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Abstract

Relating individual differences in cognitive traits to brain functional organization is a long-lasting
challenge for the neuroscience community. Individual intelligence scores were previously
predicted from whole-brain connectivity patterns, extracted from functional magnetic resonance
imaging (fMRI) data acquired at rest. Recently, it was shown that task-induced brain activation
maps outperform these resting-state connectivity patterns in predicting individual intelligence,
suggesting that a cognitively demanding environment improves prediction of cognitive abilities.
Here, we use data from the Human Connectome Project to predict task-induced brain activation
maps from resting-state fMRI, and proceed to use these predicted activity maps to further predict
individual differences in a variety of traits. While models based on original task activation maps
remain the most accurate, models based on predicted maps significantly outperformed those based
on the resting-state connectome. Thus, we provide a promising approach for the evaluation of
measures of human behavior from brain activation maps, that could be used without having

participants actually perform the tasks.
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Introduction

Cognitive abilities and psychological traits widely differ between individuals. The search for
objective measures of individual traits is a long-lasting challenge for the scientific community,
spanning psychological questionnaires, behavioral tests and more recently, brain imaging-derived
measures (Haynes and Rees, 2006). Specifically, it has recently been shown that individual scores
of general intelligence could be predicted using individuals’ task-induced brain activation patterns,
acquired while performing a task inside a magnetic resonance imaging (MRI) scanner (i.e., task-
functional MRI, hereafter referred to as task-fMRI) (Greene et al., 2018; Sripada et al., 2020).
However, tasks used in fMRI studies are often tedious and time-consuming, require participants
cooperation and should be pre-designed to target the cognitive domain of interest. What if,
alternatively, individual traits could be predicted from ‘task’ activation maps without the need to

actually perform any task?

Resting-state (rs) fMRI is a procedure in which no explicit task is introduced to participants while
they are scanned (Biswal et al., 1995).The rs-fMRI signal can be analyzed to extract patterns of
functional connectivity, reflecting time-synchronous activity of spatially distinct brain areas
commonly represented as the rs-connectome (Sporns, 2011). In the last few years, the rs-
connectome was found to be stable enough to be used as a fingerprint to detect identity (Finn et
al., 2015), to correlate with behavioral and demographic measurements (Smith et al., 2015) as well
as personality traits (Cai et al., 2020; Dubois et al., 2018a), and was also linked to individuals’
genetic profile (Colclough et al., 2017). Functional connectivity fingerprinting and the prediction
of individual measures from resting-state connectivity are methods under constant development
(Kashyap et al., 2019; Kong et al., 2019; Shen et al., 2017). However, rs-connectome-based
predictions of intelligence were less successful than predictions based on task-fMRI data (Gao et
al., 2019; Greene et al., 2018; Sripada et al., 2020). A widespread explanation for this is that
placing the brain in a more cognitively demanding state (e.g., task vs. rest) improves brain-based
prediction of intelligence in a way analogous to treadmill testing of cardiac function (Greene et al.,

2018; Sripada et al., 2020).

Still, brain activity and connectivity are tightly linked. Patterns of functional connectivity show a
striking spatial correspondence with various task-induced brain activation patterns (Smith et al.,

2009), and features of functional connectivity were shown to accurately predict task-induced
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activations on an individual basis across a wide range of cognitive domains (Cole et al., 2016;
Tavor et al., 2016). In the present work we aim to predict individual-specific cognitive measures,
such as general intelligence, using task-free functional MRI scans. Our hypothesis is that task
activation maps predicted from resting-state connectivity patterns (hereafter referred to as
“connTask” maps), can be used to predict individual traits. Furthermore, we hypothesize that
predictions of individual traits using models based on these “connTask” maps would be more
accurate than predictions derived from models based on the rs-connectome directly. Thus, we
suggest a novel approach for accurate estimation of cognitive abilities from a simple and effortless

fMRI scan, without actually performing any task.

To test our hypotheses, we used the data of 847 participants from the Human Connectome Project
(HCP) who underwent resting-state and several task-fMRI scans, as well as multiple behavioral
tests performed outside of the scanner (see methods) (Barch et al., 2013; Glasser et al., 2013; Smith
etal., 2013; Van Essen et al., 2012). As a measure of intelligence, we calculated individual general
cognitive ability (G) scores based on 10 cognitive tests, using a previously suggested factor
analysis approach (Dubois et al., 2018b). We used a 10-fold cross-validation approach to generate
a variety of connTask maps, and predict individual G-scores using a Brain Basis Set modeling
paradigm (Sripada et al., 2020, 2019a) (see methods and Figure 1). We predicted intelligence
scores using either original task activation maps, connTask maps or resting-state functional
connectomes, and compared the success of predictions derived from these different inputs. In
addition, we devised models that combine data from multiple task-activation/connTask maps and

compared their success to models based on a single map (see methods).
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Materials and Methods

Data and participants

We used the data from the Human Connectome Project (HCP) (Van Essen et al., 2012) for all
subsequent analyses. The dataset includes functional and structural minimally pre-processed

(Glasser et al., 2013) scans (1200 subjects release).

We included participants that performed all the relevant behavioral and cognitive tests (see G-
score construction, section 2.6), and completed all the resting-state and task fMRI sessions, barring
the Motor task, which was left out of further analysis due to its weak contribution to the prediction
of intelligence (Sripada et al., 2020), and the low specificity of its connTask maps (Tavor et al.,
2016). These criteria resulted in a dataset of 847 participants.

All acquisition parameters and image processing pipelines are described in detail in Glasser et al
(2013). Briefly, all fMRI data (rest and task alike) were scanned with a TR of 0.72s. Each
participant included in this study had four resting-state fMRI runs with a total of 1,200 timepoints

per run, and performed all necessary tasks fMRI scans.

