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Summary

Functional connectivity (FC) is the most popular method for recovering functional networks of brain areas with fMRI.
However, because FC is defined as temporal correlations in brain activity, FC networks are confounded by noise and lack
a precise functional role. To overcome these limitations, we developed model connectivity (MC). MC is defined as
similarities in encoding model weights, which quantify reliable functional activity in terms of interpretable stimulus- or
task-related features. To compare FC and MC, both methods were applied to a naturalistic story listening dataset. FC
recovered spatially broad networks that are confounded by noise, and that lack a clear role during natural language
comprehension. By contrast, MC recovered spatially localized networks that are robust to noise, and that represent distinct
categories of semantic concepts. Thus, MC is a powerful data-driven approach for recovering and interpreting the
functional networks that support complex cognitive processes.
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Introduction

Complex cognitive functions are subserved by anatomically and functionally coupled networks of brain areas.
Functional connectivity (FC) is the most popular method for recovering such networks with functional magnetic
resonance imaging (FMRI)°. However, despite its popularity, FC suffers from two fundamental flaws that limit the
reliability and interpretability of the recovered networks.

First, FC assumes that brain areas are functionally coupled if their blood-oxygenation-level-dependent (BOLD) activity is
temporally correlated®®. However, brain activity recorded from two brain areas can be temporally correlated even if the
two brain areas do not share functional information. For instance, spurious correlations between two brain areas can arise
from temporally correlated noise generated by physiological sources (e.g., respiration, heart-rate, movement!®!), The
magnitude of the spurious correlations between brain areas is affected by the signal-to-noise-ratio (SNR) of the brain
areas'?!3, Two areas with low SNR, for instance, are more likely to exhibit spurious correlations resulting from temporally
correlated noise. Because SNR varies across the brain (i.e., according to the participant’s head and brain anatomy, the
participant’s vasculature, the hemodynamic response function, and the fMRI pulse sequence*17), the magnitude of the
spurious correlations also varies across the brain. Therefore, FC is unavoidably confounded by spatial variations in SNR.

Second, FC does not provide a direct or precise method for assigning functions to the recovered networks. Most FC
studies use a resting state paradigm, making it impossible to infer what functional information is reflected in the brain
activity'®1°. However, even when studies use task-based paradigms such as movie watching?-2*, FC does not provide any
means to define the stimulus- or task-related information that accounts for the temporally correlated brain activity. Thus,
most FC studies must infer function by comparing the cortical distribution of the recovered networks to maps of task
activation®-3!, or to networks that were functionally defined in previous studies®23, This approach is both inefficient,
because it requires additional data or experiments, and imprecise, because it produces coarse functional descriptions that
are associated with broad cognitive or sensory domains (e.g., “attention”, “motor”, or “visual”). Furthermore, this
approach implicitly assumes that each network performs a single function across tasks, which is likely too strong of an

assumption343,

To overcome the limitations of FC, we developed a new method called model connectivity (MC). MC leverages the
power of the Voxelwise Modeling (VM) framework, which builds encoding models for each voxel with features extracted
from an experiment®®-42, These features quantify the cognitive, sensory, or motor information that is hypothesized to be
represented in the brain activity during the experiment. Regularized linear regression is used to predict brain activity from
these features****, Because the model weights are estimated through cross-validation and are evaluated on a separate test
set, the model weights reflect reliable functional signals in the BOLD activity that generalize beyond the training set.
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Because the model weights indicate which cognitive, perceptual, or motor features are represented in the brain activity,
the model weights quantify the stimulus- or task-related functional tuning of individual voxels. MC uses these model
weights to quantify functional coupling between brain areas, identifying networks of areas with similar functional tuning.

Note that we named our new encoding-model-based approach for recovering functional networks “model connectivity” to
be consistent with common terminology. However, despite what their names suggest, neither functional connectivity nor
model connectivity necessarily reflect true anatomical connectivity between brain regions!®44¢, Rather, functional
connectivity captures patterns of temporal correlations in BOLD activity, and model connectivity captures patterns of
functional similarity in terms of the stimulus- or task-related features.

To demonstrate the advantages of MC over FC, both methods were applied to a naturalistic fMRI dataset that was
collected as participants listened to narrative stories*®. We reasoned that the networks recovered from this narrative
auditory dataset will reveal the functional organization of semantic processing systems in the brain*’. For both MC and
FC, the optimal sets of networks were identified by evaluating the cross-participant prediction accuracy of all possible sets
of networks. To assess how well each of the MC and FC networks reflect the underlying functional activity, the cortical
distribution, prediction accuracy, and functional signal quality were compared between MC and FC networks. To estimate
the function of each FC network, the cortical distribution of the network was compared to the set of canonical resting state
networks recovered by Yeo et al. (2011)%. To interpret the function of each MC network, the network-average functional
tuning provided by the encoding model weights were manually inspected. Finally, the functional tuning and spatial
organization of each MC network was assessed in each individual participant.

