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 19 
Abstract 20 

Connectome fingerprinting (CF) is a machine learning technique that uses an 21 

individual’s unique brain connectivity profile to make predictions about their individual brain 22 

activity patterns. Previous studies have successfully employed CF using sensory, working 23 

memory, and auditory/visual fMRI data. Here, we demonstrate that this technique can be used 24 

to examine higher-order cognition and evaluate the effectiveness of the CF method in the 25 

prefrontal cortex (PFC), an area where brain function and structure has been shown to be 26 

exceptionally variable across individuals. We designed a CF model, using a leave-one-out 27 

cross-validation scheme, to predict individually-specific blood-oxygen-level-dependent 28 

(BOLD) activation in the lateral PFC. We used an abstract reasoning task designed to probe 29 

higher-order cognitive function specific to the lateral PFC. Our results demonstrated that CF 30 

better predicts abstract reasoning activation in the lateral PFC compared to the group average. 31 

We also tested whether task-evoked BOLD activity could be predicted using a model trained 32 

on a subset of the functional connectome. We demonstrate that CF models trained on a partial 33 

connectome from associative brain networks achieved similar levels of model performance 34 

compared to models trained on the full connectome. We observed that model performance 35 

varied across participants, suggesting that within-participant reliability in task activation, and 36 

deviation from the group average influence the model. Overall, we used CF to characterize 37 

individuals’ task-evoked BOLD activation during abstract reasoning, demonstrating a link 38 
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between resting-state functional architecture and brain activations and identifying key 39 

networks that contribute to higher-order cognition.  40 
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1. Introduction 41 

 Brain activity patterns measured with functional magnetic resonance imaging (fMRI) 42 

can be highly variable at the individual level. This variability is amplified by the low signal-43 

to-noise ratio and often small sample sizes (Gordon et al., 2017; Welvaert & Rosseel, 2013). In 44 

fact, successful functional precision mapping has required the aggregation of hours of resting-45 

state data from one person across many sessions (Ooi et al., 2025), making this infeasible in a 46 

large-scale cohort. While group averaging improves the statistical reliability of blood oxygen 47 

level dependent (BOLD) activation, it can also have the effect of obscuring meaningful 48 

differences. A growing body of research has emphasized the importance of considering 49 

individual variability in fMRI activation (Amunts et al., 2000; Bürgel et al., 2006; Mangin et 50 

al., 2004; Mueller et al., 2013), asserting that group averaging glosses over cognitively 51 

meaningful information and blurs the fine-scale organization of interdigitated brain networks 52 

(Braga & Buckner, 2017; Buckner & DiNicola, 2019; DiNicola et al., 2023; Somers et al., 2021; 53 

Specht, 2020). Further, these individual differences make network models challenging to 54 

define, as they can depend on both state (task-dependent) and/or trait (participant-dependent) 55 

components that are difficult to differentiate from model noise (Bassett et al., 2018). This is of 56 

particular concern in the prefrontal cortex (PFC), a brain region at the core of many higher-57 

order cognitive tasks, with known individual structural (Rajkowska & Goldman-Rakic, 1995) 58 

and functional variation(Mueller et al., 2013). 59 

 Machine learning approaches, including Connectome Fingerprinting (CF), have been 60 

used to offer a more detailed view of individual-level BOLD activation. CF uses an individual’s 61 
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brain connectivity profile (e.g. functional connectome) to predict information about activity 62 

patterns or cognitive performance, akin to a unique “fingerprint” (Passingham et al., 2002). CF 63 

has a broad range of applications. For example, in a hallmark study by Finn et al. (2015), whole-64 

brain functional connectomes were used to demonstrate that each participant’s functional 65 

connectome at session one was predictive of their subsequent functional connectomes (Finn 66 

et al., 2015). The technique has also been used to predict evoked BOLD activation during 67 

sensory and perceptual tasks (Amico & Goñi, 2018; Finn et al., 2015; Mars et al., 2018; Osher 68 

et al., 2019; Tobyne et al., 2018; Tripathi et al., 2024; Tripathi & Somers, 2023), to predict 69 

behavioral outcomes (Shen et al., 2017),  to predict symptoms of attention disorders (Rosenberg 70 

et al., 2015, 2016), and in place of functional localizers to identify regions of interest (ROIs) 71 

along the ventral visual stream (Molloy et al., 2024).  72 

In addition to its practical applications, CF may offer theoretical insight into the 73 

relationships between task-based BOLD activation and an individual’s underlying functional 74 

network architecture. In the original “Connectome Fingerprinting” paper by Passingham and 75 

colleagues, it is argued that each cortical area of the brain has a fingerprint of connections, and 76 

that these connections underly the observed neuronal activation patterns across various tasks 77 

(Passingham et al., 2002). This would suggest that task-activation patterns hold, at least 78 

partially, non-variable trait-level information. A recent paper investigating the relationship 79 

between resting-state functional connectivity and task activations across 33 cognitive domains 80 

supports this idea, finding tight coupling between the average whole-brain connectivity 81 

matrix and all 33 unique cognitive domains (Hiersche et al., 2026). Further, resting-state 82 
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network stability has been replicated across datasets, tasks, and individual participants (Braga 83 

