
Both AIC and BIC consistently indicated that individual choices are more likely accounted for by
individual free-parameters than by a single set of population free-parameters, even after accounting
for the extra degrees of freedom (lack of parsimony) engendered by this procedure (Figure Supp.
Please note that 𝑡!! and 𝑡! are practically identical (correlations; Study 1: R = .9820; Study 2: R = .9974; Study 3: R
= .9977).
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4.A). In the remaining of the paper, we will focus on two of these individual free-parameters: the
“factual” learning-rate 𝛼!,! , and the inverse temperature 𝑡𝑒𝑚𝑝! . The choice of 𝛼!,! , is justified by the
fact that this learning rate is involved in both conditions (complete and incomplete information, as
opposed to 𝛼!,! which is only involved in counterfactual learning i.e. in the complete information
condition) and directly impact the Q-values (as opposed to 𝛼!,! , which is only used in the centering
process). Note that one subject has a learning-rate and an inverse temperature close to 0. Although
she does not appear as an outlier in the plots (Main text, Figure 5.C), the corresponding 𝛽! can take
extreme values: This is due to the fact that 𝛽! correlate with 1/𝜎!,! , and that close-to-zero model freeparameters generate latent variables 𝑋! with close-to-zero 𝜎!,! . Although those individual might
typically be included in classical studies, we will nonetheless report results of our analyses with and
without this subject. Importantly, both sets of analyses still support the normalization hypothesis, thus
advocating for the use of Z-scored individually generated latent variables (𝑋 ! ) in fMRI analyses, and
exhibit scaling-related correlations between 𝛽! and the temperature parameter.
Note that the two parameters of interest, temperature and learning rate, were uncorrelated (R = .31, p
= .11 with N=28 and R = .24, p = .23 with N=27, i.e. excluding the “outlier”). Importantly, even if for
different reasons, both individual free-parameters (temperature and learning rate) are very strongly
associated with the individual standard deviation of the Q-value of the chosen option 𝜎(𝐪𝐜 ! )(interindividual correlations, respectively R = .65; p<.001, and R = .67; p<.001, Figure 5.C). More precisely,
the learning rate is positively associated to 𝜎(𝐪𝐜 ! ) because it directly affects the amplitude of the
learned values. The inverse temperature is also positively linked to indirectly linked to 𝜎(𝐪𝐜 ! ), but
indirectly since, independently from the amplitude of the learned values, this parameters affect the
stochasticity of choices, so that subjects with higher 𝑡𝑒𝑚𝑝! frequently alternate between the best and
the worst option, thus increasing the variance of QC. These results, which also hold if we exclude the
individual with close-to-zero parameters (inter-individual correlations, respectively R = .62; p<.001, and
R = .61; p<.001), indicate that individual model free-parameters might be related to scaling issues in
subsequent fMRI analyses.
fMRI: Encoding of QC in the VMPFC
We first ran a whole-brain random-effect analysis on the parametric regressor QC in the 3 GLMs (i.e.
using 𝐪𝐜 , 𝐪𝐜 ! , or 𝐪𝐜 ! as the independent variable). While this analysis resulted in a large and very
significant cluster in the VMPFC while using 𝐪𝐜 ! or 𝐪𝐜 ! as the independent variable, using 𝐪𝐜 only
generated weak, sub-threshold activations (Figure Supp. 3.A.a). This could explain the fact that
researchers often used 𝐪𝐜 ! than 𝐪𝐜 for fMRI analysis, in absence of formal justifications, even when 𝐪𝐜
gives a better account of the behavioral data.
fMRI: Encoding of QC in the VMPFC – fit quality
In order to assess the quality of individual fit, we extracted t-values 𝑡! in an anatomical VMPFC ROI. A
random effect showed that these statistics are bigger when using QC generated with individual model
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free-parameters (𝐪𝐜 or 𝐪𝐜 ! ) than group model free-parameters (𝐪𝐜 ! ) (one sided one-sample t-test, t27=
1.67 p=.05). Excluding the outlier did not undermine (in fact improved) this result (one-sided onesample t-test, t26= 1.79 p=.04).
