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often went in the opposite direction for different subjects. 
Here, we show that the same effects also occur in Data-
set 2. Similar to Dataset 1, we found that without multiple 
comparison corrections, high brain activity predicted 
higher RT in at least one subject and lower RT in at least 
one subject in 50.0% of all ROIs and 16.5, 6.5, and 0.5% 
after correcting for 36, 200, and 7,200 comparisons, 
respectively (Fig. 10A-D). Reflecting the lower number of 
trials per subject, confidence showed weaker effects with 

12.0% of all ROIs showing significant decoding in differ-
ent direction for at least two subjects, and 3.0, 1.5, and 
0% after correcting for 36, 200, and 7,200 comparisons, 
respectively (Fig.  10E-H). Interestingly, differences 
emerged between Datasets 1 and 2 when comparing 
which network contained the most regions with opposite 
relationship between brain activity. These results demon-
strate that the relationship between brain activity and 
behavioral outcomes is not universal, and that this oppo-

Fig. 6.  Opposite relationship between brain activity and both RT and confidence among subjects for the same brain region 
in Dataset 1. (A) Beta values for each subject and region of interest. Red and blue dots reflect subjects for whom RT could be 
significantly decoded from a given ROI (P < 0.05, uncorrected for multiple comparison). Gray dots show subjects for whom 
RT could not be significantly decoded from a given ROI. (B) Brain maps showing the ROIs that contained at least one subject 
with both positive and negative beta values for RT. Significance is shown at four levels of correction: without any correction 
(Puncor), and after correcting for 50 (P50), 200 (P200), and 10,000 (P10K) comparisons. (C) Percentage of ROIs that contained 
at least one subject with both positive and negative beta values for RT for each for four levels of multiple comparison 
correction. (D) Percentage of ROIs within each brain network that that contained at least one subject with both positive and 
negative beta values for RT after correcting for 50 comparisons. (E-H) Same as Panels A-D but for confidence.
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site relationship is not limited to a specific set of regions 
but instead depends on the individual subject.

3.7.  No relationship between decoding 
performance and frame displacement

To confirm that these results were not due to motion arti-
facts, we determined if there was an association between 
decoding performance and frame displacement (FD). We 
performed a regression analysis where average FD for a 
subject was used to predict average decoding perfor-
mance for that subject. We found no significant associa-
tion between FD and decoding performance in either 
Dataset 1 (RT: R2  =  0.02, P  =  0.34; Conf: R2  =  0.002, 
P = 0.72; Fig. S2A-B) or Dataset 2 (RT: R2 = 0.05, P = 0.20; 
Conf: R2 = 0.04, P = 0.22; Fig. S2C-D). These results sug-
gest that decoding performance was not driven by 
motion artifacts.

4.  DISCUSSION

Traditionally, the brain-behavior relationship has been 
examined at the group level to identify the commonalities 
among individuals. Group-level analyses have typically 
associated behavioral signatures within a constrained set 
of brain areas. Here, in contrast to the traditional 
approach, we focus on the brain-behavior relationship 
within an individual. We tested how well trial-level RT and 

confidence can be decoded from the activation in each of 
the 200 cortical regions of interest obtained using the 
Schaefer atlas. We showed that RT and confidence can 
be significantly decoded for at least one subject from 
brain activity across most of the cortex. Additionally, we 
were still able to identify differences in the brain-behavior 
relationship among individuals even with the strictest 
multiple comparison corrections, indicating that these 
differences were robust and persistent across individu-
als. These results demonstrate that behavior can be pre-
dicted from a wider set of brain areas than would be 
suggested by standard group analyses.

These findings indicate that individual variability is a 
major factor in the ability to decode behavioral signa-
tures. In fact, we found that most brain regions could pre-
dict RT and confidence in only a small percentage of 
subjects. Therefore, individual-level analyses might be 
more sensitive since group-level analyses aggregate over 
the large degree of within-subject variability (Fisher et al., 
2018; Lebreton et al., 2019).