As part of the HCP’s pre-processing procedure, all functional data were de-noised using FMRIB’s
ICA-based Xnoiseifier (FIX) (Griffanti et al., 2014; Salimi-Khorshidi et al., 2014), which
identifies independent components of structured artefacts in the data, and regresses them out. This
is the standard method for nuisance regression in the HCP. This procedure ensures that the “cleaned” data
is minimally affected by noise sources such as white-matter signal or motion effects, as these are
represented as noise components and are regressed out of the data. The “cleaned” data was then
resampled and “projected” onto a surface representation consisting of 91,282 "grayordinates" in
standard space. Data were aligned and registered using Multimodal Surface Matching (MSMALII)
(Robinson et al., 2018).

As for the task fMRI, data provided by the HCP were already post-processed and included
statistical analysis. All tasks in the HCP were performed in a block-design manner, and activity
estimates were computed for the time series from preprocessed functional scans using FSL's FILM
(FMRIB's Improved Linear Model with autocorrelation correction) (Woolrich et al., 2001).
“Blocks” of each type of stimuli included in each task, were convolved with a double gamma

canonical hemodynamic response function (Glover, 1999) to generate the main model regressors.
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All tasks were performed twice, and the statistical maps provided by the HCP are the result of the

second level analysis, that provides a mean result for each contrast across both runs.

The Working Memory task included 405 time-points, with 25 seconds long blocks, and 4 blocks
per condition (0-back, 2-back); The Gambling task included 253 time-points, with 28 seconds long
blocks, and 2 blocks per condition (reward, punish); The Language task included 316 time-
points, with blocks of varying length (average ~30 seconds, math and story blocks were maintained
at same length), and 4 blocks per condition (math, story); The Social task included 274 time-points,
with 23 seconds long blocks and 2 or 3 blocks per condition (run 1 contained 2 Social and 3
Random blocks and Run 2 contained 3 Social and 2 Random blocks.); The Relational task included
232 time-points with 16 seconds long blocks, and 3 blocks per condition (relational, control); The
Emotion task included 176 time-points, with 18 seconds long block and 3 blocks per condition

(face, shape).

We used the Z-score maps provided by the HCP for all contrasts described in Table 1 with no
further analysis. Additional details regarding task design and processing can be found in (Barch et

al., 2013)

Task Domain Contrasts
2bk>0bk
Working Memory 2bk
Obk
Language Math-Story
Random
Social TOM
TOM-Random
. Rel
Relational Match
. Punish
Gambling Reward
Emotion Faces-Shapes

Table 1. Task contrasts used in further analyses. Contrasts in bold
were used as exemplars in the main analysis. Additional contrasts
were used in the analyses presented in supplementary figures S8 and
S12.
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Construction of connectivity-derived task activation (connTask) maps

Connectivity-derived task activation maps were calculated according to the method suggested by
Tavor and colleagues (Tavor et al., 2016), for which all codes are publicly available. The procedure

is described in Figure 1A and detailed below.
Cross-validation

ConnTask maps were predicted using the following procedure in al0-fold cross validation routine,
where in each iteration 9/10 of the participants were used as the training set and the remaining
participants were used as the test set. Considering the fact that the HCP dataset includes siblings,
we made sure that in each iteration of the cross-validation process, participants who are genetically
related were allocated to the same group (train/test), as to prevent over-fitting (Colclough et al.,

2017).
Feature extraction

The feature extraction procedure included four steps, designed to yield a set number of functional

connectivity maps, to be used in the prediction model.

1. First, in order to reduce the dimensionality and prepare the data for the following steps, all the
training set’s pre-processed resting-state fMRI data were combined using an iterative group
principal component analysis (PCA) procedure (Smith et al., 2014). This step is aimed to
concatenate a large number of participants; an iterative PCA was shown to yield a very accurate
approximation to a concatenation of the whole dataset while having very low memory
requirements (Smith et al., 2014). In each iteration of this procedure, data from one resting-
state scan (1200 timepoints) were added, and the overall dimensionality was reduced to a set

of 1000 group-level components.

2. Group independent component analysis (ICA) (Beckmann et al., 2005) was performed on the
training set’s reduced data using FastICA (Hyvérinen, 1999), yielding 45 spatially-independent
cortical components to be used as seeds for connectivity analysis. Five of these components
were manually classified as noise according to their spatial maps and removed from further

analyses (see Supplementary Figure S1).

3. Dual regression was performed on the cortical components against individual time-series, to

produce subject-specific cortical independent component (IC) maps (Beckmann et al., 2009)
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for all participants, test and training sets alike. In dual regression, the first regression uses the
cortical group-ICA maps as regressors to get an individual time-series for each component per
participant. The second regression uses the individual time-series as regressors to get
individual spatial maps. Thus, this step produces individual seeds to be used in the following

connectivity analysis.

4. Last, the subject-specific IC maps were used as seeds in a weighted seed-to-vertex analysis.
As such, individual IC maps were regressed against individual rs-fMRI time-series in order to
yield one time-course per spatial map. Each time course was then correlated with the original
rs-fMRI data to produce an individual connectivity map for each IC map. In the original work
by Tavor and colleagues, weighted seed-to-vertex connectivity maps were created also for
additional 32 sub-cortical components. Of these, we included 3 cerebellar components that
were created through group-ICA. The remaining sub-cortical components had little to no
contribution to the prediction success, and thus were kept out of the procedure we implemented

in this work.
Model fitting and prediction

A general linear model was used to map the functional connectivity features to task data (i.e.
individual z-score contrast maps derived from fMRI task analysis). For each task activation map
(i.e., a specific contrast of a specific task), a specific model was fitted. As performed in Tavor et
al., 2016, all models were broken down spatially into 50 non-overlapping regions of interest.
Regions were defined according to the resting-state data, using ICA, and allocating vertices to
parcels using a majority-vote on the ICA result. Within each of these 50 parcels, a general linear
model was used to relate connectivity features to activation data, using the training set’s data. Prior

to model fitting, all features were normalized and standardized across the whole brain.
Construction of rs-connectomes

For each participant, the time-series from all 4 runs of rs-fMRI scans were normalized,
concatenated and demeaned. We used a parcellation that separates the cortex into 360 non-
overlapping areas (Glasser et al., 2016), and calculated the averaged resting-state time-series

within each parcel. Pearson’s correlation coefficients were computed between each pair of parcels.
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task-induced brain-activation (adapted from Tavor et al., 2016) B) Individual trait prediction pipeline using Brain
Basis Set modeling (Sripada et al., 2020, 2019a). Colors encode the subset of the sample on which the procedure
was performed.