& Buckner, 2017; Cole et al., 2014; Gratton et al., 2018; Kraus et al., 2021; Power et al., 2011; 84 

Thomas Yeo et al., 2011). There is also evidence that some amount of flexible reconfiguration 85 

of specific networks is necessary for specific cognitive functions (Liao et al., 2017; Mattar et 86 

al., 2018; Morin et al., 2023). Importantly, despite clear relationships between the functional 87 

connectome and task activations at the group level, participant-specific differences in network 88 

topology influence the inter-individual variability in task activation patterns (Chan et al., 89 

2017).  90 

In this study, our goal was to extend the use of the CF technique to an abstract reasoning 91 

task to address two questions: 1) how much information in individual-level activation patterns 92 

can be linked to idiosyncratic functional network architecture?, and 2) what is the capacity of 93 

the CF method in capturing this link during a higher-order cognitive task? Abstract reasoning 94 

is a goal-oriented process whereby rules of a specific context are identified and applied to novel 95 

situations. fMRI research has implicated the PFC as having a key role in abstract reasoning 96 

(Hasselmo & Stern, 2018; Hoshi et al., 2000; Mansouri et al., 2020; Miller & Cohen, 2001; 97 

Morin et al., 2023; Wallis et al., 2001). The lateral PFC shows increased BOLD activation 98 

during abstract reasoning tasks (Melrose et al., 2007, 2018; Prabhakaran et al., 1997; Shin & 99 

Jeon, 2021) and functional reconfiguration when transitioning from resting-state into an 100 

abstract-reasoning task-state (Hearne et al., 2016; Morin et al., 2023). Higher-order cognitive 101 

brain activity is highly variable in the lateral PFC (Buckner & DiNicola, 2019; DiNicola et al., 102 
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2023), and employing CF during an abstract reasoning task offers a unique opportunity to assess 103 

the level of trait-specific task-relevant information held in multi-modal brain networks at rest.  104 

In this study, we employed a cross-validated leave-one-out ridge regression technique 105 

(LOOCV) on functional connectomes generated from resting-state fMRI data to predict lateral 106 

PFC activation during a simplified version of the Raven’s Progressive Matrices (RPMS) 107 

reasoning task (Morin et al., 2023; Raven, 1941). We hypothesized that a CF model would be 108 

more accurate than that of the group average benchmark. Moreover, given previous findings 109 

that associative networks, particularly the frontoparietal network, showed higher predictive 110 

weights, (Finn et al., 2015; Peña-Gómez et al., 2018), we hypothesized that a subset of the 111 

networks would be sufficient for good model performance. We tested this by splitting the 112 

connectome into subsets, namely association-related and sensory-related connectomes. 113 

Finally, we identified factors that may influence our model performance, including within-114 

individual variation in task activity and deviation from the group average. 115 

Results of this study demonstrate that LOOCV CF can be successfully employed during 116 

a higher-order cognitive task, in our case abstract reasoning, in an individually variable brain 117 

region such as the lateral PFC. Our CF model was better able to predict individual-participant 118 

BOLD activation compared to the group average. In addition, we identified a subset of 119 

associative brain networks that combine into a functional connectome which performs as 120 

efficiently as the whole-brain connectome for predicting task activation. This suggests that the 121 

underlying functional architecture of these networks partially shapes BOLD activation 122 
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patterns during higher-order cognition. Thus, trait-specific information present at rest is also 123 

a highly relevant feature of state-level task activation in higher-order cognition.  124 

 125 

2. Methods 126 

2.1  Participants   127 

We re-analyzed an existing dataset of 31 healthy participants who were recruited from 128 

Boston University and the greater Boston area (Morin et al., 2023). All participants had normal 129 

or corrected to normal vision and no history or current diagnosis of neurological or psychiatric 130 

disorders. 23 participants were included in the final analysis (19-34 years of age (mean: 26), 14 131 

female). We excluded 1 participant due to low accuracy on the behavioral task (<80% in at 132 

least one condition), 3 due to excessive head motion (>3 mm framewise displacement (FD) 133 

during at least 2 TRs within a single scan run (uninterrupted acquisition period of a task)), and 134 

4 for not having enough resting-state data for the present analysis. The mean FD across all 135 

participants and scans as 0.12mm, indicating extremely low overall head motion aside from 136 

the 3 excluded participants. All participants gave written informed consent in accordance with 137 

Boston University’s Institutional Review Board and were compensated for their time. 138 

 139 

2.2 Experimental Design 140 

During fMRI scanning, all participants performed an in-scanner version of the RPMS 141 

(RAVEN, 1941). The present analyses included two conditions: one experimental and one 142 

control (Figure 1). The experimental condition was designed to investigate abstract reasoning 143 
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ability via a symbolic reasoning task. In this condition, participants were asked to look at a 144 

series of discrete symbols that followed a sequential rule from left to right. For each trial, 145 

participants were shown the stimulus with two potential answer choices, followed by a 4.0 s 146 

time-window where they were to determine the answer-choice that best fit the sequential 147 

pattern. They were then given feedback as to whether it was a ‘Correct’, ‘Wrong’, or ‘No 148 

