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A B S T R A C T

Most studies of brain networks use resting-state fMRI to characterize the brain’s intrinsic functional organization. 
However, recent work has questioned whether we should rely exclusively on resting-state data to define this 
organization. Using a connectivity fingerprint modeling framework, we test whether functional connectivity 
estimated from task fMRI data can predict task selectivity in visual, language, and spatial working memory tasks, 
at the individual subject level. We find that connectivity derived from these task contexts predicts responses 
comparably to connectivity derived from resting-state data. This pattern held across the three controlled 
cognitive localizers acquired within the same preprocessing framework. These findings suggest that task fMRI 
can capture fine-grained individual differences in brain network architecture that are comparable to those 
captured at rest, broadening the potential utility of task data for investigating functional organization of brain 
networks.

1. Introduction

Currently, most studies in network neuroscience collect structural 
imaging and resting-state fMRI, which measures spontaneous brain ac
tivity in the absence of explicit task or external stimuli. Resting-state 
scans are typically used to estimate functional connectivity (FC), 
defined as the temporal co-fluctuation of activity between brain regions 
(Biswal et al., 1995; Fox and Raichle, 2007). Because these spontaneous 
correlations are measured during an unconstrained, “passive” state, 
resting-state FC is thought to reflect the brain’s intrinsic functional or
ganization (Dosenbach et al., 2007; Kelly et al., 2008). Resting-state FC 
has become a central tool in network neuroscience because it captures 
distributed patterns of interaction across the brain, providing insights 
beyond localized activation measures derived from traditional 
task-based analyses. This is evidenced by the fact that FC is widely used 
to elucidate brain-brain relationships (Cole et al., 2016; Hiersche et al., 
2025; Molloy et al., 2024; Ngo et al., 2022; Tavor et al., 2016; Zheng 
et al., 2022) as well as brain-behavior relationships (Finn and 
Bandettini, 2021; Wei et al., 2024). However, FC can also be 
computed using task-based fMRI (Fair et al., 2007), and it is currently 
being debated whether resting-state fMRI is necessary in the field of 
network neuroscience (Finn, 2021).

Importantly, resting-state FC is highly reliable across sessions, 
making it a stable neural signature suitable for longitudinal and cross- 
sectional studies (Gratton et al., 2018a). These connectivity patterns 
can predict both state-like and trait-like differences across individuals, 
including attention (Song and Rosenberg, 2021), age (Dosenbach et al., 
2010; Nielsen et al., 2019), personality (Dubois et al., 2018; Hsu et al., 
2018), lifestyle factors (Smith et al., 2015), symptoms of autism and 
attention-deficit disorder (Lake et al., 2019), and is characteristic 
enough to identify individuals (Finn et al., 2015a). FC has also been 
applied to estimate developmental (Yin et al., 2025) and aging 
(Farràs-Permanyer et al., 2019) trajectories and identify biomarkers of 
disease (Hua et al., 2023). Beyond predicting behavioral and clinical 
traits, FC can also predict task-evoked brain responses at the level of 
individual subjects across a wide range of cognitive domains (Cole et al., 
2016; DiNicola et al., 2020; Du et al., 2025; Hiersche et al., 2025; Molloy 
et al., 2024; Ngo et al., 2022; Tavor et al., 2016; Zheng et al., 2022). This 
ability to predict activation patterns from intrinsic connectivity is 
theoretically important because it suggests that large-scale network ar
chitecture constrains how task-related information flows through the 
brain. In this framework, task-evoked responses emerge from distributed 
patterns of connectivity, and the predictive models provide estimates of 
the importance of connections between brain regions for functional 
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response (i.e. a connectivity fingerprint for a given functional region, 
Mahon and Caramazza, 2011; Mars et al., 2018; Osher et al., 2016; 
Passingham et al., 2002; Tobyne et al., 2018).

Predicted task activation maps also have important practical appli
cations. They can localize functional regions in the absence of dedicated 
localizer tasks (Molloy et al., 2024) and estimate task responses in 
populations where collecting high-quality task fMRI data is difficult, 
such as children or clinical populations (Parker Jones et al., 2016; Tik 
et al., 2021). Prior work has shown, for example, that connectivity 
patterns can predict the location of the visual word form area before 
literacy develops (Li et al., 2020) and can identify the fusiform face area 
in congenitally blind individuals (Ratan Murty et al., 2020). Together, 
these findings suggest that predicted activation maps can serve as 
individualized neural signatures for studying cognition, development, 
and clinical variability.

