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Researchers in psychology have long ago acknowledged the 
importance of building and testing theories that account 
for both the typical behaviour observed in a representative 

sample of the population and the observed differences between 
people1–3. Since the mid-twentieth century, scientific psychology 
has benefited from important complementary insights from experi-
mental psychology, which studies variance among treatments, and 
from correlational psychology, which studies variance among par-
ticipants. Similarly nowadays, understanding the average typical 
brain and understanding the differences between individuals con-
stitute the two complementary goals of cognitive neuroscience4,5. 
Inter-individual differences in neural activities can be a source of 
statistical noise when considering the typical brain, but may also 
represent the very object of interest6–9 and can help provide an accu-
rate and representative picture of brain function10.

Across the whole spectrum of neuroscience subfields, under-
standing how differences in neural activity across individuals pro-
duce differences in behavioural responses appears necessary, not 
only to test key predictions of neurobiological theories, but also 
to realize the potential of neuroimaging applications. For instance, 
developmental neuroscience and neuroscience of ageing rely, by 
nature, on the comparison of different individuals characterized 
by different ages or life histories11. Likewise, some neurobiologi-
cal concepts, like cognitive reserve, are entirely designed to explain 
differences in symptoms between individuals faced with the same 
neural pathology12,13. Inter-individual differences are also important 
in neuroscience subfields investigating cognitive processes such as 
learning14 or executive control6, where the neural data could shed 
light on why some individuals perform better than others. Regarding 
applications, clinical diagnostics in psychiatry are expected to 
greatly benefit from the joint analysis of individual behaviour and 
brain activity, as such complementary techniques will allow doctors 

to better dissociate between neurotypical and affected cases15–17. The 
most promising socioeconomic applications of neuroimaging, such 
as the characterization of individual preferences and cognitive abili-
ties, also critically depend on our ability to understand how inter-
individual differences in brain functions relate to inter-individual 
differences in behaviour18–22.

One appealing strategy to investigate how inter-individual dif-
ferences in brain functions relate to inter-individual differences in 
behaviour involves task-related functional MRI (fMRI). Task-related 
fMRI is claimed to be able to target the mechanisms underpin-
ning cognitive processes, because—unlike other biomarkers, such 
as genetics, neuroanatomy, or measures estimated from resting-
state functional imaging8,23—it allows measuring the neural activ-
ity directly elicited by the cognitive processes of interest16,24. This 
is particularly true when fMRI is combined with computational 
modelling, an approach called model-based fMRI, as mechanistic 
measures of cognitive function are explicitly incorporated in the 
analysis framework in the form of a computational variables16,25–28.

In the following section, we develop a concrete example of inter-
individual difference analyses in task-related fMRI. This example 
is inspired by the human reinforcement-learning literature, as it is 
one of the most typical examples of model-based fMRI25,29,30. We 
then use this example to expose and discuss important assumptions 
and requirements underlying the standard inter-individual brain–
behaviour differences (IBBD) analytical strategy.

An IBBD analysis example from human reinforcement-
learning
Reinforcement learning, i.e., learning by trial and error, is thought 
to be a fundamental cognitive building block and is used to achieve 
behavioural goals ranging from tuning motor actions to making 
decisions in social contexts31,32. Reinforcement learning is one of the 
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rare cognitive processes for which we possess satisfactory models at 
the computational, algorithmic and implementational levels33: these 
models account for a wide range of behavioural and neural data, 
transcending animal models and recording technics34. A popular 
reinforcement-learning paradigm is the two-armed bandit task, in 
which participants are repeatedly faced with pairs of abstract sym-
bols, each probabilistically associated with a monetary outcome35. 
Their goal is to use trial-by-trial feedback to learn the association 
between symbols and reward so that they can earn the most money 
(Fig. 1a). The participants’ learning process, as measured by the 
progression of the frequency of correct choices (Fig. 1b), is gen-
erally satisfactorily accounted for by the Rescorla–Wagner model 
and its variants29,36,37. These models use a simple recursive error-
correcting (delta-rule) mechanism, updating the chosen stimulus’ 
expected value with a prediction error (the received outcome minus 

the expected value) weighted by a parameter called learning rate36,37 
(Fig. 1d). Reward prediction errors (RPE) are one of the model’s 
latent variables, i.e., a variable that is not directly observable in indi-
vidual behaviour, but that is assumed by the model to explain the 
observable behaviour25–27. One of the most robust finding in cog-
nitive neuroscience is that blood-oxygen-level dependent (BOLD) 
signal in the ventral striatum (VS) correlates with reward prediction 
errors (Fig. 1g)25,38.