Response’ trial (1.0s). For the control condition, the symbolic sequences were also coupled 149 

with ‘matching’ trials. In this condition, participants were shown discrete images of the same 150 

symbol, and determined which answer-choice was an identical match to the stimulus. 151 

Participants completed a total of 384 trials, 96 of each condition. A detailed description of the 152 

task design, implementation, and timing can be found in Morin et al., 2023.  153 

 154 

2.3 MRI Data Acquisition  155 



10 
 

MRI data were collected using a 3 Tesla Siemens MAGNETOM Prisma MR scanner 156 

located in the Cognitive Neuroimaging Center at Boston University in Boston, Massachusetts. 157 

Data were acquired using a 64-channel head coil. Each subject underwent a T1-weighted 158 

MEMPRAGE RMS structural scan (TR = 2200 ms, TE = 1.67, Flip Angle=7°, Resolution = 1 mm 159 

isotropic) and three runs of T2*-weighted echo-planar (BOLD) resting-state functional MRI 160 

(multiband sequence, slice acceleration factor of 6, TR = 1000ms, TE=30ms, Flip Angle = 60°). 161 

For each resting-state acquisition, subjects were asked to lie still and fixate on a crosshair on 162 

the screen displayed in front of them for 6 minutes. For task scan runs, T2*-weighted echo-163 

Figure 1 

RPMS Task design. We utilized fMRI data from a previous study in our lab 
(Morin et al., 2023) that employed a simplified version of the Raven’s Progressive 
Matrices task shown here. The experimental condition of interest was ‘Symbolic 
Reasoning’ whereby a sequentially changing patterns of symbols was shown 
followed by two potential answer choices for the participant to choose from. This 
condition was contrasted with a ‘Symbolic Matching’ control where the participant 
saw sequentially matching patterns and had to select the match between two answer 
choices.  
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planar (BOLD) images were acquired (multiband sequence, slice acceleration factor of 3, TR = 164 

2000, TE = 30ms, Flip Angle = 60°, partial-fourier acquisition). All functional runs were 165 

composed of 78, whole-brain slices with a voxel-size of 2 mm isotropic. Further, two opposite 166 

phase-encoding EPI fieldmaps were acquired for each subject for distortion correction 167 

(TR=8540 ms, TE = 66 ms, Flip Angle = 90°).  168 

 169 

2.4 Data Preprocessing & Lower-Level General Linear Models 170 

All data were preprocessed using the standardized pipeline available in fMRIprep 171 

(v1.4.1) (Esteban et al., 2019). The steps included skull stripping, fieldmap distortion 172 

correction, co-registration of participant-specific functional data to their anatomical images 173 

using boundary-based registration with 12 degrees of freedom, head-motion estimation, slice-174 

timing correction, non-linear transformation of anatomical and functional data to a standard 175 

template space (MNI152NLin2009cAsym), and projection onto a standardized cortical surface 176 

(fsaverage). Following preprocessing, we spatially smoothed the data with a Gaussian kernel 177 

(3mm FWHM). Full details of fMRIprep’s pipeline can be found in the Supplementary 178 

Materials Section 1.  179 

First level voxelwise general linear models (GLMs) were performed in surface space on 180 

single-participant data using Freesurfer’s FsFast. Regressors included boxcar regressors 181 

convolved with a gammafit hemodynamic response function (alpha = 2.25, beta = 1.25) to 182 

model the task conditions, a second order polynomial to account for linear and quadratic 183 

trends, and six motion-related nuisance regressors to account for translation and rotation in 184 
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the x, y, and z directions. The resulting z-statistic maps were generated on the concatenation 185 

of all first level runs.  186 

 187 

2.5 Search Space Selection 188 

The lateral PFC is important for abstract reasoning tasks, specifically those requiring 189 

relational integration (Christoff et al., 2001; Golde et al., 2010; Green et al., 2012; Prabhakaran 190 

et al., 1997).In our previous study, we found increased activity of the lateral PFC associated 191 

with abstract reasoning (Morin et al., 2023). Moreover, when contrasting the symbolic 192 

condition with a separate experimental condition that utilized continuous rather than discrete 193 

patterns, large clusters of lateral PFC activation remained. This activity fell within the 194 

boundaries of the previously defined Yeo-7 parcels of the cognitive control network (CCN) 195 

(Thomas Yeo et al., 2011), a network of frontoparietal regions commonly associated with 196 

higher-order cognition. Using the Schaefer 400-parcellation of the Yeo 7 Networks we defined 197 

a search space consisting of  6,110 vertices in the left hemisphere and 10,945 vertices in the 198 

right hemisphere that make up areas of lateral PFC delineated by the CCN (Schaefer et al., 199 