Most prior work predicting task responses has relied on resting-state 
FC, based on the assumption that resting activity provides a task- 
independent estimate of intrinsic functional organization. However, 
there is growing debate over whether resting-state fMRI is uniquely 
necessary for studying brain networks (Finn, 2021). Although rest is 
often treated as a passive baseline, resting-state activity itself may reflect 
ongoing cognitive processes that can vary across individuals and ses
sions (Buckner et al., 2013; Morcom and Fletcher, 2007). At the same 
time, FC can also be reliably estimated during tasks (Fair et al., 2007), 
and recent work suggests that task-derived FC may better predict 
behavior than resting-state FC in some contexts (Greene et al., 2018, 
2020; Jiang et al., 2020; Sripada et al., 2020)—for example, task-based 
connectivity has been shown to outperform resting-state connectivity in 
predicting general cognitive ability (Sripada et al., 2020), consistent 
with the broader idea that engaging the brain in an active state may 
better reveal aspects of its functional architecture. A parallel line of work 
using naturalistic paradigms has reached similar conclusions: 
movie-watching connectivity has been shown to outperform 
resting-state connectivity both in predicting task-evoked activation 
patterns and downstream behavioral measures (Finn and Bandettini, 
2021; Gal et al., 2022; see Bernstein-Eliav and Tavor, 2024 for a re
view). Furthermore, connectivity-based parcellations derived from 
residualized task and resting-state data are highly similar (Du et al., 
2025), suggesting that task-based FC may capture much of the same 
large-scale functional architecture traditionally attributed to rest. 
Consistent with this idea, previous studies have reported substantial 
similarity between correlation patterns obtained from residualized task 
and resting-state data (Cho et al., 2021; Elliott et al., 2019; Fair et al., 
2007; Gratton et al., 2018a; Kraus et al., 2021). However, studies 
examining individual differences have also shown that portions of FC are 
sensitive to task states (Geerligs et al., 2015; Salehi et al., 2020), indi
cating that task engagement may introduce meaningful state-dependent 
information. Thus, although task FC appears broadly similar to 
resting-state FC at the group and network levels, it remains unclear 
whether the shared connectivity structure is sufficient to capture 
fine-grained individual differences in voxelwise task-evoked responses. 
This question also has important practical implications. Because many 
fMRI experiments already include task scans, leveraging these data to 
analyze brain networks could reduce the need for additional 
resting-state acquisitions.

Here, using a connectivity fingerprint modeling framework, we test 
whether FC derived from task fMRI can predict responses in other, 
distinct tasks, and whether such predictions perform as well as or better 
than those derived from resting-state data. Specifically, we ask whether 
a model trained on FC estimates from one task can generalize to predict 
task selectivity in different cognitive domains, and whether these pre
dictions remain precise for functional regions of interest within each 
network. While previous work has shown that structural and resting- 
state connectivity can predict task selectivity in high-level visual re
gions at the individual-subject level (Molloy et al., 2024; Osher et al., 
2016, 2019; Saygin et al., 2012; Tavor et al., 2016), it remains unclear 

whether task-based connectivity from an unrelated task domain can a) 
predict responses to higher-level cognitive tasks such as working 
memory or language processing and b) do so in a selective manner. Our 
results show that task-derived connectivity is as effective as, and in some 
cases superior to, resting-state connectivity for predicting task-evoked 
functional regions across multiple cognitive domains, including pre
dictions across highly disparate tasks (e.g., visual task-derived FC pre
dicting auditory language fROIs and their hemispheric laterality).

2. Methods

2.1. Participants

A total of 48 participants (aged 18 to 55; mean = 24.4 yr, SD = 6.3 yr; 
21 male) recruited at The Ohio State University were included in the 
study. There were 35 within-sample participants (aged 18 to 55; 
mean = 24.7 yr, SD = 7 yr; 13 male) who participated in all tasks and 
whose connectivity data were used to train the predictive models. The 
other 13 individuals (aged 18 to 30; mean = 23.4 yr, SD = 3.6 yr; 8 male) 
participated in only the dynamic visual localizer and spatial working 
memory tasks, and their data were used to further validate the models as 
an out-of-sample dataset. The study was approved by the Institutional 
Review Board at The Ohio State University, informed consent was ob
tained from all participants, and the study was conducted following all 
relevant guidelines and regulations.

2.2. fMRI tasks

To obtain responses of functional regions of interest (fROIs) involved 
in high-level vision, language, and spatial working memory tasks, we 
used three independent functional localizers: a dynamic visual localizer 
(Julian et al., 2012), an auditory language localizer (Fedorenko et al., 
2010), and a spatial working memory task commonly used to evoke 
responses in the multiple-demand (MD) network (Fedorenko et al., 
2013).

2.2.1. Dynamic visual localizer (Julian et al., 2012)
Participants viewed a series of 3 s video clips in color. Each video clip 

contained moving stimuli from one of five categories: faces, bodies 
(without faces), objects, scenes, and scrambled objects. Participants 
were asked to press a button whenever they saw a repeating stimulus (1- 
back). Stimuli were presented in a block design, and each block con
tained 6 videos from the same category (18 s total), with two blocks per 
category per run, arranged in a palindromic sequence and interleaved 
with three fixation blocks. Condition order was randomized across 
participants.

2.2.2. Auditory language localizer (Fedorenko et al., 2010)
Participants listened to blocks of meaningful sentences, nonsense 

sentences composed of phonemically intact but meaningless words 
(controlling for prosody), and texturized speech (controlling for low- 
level acoustic properties). Each run consisted of four blocks of each 
condition and three fixation blocks (14 s). Blocks were 18 s long and 
comprised three 6-s trials, each ending with a visual cue prompting a 
button press.

2.2.3. Spatial working memory (SWM) task (Fedorenko et al., 2013)
This task contrasted easy and hard conditions to vary cognitive load, 

engaging the domain-general multiple-demand network. In the easy 
condition, three individual squares within a 12-square grid flashed blue 
sequentially, and participants were asked to remember which squares 
had been colored. In the hard condition, three pairs of squares flashed 
sequentially, increasing memory demands. After viewing the sequence, 
participants selected between two test grids—one matching and one 
mismatching the sequence—via button press. Each run included three 
sets of two blocks per condition (28 s each), separated by 16-s fixation 
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periods. The order of easy and hard blocks was randomized across 
participants.