Results
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Figure 1. Model connectivity recovers functional networks from encoding model weights estimated using the Voxelwise Modeling
framework (VM). (A) Model connectivity builds on VM to recover functional networks. In VM, stimulus- or task-related features are used to fit
an encoding model that predicts brain activity in each voxel of each participant. The resulting encoding model weights provide a profile of the
stimulus- or task-related functional tuning for each voxel in each participant. The quality of the functional data (temporal SNR) and the predictive
power of the encoding models (prediction accuracy) are evaluated in a separate test set. MC uses the Euclidean distance between model weights to
recover functional networks. In the present study, low-level auditory and high-level semantic features were extracted from narrative auditory
stories*®. Each participant’s brain activity in response to the stories was mapped from voxels in the participant’s native space to vertices of the
template fsaverage5 surface. Brain activity in each vertex was modeled as a linear combination of the auditory and semantic features, and MC was
applied to the semantic model weights. The resulting networks consist of vertices with similar semantic tuning. (B) In contrast, functional
connectivity does not model brain activity. Rather, FC uses the correlation between BOLD time-series to recover functional networks. In the
present study, brain activity in response to the narrative auditory stories was mapped to the template fsaverage5 surface, and FC was applied to
these BOLD time-series. The resulting networks consist of vertices with similar temporal profiles of BOLD activity.
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Recovering functional networks with model connectivity and functional connectivity

To compare the networks recovered by model connectivity (MC) and functional connectivity (FC), both methods were
applied to a naturalistic fMRI dataset (Figure 1). In this dataset, BOLD responses were recorded from 11 participants as
they listened to narrative auditory stories*®. Data from nine participants were used to recover the MC and FC networks
reported here, and data from two participants were held-out for further validation of the networks (see Methods). For MC,
encoding models were fit to each participant’s functional data. While the VM framework was developed to estimate
functional tuning in each voxel in each participant’s native anatomical space, MC was developed to recover a single set of
networks that reflect patterns of functional coupling that generalize across participants. Therefore, BOLD responses from
each participant were first mapped to the fsaverage5 template surface, which consists of 10,242 vertices in each
hemisphere (20,484 vertices total). Then, each participants’ functional data were modeled in terms of low-level auditory
features (i.e., word rate, phoneme rate, and phonemes) and high-level semantic features (i.e., word co-occurrence rates)
that had been extracted from the stories. Regularized linear regression was used to estimate the participant’s auditory and
semantic model weights for each vertex of the fsaverage5 surface. Because these models separately account for the
auditory and semantic information represented in the brain activity, the semantic model weights reflect the pure semantic
tuning of each vertex in each participant, and are not confounded by low-level auditory features. These semantic model
weights were then averaged across participants (see Supplemental Figure 1 for prediction accuracy of the semantic
encoding models in each participant), and MC was evaluated as the pairwise Euclidean distance between the group-
average semantic model weights in all 20,484 vertices. For FC, BOLD responses that had been mapped to the template
surface were averaged across participants, and FC was evaluated as the correlation between the group-average BOLD
responses in all 20,484 vertices. To group vertices into networks, hierarchical clustering with Ward’s linkage was applied
to the resulting MC and FC connectivity matrices.
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Figure 2. Encoding models are used to determine the number of networks that maximizes prediction accuracy across held-out
participants. A leave-one-participant-out cross-validation scheme was used to identify the number of networks recovered by MC and FC that best
predicted BOLD responses across participants. For each held-out participant, the remaining N-1 participants were used to generate the N-1 group
solutions (N = 9). (A) To compute the prediction accuracy of each network in each clustering solution, the model weights from N-1 participants
were first averaged across all vertices within the network, and were then used to predict BOLD responses in the test set of the held-out participant.
Prediction accuracy of the network was computed as the average correlation between the network-average predicted and the vertex-wise observed
BOLD response. Prediction accuracy of the clustering solution was computed as the average prediction accuracy across networks in the solution.
(B) The prediction accuracies of all possible N-1 group solutions (y-axis) are plotted as a function of the number of networks in the solution (x-
axis). MC solutions are plotted in green, and FC solutions are plotted in orange. Thin traces indicate the prediction accuracy for each held-out
participant, and thick traces indicate the average prediction accuracy across held-out participants. The horizontal dotted line denotes the average
prediction accuracy across all 20,484 vertices of the template fsaverage5 surface. Both MC and FC solutions show an early, sharp rise in
prediction accuracy as the number of networks increases from 2 to 12 for MC, and from 2 to 14 for FC. Prediction accuracy continues to rise until
the number of networks reaches 161 networks for MC and 59 networks for FC. To facilitate interpretation, the early local maxima of 12 and 14
were selected as the optimal number of networks. (C) The final MC and FC solutions were recovered using data from all 9 participants. The
average prediction accuracy of the 12-network MC solution, 14-network FC solution, and 20,484-vertex solution are plotted for each participant.
A line connects the prediction accuracy for each participant across the three solutions. The crosses indicate the average prediction accuracies
across participants. Both the 12-network MC solution and the 20,484-vertex solution are significantly better predictors of BOLD responses across
held-out participants than the 14-network FC solution (*** indicates p < 0.001, ** indicates p < 0.01, paired t-test). This indicates that MC, but
not FC, groups vertices into networks that improve the cross-participant generalizability of the vertex-wise encoding models.
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Using encoding models to identify the optimal number of networks