This means that, regardless of any scaling issue, the BOLD signal is better fitted (higher semi-partial
correlation between BOLD and QC, and/or smaller overall residual error in the overall regression
model) with individual model free-parameters. This parallels the model comparison approach with the
behavioral data, and might indicate that individual-fit produces latent variables which are closer to the
underlying model actually used by subjects.
fMRI: Random effects & latent variables
As in the previous section, we used two measures to assess the significance of the fMRI random
effects: 1) the size (k) of the VMPFC clusters (PFWE<0.05, with a voxel-wise cluster-generating
threshold PUNC<0.001), and 2) the p-value of the random effects in an anatomical independent VMPFC
ROI (one-sample t-test on the individual 𝛽! averaged over the voxels of the ROI). These two
measures gave similar conclusions: while using 𝐪𝐜 ! as an independent variable seems to improve
random-effect models compared to using 𝐪𝐜 , using 𝐪𝐜 ! provide the most significant random-effects,
supporting the normalization hypothesis (see Figure Supp. 3.A.a, and Figure Supp. 4.B). Although
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excluding the outlier restore the significance of the 𝐪𝐜 condition above the 𝐪𝐜   ! one, using 𝐪𝐜 ! still
provide the most significant random-effects, still supporting the normalization hypothesis (Figure
Supp. 3.A and Figure Supp. 4.B).
fMRI: Inter-individual correlations
As for the non-leaning experiments, we next tested the two main statistical relations derived in the
main text in the anatomical VMPFC ROI (equations (5), (8) (10) and (11)): correlation between 𝛽!! and
𝜎(𝐪𝐜 ! ) and correlation between 𝛽! and 1/𝜎(𝐪𝐜 ! ). Again, whereas the first correlation is not
significantly positive, the second is (P<0.05, Figure Supp. 3.A and Figure Supp. 4.B). This result
holds when excluding the potential outlier (P<0.05, Figure Supp. 3.B and Figure Supp. 4.B), again
strongly favoring the normalization hypothesis. Importantly, the same correlations assessed with tvalues (𝑡!! and 𝑡! ) did not exhibit the same pattern (Figure Supp. 4.B). Hence, inter-individual
differences in QC representations, as measured by 𝛽! are likely due to scaling issues (namely
normalization) rather than differences in the linear dependencies between the BOLD signal and the
behavioral measure 𝐪𝐜 .
fMRI: Inter-individual correlations with model free-parameters
Finally, we ran a very plausible analysis in the value-based decision-making literature: we assessed
the correlation between model free-parameters and VMPFC activations –as measure with 𝛽! . The
rational would be to take the model free-parameters as a traits-of-interest, to support statement like:
“individual who are better learners –i.e. higher learning-rates- have a stronger values-related
activations in the VMPFC”.
Because, in our case, model free-parameters positively correlate with 𝜎(𝐪𝐜 ! ), and that the
Normalization scaling law implies that 𝛽! scale with 1/𝜎(𝐪𝐜 ! ), we expected individual learning-rates
and soft-max-temperatures to be negatively/inversely correlated to 𝛽! in the VMPFC. Experimental
data support this prediction (Figure Supp. 3.A and Figure Supp. 4.B). Excluding the outlier precluded
the significance of the correlation with the learning rate, but not with the soft-max temperature (Figure
Supp. 3.B and Figure Supp. 4.C).
This raises important questions about the interpretations of correlations between modelparameters and activations –as measured by 𝛽! -, as they may be dependent on the statistical
relationship between model-parameters and 𝜎(𝐪𝐜 ! ), which depends on the task design.
Conclusion
Our results suggest that the inter-individual differences in VMPFC value (QC) representation follows a
normalization scaling rule, also when the values are derived from model-based variables. Since the
computational model free- parameters strongly affect the variance of the model-based variables (note
that this is true also for other decision making models’ parameters, such as discount rates), our results
calls caution on the conclusions drawn from correlational results between neural activities (as revealed
with analyses based on non z-scored model based variables) and computational free parameters.
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Discussion
In this part we provide a broader discussion about the theoretical and experimental consequences of
scaling laws in the brain.