While initial studies investigated the neural mechanisms of rein-
forcement learning in the general population39–41, similar tasks have 
been increasingly used in clinical settings with the aim of explain-
ing symptoms associated with some neuropsychiatric pathologies, 
using an IBBD approach34,42,43. This model-based IBBD strategy—
among others—is embraced by the emerging field of computa-
tional psychiatry. Through the combination of task-related fMRI,  
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Fig. 1 | A case study: explaining inter-individual differences in learning with model-based fMrI. a, Behavioural paradigm. This case-study builds from a 
learning task, similar to the one used by Pessiglione and colleagues41. In the learning task, participants have to repeatedly choose between two symbols, 
probabilistically paired with monetary outcome. The goal is to learn to choose the correct option, i.e., the one that yields a higher reward probability. b, 
In clinical settings, the most common reported result is a deficit in learning of a patient sample, characterized by a slower increase in the rate of correct 
choice over time. c, This is often summarized as a lower average performance in the patient group, or as a negative correlation between symptom severity 
and average performance. d, Computational model. Models of trial-and-error learning typically rely on simple delta-rule algorithms: the values of symbols 
are updated in proportion to RPE (reward obtained – reward expected), weighted by a learning-rate parameter (α). The model assumes that participants 
compute latent variables: option values and prediction errors. e, The model-generated choices typically capture the difference in learning between the 
patient and control group. f, This is generally paralleled by a difference in estimated parameters (for example, learning rate) between the groups and is 
sometimes illustrated in a continuous way, by a correlation between symptom severity and the parameter of interest. g, fMRI. In reinforcement-learning, 
one of the most robust finding is that BOLD activity in VS correlates with RPE at the population level. h,i, To explain the learning deficits in the patient 
group, a common practice is to compare activations—BOLD signal (h) or unstandardized regression coefficients of the prediction errors (i)—between 
controls and patients or to correlate these activations with symptom severity. Those results are taken as evidence that the neurocognitive process of 
interest (here, the encoding of prediction error in VS) is impaired in patients suffering from the considered pathology.
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computational modelling and IBBD analysis, computational psychi-
atry holds the promise of better characterizing the neural bases of 
pathological behaviour, thus improving diagnostic and therapeutic 
tailoring42,44,45. A typical study unfolds as follows: first, a behavioural 
difference between affected participants and neurotypical controls 
is revealed, evidencing the distortion of reinforcement-learning 
mechanisms in the pathology (Fig. 1c). Second, computational 
modelling is used to show that this difference is generated by a dif-
ference in learning rates between affected participants and controls 
(Fig. 1f). Finally, activations correlating with a learning-related vari-
able in a specific brain region of interest (ROI) (for example, RPE 
activations in the VS) are shown to be significantly smaller in the 
affected group than in the control group (Fig. 1i). In general, this 
whole pattern of results is associated with two main claims: first, 
the presence of a significant inter-individual correlation is taken as 
additional statistical evidence supporting the correlation between 
BOLD signal in the ROI and the variable of interest. Second, the 
deficit in activation in the affected group is taken as a causal expla-
nation for the behavioural deficit (for example, learning perfor-
mance). Alternatively, binary classifications (affected participants vs 
neurotypical controls) are often replaced—or complemented—by 
an assessment of a continuous variable such as symptom severity 
or model parameter, in accordance with the dimensional approach 
to psychiatric disorders (Fig. 1i)46. Importantly, despite the focus of 
the current Perspective on a clinical example, the same conclusions 
apply to any measure of inter-individual heterogeneity, ranging from 
task-related performance metrics to political attitudes, for example.