Further processing of the data

All fMRI data were scaled and normalized before being used for prediction, using scikit-learn’s
(Buitinck et al., 2013) StandardScaler. Original task-activation maps were masked to include only
cortical data, in order to make them comparable with the connTask data, where activity is predicted
only for the cortex. Removing the subcortical areas from the original task-activation data has

actually improved the prediction results compared with whole-brain maps.
Trait prediction procedures
Cross-validation

Similar to the prediction of the connTask maps, the prediction of individual traits was also
performed using a 10-fold cross validation routine, taking into account the family structure in the
HCP data. In each iteration, a model was trained on 9/10 of the data, and predictions were yielded
for 1/10 of the data, while genetically related participants are kept in either the training or the test
datasets. Importantly, data splits were identical in the two cross-validation procedures (e.g.,

connTask maps prediction and trait prediction) meaning that for each 1/10 of the data, connTask
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maps were predicted using the remaining 9/10 of the data, and also trait prediction was based on

the same 9/10 of the data.
Brain Basis Set prediction pipeline

We utilized the Brain Basis Set (BBS) prediction pipeline proposed by Sripada and colleagues
(Sripada et al., 2020, 2019a) using multiple functionalities provided by the Scikit-Learn python
package (Buitinck et al., 2013).

The BBS prediction pipeline is composed of 4 steps:

A) The training sets” fMRI data is reduced using Principal Components Analysis (PCA) to a
predetermined number of components K.

B) These components are regressed against the individual data of every participant, to yield a
number we refer to as an “expression score”.

C) The training sets’ expression scores are used to fit a linear model that predicts the desired
trait.

D) The model is applied on the test set.
These steps are visualized in figure 1B.

This pipeline was used for all predictions performed on a single input (i.e., original task

activation maps, connTask maps or resting-state connectomes).
Pipeline adaptation for multiple inputs

We further adapted the pipeline to enable a combination of features extracted from multiple inputs
(i.e., task/connTask maps). The leading notion in devising this procedure was to prevent an

inflation of the number of features used in the regression model as we add more map inputs.

With this notion in mind, we set a total number of components, to be extracted from all inputs
combined (7, for total), which is kept uniform across all types of combinations (e.g., the same T

is used when combining 2 maps or 6). Once T is set, steps A+B are performed for each input
T

number of inputs

separately, with K being defined as . Thus, a sum of T “expression scores” is
calculated for each subject.

We then reduce the number of features from 7 to a predetermined number, F, by correlating each

“expression score”, across participants, to the predicted trait, and choosing the top F correlated

Page 10 of 27


https://doi.org/10.1101/2021.10.12.464045
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.10.12.464045; this version posted October 13, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

scores. Steps C+D are then performed using the remaining F features, with the minor change of

using a regularized linear model, to better handle the larger number of features.

We fitted an Elastic Net regression model with an L1 ratio of 0.001, which is almost equivalent to
ridge (L2) regression. The penalty factor was determined in a nested 5-fold cross validation process
(i.e., a separate cross validation performed in each iteration on the training set folds only). We used

Scikit-Learn’s ElasticNetCV.
Pipeline parameters

We implemented the single-input BBS pipeline with a K of 75, as in Sripada et al (Sripada et al.,
2020, 2019b; Taxali et al., 2021).

We implemented the expanded, multi-input, BBS pipeline with a T (i.e., total number of
components extracted across inputs) of 300 and an F (i.e., number of features after reduction using

correlation analysis) of 160.

The value for 7 was chosen as to ensure that even when a model is based on a combination of up
to 6 different inputs (as in the largest combination tested in this study), the number of components
extracted from each single input will not be less than 50. The Value for F was chosen by examining

20 different values, ranging between 50 to 250 (see Supplementary Figure S2).
Construction of the G-score

We conducted an exploratory factor analysis, following the procedure suggested by Dubois and

colleagues (Dubois et al., 2018) and the code made available by them.

Participants were included in this analysis if they completed all relevant tasks, and their MMSE
(Mini-Mental State Examination) score was greater than 26. This left a total of 1,181 participants.
Unadjusted scores from ten cognitive tasks were used in the analysis, including seven tasks from
the NIH Toolbox (Dimensional Change Cart Sort, Flanker Task, List Sort Test, Picture Sequence
Test, Picture Vocabulary Test, Pattern Completion Test, Oral Reading Recognition Test), and three
tasks from the Penn Neurocognitive Battery (Penn Progressive Matrices, Penn Word Memory
Test, Variable Short Penn Line Orientation Test). This means that some of the participants
included in this analysis are not included in any further analyses, due to lacking MRI data (whether
rest or task). However, their inclusion here increases the statistical power of modeling the latent

intelligence factor (g).
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We performed the exploratory factor analysis in a 10-fold cross validation procedure, such that the
g-scores for each 1/10 of the participants were produced using weights calculated on the data of

the other 9/10 of the participants.
Assessment of significant differences in prediction results

In order to assess whether there is a significant difference between the accuracy of the predictions
based on two different data-sets (e.g., connTask map and rs-connectome), we performed 1000
iterations where we split the data randomly to training and test sets (9/10 train, 1/10 test, family
structure taken into consideration), and predicted behavioral scores. In every iteration, prediction
success for each data-set was measured by Pearson’s r between actual and predicted scores.
Significant differences in prediction success were detected using a non-parametric, related samples
test (Wilcoxon signed ranks test), which takes into account the overlap in training sets across

iterations (Demsar, 2006).

We compared prediction success of models based on 14 different contrasts, or combinations of
contrasts, to the prediction success of a model based on resting state connectivity. We performed
this comparison using original task maps as well as connTask maps, which resulted in a total of
28 comparisons. Therefore, all p values were corrected using Bonferroni correction for multiple

comparisons, for 28 comparisons.