A. Accessing and estimating 𝝈(𝐘)
The paper coined the importance of identifying the statistical relationships between interindividual differences in the range of BOLD activation 𝜎 Y , and in the range of stimulus/behavioral
response 𝜎 𝐱 ! that elicited them, in order to correctly draw and interpret inferences based on
unstandardized 𝛽! . We hypothesized and investigated the existence of two such scaling statistical
relationships: the normalization and the proportional scaling laws. However, the level of interpretation
of those scaling laws largely depend on the extent to which state-of-the art fMRI technics can capture
inter-individual variations in the range of BOLD activations  𝜎 Y . Indeed, the proportional scaling
hypothesis can only be supported if it is possible to link inter-individual variations extent of the stimuli /
behavioral responses  𝜎 𝐱 ! to inter-individual variations in the range of BOLD activations  𝜎 Y ; failing
to do so will de facto provide evidence for the normalization hypothesis, regardless of the underlying
neuro-cognitive scaling hypothesis. Please note that this should not be interpreted as a failure of the
proposed framework, which aims at better describing inter-individual brain-behavior relationships and
whose validity is therefore independent of the level of description considered (e.g. measurement issue
vs neuro-cognitive model);
Still, the ability to reliably assess inter-individual differences in the range of BOLD
activations  𝜎 Y appears critical, notably to provide evidence in favor of the proportional scaling laws.
Although fMRI reliability has been the focus of extensive research (Bennett and Miller, 2010), this
specific question has received little attention.
Overall, numerous factors are suspected to play a role in our ability to correctly estimate interindividual differences in the range of BOLD activations  𝜎 Y , such as e.g. individual differences in
vascularization (Logothetis, 2008) and among other factors (see Figure Supp. 6).
B. The scaling law issues: From inter- to intra- individual differences
In this manuscript, we introduced and attempted to decipher the consequences of scaling laws
on random-effect models, inter-individual differences analyses, and computational modelling. We
particularly stressed the fact that in event-related parametric designs, differences in unstandardized 𝛽!
–which are used to quantify brain activations- can naturally derive from differences in the range of the
behavioral measure 𝜎(𝐱 ! ). This is the case under the normalization hypothesis when neuroimaging
data are analyzed with native behavioral variables 𝐱 ! , and likewise under the proportional hypothesis,
when neuroimaging data are analyzed with Z-scored behavioral data. Therefore, we warn that
neuroimaging claims based on unstandardized 𝛽! under unspecified scaling laws are hardly
interpretable. This is true not only for claims about inter-individual differences, but can be extended,
e.g. to within-individual inter-session claims. As an example, a recent neuroimaging study reported
that “BOLD subjective value signals exhibit robust range adaptation” (Cox and Kable, 2014), i.e. that
normalization of BOLD signal under different value ranges also occurs between different sessions of
the same individual. Then, between-sessions scaling laws may have important consequences for
design involving between-session manipulations -such as brain stimulation or pharmacological
modulations- which often also impact the behavior range 𝜎(𝐱 ! ).
Therefore, similarly to the inter-individual; case, we recommend that researchers start
documenting the impact of their between-session manipulation on 𝜎(𝐱 ! ), provide a more detailed
account of the processing of independent variables 𝐱 ! (Z-scoring or not) used for neuroimaging
analysis, and start documenting scaling-laws.
C. The scaling law issues: from parametric to categorical fMRI studies
The present manuscript introduced, illustrated and investigated the notion and consequences of
scaling laws in the context of fMRI event-related parametric designs. Importantly, most conclusions
and warnings enounced in this manuscript can be extended to fMRI categorical designs, notably in the
critical situation where categorical events are constructed from individual reaction times. Indeed,
several authors have recently recalled that when categorical events are modelled with (time-varying)
boxcars, the amplitude of the modelled BOLD signal largely depend on the duration of the event
(Grinband et al., 2008; Poldrack, 2015). Therefore, time-varying boxcars built from individual reaction
times introduce an inter-individual difference in the modelling of BOLD-signal amplitude, and therefore,
inevitably, scaling issue.
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Experimental Procedures
A. Subjects
All studies were approved by the local Ethics Committee: the Ethics Committee for Biomedical
Research of the Pitié-Salpêtrière Hospital of the 3 rating studies, and the local Ethical Committee of
the University of Trento for the learning study. All subjects gave informed consent prior to partaking in
the, study.