Inter-individual brain–behaviour analyses similar to this exam-
ple are very common in clinical and non-clinical neuroscience 
literatures. To provide quantitative support to this claim, we per-
formed a systematic literature review, looking for studies of human 
reinforcement learning using functional neuroimaging published in 
leading journals in the period 2013—2018 (Box 1). Crucially, we 
found IBBD analyses in more than 70% of the 207 reviewed studies, 
thus confirming the typicality of these approaches. In the follow-
ing paragraphs, we first review and question important theoretical 
and statistical assumptions underlying the study of IBBD. Then, we 
specifically focus on two related questions: how the differences in 
behaviour influence the neural and imaging measures and how this 
can generate spurious results and interpretational problems.

the rationale behind typical IBBD analyses
The rationale behind IBBD analyses is rooted in resource theory47, 
which has a long psychological history48–50. This theory proposes 
that “[behavioural] performance is determined by the amount of 
resources invested and by their efficiency”49.

Factors such as motivation or task demand levels have been 
proposed to modulate the performance-resource function, by 
impacting either the amount of resources allocated to the task or 
the efficiency of a resource unit for producing the output needed to 
accomplish the task51. This resource theory has been almost liter-
ally translated to functional imaging, where resource amounts to 
BOLD activation (or cerebral blood flow) in a brain ROI47,52. From 
there, it is commonly assumed that individuals exhibit behavioural 
differences, either because the ROI is more activated or because 
activations in the ROI are more efficient6,53. For example, assuming 
that the RPE is linked to BOLD activity in the VS, the way IBBD 
results are typically interpreted, depends on the directionality of 
the effects. When good learners exhibit higher RPE activity in the 
VS, they are thought to have mobilized greater amounts of BOLD, 
which improves learning performances (Fig. 2a). This proportional 
coding narrative is the interpretation outlined in the initial example 
(Fig. 1). On the other hand, when good and poor learners mobilize 
similar amounts of BOLD activity in the VS, activations in the good 
learners are thought to be more efficient, leading to better error-
correction for a same amount of neural resources (Fig. 2b). Note 

that, in this case, this efficiency narrative practically corresponds to 
an inter-individual range-adaptation coding principle. Range adap-
tation is a pervasive assumption in the field of decision neurosci-
ence, where it provides a simple computational explanation for the 
phenomenon of adaptive coding54–57.

It is clear from this example that, although intuitive in its formu-
lation, resource theory does not have strong theoretical constraints, 
which makes it able to accommodate almost any pattern of results 
ad hoc51. There is little reason, a priori, to determine whether pro-
portional or range-adaptation coding is applicable to the experi-
mental paradigm at hand. In addition, the translation of resource 
theory—originally developed in psychology—to functional imaging 
seems to rely on very little rationale or experimental evidence: cur-
rently, numerous studies appear to assume that BOLD levels provide 
a reasonable proxy for resource consumption, despite the absence 
of serious neurophysiological basis to this assumption47. Overall, 
these theoretical weaknesses point to the risk that current and past 
attempts to explain inter-individual differences in behaviour with 
IBBD analysis are contaminated by ad hoc interpretation of signifi-
cant correlations, rather than reliable a priori hypothesis-testing58–61.

the typical IBBD analysis strategy
Most analyses of inter-individual differences in task-related fMRI 
typically follow the initial example, and consist in three steps (see 
also Supplementary Notes 1 and 2). The first step consists in esti-
mating measures of brain activations elicited by the behavioural or 
computational variable of interest (thereafter simply referred to as 
the ‘explanatory variable’; for example, the RPE), at the individual 
level. The second step consists in identifying brain regions with 
activity significantly correlated with this explanatory variable at the 
population level, using random-effects analyses. Finally, IBBD anal-
yses proceed by testing statistical associations between individual 
‘activations’ extracted from these ROIs and individual heterogeneity 
factors (for example, pathological diagnosis or learning rate).

In the context of resource theory, IBBD analyses require indi-
vidual measures of activations quantifying absolute levels of BOLD 
activation: in the initial example, one wants to estimate in every 
individual how much the BOLD signal increases in the VS when 
the RPE increases by one unit and then compare this quantity 
between individuals. In functional neuroimaging, numerous mea-
sures of individual brain activation elicited by a behavioural mea-
sure are available, but only a subset is sensitive to absolute levels of 
BOLD activations (Supplementary Note 3). This specific subset of 
measures, which best correspond to the resource theory underly-
ing IBBD analyses, typically derives from unstandardized first-level 
coefficient of regressions (hereafter referred to as ‘betas’).