2.3. MRI data acquisition

All MRI data were collected on a Siemens Prisma 3T scanner at The 
Ohio State University using a 32-channel head coil. Each participant 
completed a high-resolution structural scan, two runs of each functional 
localizer task, and one resting-state run. The order of the resting-state 
and functional localizer scans were randomized across participants. 
The whole-brain T1-weighted anatomical images were acquired with an 
gradient echo (MPRAGE) sequence (repetition time (TR) = 2300 ms, 
echo time (TE) = 2.9 ms, voxel size = 1.0 mm³). All functional and 
resting-state scans were obtained with echo-planar imaging (EPI) 
sequence for whole-brain coverage (TR = 1000 ms, TE = 28 ms, voxel 
size = 2 × 2 × 3 mm³, 120 × 120 in-plane resolution, 56 slices). The 
number of volumes per run was 234 for the dynamic visual localizer, 
244 for the auditory language localizer, 400 for the spatial working 
memory task, and 580 for the resting-state scan.

2.4. Preprocessing

All structural data were preprocessed using Freesurfer’s recon-all 
pipeline (Dale et al., 1999) with default parameter values. Major pre
processing steps include intensity correction, skull stripping, surface 
co-registration, surface-smoothing (3 mm FWHM), white matter and 
subcortical segmentation, and cortical parcellation.

Resting-state data were preprocessed using FsFast (Fischl, 2012). 
Data were motion corrected, surface-registered, surface-smoothed with 
a 4 mm FWHM kernel, and denoised with aCompCor (Behzadi et al., 
2007) using 5 principal components each from white matter and cere
brospinal fluid. Time points with framewise displacement greater than 
0.5 mm were excluded from the analysis.

All task data were motion corrected, distortion corrected, and 
surface-smoothed with a 4 mm FWHM kernel. These data were then fit 
with a general linear model (GLM) against task-based regressors which 
were convolved with a canonical gamma hemodynamic response func
tion, as well as the movement parameters estimated during motion 
correction. The GLM coefficients were further analyzed to measure 
voxelwise constrast t-values, and the residuals of the GLMs were then 
further denoised with aCompCor as above, and high motion datapoints 
were excluded. Condition-specific contrasts were defined as follows. For 
the dynamic visual localizer, contrasts included Faces > All others, 
Bodies > All other, Objects > All others, and Scenes > All others. For the 
auditory language localizer, we contrasted Sentences > Nonsense. For 
the spatial working memory task, we contrasted the Hard > Easy con
ditions. The resulting contrast significance maps and β estimates were 
projected into fsaverage space and used for the following modeling and 
analysis.

2.5. Estimation of functional connectivity matrices

Both resting-state and task data were used to estimate functional 
connectivity. Throughout this manuscript, “task-derived FC” and “task 
connectivity” refer to functional connectivity estimated from task fMRI 
time series after GLM-based residualization of task-evoked activity, 
unless otherwise specified. This residualized task FC is therefore best 
understood as reflecting residual covariance among vertices after task- 
locked variance has been removed, rather than task-evoked coac
tivation. To evaluate the contribution of this residualization step, we 
additionally computed FC directly from non-residualized task time se
ries and repeated our full modeling pipeline (see Methods 2.6) using this 
task FC. Results using non-residualized task FC were similar to those 
obtained using residualized task FC (see Supplementary Fig. S2). We 
used “task-based connectivity” to refer to both residualized and non- 
residualized FC generally.

Matrices of FC were defined for each visual, language, and spatial 
working memory fROI search space from Julian et al. (2012), Fedorenko 
et al. (2010), and Fedorenko et al. (2013), respectively. In these studies, 
the fROI search spaces were defined using the Group-Constrained Sub
ject-Specific (GSS) method designed to discover parcels that are acti
vated most systematically across subjects for the contrasts of interest 
(Julian et al., 2012). These search spaces are thus larger than an indi
vidual subject’s actual fROIs and are ideal for modelling the space 
around known ROIs while remaining blinded to the actual responses of 
each individual. For visual regions, we included 10 bilateral fROIs (20 
total): 3 face regions (FFA: fusiform face area, OFA: occipital face area, 
STS: superior temporal sulcus), 2 body region (EBA: extrastriate body 
area, FBA: fusiform body area), 2 object regions (LO: lateral occipital, 
PFS: posterior fusiform sulcus), and 3 scene regions (PPA: para
hippocampal place area, RSC: retrosplenial cortex, TOS: transverse oc
cipital sulcus). For language regions, we included 6 bilateral fROIs (12 
total): anterior temporal lobe (ATL), inferior frontal gyrus (IFG), orbital 
inferior frontal gyrus (IFGorb), middle frontal gyrus (MFG), middle 
temporal lobe (MTL), and posterior temporal lobe (PTL). For spatial 
working memory regions, we included 10 bilateral fROIs (20 total): 
anterior precentral gyrus (PrecG), opercular part of inferior frontal gyrus 
(IFGop), anterior parietal cortex, insula, medial frontal cortex (MFC), 
middle frontal gyrus (MFG), orbital middle frontal gyrus (MFGorb), 
middle parietal cortex, posterior parietal cortex (PPC), and superior 
frontal gyrus (SFG).

For each fROI search space, FC was computed as the Fisher- 
transformed Pearson correlation between the time series of every ver
tex within the fROI search space and the mean time series of each 
Glasser multimodal parcel in the same hemisphere (179 parcels total). 
This procedure generated four connectivity matrices with dimensions 
corresponding to the number of vertices in the fROI search space by 179 
parcels. Computing FC at the vertex level preserved fine-grained spatial 
variation in connectivity patterns, allowing the models to make ver
texwise predictions of task selectivity within each fROI search space. 
Connectivity estimates were restricted to ipsilateral parcels primarily to 
reduce model dimensionality and mitigate overfitting while retaining 
the majority of relevant large-scale connectivity structure.