How meaningful is it to find that an ROI predicts 
behavior in only a small percentage of subjects? For 
example, one may only be interested in finding brain 
regions for which behavior can be decoded in most par-
ticipants. However, the question whether a brain area can 
predict behavior in at least one subject versus whether it 
does so in the majority of subjects are simply different. 
The latter is concerned with what is common across  

Fig. 7.  Group-level RT and confidence decoding in Dataset 2. Brain regions from which RT could be decode from using 
(A) linear and (B) support vector regression (SVR) model at the group level after correcting for 200 comparisons. (C, D) 
same as plane A and B, but for confidence. * Indicates brain region that significantly, P < 0.05, Bonferroni corrected. FPN, 
Frontal Parietal Network; DMN, Default Mode Network; DAN, Dorsal Attention Network; LIM, Limbic Network; VAN, Ventral 
Attention Network; SOM, Somatomotor Network; VIS, Visual Network.
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subjects. This is traditionally the goal of the majority of 
cognitive neuroscience. While this is an important goal, 
here we focus specifically on individual differences. In 
other words, we want to ask how some subjects may dif-
fer in meaningful ways from the group. To answer this 
type of question, one cannot use the traditional approach 

of looking at the group data. Instead, the idea is that 
robust decoding in an ROI for even one subject is some-
thing that is interesting and meaningful, even if the ROI 
cannot be used for decoding in any other subject.

A natural question that might arise is whether these 
individual differences would disappear if the analysis 

Fig. 8.  RT can be decoded from across the brain in Dataset 2. (A) Brain regions from which RT could be significantly 
decoded in each subject and region of interest. Significance is shown at four levels of correction: without any correction 
(Puncor), and after correcting for 36 (P36), 200 (P200), and 7,200 (P7.2 K) comparisons. NS, not significant. Colors indicate the 
most conservative threshold at which one can significantly decode RT from a given region (see color legend on the right). 
(B) Decoding performance for which subject and brain region. Performance was estimated using the Pearson correlation 
between empirical and predicted RT. (C) Percentage of ROIs where RT could be significantly decoded for at least one 
subject for four levels of multiple comparison correction. Group-level results have been added for comparison. (D) 
Percentage of ROIs per subject where RT could be significantly decoded at four levels of multiple comparison correction. 
(E) Brain maps plotting percentage of subjects for whom RT could be significantly decoded for four levels of multiple 
comparison correction. (F) Brain maps plotting ROIs for which RT could be significantly decoded at the group level after 
multiple comparison correction. FPN, Frontal Parietal Network; DMN, Default Mode Network; DAN, Dorsal Attention 
Network; LIM, Limbic Network; VAN, Ventral Attention Network; SOM, Somatomotor Network; VIS, Visual Network.
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used subject-specific parcellation (Kong et al., 2021). As 
observed in Kong et al., using subject-specific parcella-
tion can improve brain-behavior decoding. However, in 
their study, subject-specific parcellation only marginally 
improved group-level decoding, suggesting that the low 

decoding values do not simply reflect parcellation differ-
ences between subjects.

Individual variability in brain-behavior relationship may 
have many sources. Such variation could emerge from 
functional degeneracy, the ability of different brain regions 

Fig. 9.  Confidence can be decoded from across the brain in Dataset 2. (A) Brain regions from which confidence could 
be significantly decoded in each subject and region of interest. Significance is shown at four levels of correction: without 
any correction (Puncor), and after correcting for 36 (P36), 200 (P200), and 7,200 (P7.2 K) comparisons. NS, not significant. Colors 
indicate the most conservative threshold at which one can significantly decode confidence from a given region (see color 
legend on the right). (B) Decoding performance for which subject and brain region. Performance was estimated using 
the Pearson correlation between empirical and predicted confidence. (C) Percentage of ROIs where confidence could be 
significantly decoded for at least one subject for four levels of multiple comparison correction. Group-level results have 
been added for comparison. (D) Percentage of ROIs per subject where confidence could be significantly decoded at four 
levels of multiple comparison correction. (E) Brain maps plotting percentage of subjects for whom confidence could be 
significantly decoded for four levels of multiple comparison correction. (F) Brain maps plotting ROIs for which confidence 
could be significantly decoded at the group level after multiple comparison correction. FPN, Frontal Parietal Network; 
DMN, Default Mode Network; DAN, Dorsal Attention Network; LIM, Limbic Network; VAN, Ventral Attention Network; 
SOM, Somatomotor Network; VIS, Visual Network.
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to perform the same computation (Price & Friston, 2002; 
Sajid et al., 2020; Tononi et al., 1999). Functional degen-
eracy could arise from differences in structural connectiv-
ity among individuals (Bansal et al., 2018; Muldoon et al., 
2016), since structural connectivity has been associated 
with differences in behavioral performance (Kanai & Rees, 
2011).