General issues of IBBD
It is worth noting that, even when the standard population-based 
analyses are well powered and well executed, the statistical require-
ments for correlating heterogeneity factors and task-related fMRI 
betas from a given study are not necessarily met. For instance, IBBD 
analyses have been applied to a large body of heterogeneity factors 
with little concern for internal consistency, i.e., for the extent to 
which those factors actually provide a robust estimate of individual 
dimensions62. This is an issue because standard tasks in psychology 
are designed to elicit robust population effects rather than robust 
inter-individual differences63, and commonly used individual fac-
tors such as risk preference seem to lack consistency across different 
methods of elicitation64.

IBBD analyses should also be appropriately powered65,66 and 
based on credible and reliable effect size61,67. Yet despite the 
abundance of studies on the intra-subject reliability of BOLD-
signal estimation68–70, little is known about how this translates to  
inter-subject reliability and effect size, as assessed by popular 
measures of activation. There are numerous technological and  
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Box 1 | Assessing IBBD practices in the human reinforcement-learning literature

To quantify the extent of the IBBD issue raised in this Perspective, 
we conducted a literature review of years of neuroimaging studies 
investigating human reinforcement-learning processes (July 2013–
July 2018). We used the query terms {reinforcement-learning OR 
reward-learning OR value learning} AND {fMRI}, and focused on 
the following journals: Nature Neuroscience, Neuron, PLoS Biol-
ogy, PNAS, Nature Communications, eLife, Journal of Neuroscience, 
Brain, Biological Psychiatry and Molecular Psychiatry. We excluded 
studies that used animal models and studies that did not use a 
task-based, event-related fMRI framework (for example, morpho-
metry, resting state or neurofeedback studies). This resulted in the 
inclusion of 207 studies, which we further split into two groups, 
depending on whether studies actually used an instrumental-
learning paradigm (N = 92) or did not use such a paradigm (N 
= 115; typically, other decision-making tasks somehow related to 
reward processing). We then evaluated whether and how those 
studies conducted IBBD analyses. Overall, we found that the ma-
jority of studies (71% of non-learning and in 72% of learning stud-
ies) engaged in IBBD analyses, regardless of whether they focus on 
instrumental learning or on other types of decision-making pro-
cesses (Box Fig. a). Yet this prevalence in the reporting of IBBD re-
sults was not matched by a consensus in the implementation of the 
analyses. There was no consensus on the activation measure used 
(standardized or not beta/regression coefficient, z-score, t value, 