Subjects of the rating studies were paid 100€ for the fMRI experiments. A total of 65 subjects were
included in the 3 different rating studies (Study 1: n=20, 10 males, age=22.0±2.7; Study 2: n=19, 11
males, age=23.9±4.0; Study 3: n=26, 12 males, age 25.3±5.5).
Subjects of the learning study were remunerated according to the exact amount of money won in the
experiment plus a fixed amount for their travel to the MRI center. A total of 28 subjects (16 females;
age 25.6±5.4 years) were included in this study.
B. Tasks
a. Rating tasks (Figure Supp. 1.A)
The behavioral tasks involved rating procedures on a Likert scale that were implemented as follows:
subjects could move the cursor by pressing a button with the right index to go left or with the right
middle finger to go right. Ratings were all self-paced, and subjects had to press a button with the left
index finger to validate their response and go to the next trial. The initial position of the cursor on the
scale was randomized to avoid confounding the ratings with the movements they involved.
Details specific to the different tasks are described below:
Study 1 (Figure Supp. 1, left): This fMRI study is a re-analysis of data obtained in Lebreton, et al.
2009 (see Lebreton, et al. 2009 and Lebreton, et al. 2015 for detailed methods). Stimuli were 120
faces, 120 houses and 120 paintings, for a total of 360 pictures which were randomly distributed over
6 sessions of 60 trials each (20 faces, 20 houses and 20 pictures). In every trial, the picture was first
displayed on the screen for 3 seconds, following a fixation cross. Then a -10-10 rating scale appeared,
and participants had to indicate on this scale how pleasant or how old the presented stimulus was
(Figure Supp. 1.A, left).
Study 2 (Figure Supp. 1, middle): This fMRI study is a re-analysis of data obtained in Lebreton, et al.
2012 (see Lebreton, et al. 2012 and Lebreton, et al. 2015 for detailed methods). Stimuli were 240
short (2-5 sec) videos featuring different objects (food, toys, clothes, and tools), randomly distributed
over four 60-trial sessions. In every trial, the video was first played on the screen, following a fixation
cross. Then a 0-10 rating scale appeared, and participants had to indicate “how much they would like
to acquire the object” (Figure Supp. 1.A, middle).
Study 3 (Figure Supp. 1, right): This fMRI study is a re-analysis of data obtained in Lebreton, et al.
2015 (see Lebreton, et al. 2015 for detailed methods). Stimuli were 270 potential events from various
domains (politics, sport, society, culture, media, economics, diplomacy, science, technology, etc...).
They were randomly distributed over 5 sessions of 54 trials each. Subjects were instructed to read the
text depicting the event and think of how pleased they would feel should this event happen in the next
5 years (desirability rating). On every trial one prospect was displayed alone on the screen (5-7
seconds), following a 1s fixation cross. The desirability (-10-10) or probability (0-100%) scale only
appeared after prospect display (Figure Supp. 1.A, right).
b. Learning task (Figure Supp. 3.A)
Subjects were repeatedly presented with fixed pairs of abstract symbols. Over 4 sessions, eight novel
options, defining four novel fixed pairs, were presented 24 times for a total of 96 trials. The four option
pairs corresponded to four contexts (reward/partial, reward/complete, punishment/partial and
punishment/complete), associated with different pairs of outcomes (reward contexts: winning 0.5€
versus nothing; punishment contexts: losing 0.5€ versus nothing) and different quantities of
information being given at feedback (partial and complete). In the partial feedback contexts, only the
outcome about the chosen option was provided, while in the complete feedback contexts both the
outcome of the chosen and the unchosen option were provided. Within each pair, the two options were
associated to the two possible outcomes with reciprocal probabilities (0.75/0.25 and 0.25/0.75).
C. Model - Learning task
Computational model
For this manuscript, we used the model named RELATIVE in Relative from (Palminteri et al., 2015).
The model is an adaptation of a Q-learning model. It stipulates that subjects learn by trial and error to
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compute a value Q(s) for each option. These values are learned via a Rescorla-Wagner rule (also
called delta-rule): they are updated at each trial, by integrating an error term, which compare this
expected value Q(s) to the actual outcome – a so-called prediction-error 𝛿. As reported in the previous
study (Palminteri et al., 2015), this model provide a very good account of the subjects’ behavior
(Figure Supp. 4.A) (see the original paper for an extensive description and justification of the
RELATIVE model parameters and its relation to other models, such as the actor-critic model).