2018; Yeo et al., 2011).  200 

 201 

2.6 Individual Functional Connectomes  202 

For each participant, whole-brain individual functional connectomes were constructed 203 

for both hemispheric search spaces. In each hemisphere, the time-series of the vertices within 204 

each parcel of the Schaefer-400 atlas (with the exception of search space vertices) were 205 
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averaged to create a parcel-specific time-series. The parcel data was then correlated with the 206 

time-series data from each vertex within the search space, thus creating two vertex-to-parcel 207 

functional connectomes, one for each hemisphere.  208 

 In order to investigate whether whole-brain connectomes are necessary for accurate 209 

ridge predictions, we split the connectivity matrices in two: one included nodes in unimodal 210 

sensory networks and the other included nodes in multimodal associative networks. The 211 

sensory functional connectome was composed of nodes from the visual, limbic, and 212 

somatomotor networks of the Schaefer 400-atlas. The associative functional connectome was 213 

composed of nodes from the default mode, dorsal attention, ventral attention, and cognitive 214 

control networks (Schaefer et al., 2018; Thomas Yeo et al., 2011). Both connectomes were 215 

constructed for each hemisphere with the same vertex-to-parcel method used for the whole-216 

brain analysis. 217 

 As a validation for our split connectivity matrices, we also extracted whole-brain model 218 

coefficients and averaged them across participants. These coefficients were then plotted on the 219 

brain in heatmap colors indicating a gradient of weakest to strongest model weights from each 220 

parcel to the lateral PFC search space in both hemispheres. This allowed us to examine 221 

whether the parcels contributing the most to the whole-brain CF model overlapped with 222 

either of our sub-network models.  223 

 224 

2.7 Training Procedures and Ridge Regression Predictions 225 
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Consistent with previous research (Osher et al., 2019; Smittenaar et al., 2017; Tobyne 226 

et al., 2018; Tripathi & Somers, 2023; Wang et al., 2017), this study employed ridge regression 227 

(Hoerl & Kennard, 1970) using a nested LOOCV (Hastie et al., 2009). The regression was 228 

modeled based on L2-regularized linear regression, shown below.    229 
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 230 

 231 

Here, the estimated intercept 𝛽$! and coefficient 𝛽$  are chosen to minimize the residual 232 

sum of squares, measuring how far our model prediction is from true individual task activation 233 

(y) at vertex i, for all vertices up to n. In this model, Bj represents the inferred coefficients 234 

associated with connectivity profile X (functional connectivity between vertex i and parcel j), 235 

p is the total number of model features, and 𝜆 ≥ 0 is the ridge regularization hyperparameter 236 

that determines the penalty strength on the estimated parameters. This penalty term is 237 

important for ensuring smaller, more stable coefficients that prevent overfitting to the training 238 

set.  239 

This LOOCV procedure involved two parallel steps: an ‘outer loop’ and a nested ‘inner 240 

loop’, in order to optimize hyperparameter values for the left-out participant. For each 241 

iteration of the outer loop, a single participant was removed from the model as the test data 242 

for that loop. The remaining n-1 participants were then passed to the nested inner loop where 243 

another participant was removed for model training validation. The model was then trained 244 
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on the BOLD activation values within the search space utilizing the concatenated functional 245 

connectomes of these n-2 participants. Within the nested inner-loop, we applied a grid-search 246 

strategy to evaluate 100 regularization hyperparameter values 𝜆 over a range of 10^0 to 10^7. 247 

An optimal model was set as that which generated the lowest mean squared error across all 248 

models. This process was iterated n-1 times, leaving each inner-loop participant out once as a 249 

validation. The optimal 𝜆 was then calculated by averaging across the resulting best fitting 250 

models of the inner loop. This model was subsequently used to train the outer loop functional 251 

connectomes to predict the BOLD activation values of the left-out participant, repeated n times 252 

(Figure 2). We computed ridge regression predictions using the whole-brain, sensory, and 253 

association functional connectomes separately. This resulted in three different ridge 254 

predictions for each hemisphere based on the connectome that the model was trained on.   255 
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 256 

Figure 2 

Method for LOOCV. Example for one loop of the model completed on test 
‘Participant 1’. The outer loop and nested inner loop of the model are denoted by solid 
black lines.The label and input data for the test subject outlined in red are left out in 
the outer loop. All n-1 subjects are funneled into the inner loop whereby ‘Participant 
2’ outlined in black is then left out as the validation subject. The inner loop label data 
represents task activation across each vertex, concatenated by row across training-
level participants. The inner loop input data represents connectivity matrices made up 
of vertex x parcel connectivity, concatenated by row across training-level participants. 
The model is trained on the label data of the n-2 remaining participants utilizing their 
input data. An optimal hyperparameter value is chosen that best fits the model. The 
validation participant is iterated through all nested inner-loops and the optimal 
hyperparameter values are then averaged and fit to the test participant. This is repeated 
n times. B) The Schaefer 400 parcellation of the Yeo 7 networks. The search space 
for the present analysis is outlined in red. 
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2.8 Group average benchmark & null distribution comparison 257 