etc.). There was also no consensus on the contrast type and the 
anatomical localization inference to be used in IBBD (Box Fig. b).  
We found four main types of contrasts: (i) categorical contrast be-
tween different event types (grey), (ii) categorical or parametric 
contrasts derived from individual behaviour, i.e., choices, choice 
correctness, ratings (orange), (iii) parametric contrasts derived 
form a model latent variable (blue) and (iv) contrast deriving 
from psychophysiological interaction analyses or other connectiv-
ity measures (yellow). While the first type may not be subject to 
the issue raised in this Perspective, the three others (89%) may be 
subject to some analytical or interpretational concerns. Regard-
ing the anatomical localization strategy, we found ROI-based ap-
proaches as being preponderant (~70%), with only a minority of 
studies using independent ROIs. Another issue that arose during 
the literature review concerns the descriptions of the activation 
measures, which are often quite uninformative about what math-
ematical quantity they represent: most common terms simply re-
fer to ‘betas’ or ‘[regression] coefficients’. Likewise, the processing 
of the behavioural or latent variable is hard to track (standardized 
across participants or not). Finally, the fact that there is no detect-
able difference in sample size between the studies including or not 
IBBD analyses (Box Fig. c) suggests that a large fraction of IBBD 
analyses may be underpowered and probably opportunistic (i.e., 
done in complement to planned random-effect (rfx) analyses).
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results of the literature review. a, IBBD prevalence. The horizontal stacked bars display a characterization of IBBD analyses in reinforcement-learning 
(top) and non-reinforcement-learning (bottom) studies. Studies were included as using IBBD if they report an inter-individual correlation between  
brain activity and a heterogeneity criterion (blue) or a group difference (orange). We also tagged studies that report between-session analyses (yellow),  
as they are subject to concerns similar to those regarding IBBD analysis, and studies reporting several between-session analyses (purple). In the pool  
of reinforcement-learning studies, we used the same coding scheme, and additionally report whether studies make use of computational models.  
b, IBBD practices in the human reinforcement-learning literature. For this second analysis, we focused on human reinforcement-learning studies that  
report IBBD and make use of computational models. We evaluated the IBBD practices among those studies with respect to the type of neuroimaging 
contrast used to model subject-level activation in the IBBD analysis (left) and the type of anatomical inference (right). c, Sample size (in log-scale).  
We sorted the 207 studies by sample size and indicated whether they used IBBD (blue) or not (grey). On the right end of the histogram, diamonds and 
dots, respectively, represent median and mean sample sizes (median IBBD = 27, medianNO-IBBD = 27; mean IBBD = 45.0, meanNO-IBBD = 52.4).
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neurophysiological factors that could undermine our ability to 
accurately assess individual differences in absolute levels of BOLD 
activations—see notably Table 1 in ref. 4, which lists important 
sources of variance in functional-anatomic imaging, and see ref. 5 
for a review. Studies even report that some fMRI activations might 
be artefactual71 and that sources of within-subject variability ver-
sus between-subject variability might be distinct72,73. Despite these 
indications that IBBD analyses might have lower signal-to-noise 
ratio than classical random-effect analyses, it seems that most IBBD 
analyses are typically conducted as an opportunistic complement to 
within-subject analyses and hence leverage relatively small sample 
sizes53. Confirming this interpretation, and contrary to the recom-
mendation that inter-individual differences studies should be sup-
ported with higher statistical power65, our literature review shows 
no difference in sample size between studies that include IBBD and 
studies that do not (Box 1).

From differences in behaviour to IBBD
Having outlined and questioned the main assumptions behind 
IBBD analysis, we now turn to the central issue of this perspective: 
a commonly overlooked property of the individual activation mea-
sures (unstandardized betas) is that they are inversely proportional 
to the individual variance of the explanatory variable (hereafter sim-
ply referred to as ‘explanatory variance’). Critically, under the two 
neurobiologically plausible coding principles inspired from resource 
theory, this property generates statistical dependencies between the 
activation measure (unstandardized betas) and this explanatory 
variance. The directions of these dependencies depend on how the 
explanatory variable was pre-processed in the neuroimaging analy-
sis pipeline. The two current options are either to use the native vari-
able or to proceed with a within-subject standardization (z-scoring) 
of this variable such that the z-scored explanatory variable has a 
mean of zero and a standard deviation of one for all participants.
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Under the proportional coding principle, it can be easily shown 
(Supplementary Note 2) that, while individual activations (betas) 
are uncorrelated with the explanatory variance when activations 
are estimated with the native explanatory variable, they are posi-
tively correlated with it when activations are estimated with the 
z-scored explanatory variable (Fig. 2b). Under the range-adaptation 
coding principle, however, activations are negatively correlated 
with the explanatory variance when activations are estimated with 
the native explanatory variable and independent from it when 
activations are estimated with the z-scored explanatory variable  
(Fig. 2c). Of course, one never directly uses the explanatory variance 
to devise groups of individuals or as an explanatory variable in inter-
individual correlations with activations, because this variance rarely 
represents the trait or the behavioural pattern of interest. However, 
individual differences in variance are very often a by-product of 
other behavioural differences: for instance, in the learning example, 
an initial difference in performance naturally translates to a differ-
ence in learning rates, which typically generate differences in mean 
and variance of RPE (Supplementary Note 5).

Some counter-intuitive aspects of IBBD analyses are worth high-
lighting: using native explanatory variable can lead to false negative 
interpretations in the proportional case and to false positive inter-
pretations in the range-adaptation case. Returning to the learning 
example, when higher levels of BOLD signals in the VS of some 
participants are actually responsible for higher learning rate (pro-
portional coding), IBBD analyses with native explanatory variables 
would come out non-significant. Reciprocally, when similar levels 
of BOLD signals in the VS of all participants are associated with 
different learning performances (for example, because of range-
adaptation coding or because individual differences in performance 
are caused by differential activations in another brain region), IBBD 
analyses would result in higher activation in the slow-learners group.