Parameter optimization
We optimized the model free-parameters, the temperature (temp), the factual (𝛼! ), the counterfactual
(𝛼! ) and the contextual (𝛼! ) learning rates, by minimizing the negative log likelihood (LLmax) of the
participant choices under the model using Matlab’s fmincon function, initialized at multiple starting
points of the parameter space.
For the population parameter condition, a single set of parameters was estimated to account for the
behavior of all 28 subjects. This set of parameter could then be used to generate individual time-series
of Q-values (𝐪𝐜 ! ). For the individual parameter conditions, a set of parameters was estimated per
subject. This set of parameter could then be used to generate individual time-series of Q-values (𝐪𝐜 ),
which could also be subsequently Z-scored (𝐪𝐜 ! ).
Model Comparison
Negative log-likelihoods (LLmax) were used to compute classical model selection criteria. We
computed the Akaike’s information criterion (AIC) at the individual level (RFX), and at the group level
(FFX):
𝐴𝐼𝐶!!" = 2×(LLmaxGroup + DF);
𝐴𝐼𝐶!"# =

2×(LLmaxGroup + DF) ;
!"!"#$%&

We also computed the Bayesian information criterion (BIC) at the individual level (RFX), and at the
group level (FFX):
𝐵𝐼𝐶!!" = 2×(LLmaxGroup) + DF×log  (n!"#$% ×n!"#$%&'! );
𝐵𝐼𝐶!"# =

2×(LLmaxSub) + DF×log  (n!"#$% ); ;
!"#$%&'!

Where “DF” is the number of free parameters.
D. Neuroimaging
Data acquisition
For all imaging studies, T2*-weighted echo planar images (EPI) were acquired with blood oxygen-level
dependent (BOLD) contrast. All studies employed a tilted plane acquisition sequence designed to
optimize functional sensitivity in the orbitofrontal cortex and medial temporal lobes (Deichmann et al.,
2003).
The rating studies were imaged with a 3.0 Tesla magnetic resonance scanner. To cover the whole
brain with good spatial resolution, we used the following parameters: Study 1: TR=2.29s, 35 slices, 2
mm slice thickness, 1 mm inter-slice gap ; Study 2: TR=2.0s, 35 slices, 2 mm slice thickness, 1.5 mm
inter-slice gap; Study 3: TR=2.03s, 35 slices, 2 mm slice thickness, 1.6 inter-slice gap.
The learning study was imaged with a 4.0 Tesla magnetic resonance scanner (4T Bruker MedSpec
Biospin MR scanner - CiMEC, Trento, Italy). To cover the whole brain with good spatial resolution, we
used the following parameters: TR=2.20s, 47 slices, 2 mm slice thickness, 1 mm inter-slice gap.
For all studies, T1-weighted structural images were also acquired, co-registered with the mean EPI,
normalized to a standard T1 template, and averaged across subjects to allow group level anatomical
localization. EPI data were analyzed in an event-related manner, within a general linear model, using
the statistical parametric mapping software SPM8 (Wellcome Trust center for NeuroImaging, London,
UK) implemented in MATLAB®. The first 5 volumes of each session were discarded to allow for T1
equilibration effects. Preprocessing consisted of spatial realignment, normalization using the same
transformation as structural images, and spatial smoothing using a Gaussian kernel with a full-width at
half-maximum (FWHM) of 8 mm. Preprocessed images were subsequently analyzed in an event
related manner within the general linear model (GLM) framework.
GLMs
a. Rating tasks
For each rating study; we used two similar GLM to explain subject level time-series: the only difference
was that in the first GLM, the parametric regressor “value” was entered in the native form -𝐯-, whereas
in the second GLM, it was normalized (i.e. Z-scored) per subject and session (and category for Study
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1) –𝐯 ! -.