The comparison of predictions of in-scanner and out-of-scanner measurements followed a similar
procedure. While the main analysis compared values of prediction success from two different
models predicting the same target score, in this analysis we compared the ratio or amount by which
the models based on original task activation maps outperformed models based on connTask maps,

in various traits.
Assessment of significance of prediction success against a null distribution

We assessed model prediction success significance using a permutation test. To create the “null
distribution” against which we then compare our result, we ran each model 10,000 times with the
target variable (i.e., the cognitive score we wish to predict) being shuffled for each iteration. We
recorded the prediction success from each of those iterations, which represents the “null

distribution” of prediction success scores, and assigned the real model a p value of
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number of models achieving a better score than the real one

total number of permutations , meaning that the minimal possible p value

is 0.0001.

This p value was compared to a Bonferroni corrected to 29 comparisons, as we added a comparison

for the resting-state connectome.
Construction of model contribution maps

In order to visualize the distribution of predictive information in each task contrast, we multiplied
each component derived from the data reduction step of the BBS pipeline (see step A in the BBS
prediction pipeline above) by its corresponding beta coefficient from the linear model (see step
D). These weighted components were then summed, within and across the 10 folds, to yield the

model contribution maps. The process is described by Equation (1):

kf ke

(D Model contribution map = Z z Cij " Bij

i=1 j=1
Where ks is the number of fold used in the cross-validation routine, k. is the number of
components yielded in the dimensionality reduction step (step A in the BBS pipeline), C;; is the
j*" components in the i" iteration, and f3;; is the beta coefficient assigned to the “expression score”

associated with C;; in the prediction model (step D in the BBS pipeline).

Quantification of meaningful contribution from each rs-network

In order to quantify the contribution of each of the seven canonical resting-state networks (Yeo et
al., 2011) to the prediction model, we used the HCP’s workbench command (Marcus et al., 2011)
function “wb_command -cifti-find-clusters” to find clusters of meaningful contribution in the
model contribution maps. We set the surface-value-threshold to the 0.99 percentile of each map’s
values (“contribution power” in arbitrary units) and the surface-minimum-area to 15 mm?. We
then counted the number of significantly contributing clusters in each of the resting-state networks,
separately for the prediction from original and connTask maps and for the prediction from single

vs. multiple contrasts.
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Results
Prediction of intelligence scores

As hypothesized, connTask-based models performed significantly better than the model based on
rs-connectome (P < 0.0001, Bonferroni corrected for 28 comparisons; Figures 2-3, and
Supplementary Table S2). All models yielded predictions that were significantly more accurate
than chance, as asserted by a permutation test (P < 0.005, Bonferroni corrected for 28
comparisons). For both original and connTask data, models that combined features extracted from
multiple maps resulted in an improved prediction. Group-level prediction accuracy was generally
higher using original task activation maps rather than predicted ones. However, for each task there
was a considerable subset of participants (ranging from 39% to 49%) for which predictions based
on the connTask maps were even more accurate than those based on original task maps (see

Supplementary Figures S3-4).
Prediction of other individual traits

The same analyses were carried out to predict more specific measures of intelligence, such as
reading ability and matrix resolution scores. Additionally, we examined the model’s ability to
predict a personality trait, “openness to experience”, the personality dimension best predicted from
rs-connectomes (Dubois et al., 2018). Results were similar to the main analysis, showing
significantly more accurate predictions by models based on connTask maps rather than on the rs-
connectome (P < 0.0001, Bonferroni corrected for 28 comparisons; see Supplementary Figures

$5-7).
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G-score prediction success using original task activation maps
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Figure 2. G-score prediction success of models based on real activation maps, predicted activation maps and
the rs-connectome. Prediction success was estimated by the Pearson correlation between predicted and observed
G-scores (in blue, referring to the left y-axis) and the mean squared error of the prediction (in red, referring to the
right y-axis). Error bars depict standard error of the measurement between cross-validation folds. A) Prediction
success of models based on original task activation maps. B) Prediction success of models based on resting-state
fMRI derived data (rs-connectomes and connTask maps). All connTask-based models were significantly more
accurate than the rs-connectome based model (P < 0.0001, Bonferroni corrected for 28 comparisons).
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Figure 3. Scatter plots showing G scores prediction success from original and connTask maps of two
representative tasks as well as from the rs-connectome. Each point represents a single participant’s real and
predicted G scores. Pearson’s r is reported at the bottom-right corner of each plot. Predictions from connTask maps
(right, lower panel) were more accurate than those based on the rs-connectome (left panel) but less accurate than
predictions based on the original task activation maps (right, top panel)

Prediction of in-scanner cognitive scores

While the individual traits predicted in this work were collected in tests performed outside of the
scanner, it is intriguing to examine our proposed method's ability to predict scores of tasks

performed in-scanner as well.

For this purpose, we used the working-memory task, as this task had a relevant ‘within-scanner’
score. We predicted individual scores from the in-scanner task (N-back task), using models based
on the original and connTask maps of this task (specifically, the ‘2bk’ contrast), as well as a model
based on the resting-state connectome. In line with the main analysis results, predictions of the N-
back task scores were significantly more accurate when using the connTask maps than the rs-
connectome (p < 0.0001). Interestingly, however, the amount by which the model based on the
original activation maps outperformed the model based on connTask maps was significantly larger
for the in-scanner measurement than for the out-of-scanner measurements (p < 0.0001, Figure 4).

This difference between in- and out-of-scanner measurements was also evident in a significant
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difference in the ratio of prediction success between original and connTask maps, for G-scores and

reading abilities prediction (p < 0.0001; Figure 4).