Interpretational issues in IBBD
Overall, we believe that the systematically overlooked dependences 
between activation measures and explanatory variance have impor-
tant consequences on IBBD analyses and their interpretations. 
Specifically, IBBD correlations may not constitute additional inde-
pendent statistical evidence for the implication of the ROI in the 
generation of the behaviour; they can simply derive from individual 
differences in the variance of the explanatory variable used to esti-
mate brain activations. When (i) an ROI is shown (or known) to cor-
relate with the explanatory variable at the population level and (ii) 
some inter-individual differences in the explained variance correlate 
with the heterogeneity factor of interest, significant IBBD results 
should be interpreted with caution. This is because they may in fact 
be artefactual consequences of one’s (otherwise valid) methodologi-
cal approach to testing the significance of population averages. In 
other words, standard group-level and IBBD results may be two 
sides of the same coin, rephrasing the same piece of evidence twice.

In addition, IBBD analyses may not assess individual differences 
associated with average performance (a proxy of efficiency or moti-
vation) as straightforwardly as it is frequently assumed47. Rather, 
significant IBBD results might merely reflect individual differences 
in explanatory variance. Therefore, testing hypotheses concerning 
IBBD and interpreting the consequent results should account for 
how individual performance (efficiency or motivation, as the case 
may be) correlates with this explanatory variance. This can be influ-
enced by many factors, including the task difficulty and structure, 
as well as modelling options (Fig. 2d and Supplementary Note 4). 
Taking these dependences into account could help to understand 
puzzling results in model-based fMRI (Box 2).

Finally, it seems that currently it is extremely difficult to derive 
precise IBBD predictions. Indeed, the statistical dependencies 
between the individual behavioural variance and the individual 
activations depend on the underlying neurophysiological coding 

principles linking the BOLD signal and the variable (namely, pro-
portional vs range-adaptation), which are largely undocumented. 
As a consequence, almost any significant statistical pattern of inter-
individual seems to be explainable ad hoc under certain assump-
tions (Fig. 2d)—a criticism that was also raised toward resource 
theory in general51. In our view, this largely impairs current efforts 
to derive robust and replicable inter-individual findings in task-
related neuroimaging.

A generalization of IBBD issues
Although the ‘case study’ used to illustrate the theoretical and sta-
tistical issues at stake might seem overly specific (reinforcement 
learning, model-based fMRI, explanatory variables derived from 
individual behaviour), we believe that the issues raised have more 
general and broader implications. Most importantly, the lack of a 
clear specification of how the resource theory applies to fMRI is not 
restricted to model-based and parametric designs, but actually gen-
eralizes to almost all designs, including the class of simpler, categor-
ical designs (i.e., where activations are estimated from experimental 
conditions, not from behaviourally derived variables). The excessive 
theoretical flexibility underlying IBBD analyses, which opens the 
door to ad hoc interpretations of (potentially spurious) correlations, 
should raise concerns about the validity of statistical claims about 
IBBD in a wide range of experimental designs allowed by fMRI58–61.

The issues arising from comparing activations in the presence of 
behavioural differences are also not restricted to the investigation of 
between-subject differences: they naturally extend to within-subject, 
between-sessions designs—for example, when behaviour and BOLD 
activities are recorded in the same individuals but in different ses-
sions. If the explanatory variance is susceptible to being modulated 
between different sessions, assessing inter-session differences of 
brain activity is subject to all the aforementioned issues. This cau-
tionary message applies, for example, to typical experimental designs 
investigating the effects of a pharmacological manipulation74, a stim-
ulation protocol (for example, transcranial magnetic stimulation75,76), 
or general ‘contextual’ effect on a behaviour-related activation.

recommendations and avenues for future research
In the present Perspective, we raise awareness about possible pit-
falls of the analyses routinely performed to assess how individual 
differences in brain functions correlate with differences in behav-
iour (IBBD) and their interpretations. Some of those concerns (for 
example, regarding statistical power or internal validity) are not 
specific to functional imaging65,66 and might be addressed by the 
ongoing cultural changes in the field, such as the rise of transparent 
and reproducible neuroimaging research practices61,77 or the collec-
tion of larger datasets including task-related fMRI paradigms78–80. 
Amidst those general concerns, we outlined problems specific to 
IBBD analyses.