2.6. Predictive model training and application

For a given fROI search space (a larger space around the actual fROI), 
connectivity fingerprint models were designed using L 2-regularized 
linear models (also known as ridge regression) to predict an individual’s 
task contrast (t-values) using that individual’s functional connectivity as 
regressors. Models were trained to only predict the task selectivity 
relevant to each fROI. Visual fROI models were trained using visual 
contrasts, language fROI models were trained using the Sentences >
Nonsense contrast, and spatial working memory (SWM) fROI models 
were trained using the Hard > Easy contrast. Cross-domain contrasts (e. 
g., training visual fROIs using language contrast) were not used. The 
regression coefficients were a vector of length p, the number of parcels 
ipsilateral to the fROI search space (179 parcels). The model predictions 
of a subject’s task selectivity within the fROI search space were a vector 
of length v, the number of vertices in the search space. The predictions 
were obtained by computing the dot product between a subject’s con
nectivity matrix (i.e., vertices by 179 parcels) and the model co
efficients. We designed four final models for each fROI search space 
using four different types of FC (4 × 52 = 208 models total).

The model training approach has previously been described in Osher 
et al., 2019 and Molloy et al., 2024 (see Fig. 1). We used a sample of 35 
subjects to train the models. Briefly, for each fROI search space, the λ 
parameter for an L 2-regularized linear model was optimized through an 
inner-loop leave-one-subject-out cross validation, where 100 candidate 
λ values logarithmically spaced between 10− 5 and 102 were fit, and the 
best fitting model (by mean squared error), averaged across left out 
subjects, was identified. Models were trained separately for each type of 
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FC (referred to as “source connectivity”) and then used to predict neural 
responses using different types of FC (referred to as “applied connec
tivity”) for the left-out subject in the outer-loop “cross validation”, using 
that same subject’s data (Table 1). To avoid circularity between the 
connectivity used to generate predictions and the task selectivity being 
predicted, source and applied connectivity for each fROI’s prediction 
was always derived from a task other than the one defining that fROI’s 
selectivity (e.g., language- or SWM-derived FC was used to predict visual 
category selectivity, and vice versa). Same-task FC was therefore never 
used to predict selectivity within its own domain in the comparisons 
reported in Figs. 2 and 3. The results of this within-sample model 
application were almost perfectly replicated with an independent, 
out-of-sample dataset of 13 participants which used no cross-validation. 
For these participants, models were designed as described above, except 
that no subject was left out in the outer-loop; instead, FC and BOLD data 
from the 35 participants above were used for model training (resulting 
in a small 2.86% increase in training data). These trained models were 
then applied to FC data from a completely independent set of 

participants, whose data were not part of the modeling procedure and 
were left out of all analyses until all other experiments and analyses had 
been completed (Table 1). Prediction accuracy was quantified as the 
mean Pearson correlation between predicted and observed task selec
tivity across subjects. These values were Fisher-transformed prior to 
averaging, and then transformed back to [− 1 1].

As a baseline for model performance, empirical chance levels were 
estimated using a permutation procedure in which task selectivity 
values were randomly shuffled across subjects prior to model training. 
Models were then trained on the permuted data and evaluated on left- 
out subjects using the same cross-validation procedure as the true 
models. This approach preserves the overall distribution of task selec
tivity values while disrupting their correspondence with functional 
connectivity, providing an estimate of the prediction accuracy expected 
by chance in the absence of a true relationship between functional 
connectivity and task selectivity. The empirical chance levels are plotted 
in Figs. 2 and 4.

To evaluate whether functional connectivity provides predictive 

Fig. 1. Model training and application schematic. For each fROI search space (a larger space around the actual fROI, abbreviated as SS in the figure), a model was 
trained separately with each type of FC to predict an individual’s task selectivity (each search space voxel’s t-statistic for the appropriate contrast) using that same 
individual’s resting-state or task-derived FC (each search space voxel’s connectivity to each Glasser parcel). A nested cross validation approach was adopted to 
optimize the model’s regularization parameter (λ for L 2-regularized linear models).

Table 1 
Train/test structure for within-sample and out-of-sample connectivity fingerprint models.

Analysis Subjects Training data (model fitting) FC used at application 
(generates prediction)

Evaluation target (observed 
contrast)

Within-sample 
(nested leave-one- 
subject-out)

N = 35; each subject held out 
in turn

Remaining 34 subjects’ source connectivity, 
paired with their own observed contrast for 
the domain being predicted

Held-out subject’s applied 
connectivity

Held-out subject’s own observed 
contrast for the domain being 
predicted

Out-of-sample 
validation

N = 35 (train) → N = 13 
independent subjects (test)

All 35 subjects’ source connectivity, paired with 
their own observed contrast for the domain 
being predicted

Each of the 13 independent 
subjects’ applied 
connectivity

Each of the 13 independent subjects’ 
own observed contrast for the domain 
being predicted

Note. “Source connectivity” refers to the functional connectivity (FC) type—resting-state or one of the task conditions—used for model fitting. “Applied connectivity” 
refers to the FC type from the subject(s) being predicted, to which the model is applied to generate a predicted activation map. Source and applied FC type were 
independently varied across all combinations of rest and the two non-target-domain task types for each domain (yielding a 3 × 3 design per domain); this table 
describes the general train/test procedure common to all such combinations.
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information beyond simple anatomical position, we additionally 
implemented a spatial baseline model, which was designed identically 
to the connectivity-based models, except that the covariates were the x, 
y, and z coordinates of each subject’s native pial surface projected onto 

fsaverage, for a given search space. Because these coordinates were not 
derived from a group-level template but retain subject-specific 
anatomical variation, this baseline can capture both predictable 
spatial regularities in task selectivity (e.g., its typical location within a 