To assess the performance of the LOOCV predictions, we also established a group 258 

average benchmark constructed using a leave-one-out group mean (LOOGM) approach. In 259 

this approach, we excluded one participant at a time. During each iteration, we concatenated 260 

the first-level activation maps across all n-1 participants and fit a GLM to calculate the average 261 

group-level value at each vertex. This created out one-sample group mean maps for each left-262 

out participant. We then calculated a voxelwise correlation between the left-out participant’s 263 

first-level activation results and the LOOGM results. The correlation coefficients were Fisher’s 264 

z-transformed for later analysis against the LOOCV model. 265 

As an additional control analysis, we calculated participant-specific null models to 266 

assess meaningful spatial structure beyond chance. For each participant’s search space, we 267 

randomly permuted the model’s vertex-wise predicted activation values 1000 times, 268 

calculating a Pearson’s correlation coefficient between the new shuffled values and the true 269 

vertex-wise values at each iteration. This model yields a null distribution that would be 270 

expected under the null hypothesis of a random spatial structure. We then calculated a p-value 271 

by computing the proportion of newly permuted correlations that were equal to or greater 272 

than the original model’s observed values, to test whether the predictions held spatially 273 

meaningful specificity. We did this for each of our CF models in both hemispheres. 274 

2.9 Statistical Analysis of Ridge Model Performance 275 

To calculate model performance, participant-specific predicted activation values were 276 

correlated with the first level GLM BOLD values, leaving each participant with a model 277 
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prediction performance value. Each of our three models’ prediction performance values were 278 

then Fisher’s z-transformed and used in a two-tailed paired t-test against the LOOGM 279 

benchmark to assess which model had the most accurate performance.  280 

Although the ridge regression was employed to identify individual-participant 281 

activation, the nested LOOCV can still be influenced by large-scale similarities in the 282 

functional connectomes of the group. Further, as we know that individual participants may 283 

show more variable task activation, we wanted to test how much of this variability affected 284 

model performance. We calculated the extent to which a particular participant’s task-285 

activation was related to ridge performance in two ways. First, we took the absolute value of 286 

all participants’ voxelwise activation data subtracted from the voxelwise group average data. 287 

We averaged this difference to get one value for each participant that signifies their deviation 288 

from the group average. This value was correlated with the z-transformed ridge performance 289 

values for each participant. We hypothesized that participants whose BOLD patterns were 290 

more similar to the group average would have better model performance. Next, we took the 291 

first level GLM z-statistics for each participant, for each run, and calculated a split-run metric 292 

of task activation reliability (Tripathi et al., 2024). For this analysis, we re-ran the FsFast GLMs 293 

to be calculated at the individual run level for each participant. The resulting z-statistics from 294 

the first three functional runs were averaged together and correlated with the z-statistics from 295 

the average of the last three runs for each participant. These correlation coefficients were then 296 

z-transformed and correlated with the ridge prediction performance values for all participants. 297 

We hypothesized that participants with higher BOLD reliability over the course of the scan 298 
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runs would result in more accurate model performance. Importantly, this metric defines a 299 

ceiling estimate for model performance, as task activation patterns contain noise. 300 

Understanding the reliability across runs within participants gives us an estimate of what our 301 

model should aim for in predicting task activation. 302 

3. Results 303 

 304 
3.1 Whole-brain Ridge Prediction Performance 305 

Figure 3 

Activation values 
comparing model 
prediction against the 
group. These activation 
plots show the predicted z-
statistics from two example 
participants during 
Symbolic Reasoning - 
Symbolic Matching. In the 
top row are the model 
predictions using the CF 
method. Below that are 
each participants actual 
activation patterns within 
the search space. The third 
row depicts the group 
average results. Z-statistic 
ranges are plotted to the left 
of each surface-space brain 
image. The correlation 
between the participant’s 
predicted and actual z-
statistics are plotted in 
purple. The correlation 
between the group average 
and the participant’s actual 
z-statistics are plotted in 
green. 
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We used whole-brain functional connectomes from each hemisphere to create vertex-to-306 

parcel connectivity matrices for each vertex in our search space (lateral PFC of the CCN). 307 

These connectomes were used to train a ridge regression model via a nested cross-validation 308 

procedure whereby the optimal parameters were generated on the basis of all n-2 inner loop 309 

participants and applied to the connectome of the left-out participant, resulting in predicted 310 

activation values for each hemisphere within the search space of each participant. Model 311 

performance was assessed via Pearson correlation between the participant-specific predicted 312 

search space values and their lower level voxelwise z-statistics. Model performance for each 313 

participant was also compared to their LOOGM generated z-statistics using paired, two-tailed 314 

t-tests. Whole-brain model predictions were moderately accurate for both the left and right 315 

hemisphere search spaces, and significantly more accurate than the group average predictions. 316 

Z-transformed performance for the whole-brain model was 0.37 and 0.45, compared to the 317 

group average at 0.30 and 0.38 in the lateral PFC of the left and right hemispheres respectively 318 

(left: t(22)=2.11, p=0.04*, right: t(22)=2.56 p=0.017*). Examples of two participant’s model 319 

prediction activations, first level BOLD activations, and the group average are shown in Figure 320 



21 
 

3. Each participant’s prediction vs. actual data and group average vs. actual data (Pearson’s R 321 

correlation) are shown for comparison.  322 

 Our search space was small with robust group-level activation patterns throughout. 323 