0.9 *kkk
ek [ Original map
0.8 1 v | B Conntask map
*kkk rs connectome
0.71 l *khkk l
g 0.6 - l l *%%% Ratio
5 *#x% Absolute difference
Q
& 0.5 1
5
= 0.4
D
S
0 0.3 A
S
0.2 A
0.1 ~
0.0 -
G-score Reading Matrix Working
Abilities Resolution Memory
Out of scanner In scanner

Figure 4. Prediction of in-scanner and out-of-scanner measurements using models based on original and
connTask maps of the Working Memory task, and the rs-connectome. Error bars depict standard error of the
prediction success between cross-validation folds. Significance asterisks (**** p < 0.0001) relate to either the
absolute differences (teal) or the differences in ratio of prediction success (purple) between predictions made from
original and connTask maps. The difference between connTask and rs-connectome based predictions was
significant as well, for all the measurements shown here (p < 0.0001).

Investigating the predictive power of different brain networks

To explore the contribution of different brain networks to the G-score prediction from each (actual
or predicted) task contrast, we generated maps that quantify each vertex’s contribution to the
prediction model (see methods and Supplementary Figure S8). We then counted the number of
significantly contributing clusters in each resting-state network (Yeo et al., 2011). The largest
number of contributing clusters was found in the frontoparietal, attention and default mode
networks, indicating that these networks highly contributed to prediction success from both
original and connTask activation maps (Supplementary Figure S8). The contribution of these
networks to the G-score prediction was independent of task-activation prediction accuracy

(Supplementary Figure S12).
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Discussion

Our findings demonstrate a successful prediction of a complex cognitive trait, general intelligence,
as well as of more specific cognitive abilities (e.g., reading, matrix resolution) and even personality
dimensions (e.g., openness), from brain function at rest. While most methods for predicting
individual traits from rs-fMRI are based on transforming the rs-fMRI time-series to a parcellated
connectivity matrix (i.e., the rs-connectome), the prediction presented here was achieved by
representing the multi-dimensional resting-state data as task-induced brain-activation maps of
unperformed tasks. Predictions of individual traits using models based on these maps were
significantly better than predictions from models based on the rs-connectome. Our findings thus
suggest that the standard connectome may not be the best representation of the resting-state signal
for the purpose of predictive modeling, and encourage future studies to explore alternative

representations.

Brain areas in the frontoparietal, attention and default mode networks contributed the most to the
prediction of general intelligence scores. The contribution of these networks to G-score prediction
was independent of the accuracy of task-activation prediction (Figure S12) and was also evident
in G-scores prediction from the original activity maps (Figure S8). This finding is in line with
previous literature linking the frontoparietal and default mode networks to individual differences
in intelligence. Specifically, resting-state functional connectivity within and across the
frontoparietal and default mode networks has been positively correlated with G-scores in a cohort
of 317 unrelated HCP participants (Hearne et al., 2016). Consistently, differential activation of
these networks during cognitive tasks performance was associated with inter-individual
differences in intelligence scores (Basten et al., 2013). Our findings therefore add to the

accumulating evidence regarding the brain networks that support human intelligence.

In addition to the predictions of general intelligence scores, reading ability, matrix resolution and
openness to experience, which are all based on tests performed outside the MRI scanner, we tested
our proposed approach’s ability to predict scores obtained during an fMRI scan, i.e., the working
memory (N-back) scores. While our results confirmed that connTask-based models outperform
connectome-based models in predictions of in-scanner measurements, they also revealed a larger
gap in prediction success between connTask and original task-based models, compared to this gap

in prediction of out-of-scanner measurements.
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This finding points to two factors that may influence performance of cognitive tasks: first,
participants’ general cognitive ability, which is a rather fixed trait within an individual, and second,
the current cognitive state during task performance. Whereas both factors may be represented
in data acquired during task performance, resting-state data only capture participants' traits
(Gratton et al., 2018). Therefore, predictions of in-scanner tasks may be more accurate when based
on data that reflect both the trait and state of the task-performing participants. A trait vs. state
representation may also offer an explanation as to why predictions of the global G
factor were actually higher when using the connTask maps as opposed to the
original task activation maps in a large number of participants (see Supplementary figures S3-4):
it is possible that for those participants, the volatile state while performing the task was actually a

disturbance for the prediction of a general trait.

We were able to accurately predict activity maps for a diverse selection of tasks and demonstrated
that models based on combinations of task-activation maps are more accurate than those based on
a single map. In fact, the combination of multiple contrast maps improved not only the prediction
of traits from connTask maps but also from the actual activity maps (see Figure 2A), providing a
high accuracy of 0.62 for G-scores prediction. While the use of actual activation maps for the
purpose of trait prediction is preferable, it is not always feasible, such as in the case of non-
compliant populations, or existing datasets that do not include the task of interest. In such cases,

prediction from connTask maps may be a promising alternative.

The resting-state signal offers a considerable amount of information from which features for
predictive modeling can be extracted by various statistical approaches. Prediction of individual
task-activation maps from rs-fMRI, as we propose here, serves as a novel method for feature
extraction. Even though there may be a specific, carefully designed fMRI task that could generate
a better prediction for each trait than resting-state derived data, the approach we suggest provides
the opportunity to produce activation maps for many different tasks at once, even tasks not
included in the original dataset. This notion highlights the potential of our method to evaluate
measures of human behavior and cognitive abilities, from a variety of (predicted) brain activity

patterns, using data from a simple fMRI design.

Moreover, since it does not require participants to actually perform any task, our method enables

the study of unique populations, such as psychiatric or neurologic patients, which might not be
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able to comply with in-scanner tasks. Several studies have already demonstrated successful
predictions of task-induced activity patterns in such populations (Mill et al., 2020; Parker Jones et
al., 2017; Tik et al., 2021), and in larger datasets, relating these predicted activity maps to

behavioral and cognitive traits, or even symptoms, is a promising possibility.

Given that our connTask maps were predicted from resting-state connectivity, one may wonder
how could they produce an improved prediction of cognitive traits relative to the original resting-
state connectivity patterns. The additional information, beyond connectivity patterns, that enabled
this improvement in prediction may lie in the task-prediction model itself, which was trained to
relate between brain connectivity and activity. Thus, connTask activity maps serve as a novel
representation of resting-state connectivity data, in which the vast data within resting state fMRI
is reduced to a form that may be more appropriate for the study of brain-behavior associations

(e.g., functional connectivity fingerprinting).