- Study 1: Events were image onsets, corresponding to the 3 categories of stimuli (face, house,
painting), modeled as a stick functions. These 3 categorical regressors were modulated by the
parametric regressor accounting for the pleasantness rating. We also modeled the rating period in
another regressor with a stick function modulated by response time.
- Study 2: Events were video display, modeled as boxcar function. This categorical regressor was
modulated by the parameters accounting for the desirability ratings. We also modeled the rating period
in another regressor with a stick function modulated by response time.
- Study 3: Desirability rating trials were modeled as boxcar functions covering stimulus presentation.
This event was modulated the parameter accounting for the desirability ratings. We also modeled the
rating period in another regressor with a stick function modulated by response time.
b. Learning task
For the learning study; we used three similar GLM to explain subject level time-series: the only
difference was that the parametric regressor “chosen Q-value” (QC) used in the GLM could be
generated using the population parameter (𝐪𝐜 ! ) or the individual model free-parameters. In this latter
case, the QC -could be entered in the GLM in their native scale (𝐪𝐜 ), or Z-scored per individual and
session (𝐪𝐜 ! ) In all GLMs, each trial was modelled as having two time points, corresponding to choice
and outcome display onsets, modelled by two separate regressors. Choice onset was then modulated
with a parametric regressors accounting for the chosen option Q-value, and the outcome onset was
modulated with a parametric regressors accounting for the actual outcome (+0.5; 0; or - 0.5).
Whole-brain analysis.
All regressors of interest were convolved with a canonical hemodynamic response function (HRF). To
correct for motion artifacts, subject-specific realignment parameters were modeled as covariates of no
interest. Linear contrasts of regression coefficients (betas) were computed at the session level,
averaged at the subject level, and taken to a group-level random effect analysis, using one-sample ttests.
Unless otherwise specified, all activations maps were thresholded using family-wise correction for
multiple comparison (FWE) at the cluster level (PFWE<0.05). This cluster-wise correction was estimated
by SPM8 using cluster-generating voxel-level thresholds of PUNCORR<0.001.
Region of interest (ROI).
The VMPFC anatomical ROI was generated using WFU PickAtlas, and include a bilateral mask of the
Frontal Medial Orbital cortex (Figure Supp. 5).
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Figure Supp. 1. Scaling laws in value rating tasks.
We used 3 published datasets: Study 1: Lebreton, et al. 2009 (left); Study 2: Lebreton, et al. 2012
(middle); Study 3: Lebreton, et al. 2015 (right); A. Rating task. Successive screens displayed in one
trial are shown from left to right, with duration in milliseconds. B. Group-level neural correlates of
values, using native values 𝐯 (top) or individually Z-scored values 𝐯 ! (bottom). The color code on
glass brains (left maps) and sagittal slices (right) indicate the statistical significance of clusters that
survived the whole-brain family-wise error (FWE) correction for multiple comparisons, computed at the
cluster level (PFWE <.05, with a voxel-wise cluster-generating threshold PUNCORR<.001). C. Interindividual correlations between value rating standard deviation 𝜎 𝐯 and unstandardized coefficients of
regressions estimated using Z-scored values 𝛽 ! (top), and between the inverse of the value rating
standard deviation (1/𝜎(𝐯)) and unstandardized coefficients of regressions estimated using nativescored values 𝛽 (bottom). Solid lines indicate the best linear fit, and dotted lines the 95% confidence
interval. The dots color codes the relative 𝜎(𝐯)value, from low (blue) to high (red).
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Figure Supp. 2. Scaling laws in value rating tasks: Summary
𝐯 and 𝐯 ! respectively indicate that the fMRI GLMs are designed with a native scaling or an individual
Z-scoring of the parametric regressor value. VMPFC k refers to the size of the VMPFC cluster (in
voxels, cluster-generating voxel threshold PUNCORR<.001); ROI –log(P) refers to the negative logarithm
of the P-value of a random effect analysis performed on the individual averaged coefficient of
regression extracted from an anatomical VMPFC ROI. 𝛽 and 𝛽 ! respectively refer to fMRI
unstandardized coefficients of regressions computed with 𝐯 and 𝐯 ! . 𝑡 refers to fMRI t-statistics derived
from 𝛽. 𝜎(𝐯) refers to the standard deviation of the native value-rating measure. *: P<.05; **: P<.01;