Despite the heterogeneity among individuals, a few 
brain regions showed relatively high consistency across 
subjects. The lateral frontal cortex and the visual cortex 
were the most consistent regions from which RT could be 
decoded. Similarly, for confidence, the somatomotor 
system was the most consistent area across subjects 
from which confidence could be decoded, suggesting an 

Fig. 10.  Opposite relationship between brain activity and both RT and confidence among subjects for the same brain region 
in Dataset 2. (A) Beta values for each subject and region of interest. Red and blue dots reflect subjects for whom RT could be 
significantly decoded from a given ROI (P < 0.05, uncorrected for multiple comparison). Gray dots show subjects for whom 
RT could not be significantly decoded from a given ROI. (B) Brain maps showing the ROIs that contained at least one subject 
with both positive and negative beta values for RT. Significance is shown at four levels of correction: without any correction 
(Puncor), and after correcting for 36 (P36), 200 (P200), and 7,200 (P7.2 K) comparisons. (C) Percentage of ROIs that contained 
at least one subject with both positive and negative beta values for RT for each for four levels of multiple comparison 
correction. (D) Percentage of ROIs within each brain network that that contained at least one subject with both positive and 
negative beta values for RT after correcting for 50 comparisons. (E-H) Same as Panels A-D but for confidence.
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association between action-related brain signals and 
confidence (Fleming et al., 2015; Kiani & Shadlen, 2009).

In a seminal paper, Marek et al. (2022) showed that 
thousands of subjects are required to robustly estimate 
the brain-behavior relationship. Even if a brain region 
can be used to decode behavioral performance, the 
underlying relationship may not be consistent across 
subjects underscoring the role of individual differences 
and the limitation of group-level analyses. Our results 
suggest that beyond the number of subjects, an argu-
ably even more important factor for brain-behavior rela-
tionships is the high degree of between-subject 
variability. Specifically, if one brain-region is predictive 
of behavior in one direction in some people but in the 
opposite direction in others, then no matter how many 
people a model is trained on, it will always fail to capture 
many of the individual subjects. It has been suggested 
that beta values cannot be interpreted particularly from 
non-linear decoding models using multiple voxels 
because the beta-values may indicate reduction in noise 
(Kriegeskorte et al., 2008). This may well be true in some 
cases, but in the cases where opposite beta values are 
meaningfully different between individuals, individual 
variability becomes a crucial limitation in our under-
standing of how behavior arises from brain activity. Spe-
cifically, most brain-behavior computational models 
assume that there is a uniform relationship between a 
given region and behavior across all individuals, but this 
may simply not be true. Instead, we may need to build 
models that are more flexible and can account for oppo-
site beta values for different subjects.

Finally, we developed a simple test that future studies 
can use to determine the optimal number of trials in the 
training and testing bins. This is a crucial step in all 
decoding analyses, but one that has received little atten-
tion. The test relies on training the model on a subset of 
trials that ranges from 5 to 95% of all trials, with testing 
performed on the remaining trials. In the context of the 
current study, we found that several hundred (~300) trials 
per person are needed to robustly decode the brain-
behavior relationship at the individual level. These results 
suggest that many previous studies estimating brain-
behavior relationship at the individual level may be under-
powered. We suggest that the optimal number of trials 
used in training a decoding model could be based on: (1) 
minimizing the variance in the decoding performance; or 
(2) maximizing the difference between decoding perfor-
mance and the variance in the performance. In the cur-
rent study, we opted to minimize the variance in the 
decoding performance even though it came at the cost of 
a lower decoding performance.

In conclusion, our findings show that behavioral sig-
natures can be decoded from a much broader range  

of cortical areas than previously recognized. These 
results highlight that studying the brain-behavior rela-
tionship should be studied at both the group and the 
individual level.
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