Several limitations of this work that should be discussed concern the data used for our methods’
development and testing, taken from the Human Connectome Project 1200 subjects release. First,
this dataset is unique in terms of acquisition (i.e., high spatial and temporal resolution), the amount
of data available for each subject (e.g., 4 resting state scans amounting to a full hour) and
processing, and is not representative for standard imaging protocols used in basic and clinical
research. Hence, it is important for future studies to test our method performance on standard-
quality datasets. Second, while a recent work has suggested that brain-wide association studies
should be based on very large amounts of data (n > 2000; (Marek et al., 2020)), here, we were
limited by the number of HCP participants, and further limited our data pool by only including
participants that completed all of the necessary scans and tests that are required for our analysis. It
would be beneficial in the future to test this method on larger datasets including thousands of

participants and more diverse populations, such as neuropsychiatric patients as mentioned above.

Conclusion

This work holds valuable impact on both basic research and clinical practice, as it can potentially
make the scanning process considerably easier for participants to cooperate with, and could
substantially simplify the design of a neuroimaging study. Our purposed method demonstrates the
potential and versatility of the resting-state signal. This work emphasizes the extent by which the

spontaneous activity of our brain can explain variation in cognitive traits and behavior, that can be
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uncovered by carefully analyzing this spontaneous activity rather than fitting dedicated tasks to
each cognitive trait of interest. In that sense, if we are to borrow the treadmill analogy (Greene et

al., 2018; Sripada et al., 2020), we provide a “treadmill test for cognition” without actually walking
the treadmill.

Page 21 of 27


https://doi.org/10.1101/2021.10.12.464045
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.10.12.464045; this version posted October 13, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Declaration of competing interests
The authors have no conflict of interests to disclose.
Acknowledgments

Data were provided [in part] by the Human Connectome Project, WU-Minn Consortium (Principal
Investigators: David Van Essen and Kamil Ugurbil; 1U54MH091657) funded by the 16 NIH
Institutes and Centers that support the NIH Blueprint for Neuroscience Research; and by the

McDonnell Center for Systems Neuroscience at Washington University.

The authors acknowledge with thanks the support of the Israel Science Foundation (ISF grant no.
1603/18).

Page 22 of 27


https://doi.org/10.1101/2021.10.12.464045
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.10.12.464045; this version posted October 13, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

References

Barch, D.M., Burgess, G.C., Harms, M.P., Petersen, S.E., Schlaggar, B.L., Corbetta, M., Glasser,
M.F., Curtiss, S., Dixit, S., Feldt, C., Nolan, D., Bryant, E., Hartley, T., Footer, O., Bjork, J.M.,
Poldrack, R., Smith, S., Johansen-Berg, H., Snyder, A.Z., Van Essen, D.C., 2013. Function in the
human connectome: Task-fMRI and individual differences in behavior. Neuroimage 80, 169—
189. https://doi.org/10.1016/j.neuroimage.2013.05.033

Basten, U., Stelzel, C., Fiebach, C.J., 2013. Intelligence is differentially related to neural effort in
the task-positive and the task-negative brain network. https://doi.org/10.1016/j.intell.2013.07.006

Beckmann, C., Mackay, C., Filippini, N., Smith, S., 2009. Group comparison of resting-state
FMRI data using multi-subject ICA and dual regression. Neuroimage 47, S148.
https://doi.org/10.1016/s1053-8119(09)71511-3

Beckmann, C.F., DeLuca, M., Devlin, J.T., Smith, S.M., 2005. Investigations into resting-state

connectivity using independent component analysis. Philos. Trans. R. Soc. B Biol. Sci. 360,
1001-1013. https://doi.org/10.1098/rstb.2005.1634

Biswal, B., Zerrin Yetkin, F., Haughton, V.M., Hyde, J.S., 1995. Functional connectivity in the
motor cortex of resting human brain using echo-planar mri. Magn. Reson. Med. 34, 537-541.
https://doi.org/10.1002/mrm.1910340409

Buitinck, L., Louppe, G., Blondel, M., Pedregosa, F., Mueller, A., Grisel, O., Niculae, V.,
Prettenhofer, P., Gramfort, A., Grobler, J., Layton, R., Vanderplas, J., Joly, A., Holt, B.,
Varoquaux, G., 2013. API design for machine learning software: experiences from the scikit-
learn project.

Cole, M.W., Ito, T., Bassett, D.S., Schultz, D.H., 2016. Activity flow over resting-state networks
shapes cognitive task activations. Nat. Neurosci. 19, 1718-1726. https://doi.org/10.1038/nn.4406

Demsar, J., 2006. Statistical Comparisons of Classifiers over Multiple Data Sets, Journal of
Machine Learning Research.

Dubois, J., Galdi, P., Han, Y., Paul, L.K., Adolphs, R., 2018a. Resting-State Functional Brain
Connectivity Best Predicts the Personality Dimension of Openness to Experience. Personal.
Neurosci. 1. https://doi.org/10.1017/pen.2018.8

Dubois, J., Galdi, P., Paul, L.K., Adolphs, R., 2018b. A distributed brain network predicts
general intelligence from resting-state human neuroimaging data. Philos. Trans. R. Soc. B Biol.
Sci. 373. https://doi.org/10.1098/rstb.2017.0284

Finn, E.S., Shen, X., Scheinost, D., Rosenberg, M.D., Huang, J., Chun, M.M., Papademetris, X.,
Constable, R.T., 2015. Functional connectome fingerprinting: Identifying individuals using
patterns of brain connectivity. Nat. Neurosci. 18, 1664—1671. https://doi.org/10.1038/nn.4135

Page 23 of 27


https://doi.org/10.1101/2021.10.12.464045
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.10.12.464045; this version posted October 13, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Gao, S., Greene, A.S., Constable, R.T., Scheinost, D., 2019. Combining multiple connectomes
improves predictive modeling of phenotypic measures. Neuroimage 201, 116038.
https://doi.org/10.1016/j.neuroimage.2019.116038