***: P<.001 one-sample t-test.
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Figure
Supp. 3. Scaling laws in value learning tasks
A. Analyses within the full population (n=28).
a. Group-level neural correlates of QC.  𝐪𝐜 (top), 𝐪𝐜 ! (middle), and 𝐪𝐜 ! (bottom) indicate that the
fMRI GLMs are designed with the variable QC generated with population (𝐪𝐜 ! ) or individual (𝐪𝐜
and 𝐪𝐜 ! ) model free parameters, and using a native scaling (𝐪𝐜 ! and 𝐪𝐜 ) or an individual Zscoring (𝐪𝐜 ! ) of the variable. The color code on glass brains (left maps) and sagittal slices
(right) indicate the statistical significance of clusters that survived the whole-brain family-wise
error (FWE) correction for multiple comparisons, computed at the cluster level (PFWE <.05, with
a voxel-wise cluster-generating threshold PUNCORR<.001 ), except for 𝐪𝐜 (top), where a voxelwise threshold PUNCORR<.001 without further correction for multiple comparisons was used).
b. Inter-individual correlations between value rating standard deviation 𝜎(𝐪𝐜 ) and unstandardized
coefficients of regressions estimated using Z-scored values 𝛽 ! (top-left), and between the
inverse of the value rating standard deviation (1/𝜎(𝐪𝐜 )) and unstandardized coefficients of
regressions estimated using native-scored values 𝛽 (top-right). We also plotted inter-individual
correlations between the model free-parameter temperature and 𝛽 (bottom-left), and between
model free-parameter learning-rate and 𝛽 (bottom-right).
Solid line indicate the best linear fit, and dotted line the 95% confidence interval. The dots
color codes the relative 𝜎(𝐪𝐜 ) value, from low (blue) to high (red).
B. Similar analyses as in A, but excluding the outlier, thus leaving N=27.
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Figure Supp. 4. Scaling laws in value learning tasks: Summary
A. Model comparison. 𝐪𝐜 ! and 𝐪𝐜 indicate that the model were optimized with a set of population (𝐪𝐜 ! )
or individual (𝐪𝐜 ) model free-parameters. AIC: Akaike’s information criterion; BIC: Bayesian
information criterion. B. Assessing scaling laws. 𝐪𝐜 ! , 𝑋 and 𝐪𝐜 ! indicate that the fMRI GLMs are
designed with the variable QC generated with population (𝐪𝐜 ! ) or individual (𝐪𝐜 and 𝐪𝐜 ! ) model free
parameters, and using a native scaling (𝐪𝐜 ! and 𝐪𝐜 ) or an individual Z-scoring (𝐪𝐜 ! ) of the variable.
VMPFC k refers to the size of the VMPFC cluster (in voxels, cluster-generating voxel threshold
PUNCORR<.001); ROI –log(P) refers to the negative logarithm of the P-value of a random effect analysis
performed on the individual averaged coefficient of regression extracted from an anatomical VMPFC
ROI. 𝛽 and 𝛽 ! respectively refer to fMRI unstandardized coefficients of regressions computed with a
native scaling or an individual Z-scoring of the parametric regressor QC. 𝑡 refers to fMRI t-statistics
derived from 𝛽. 𝜎(𝐪𝐜 ) refers to the standard deviation of the native variable QC. C. Correlations
activations-model parameters. lr and temp are the model free-parameters and respectively refer to the
learning rate and the temperature of the logistic choice function. *: P<.05; **: P<.01; ***: P<.001;
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Figure Supp. 5. Anatomical Region of Interest (ROI)
The anatomical ROI of the bilateral Frontal Medial Orbital cortex (red) was generated using WFU
PickAtlas.
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Figure Supp. 6. Factors influencing our ability to assess inter-individual differences.
Numerous factors, along the fMRI data collection and analysis pipeline, influence our ability to
correctly assess inter-individual differences in a way that would be relevant for research, clinical and
societal applications. This review will focus on the importance of the choice, distribution and
processing of the behavioral variables to be entered in the fMRI design. NB: all factors would deserve
a careful assessment about how they impact inter-individual differences, but an exhaustive
assessment cannot be achieved within the space of a single article.
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