Fig. 2. Prediction accuracy for each combination of source connectivity and applied connectivity. Each row shows mean prediction accuracy (Pearson’s r) across 
within-sample participants for fROIs within each domain. Bars are grouped by source connectivity—i.e., the connectivity type that was used to build the model. Each 
bar within a group represents the accuracy of applied connectivity—i.e., the connectivity type the model was applied to. FC from the same task were never used to 
predict selectivity within their own domain. The solid horizontal line within each bar indicates the empirical chance level (i.e., prediction accuracy expected by 
chance in the absence of a true relationship between functional connectivity and task selectivity) associated with each source-applied connectivity combination. The 
dashed horizontal line within each bar indicates the spatial baseline model for that condition (i.e., prediction accuracy based solely on each subject’s native vertex 
coordinates, without functional connectivity information). Error bars reflect the standard errors of the means. Horizontal lines indicate a significant difference in 
mean prediction accuracy between models (paired t-tests, Holm-Bonferroni corrected for 18 comparisons, p < 0.05). In almost all cases, the accuracy of models either 
built by or applied to resting-state connectivity are not significantly different from task-derived connectivity.

Fig. 3. Predicted and observed task selectivity maps for three subjects. The left panel displays the observed task selectivity for all left hemisphere fROIs, the colored 
panels display the predicted patterns of selectivity for each combination of source and applied connectivity from resting-state and SWM task data. FC from the same 
task were never used to predict selectivity within their own domain (see methods), and so frontal and parietal SWM fROIs are not included in the final 3 columns. 
Regions outlined in blue denote visual fROIs, regions outlined in white denote language fROIs, and regions outlined in black denote SWM fROIs. Regardless of source 
or applied connectivity type, the selectivity predictions are highly similar to each other and to the observed selectivity. Units are z-scores.
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search space) and idiosyncratic individual differences in anatomy. This 
baseline model was trained and evaluated using the same nested leave- 
one-subject-out cross-validation procedure as our connectivity finger
printing models, allowing direct comparison of prediction accuracy 
between models based on functional connectivity and models based 
solely on anatomical position. The prediction accuracies from these 
models are plotted in Fig. 2 as dashed lines.

3. Results

3.1. Task-based connectivity from diverse task localizers predicts 
individual’s fROIs as well as resting-state connectivity

To determine whether FC estimates from one task can generalize to 
predict task selectivity in other tasks and how its performance compares 
to resting-state FC, we first built a connectivity fingerprint model from 
each FC type (referred to as “source connectivity”, the type of FC used to 
build the model) and applied them to either the same or different FC 
types (referred to as “applied connectivity”, the type of FC that the 
model is applied to in order to predict neural responses). For example, 
we built a model to predict each visual fROI from resting-state as source 
connectivity, and then applied it to the FC derived from the residuals of 
the spatial working memory (SWM) task, the applied connectivity. 
Overall prediction accuracy was high across all fROIs and models (grand 
mean r = 0.47, SD = 0.31), exceeding empirical chance levels (Pearson’s 
r between 0.2 and 0.3) by more than two-fold and closely matching 
observed patterns of task selectivity (Fig. 2, solid line in each bar). Ac
curacies were also significantly higher for all connectivity fingerprint 
models than for the spatial baseline models (paired t-tests, Holm- 
Bonferroni corrected for 27 comparisons, all p < 0.05), in which pre
diction relied solely on each subject’s native vertex coordinates, indi
cating that functional connectivity captures predictive information 
beyond subjects’ anatomical positions alone (Fig. 2, dashed line in each 

bar). Beyond prediction accuracy, all models captured individual dif
ferences in task selectivity (Fig. 3): each subject’s predicted activation 
map was more similar to their own actual map than to those of any other 
subject in the sample (Kolmogorov-Smirnov tests between self vs. other 
distributions, all p < 10− 8) (see supplementary Fig. S1). This self- 
specificity was not simply attributable to subjects’ anatomy: the 
spatial baseline models showed no significant self-vs-other specificity 
(Kolmogorov-Smirnov tests, all p > 0.05), indicating that connectivity- 
derived predictions capture subject-specific neural response patterns 
beyond what anatomical position alone can explain.

To test whether prediction accuracy depended on the type of con
nectivity used to build or apply the model, we ran a two-way 3 × 3 
repeated-measures ANOVA for each fROI domain, with source connec
tivity and applied connectivity as within-subject factors, each with three 
levels (rest and two task FC types, Supplementary Table S1). This 
allowed us to determine whether models built from or applied to task- 
derived FC performed comparably to those built from or applied to 
resting-state FC, both independently and in combination. For each 
domain tested, there was no main effect of source or applied connec
tivity (p > 0.05): models fit equally well regardless of whether they were 
built from, or applied to, rest- or task-derived FC. Significant in
teractions were observed for the visual (F(4, 136) = 25.94, p < 0.001) 
and SWM tasks (F(4, 136) = 21.77, p < 0.001). To follow up on these 
interactions, we conducted post hoc paired t-tests comparing prediction 
accuracy between each task-based source-applied combination and the 
corresponding rest-applied combination, with accuracies first averaged 
across fROIs within each domain for each subject. Within each domain, 
p-values from these post hoc tests were Holm-Bonferroni corrected 
across the 18 pairwise comparisons tested. These post hoc comparisons 
revealed that these interactions were driven by modestly divergent ac
curacies in all cases. In visual fROIs, the significant interaction occurred 
when SWM was the source connectivity and applied to SWM connec
tivity, compared to when it was applied to rest (Δprediction 