Glasser, M.F., Coalson, T.S., Robinson, E.C., Hacker, C.D., Harwell, J., Yacoub, E., Ugurbil, K.,
Andersson, J., Beckmann, C.F., Jenkinson, M., Smith, S.M., Van Essen, D.C., 2016. A multi-
modal parcellation of human cerebral cortex. Nature 536, 171-178.
https://doi.org/10.1038/nature18933

Glasser, M.F., Sotiropoulos, S.N., Wilson, J.A., Coalson, T.S., Fischl, B., Andersson, J.L., Xu,
J., Jbabdi, S., Webster, M., Polimeni, J.R., Van Essen, D.C., Jenkinson, M., 2013. The minimal
preprocessing pipelines for the Human Connectome Project. Neuroimage 80, 105—124.
https://doi.org/10.1016/j.neuroimage.2013.04.127

Glover, G.H., 1999. Deconvolution of Impulse Response in Event-Related BOLD fMRI1.
Neuroimage 9, 416—429. https://doi.org/10.1006/NIMG.1998.0419

Gratton, C., Laumann, T.O., Nielsen, A.N., Greene, D.J., Gordon, E.M., Gilmore, A.W., Nelson,
S.M., Coalson, R.S., Snyder, A.Z., Schlaggar, B.L., Dosenbach, N.U.F., Petersen, S.E., 2018.
Functional Brain Networks Are Dominated by Stable Group and Individual Factors, Not
Cognitive or Daily Variation. Neuron 98, 439-452.e5.
https://doi.org/10.1016/j.neuron.2018.03.035

Greene, A.S., Gao, S., Scheinost, D., Constable, R.T., 2018. Task-induced brain state
manipulation improves prediction of individual traits. Nat. Commun. 9, 1-13.
https://doi.org/10.1038/s41467-018-04920-3

Griffanti, L., Salimi-Khorshidi, G., Beckmann, C.F., Auerbach, E.J., Douaud, G., Sexton, C.E.,
Zsoldos, E., Ebmeier, K.P., Filippini, N., Mackay, C.E., Moeller, S., Xu, J., Yacoub, E., Baselli,
G., Ugurbil, K., Miller, K.L., Smith, S.M., 2014. ICA-based artefact removal and accelerated
fMRI acquisition for improved resting state network imaging. Neuroimage 95, 232-247.
https://doi.org/10.1016/j.neuroimage.2014.03.034

Haynes, J.D., Rees, G., 2006. Decoding mental states from brain activity in humans. Nat. Rev.
Neurosci. https://doi.org/10.1038/nrn1931

Hearne, L.J., Mattingley, J.B., Cocchi, L., 2016. Functional brain networks related to individual
differences in human intelligence at rest. Sci. Rep. 6, 1-8. https://doi.org/10.1038/srep32328

Kashyap, R., Kong, R., Bhattacharjee, S., Li, J., Zhou, J., Yeo, B.T.T., 2019. Individual-specific
fMRI-Subspaces improve functional connectivity prediction of behavior. Neuroimage 189, 804—
812. https://doi.org/10.1016/j.neuroimage.2019.01.069

Kong, R., Li, J., Orban, C., Sabuncu, M.R., Liu, H., Schaefer, A., Sun, N., Zuo, X.N., Holmes,
A.J., Eickhoff, S.B., Yeo, B.T.T., 2019. Spatial Topography of Individual-Specific Cortical
Networks Predicts Human Cognition, Personality, and Emotion. Cereb. Cortex 29, 2533-2551.
https://doi.org/10.1093/cercor/bhy123

Page 24 of 27


https://doi.org/10.1101/2021.10.12.464045
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.10.12.464045; this version posted October 13, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Marcus, D.S., Harwell, J., Olsen, T., Hodge, M., Glasser, M.F., Prior, F., Jenkinson, M.,
Laumann, T., Curtiss, S.W., Van Essen, D.C., 2011. Informatics and Data Mining Tools and

Strategies for the Human Connectome Project. Front. Neuroinform. 5, 4.
https://doi.org/10.3389/fninf.2011.00004

Marek, S., Tervo-Clemmens, B., Calabro, F.J., Montez, D.F., Kay, B.P., Hatoum, A.S., Rose
Donohue, M., Foran, W., Miller, R.L., Feczko, E., Miranda-Dominguez, O., Graham, A.M.,
Chen, J., Newbold, D.J., Zheng, A., Seider, N.A., Van, A.N., Laumann, T.O., Thompson, W.K.,
Greene, D.J., Petersen, S.E., Nichols, T.E., Thomas Yeo, B., Barch, D.M., Garavan, H., Luna,
B., Fair, D.A., Dosenbach, N., 2020. Towards Reproducible Brain-Wide Association Studies
Affiliations. Johnny Uriarte 11, 15-18. https://doi.org/10.1101/2020.08.21.257758

Mill, R.D., Gordon, B.A., Balota, D.A., Cole, M.W., 2020. Predicting dysfunctional age-related
task activations from resting-state network alterations. Neuroimage 221, 117167.
https://doi.org/10.1016/j.neuroimage.2020.117167

Parker Jones, O., Voets, N.L., Adcock, J.E., Stacey, R., Jbabdi, S., 2017. Resting connectivity
predicts task activation in pre-surgical populations. Neurolmage Clin. 13, 378-385.
https://doi.org/10.1016/j.nicl.2016.12.028

Robinson, E.C., Garcia, K., Glasser, M.F., Chen, Z., Coalson, T.S., Makropoulos, A., Bozek, J.,
Wright, R., Schuh, A., Webster, M., Hutter, J., Price, A., Cordero Grande, L., Hughes, E., Tusor,
N., Bayly, P. V., Van Essen, D.C., Smith, S.M., Edwards, A.D., Hajnal, J., Jenkinson, M.,
Glocker, B., Rueckert, D., 2018. Multimodal surface matching with higher-order smoothness
constraints. Neuroimage 167, 453—465. https://doi.org/10.1016/j.neuroimage.2017.10.037