We feel it is mandatory to re-evaluate IBBD theoretical and ana-
lytical underpinnings and their potential confounds. A first impor-
tant area of focus is the statistical impact of individual differences 
in the behavioural explanatory variables, which can be sources of 
non-independence issues and spurious results. The presence of this 
potential confound in previous reports should raise caution about 
the interpretation of both the directionality and the statistical sig-
nificance of published IBBD results. As an immediate step to allevi-
ate or to assess the impact of these potential issues in future studies, 
we recommend systematically documenting dependencies between 
heterogeneity factors and explanatory variance (i.e., the variance of 
the behavioural or model-derived variables used to estimate activa-
tions) and specifying which measure of activations are used in IBBD 
analyses (Supplementary Notes 1–3) in order for results to be evalu-
able, interpretable and reproducible. As illustrated in this perspec-
tive, these data could quite straightforwardly help to make sense of 
seemingly highly contradictory IBBD findings. Before even engaging  
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in IBBD analyses, several steps could be taken, in theory, to evalu-
ate whether the inter-individual difference observed in traits or 
behaviour and the variance captured in model-based fMRI activa-
tions can be related in a meaningful way. For instance, one would 
expect that subject-specific (latent) variables would better account 
for the BOLD signal in an ROI than the same variable estimated 
from another individual. These sanity checks might, however, be 
hampered by the low signal-to-noise ratio of fMRI, which limits its 
ability to capture these subtle differences81.

Our Perspective also highlights the urgent need for statisti-
cal tools to clarify the underlying coding principle, to constrain 
analyses and interpretations and to reduce unnecessary degrees of 
freedom in analytical pipelines—see, for example, recent develop-
ments leveraging analytic tools from psychometric theory82. We 
speculate that a promising avenue for improving IBBD assessment 
is to depart from the simple reliance on statistical comparisons 
between individual parameters and/or activations and to turn to 
more comprehensive neurocomputational approaches, paired with 
model comparison. Such model-based approaches could notably be 
tailored to address two specific issues of current IBBD approaches. 
First, neurocomputational models could, in theory, explicitly incor-
porate constraints imposed by inter-individual coding principles 
(i.e., some variant of range adaptation and/or proportional coding). 
These models could be jointly fitted to behaviour and fMRI concur-
rently and then compared in their ability to account for the data. 
Second, current IBBD analyses assume that all participants use the 
same strategy, implemented as a single computational model, so that 
inter-individual differences in behaviour are reasonably captured by 
inter-individual differences in model parameters. If different par-
ticipants use different strategies, implemented as different computa-
tional models, this may confound inter-individual variations in the 
relationship between brain activity and the computational variables 
estimated with the single model. Fitting and comparing different 

computational models (potentially, jointly to both behavioural and 
fMRI data) in different participants could, again, be an efficient 
way of capturing the true essence of inter-individual differences45. 
Eventually, dual fitting approaches could yield new interpretational 
issues. For example, BOLD signal may be very well explained, but 
not the behaviour. An important prerequisite would be to ensure 
that the dual fitting approach actually captures a ‘reasonable’ amount 
of inter-individual variance in both BOLD and behavioural data.

A different, recent and increasingly common strategy to investi-
gate inter-individual differences in cognitive neuroscience leverages 
data-driven approaches, such as unsupervised classification tools, 
to identify subtypes of individuals44. Although this approach has 
a lot of potential and promises, it is still limited by the quality of 
the features used by the classifier: if one wishes to classify individu-
als based on computational model parameters, or on model-based 
fMRI activations, most of the issues raised in this Perspective would 
still limit the interpretability of the results.