Fig. 4. Prediction accuracy of out-of-sample participants for each combination of source connectivity and applied connectivity. Each row shows mean prediction 
accuracy (Pearson’s r) across out-of-sample participants for fROIs within each domain. Bars are grouped by source connectivity and each bar within a group rep
resents the accuracy of applied connectivity. The solid horizontal line within each bar indicate the empirical chance level (i.e., prediction accuracy expected by 
chance in the absence of a true relationship between functional connectivity and task selectivity) associated with each source-applied connectivity combination. The 
dashed horizontal line within each bar indicates the spatial baseline model for that condition (i.e., prediction accuracy based solely on each subject’s native vertex 
coordinates, without functional connectivity information). Error bars reflect the standard errors of the means. The significance line indicates a significant difference 
in mean prediction accuracy between models applied to rest and those applied to task (paired t-tests, Holm-Bonferroni corrected across 4 comparisons, p < 0.05). 
Note that the 13 out-of-sample subjects did not complete the language task, so language fROIs are not included in the comparisons. Again, as in Fig. 2, in all but one 
case, the accuracy of models either built by or applied to resting-state connectivity are not significantly different from task-derived connectivity.
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accuracy = 0.035, t(34) = − 3.91, p = 0.0076, Holm-Bonferroni cor
rected for 18 comparisons). In SWM fROIs, the significant interaction 
occurred when the source was either rest or vision, and applied to lan
guage, compared to when it was applied to rest (Δprediction 
accuracy = − 0.024, t(34) = 2.93, p = 0.036, and Δprediction 
accuracy = − 0.025, t(34) = 2.96, p = 0.036, respectively; Holm- 
Bonferroni corrected p values across 18 comparisons), see Fig. 2. Thus, 
in all but a handful of cases, the accuracies of models either built by or 
applied to resting-state connectivity are not significantly different from 
task-derived connectivity. Taken together, these results indicate that 
task-derived connectivity, across the three localizers tested here, pre
dicts individual task selectivity as well as resting-state connectivity, 
even when the connectivity used to build the model was derived from a 
task other than the one whose selectivity was being predicted.

3.2. Out-of-sample data is well predicted by resting-state and task-derived 
connectivity

We next applied the models built from within-sample subjects to an 
additional 13 out-of-sample subjects who did not complete all three 
tasks. This allows us to determine whether the high prediction accu
racies we observed were due to overfitting. The overall accuracy is high 
(grand mean r = 0.57, SD = 0.26) (Fig. 4), and in all cases higher than 
the accuracy observed with within-sample participants (Welch’s t-test of 
out-of-sample vs. within-sample accuracies, t(7011) = 22.52, 
p < 0.001). This shows that the models likely did not overfit the data and 
are generalizable. In addition, a similar pattern was observed as the 
training participants, where the type of source or applied connectivity 
does not appreciably influence predictions of task selectivity in visual 
and spatial working memory regions (Fig. 2). Together, these results 
confirmed that task selectivity at the level of individual subject fROIs 
can be predicted by task-derived connectivity, regardless of task type, 
and that this is the case even when the source connectivity does not 
match applied connectivity.

3.3. Laterality in task activation predicted by task-derived connectivity

Our results above revealed that task responses within individual 

subject visual, language, and SWM fROIs can be predicted from inde
pendent task-derived connectivity (Figs. 2 and 3), with the SWM fROIs 
achieving remarkable accuracies around r = 0.7, similar to that reported 
in Osher et al. (2019) for the related dorsal attention network. The same 
fMRI data can therefore be used both to independently define func
tionally selective fROIs and when residualized, can estimate responses in 
fROIs for other domains, thereby obviating the need for additional fMRI 
experiments if additional scans are not possible.

We further asked whether these predictions captured known func
tional characteristics of each domain, specifically hemispheric laterality. 
Prediction accuracy reflected the expected lateralization patterns, with 
substantially higher accuracy for left-hemisphere language fROIs 
compared to those in the right-hemisphere (Paired t-test, t(34) = 4.78, 
p < 0.001)(Fig. 5), whereas no hemispheric differences were observed 
for visual and SWM fROIs. Because connectivity estimates were 
restricted to ipsilateral parcels, the present analyses specifically assess 
the extent to which within-hemisphere connectivity structure predicts 
functional selectivity. This restriction may provide a conservative esti
mate of prediction performance, as contralateral connectivity patterns 
could also contribute meaningful information, particularly for bilateral 
systems. Nevertheless, the observed left-lateralized advantage in lan
guage prediction is broadly consistent with the stronger and more reli
able functional specialization of language cortex in the left hemisphere 
(Tzourio-Mazoyer et al., 2017). Right-hemisphere language responses 
are typically weaker and less spatially consistent across individuals 
(Bavelier et al., 1998; Tzourio-Mazoyer et al., 2017; Vigneau et al., 
2011), which may reduce the stability of both the task-evoked re
sponses and their associated connectivity fingerprints (see Joliot et al., 
2016; Liu et al., 2009; McAvoy et al., 2016; Wang et al., 2014), 
thereby lowering prediction accuracy.