Salimi-Khorshidi, G., Douaud, G., Beckmann, C.F., Glasser, M.F., Griffanti, L., Smith, S.M.,
2014. Automatic denoising of functional MRI data: Combining independent component analysis
and hierarchical fusion of classifiers. Neuroimage 90, 449-468.
https://doi.org/10.1016/j.neuroimage.2013.11.046

Shen, X., Finn, E.S., Scheinost, D., Rosenberg, M.D., Chun, M.M., Papademetris, X., Constable,
R.T., 2017. Using connectome-based predictive modeling to predict individual behavior from
brain connectivity. Nat. Protoc. 12, 506—518. https://doi.org/10.1038/nprot.2016.178

Smith, S.M., Beckmann, C.F., Andersson, J., Auerbach, E.J., Bijsterbosch, J., Douaud, G., Duff,
E., Feinberg, D.A., Griffanti, L., Harms, M.P., Kelly, M., Laumann, T., Miller, K.L., Moeller, S.,
Petersen, S., Power, J., Salimi-Khorshidi, G., Snyder, A.Z., Vu, A.T., Woolrich, M.W., Xu, J.,
Yacoub, E., Ugurbil, K., Van Essen, D.C., Glasser, M.F., 2013. Resting-state fMRI in the
Human Connectome Project. Neuroimage 80, 144—168.
https://doi.org/10.1016/j.neuroimage.2013.05.039

Smith, S.M., Fox, P.T., Miller, K.L., Glahn, D.C., Fox, P.M., Mackay, C.E., Filippini, N.,
Watkins, K.E., Toro, R., Laird, A.R., Beckmann, C.F., 2009. Correspondence of the brain’s
functional architecture during activation and rest. Proc. Natl. Acad. Sci. U. S. A. 106, 13040-
13045. https://doi.org/10.1073/pnas.0905267106

Page 25 of 27


https://doi.org/10.1101/2021.10.12.464045
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.10.12.464045; this version posted October 13, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Smith, S.M., Nichols, T.E., Vidaurre, D., Winkler, A.M., Behrens, T.E.J., Glasser, M.F.,
Ugurbil, K., Barch, D.M., Van Essen, D.C., Miller, K.L., 2015. A positive-negative mode of
population covariation links brain connectivity, demographics and behavior. Nat. Neurosci.
https://doi.org/10.1038/nn.4125

Sporns, O., 2011. The human connectome: A complex network. Ann. N. Y. Acad. Sci.
https://doi.org/10.1111/j.1749-6632.2010.05888.x

Sripada, C., Angstadt, M., Rutherford, S., Kessler, D., Kim, Y., Yee, M., Levina, E., 2019a.
Basic Units of Inter-Individual Variation in Resting State Connectomes. Sci. Rep. 9, 1-12.
https://doi.org/10.1038/s41598-018-38406-5

Sripada, C., Angstadt, M., Rutherford, S., Kessler, D., Kim, Y., Yee, M., Levina, E., 2019b.
Basic Units of Inter-Individual Variation in Resting State Connectomes. Sci. Rep. 9, 1-12.
https://doi.org/10.1038/s41598-018-38406-5

Sripada, C., Angstadt, M., Rutherford, S., Taxali, A., Shedden, K., 2020. Toward a “treadmill
test” for cognition: Improved prediction of general cognitive ability from the task activated brain.
Hum. Brain Mapp. hbm.25007. https://doi.org/10.1002/hbm.25007

Tavor, 1., Parker Jones, O., Mars, R.B., Smith, S.M., Behrens, T.E., Jbabdi, S., 2016. Task-free
MRI predicts individual differences in brain activity during task performance. Science (80-. ).
352, 216-220. https://doi.org/10.1126/science.aad8127

Taxali, A., Angstadt, M., Rutherford, S., Sripada, C., 2021. Boost in Test-Retest Reliability in
Resting State fMRI with Predictive Modeling. Cereb. Cortex 31, 2822-2833.
https://doi.org/10.1093/cercor/bhaa390

Thomas Yeo, B.T., Krienen, F.M., Sepulcre, J., Sabuncu, M.R., Lashkari, D., Hollinshead, M.,
Roffman, J.L., Smoller, J.W., Zéllei, L., Polimeni, J.R., Fischl, B., Liu, H., Buckner, R.L., 2011.
The organization of the human cerebral cortex estimated by intrinsic functional connectivity. J.
Neurophysiol. 106, 1125-1165. https://doi.org/10.1152/jn.00338.2011

Tik, N., Livny, A., Gal, S., Gigi, K., Tsarfaty, G., Weiser, M., Tavor, 1., 2020. Predicting
individual variability in task-evoked brain activity in schizophrenia. bioRxiv.
https://doi.org/10.1101/2020.05.25.114603

Van Essen, D.C., Ugurbil, K., Auerbach, E., Barch, D., Behrens, T.E.J., Bucholz, R., Chang, A.,
Chen, L., Corbetta, M., Curtiss, S.W., Della Penna, S., Feinberg, D., Glasser, M.F., Harel, N.,
Heath, A.C., Larson-Prior, L., Marcus, D., Michalareas, G., Moeller, S., Oostenveld, R.,
Petersen, S.E., Prior, F., Schlaggar, B.L., Smith, S.M., Snyder, A.Z., Xu, J., Yacoub, E., 2012.
The Human Connectome Project: A data acquisition perspective. Neuroimage.
https://doi.org/10.1016/j.neuroimage.2012.02.018

Woolrich, M.W., Ripley, B.D., Brady, M., Smith, S.M., 2001. Temporal Autocorrelation in
Univariate Linear Modeling of FMRI Data. Neuroimage 14, 1370-1386.
https://doi.org/10.1006/NIMG.2001.093 1

Page 26 of 27


https://doi.org/10.1101/2021.10.12.464045
http://creativecommons.org/licenses/by-nc-nd/4.0/