Thus, it is possible that model performance is due to a wide spread of positive activation values 324 

throughout the search space, rather than spatially meaningful estimates. To test whether this 325 

was the case, we calculated null models by randomly permuting the predicted search space 326 

vertices 1000 times and calculating the correlation between each newly permuted distribution 327 

and the true vertex-wise values. Our results suggest that our model predictions are significantly 328 

greater than the shuffled null correlations across all participants (with the exception of one) in 329 

both hemispheres (p<0.0001 across all comparisons) (Figure 4). 330 

 331 

Figure 4 

Model Predictions versus Permutated Null Correlations. For each participant, we 
randomly permuted the predicted values within their search space across 1000 
permutations, calculating null model correlations for each permutation. The true model 
correlation for each hemisphere is plotted in red and blue (left and right hemispheres, 
respectively) and the null permutated correlations are plotted in gray.  
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 332 

 333 

 334 

3.2 Sensory & Cognitive Connectome Ridge Prediction 335 

Accuracies 336 

Figure 5 

Activation values 
comparing model 
predictions. These 
activation plots show the 
predicted z-statistics from 
two example participants 
during Symbolic 
Reasoning - Symbolic 
Matching. In the top row 
are the model predictions 
using the the whole-brain 
functional connectomes. 
Below that are each 
participants actual 
activation patterns within 
the search space. The 
third row depicts 
predictions using 
functional connectomes 
constructed using only 
the multimodal 
association networks. Z-
statistic ranges are plotted 
to the left of each surface-
space brain image. The 
correlation between each 
model’s predictions and 
the participant’s actual z-
statistics are plotted in 
purple. 
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We next wanted to assess whether the whole-brain functional connectomes were 337 

necessary for model performance. As abstract reasoning elicits strong activation in 338 

frontoparietal brain regions (Melrose et al., 2018; Shin & Jeon, 2021), we hypothesized that 339 

connectivity between brain networks more involved in goal-directed attention and higher-340 

order cognition would be better suited to predict task-evoked BOLD activation. We created 341 

two separate functional connectomes, one sensory connectome containing visual, limbic, and 342 

somatomotor network nodes, and one association connectome containing default mode, dorsal 343 

attention, ventral attention, and cognitive control network nodes. Separate ridge regressions 344 

trained on each of these connectomes were conducted using the same methods described 345 

above. We compared model performance of each model prediction outcome with one another 346 

and against the group average using paired two-tailed t-tests.  347 

For the sensory connectome model, performance did not significantly differ from the 348 

group average in either of the hemispheric search spaces. Z-transformed performance was 0.32 349 

and 0.41, compared to the group average at 0.30 and 0.38 in the left and right hemispheres 350 

respectively (ns). The association connectome model performance was moderate and 351 

significantly better than that of the group average at 0.37 and 0.46 in the left and right 352 

hemispheric search spaces respectively (left: t(22)=2.12, p=0.04*, right: t(22)=2.49 p=0.02*). 353 

Additionally, the associative model performance was significantly better than that of the 354 

sensory model performance for both hemispheres (left: t(22)=3.40, p=0.003**, right: t(22)=3.17 355 

p=0.004**). Notably, model performance generated from the association connectome was not 356 

significantly different from that of our whole-brain connectome, suggesting that training the 357 
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model on connectivity matrices only from the cognitive control, dorsal attention, ventral 358 

attention, and default mode networks is sufficient to predict task activation during symbolic 359 

reasoning. Examples of two participant’s associative model prediction activations, the whole-360 

brain ridge prediction activations, and the group average are plotted for comparison in Figure 361 

5. We ran the same permutated null model comparison as reported above, and had nearly 362 

identical findings such that all participants associative model performances (with the exception 363 

of one) were significantly greater than the null model in both hemispheres. Comparisons 364 

across participants can be seen in Supplementary Figure 2. Each participant’s whole-brain 365 

ridge prediction vs. actual data and associative ridge prediction vs. actual data (Pearson’s R 366 

correlation) are provided for comparison. Performance averages of the different models are 367 

shown as bar plots in Figure 6.  368 
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As an exploratory comparison, we also extracted whole-brain connectome model 369 

coefficients for each participant, averaged them, and plotted their average weights on inflated 370 

brains in both hemispheres. This served to assess which parcels contributed most to our whole-371 

brain model predictions, and the level to which these overlapped with our split connectome 372 

models. Plotted coefficients are shown in Supplementary Figure 1 and the top 40 weights are 373 

listed in descending order by parcel in Supplementary Tables 1A & 1B. The results 374 

demonstrate that in the right hemisphere, the strongest model coefficients come primarily 375 

from dorsal attention network, with some contributions from parietal regions in the cognitive 376 

control network, and temporal parietal regions of the ventral attention network. In the left 377 

hemisphere, dorsal attention network and temporal/parietal cognitive control network 378 

Model accuracies for comparison. Bar plots show the mean performance values for 
each model used in the analysis, for the right and left search spaces separately: 
whole-brain LOOCV, group average, associative LOOCV, and sensory LOOCV. 
Error bars represent the 95% confidence interval around the mean. * p < 0.05, ** 
p<0.01. 