3.4. Task-derived connectivity fingerprints are highly similar to resting- 
state fingerprints

Our connectivity fingerprint models use vertex-to-region correlation 
matrices of fMRI time series to predict task selectivity. To understand 
why the models performed similarly even when the source and applied 
connectivity were different, we examined the similarity between the 

Fig. 5. Comparison of prediction accuracy between left and right fROIs. Bars are grouped by fROI domain. Error bars reflect the standard errors of the means. There 
is no significant difference at Bonferroni-Holm p < 0.05 between left and right visual and SWM fROIs. However, the prediction accuracy for language fROIs is 
significantly left-lateralized.
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patterns of connectivity derived from resting-state and task data by 
computing the correlations between the resting-state connectivity ma
trix and the three task-derived connectivity matrices, for each fROI and 
each participant. We observed that the mean correlations between 
resting-state and task-derived FC are high (r > 0.6) for all three tasks 
(Fig. 6). Interestingly, FC derived from the auditory language localizer 
has a significantly higher correlation with resting-state FC than FC 
derived from the dynamic visual localizer (Paired t-test, t(34) = 3.27, 
p = 0.0025) and the spatial working memory task (Paired t-test, t 
(34) = 5.12, p < 0.001). Nevertheless, all three tasks produce patterns of 
FC that are extremely similar to resting-state FC. And while the con
nectivity patterns are highly similar (e.g. see Bolt et al., 2017), the data 
sources might be different at the network level (Bolt et al., 2017). 
Nonetheless, the predictive connections from these connectivity 
fingerprinting models are stable enough to mix between different source 
and applied connectivity type. Thus, the most parsimonious explanation 
for the above results is that FC is sufficiently similar during rest and 
specific tasks, such that models can be designed from any FC type, and 
applied to any FC type as well.

4. Discussion

Here, we show that neural selectivity of an individual can be robustly 
predicted by task-based connectivity across multiple ROIs associated 
with a variety of task domains (similar result was found for non- 
residualized FC; see Supplementary Fig. S2). Our results confirm that 
FC from one task can be generalized to predict functional activation 
evoked by other distinct tasks in a variety of functional regions across 
multiple cortical systems (Figs. 1 and 3). Application of the models to 
out-of-sample data show high prediction accuracies, providing evidence 
against overfitting (Fig. 2). Importantly, resting-state FC has no signif
icant advantage in predicting task selectivity over task-derived FC; task 
data, across our three distinct tasks, can be used to build or be applied by 
connectivity fingerprint models. Given the well-documented similarity 

between task FC and resting-state FC (Cho et al., 2021; Elliott et al., 
2019; Fair et al., 2007; Gratton et al., 2018b; Kraus et al., 2021), this 
equivalence in prediction performance is not entirely unexpected, and 
suggests that task FC preserves enough of the same stable, 
subject-specific information to be practically substitutable to rest. Still, 
rest and task FC share about ~35–50% variance, yet models generalized 
across FC types with equivalent accuracy, indicating the models capture 
a fingerprint that is stable across meaningfully distinct connectivity es
timates. Thus, while previous studies have shown that resting-state FC 
can be used to predict brain responses at the level of individual subject 
(e.g., Cole et al., 2016; Ngo et al., 2022; Tavor et al., 2016; Zheng et al., 
2022), we extend these findings both to task-derived FC and to an 
fROI-based approach that offers higher precision and fine-grained 
information.

In addition, we demonstrated for the first time that auditory lan
guage and multiple-demand (MD) fROIs involved in spatial working 
memory can be robustly predicted from other task-derived connectivity 
within individual subjects. These domain-general and domain-specific 
individual subject fROIs are traditionally defined with functional 
localizers (e.g., Fedorenko et al., 2010, 2013; Julian et al., 2012). Here 
we linked functional organization with task-based connectivity, 
showing that functional connectivity patterns, derived from either 
resting-state or task data, predicted language-selective and 
multiple-demand regions at the individual level comparably well 
(Fig. 2). Notably, MD regions were better predicted than visual and 
language regions. One possible explanation is that frontoparietal FC 
carries a richer individual difference signal that is more strongly coupled 
to cognitive function and more variable across individuals (see Finn 
et al., 2015b); sensory and language responses, by contrast, may be 
more strongly driven by feedforward inputs constrained by local circuit 
organization, which may be less well captured by whole-brain FC. This 
interpretation is consistent with recent work emphasizing that pre
frontal control regions are not isolated executive nodes, but are instead 
embedded within selectively connected dorsal and ventral 
attentional-control architectures, with distinct prefrontal subregions 
showing systematically different connectivity depending on their role in 
spatial versus non-spatial attention and working memory (Bedini et al., 
2023, 2026; Bedini and Baldauf, 2021; Soyuhos and Baldauf, 2023). This 
selective embedding within broader attentional-control networks may 
make frontoparietal MD regions particularly amenable to prediction 
from whole-brain connectivity, since their functional identity is pri
marily defined through their connectivity profile rather than through 
local circuit properties. However, this interpretation remains specula
tive, and several alternative explanations cannot be ruled out, including 
differences in SNR or task contrast strength, differing reliability of the 
underlying contrasts (e.g., Hard > Easy for MD versus category contrasts 
for visual and language regions), or differences in alignment with the 
Glasser parcellation across domains. Nevertheless, our results advances 
prior work by demonstrating that connectivity not only reflects 
large-scale network structure but also captures fine-grained functional 
organization, including left-laterality of language fROIs. This enables 
task responses to be predicted without additional localizer scans, even 
for regions involved in higher cognition, such as the language and MD 
networks.