In parallel with the improvement of IBBD statistical tools, an 
important area of focus is the development of better theories of 
IBBD. The dominant, naive translation of resource theory to BOLD 
signal should be superseded, as it seems to lack solid neurophysi-
ological support47. Better, comprehensive IBBD theories should 
probably depart from a static structure–function mapping and 
treat brain regions as information-processing nodes, embedded in 
functional networks and characterized by specific inputs, outputs 
and canonical computations83–85. To feed these theoretical devel-
opments, more basic research regarding the biophysical models 
and neurophysiological bases underlying inter-individual differ-
ences in neuroimaging is needed. Joint fMRI and neural record-
ings in animals have been an outstanding source of information 
about the neurophysiological basis of the BOLD signal86,87, yet 
have rarely addressed inter-individual questions so far. In humans, 
two diametrically opposed and complementary approaches could  

Box 2 | explaining puzzling results of model-based fMrI

In this Box, we illustrate how the IBBD issues outlined in this Per-
spective may explain self-contradictory practices in model-based 
fMRI. Model-based fMRI typically uses as dependent variables 
latent variables that are inferred from observable behaviour, as fol-
lows: a computational model is fitted in order to obtain the free-
parameters’ values that maximize the likelihood of observing the 
data given the model25. Notably, the free-parameters can be either 
considered as fixed effects (i.e., shared across individuals) or ran-
dom effects (i.e., each subject’s parameters are drawn from a com-
mon population distribution)29.

Counterintuitively, while treating model-free parameters as 
random effects often provides the best account of individuals’ 
behaviour as assessed by rigorous model-comparisons, a common 
practice is to treat them as fixed effects—i.e., using the population-
level parameters—to generate the latent variables to be fed into 
the fMRI analysis39,40,96–101. This is often justified by arguing 
that parameter estimates at the individual level are ‘noisy’ and 
estimating them from collapsing all participants is an efficient way 
to regularize them. However, if individual parameters still provide 
a better account of the population behavioural data according to 
rigorous, complexity penalizing, model-comparison procedures, 
then the variance modelled in the individual parameters actually 
captures a true inter-individual variability. Therefore, using 
population-level parameters does not seem justified. As a matter of 
fact, the advantage of using the population-level parameters could 
be explained in the light of the IBBD issues highlighted in this 
Perspective. As depicted in Supplementary Note 5, the value of the 
learning rate α affects the variance of the latent variables (option 

values and prediction errors). Accordingly, using population-
level parameters constrains the individual explanatory variance 
to a similar value, provided that individuals are given a similar 
input. Under the range-adaptation coding principle, this ensures 
that individual activations take similar values, hence substantially 
increase the statistical power of second-level random effects 
analyses. However, under the range-adaptation coding principle, 
a more appropriate way to model brain activation would involve 
using individual model parameters and z-scoring latent variables.

Note that using population-level parameters for the 
neuroimaging analysis can also spuriously create IBBD patterns, 
notably under the range-adaptation coding principle: using 
population-level parameters de facto underestimates the variability 
of the latent variable in some individuals (those whose individual 
parameters would have generated a larger explanatory variance). 
In those individuals, the (population) latent variable (explanatory 
variable) has to be magnified in order to match the individual’s 
BOLD time-series by inflating estimated activations. The same 
reasoning can show that using population-level parameters 
deflates estimated activations in other individuals (those whose 
individual-parameters would have generated a smaller explanatory 
variance). In the end, these statistical associations provide a basis 
for monotonical dependencies between individual parameters 
values and activations, creating spurious inter-individual brain-
behaviour correlation.

This Box further illustrates that common practices in model-
based fMRI would benefit from a better understanding of the 
neurobiological and statistical bases of inter-individual differences.
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eventually contribute to improve our understanding and model-
ling of the sources of inter-individual variance: the investigation of 
highly sampled fMRI datasets, designed to improve the anatomical 
and functional characterization of individual participants72,73,88,89; 
and the exploration of large, longitudinal, population-based neuro-
imaging datasets, designed to evaluate inter-individual variability in 
brain structure and function across individuals, environments and 
developmental stages79,80,90,91.

Although these developments appear necessary to unlock the 
potential of task-related fMRI to explain and understand inter-
individual differences in behaviour, other relative agnostic uses of 
the inter-individual variance in fMRI might still be able to deliver 
outcomes of important societal value. For instance, combined with 
multimodal imaging67,92,93 and genetics94,95, task-related fMRI can 
be an important component of neuromarkers8,9, irrespective of its 
ability to truly—i.e., mechanistically—explain what drives inter-
individual differences in traits or behaviour.
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