Figure 6 
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provide the strongest model coefficients, with contributions from limbic networks as well. The 379 

whole-brain model coefficients share a large amount of overlap with our associative/sensory 380 

model splits, particularly with temporoparietal regions of the cognitive control and dorsal 381 

attention networks.  382 

3.3 Participant Task Reliability and Ridge Model Performance 383 

 384 

 385 

 386 

Given our sample size, the 387 

parcellation scheme we chose, and individual variability, it is possible that the performance of 388 

our models was influenced by large-scale similarities between participants. As such, we 389 

wanted to assess how variability within an individual participant might influence model 390 

performance. Further, due to the inherent noise in fMRI data, we aimed to define a ceiling 391 

estimate for model performance. First, we correlated the extent to which an individual 392 

participant’s task activation deviated from the group average with their model performance. 393 

Participant variability versus ridge 
model performance. Correlation plot 
showing the relationship between a 
participant’s run by run task activation 
reliability and their ridge performance. 
The higher the ridge performance, the 
more stable a participant’s activation 
across scan runs. 

Figure 7 
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In both hemispheres we saw an overall trend where the larger the deviation of a participant’s 394 

activation from the group average, the lower their model performance, however this was only 395 

significant in the right hemisphere (right: r=-0.49, p=0.016*, left: r=-0.33, p=0.1). We then took 396 

the average task activation across the first three functional runs for each individual participant 397 

and correlated it with their average task activation across the last three functional runs. This 398 

value was then correlated with their model performance. In both hemispheres, a participant’s 399 

split-run activation reliability was significantly correlated with their task performance, 400 

suggesting that the less variable their activations were across runs, the more accurate their 401 

model prediction was (right: r=0.7, p=0.0002***, left: r=0.55, p=0.0062**) (Figure 7).  402 

 403 

4. Discussion 404 

 Our study used connectome fingerprinting to predict BOLD activation in the lateral 405 

prefrontal cortex at the individual participant level during an abstract reasoning task. The 406 

results showed that CF can more accurately predict individual-level activation compared to 407 

the group average. Moreover, we demonstrated that we could accurately predict prefrontal 408 

brain activity using an “associative” subset of the full functional connectome for both 409 

hemispheric search spaces. Importantly, our results suggest that the underlying functional 410 

architecture of brain connectivity across these higher-order networks (the fingerprint) helps 411 

shape BOLD activation patterns during abstract reasoning.  412 

 413 

4.1 Ridge Model Predictions on the Lateral Prefrontal Cortex 414 
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 Consistent with previous studies, we found that CF can more accurately predict 415 

individual BOLD activation patterns compared to the group average (Osher et al., 2019; 416 

Tobyne et al., 2018; Tripathi et al., 2024; Tripathi & Somers, 2023). Hallmark studies by Osher 417 

et al. and Tobyne et al. were able to achieve impressive CF prediction of brain activity during 418 

salient directed attention tasks that elicited unique patterns of prefrontal activation at the 419 

individual level (Osher et al., 2019; Tobyne et al., 2018). Taking this model one step further by 420 

employing it during a range of cognitively demanding tasks, follow-up work from Tripathi & 421 

Somers used CF to predict BOLD activation in the cerebellum, where individual activation 422 

patterns were more variable. The goal of our study was to examine a more abstract form of 423 

higher-order cognition, abstract reasoning. Abstract reasoning relies on the lateral prefrontal 424 

cortex, a region with known inter-individual structural and function variability. By selecting 425 

a cognitive task known to activate a region with high inter-individual variability, we examined 426 

the potential link between individual-level activation patterns and the functional organization 427 

of the brain. Specifically, we aimed to assess the capacity of the CF method to capture this link 428 

during abstract, higher-order cognition. The model’s success suggests that widely distributed 429 

brain networks involved in multi-modal demands contribute to BOLD activation patterns 430 

during abstract reasoning. These underlying distributed networks have far reaching 431 

implications in localized activation patterns during task performance. Thus, CF has useful 432 

implications for the analysis of more complex, higher-order cognitive tasks, and demonstrates 433 

that trait-specific information present at resting-state that is informative of state-level higher-434 

order cognition.  435 
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 436 

4.2 Split-connectome Prediction and the Link between Task-Based Activation patterns 437 

and Inherent Resting-State Functional Connectivity 438 

Previous CF studies have demonstrated that individual brain activity patterns can be 439 

identified using a subset of the entire functional connectome (Finn et al., 2015; Peña-Gómez 440 

et al., 2018). For example, Finn et al. identified the frontoparietal network (i.e. CCN) as 441 

containing the most important regions for accurate participant identification (2015). 442 

Additionally, a recent study demonstrated the ability of CF to achieve a 98% accuracy rate in 443 

identifying individual participants using only 0.3% of the whole connectome (Byrge & 444 

Kennedy, 2019). These results suggest that individual task activation patterns can be predicted 445 

from only a few connections within the functional connectome (Osher et al., 2019; Tobyne et 446 

al., 2018). 447 

To test how much of the whole-brain functional connectome is necessary for model 448 

performance, our study split the connectivity matrices into two separate connectomes based 449 

on overall network function. The first connectome was constructed with sensory specific 450 

networks: the visual, somatomotor, and limbic networks. The second connectome was 451 

constructed from higher-order association networks: the default mode, dorsal attention, 452 

ventral attention, and cognitive control networks. We found that with the associative network 453 

connectome, our model was able to achieve the same level of performance as the CF 454 

constructed with the whole-brain connectome. This finding is supported by previous research 455 

that found the default mode, dorsal attention, ventral attention, and cognitive control 456 
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networks contribute most strongly to the identification of individual functional connectomes 457 