The present findings have several implications. First, our results 
show that task data performs comparably to rest in predicting in
dividual’s task selectivity. This equivalence has practical value primarily 
for datasets in which resting-state scans were not collected or are un
available: task data can serve as a viable alternative for predicting 
functional responses in such cases, rather than requiring investigators to 
acquire additional resting-state scans. Second, the same task dataset can 
be used both to define functionally selective fROIs for the task per
formed and to estimate fROIs for other mental domains at the 
individual-subject level, without requiring a separate, dedicated local
izer scan for every domain of interest. This dual use of existing task data 
may reduce the number of additional localizer acquisitions needed 

Fig. 6. Correlation between resting-state and task-based connectivity. Each bar 
represents the overall mean correlation between resting-state and task-derived 
FC within individual and fROI. Correlations were computed between an in
dividual’s rest and task-derived FC matrices. The correlation coefficients were 
then averaged across fROIs and across subjects. Error bars reflect the standard 
errors of the means. The significance line indicates a significant difference 
(p < 0.05) between the group means. All three types of task-derived FC are 
highly similar with resting-state connectivity.
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within a single session, particularly in datasets where only limited scan 
time is available for functional localization. Of course, the accuracy of 
task contrast estimates depends on the particular fROIs and domains of 
interest, as evident in the differences in prediction accuracy between 
visual, language, and spatial working memory domains (Fig. 2). Dedi
cated localizers may still be necessary if the best estimates of task effects 
are desired. Nevertheless, task data may be adequately used to define 
ROIs in the absence of localizers. Consistent with our previous work 
(Molloy et al., 2024), connectivity-defined fROIs derived from task data 
are likely to outperform group-level atlas–based approaches, offering a 
subject-specific alternative when independent localizers are unavai
lable. Finally, building on these implications, our approach allows re
searchers to extract information about task responses of interest even in 
datasets that lack the corresponding task. This capability is particularly 
valuable for deeply sampled datasets such as the Natural Scenes Dataset 
(NSD) (Allen et al., 2022), which offers extensive within-subject sam
pling and high spatial resolution fMRI data. These properties provide the 
precision required for studying fine-grained functional organization in 
brain systems, and make it possible to investigate questions—such as 
language-related responses—even when an explicit language task was 
not acquired. Similarly, currently available large-scale fMRI datasets (e. 
g., Gordon et al., 2017; Miller et al., 2016; Van Essen et al., 2013; 
Volkow et al., 2018) can be reanalyzed to characterize the functional 
organization and profiles of brain regions and networks that were not 
directly acquired, expanding the range of questions that can be 
addressed with existing data without new acquisitions.

Several considerations and avenues for future work should be noted. 
First, our training sample (N = 35) is more modest than some recent 
studies that have demonstrated highly generalizable task prediction 
from large-scale datasets (e.g., Gal, Tik, et al., 2022; Serin et al., 2025; 
Tik et al., 2023). We view this as reflecting a distinct and complementary 
strength of the current approach rather than a limitation. Large-scale 
datasets offer clear advantages, including broader demographic gener
alizability and greater statistical power for detecting smaller effect sizes. 
Nevertheless, connectivity fingerprinting methods have previously been 
shown to yield robust individual-level predictions with samples 
considerably smaller than ours—for example, Osher et al. (2019)
demonstrated reliable prediction of dorsal attention network organiza
tion with as few as nine subjects. Our results extend this previous 
finding, suggesting that connectivity fingerprint models can achieve 
meaningful predictive power at sample sizes attainable by individual 
laboratories, without requiring access to large-scale, multi-site con
sortium data. Given that many research groups lack the resources to 
collect datasets on the scale of the Human Connectome Project or similar 
large public repositories, demonstrating that this approach generalizes 
well at a more modest, individual-lab-scale sample size broadens its 
practical accessibility and reproducibility for the wider research com
munity. Another potential concern is cross-task scan parameters. Future 
studies should test whether predictions extend across distinct tasks and 
examine how specific fMRI sequence parameters may influence the 
robustness of predictions (or whether findings generalize across acqui
sition protocols). One scan parameter that we were concerned about was 
the variable length of each task; we directly tested this by running all of 
the analyses with 200 random TRs from each task and rest, and observed 
very similar results (Supplementary Figure S3). Another question is how 
task data, with and without residualization (see Supplementary 
Figure S2), compared to resting-state data, and under what circum
stances one may offer advantages over the other. It has been proposed 
that task engagement may reduce head motion and help maintain 
arousal, improving data quality over resting-state paradigms. Future 
work should systematically evaluate these factors to establish the rela
tive strengths, limitations, and optimal applications of task-based vs. 
resting-state connectivity for studying functional organization and 
response of brain networks.

Our findings connect to a broader recent literature demonstrating 
that connectivity fingerprints carry cognitively meaningful information 

beyond localizing task-evoked responses, including predicting individ
ual differences in perceptual behavior (Soyuhos et al., 2026) and 
decoding the content of internally generated mental states (Mantegna 
et al., 2025). Because we show that task-based connectivity captures 
the similar individual-difference structure as resting-state connectivity 
for predicting task selectivity, our results suggest that task data may 
likewise serve as a viable substrate for these richer, behaviorally- and 
cognitively-relevant applications of connectivity fingerprinting, rather 
than being limited to localizing functional responses alone.

Our study advances individual-level brain mapping by demon
strating that task-based functional connectivity predicts task activations 
in high-level visual, language, and spatial working memory regions 
comparably to resting-state FC. Task-based FC can capture fine-grained 
individual differences in functional organization, and this predictive 
power generalizes across domains: connectivity from one task reliably 
predicted selectivity for domains that task did not directly probe. These 
findings carry practical implications for large-scale fMRI datasets: where 
dedicated resting-state or localizer scans are unavailable, existing task 
data may offer a viable means of inferring individual functional orga
nization, even for domains outside the scope of the task performed. This 
underscores the value of individual FC fingerprints, derived from either 
task or rest, for characterizing the brain’s functional architecture.
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