(Peña-Gómez et al., 2018).  458 

One reason for this could be the nature of a higher-order cognitive task, as these multi-459 

model networks and their nodes have been implicated in higher-order cognition (Breedt et al., 460 

2023; Morin et al., 2023; Murphy et al., 2020). Several modeling frameworks suggest that task 461 

activation is an emergent property of signal propagation through a scaffold defined by 462 

structural and functional connectivity (Bassett et al., 2018; Cole et al., 2019; Tavor et al., 2016). 463 

In fact, while resting-state connectivity is often described as a static measure, dynamic analyses 464 

suggest that the brain alters its connectivity structure throughout periods of rest. This allows 465 

us to capture evidence of efficiency and flexibility in the performance of higher-order 466 

cognition (Deng et al., 2022).  467 

Alternatively, there could be an evolutionary role for tight coupling between the 468 

connectome and higher-order task activation patterns. In a recent paper linking the 469 

organization of the functional connectome to voxelwise activations across a broad array of 470 

cognitive domains, a robust connectivity-to-activation relationship was evident across the 471 

sample (Hiersche et al., 2026). Interestingly, they found the best fit by connectivity across 472 

higher-order cognitive domains related to memory, attention, and executive function, citing 473 

that perhaps this relationship reflects the ongoing strengthening of multi-modal brain regions 474 

through repeated activations and specialization across the lifespan (Hierche et al., 2026). Our 475 

results align nicely with this framework, as abstract reasoning is a specialized higher-order 476 

cognitive domain that develops in a prolonged manner across adolescence (Dumontheil, 2014). 477 
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Our results are consistent with the idea that the inherent connectivity features of these 478 

multi-modal networks at rest may hold information about higher-order cognition. In our case, 479 

while abstract reasoning requires strong activation of the prefrontal cognitive control network, 480 

resting-state connectivity of all multi-modal networks embeds this higher-order cognitive 481 

process. Thus, while higher-order cognition is often seen as state- or task-dependent, 482 

individual trait-level information within the functional connectome defines brain activity 483 

during cognitive tasks. Our CF model was able to capture this link with impressive 484 

performance, given within-participant variability in task activations of the lateral PFC.  485 

4.3 Individual Variability and Task Reliability on Model Prediction 486 

Prior work has highlighted cognitively meaningful individual differences in functional 487 

connectivity and task-based activation (Braga & Buckner, 2017; Frost & Goebel, 2012; 488 

Rademacher et al., 2001; Van Essen & Dierker, 2007), particularly in regions associated with 489 

higher-order cognitive functions (Braga & Buckner, 2017; Mueller et al., 2013). In a recent 490 

study where CF was used to predict motor activation in presurgical tumor patients, CF model 491 

performance was limited by the reliability of an individual’s task activations across scan runs 492 

(Tripathi et al., 2024). Our results validate this finding by demonstrating that an individual’s 493 

variability in task activation – both across runs and compared to the group average – was 494 

associated with the performance of the model’s predictions. We found a robust positive 495 

correlation between split-scan run activation reliability and CF model performance, suggesting 496 

that model predictions tend to perform better in participants with higher cross-scan reliability. 497 

Given the inherent noise in fMRI data, even a perfect model performance could never reach a 498 
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correlation coefficient of 1. Therefore, these split-run correlation coefficients provide a ceiling 499 

for optimal model performance, as the model can only perform to the level of the participant’s 500 

activation reliability across scans (e.g. our least reliable participants having the lowest model 501 

performance). We emphasize that our model performance was within impressive range when 502 

considering these ceiling estimates in both hemispheres. While we used random permuting of 503 

vertex-wise predicted values for our data analysis, we acknowledge that this could produce a 504 

relatively weak null as it does not retain the spatial autocorrelation of the data. Methods that 505 

incorporate spatial autocorrelation could provide a stronger test for future studies. Lastly, 506 

while we found a negative correlation between the deviation of an individual participant’s 507 

activation from the group average and the CF model performance, it was only significant in 508 

the right hemisphere. This result can be interpreted in several ways. With our limited sample 509 

size this likely reflects higher stability and a better signal-to-noise ratio within participants 510 

and their canonical network structure. However, studies suggest that increasing sample size 511 

can lead to a decrease in model performance, suggesting a trade-off where a limited sample 512 

size can result in improved model performance (Li et al., 2021; Waller et al., 2017). 513 

Additionally, deviance from the group mean may also be reflective of biological variability, 514 

like arousal, which could also affect model performance.  515 

 During abstract reasoning, our results provide support that ridge regression-based 516 

connectome fingerprinting is better able to predict individual BOLD activity than the group 517 

average. A clear advantage of the connectome fingerprinting method is that less data is 518 

necessary for accurate model predictions. We provide evidence that a subset of association 519 
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networks performs as accurately as a model trained on the whole-brain connectome, thus 520 

identifying network nodes that made fundamental contributions to the model.  521 

 522 
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