One of the major challenges of recovering functional networks is determining the number of networks that underlie the
observed patterns of functional coupling. FC studies typically use within-cluster homogeneity metrics that quantify the
consistency of brain responses within the recovered networks*®-5!, or they use reliability metrics that quantify the stability
of clustering solutions across participants®2°253, However, spatial variability in SNR affects both the consistency of brain
activity between brain regions and the consistency of brain activity across datasets*®. Therefore, neither method ensures
that the optimal set of networks accurately reflects the underlying functional organization rather than variability in noise
levels across the brain.

To determine the set of networks that best captures the functional organization of the brain during the task, we developed
a new method that leverages the encoding models fit to each participant's functional data. Using a leave-one-participant-
out cross-validation scheme, each clustering solution is evaluated in terms of how well the solution predicts brain activity
in the test dataset of each left-out participant (Figure 2A). Cross-participant model prediction accuracy quantifies how
well the encoding model weights averaged across the N-1 group of participants predict the stimulus- or task-related
information reflected in the left-out participant’s brain activity. The optimal number of networks is defined as the number
that maximizes the model prediction accuracy across left-out participants. Therefore, with this approach, the optimal
number of networks produces the clustering solution that best captures the stimulus- or task-related patterns of functional
coupling that are shared across participants. Note that because this approach relies on encoding models, it cannot be used
by traditional FC studies. However, the aim of the present work is to compare MC and FC, so the semantic encoding
model weights were used to evaluate both the MC and FC clustering solutions.

To identify the optimal number of networks, we examined the prediction accuracy of all possible MC and FC solutions,
ranging from 2 networks to 20,484 networks (Figure 2B). For MC, prediction accuracy rises sharply as the number of
networks per clustering solution increases from 2 networks to 12 networks (from r = 0.06 £ 0.02 to r =0.13 £ 0.01, mean
+ standard deviation (s.d.) across participants). Prediction accuracy continues to rise until the global maximum of 161
networks (r = 0.14 £ 0.02), and then declines as the number of networks approaches the maximum number of 20,484
networks (r = 0.06 £ 0.01). This decline in prediction accuracy reflects an overfitting to the group-average data, such that
the group solutions with a large number of networks are too detailed to generalize to individual, left-out participants. For
FC, prediction accuracy rises somewhat sharply as the number of networks per clustering solution increases from 2
networks to 10 networks (from r = 0.04 £ 0.02 to r = 0.07 £ 0.01). Prediction accuracy continues to rise slightly until the
global maximum of 59 networks (r = 0.07 + 0.01), and then declines slightly as the number of networks approaches the
maximum number of 20,484 networks. Thus, for MC, the cross-participant prediction accuracy is maximized at 161
networks, and for FC, the cross-participant prediction accuracy is maximized at 59 networks (see Supplemental Figure 2
for the 161-network MC solution and the 59-network FC solution). These large numbers of networks are the most
accurate reflection of the functional subdivisions that can be recovered by MC and FC from this dataset. However, for the
sake of exposition in the present work, we focused all subsequent analyses on the set of 12 networks recovered by MC
and the set of 14 networks recovered by FC.

To recover the final sets of 12 MC and 14 FC networks, we used data from the entire group of N participants. Here we
refer to the resulting solutions as the group 12-network MC solution and the group 14-network FC solution. These
clustering solutions are called the group solutions to distinguish them from the MC and FC clustering solutions that were
generated using different sets of N-1 participants in the cross-validation scheme. In the remainder of this paper, all
references to the 12-network MC solution and the 14-network FC solution refer to these two group solutions that were
recovered from the entire group of N participants. The cross-participant prediction accuracy was then computed for the
final MC and FC group solutions, to assess how well these solutions predict the underlying brain activity in individual
participants (Figure 2C). For each participant, the 12-network MC solution was significantly better at predicting the
participant’s BOLD responses in a held-out test set than the 14-network FC solution (difference = 0.08, t(8) = 20.53, p <
0.001, paired t-test). This indicates that the 12 networks recovered by MC more accurately reflect the organization of the
functional networks that support natural language comprehension.

The MC and FC solutions can be viewed as low-dimensional reconstructions of the vertex-wise functional map, in which
the full-resolution map comprising 20,484 vertices is reduced to 12 MC networks and 14 FC networks respectively.
Because the dimensionality of the reconstruction is determined according to the cross-participant prediction accuracy, we
expected the optimal dimensionality to be a trade-off between functional specificity and functional generalizability. While
the 12-network MC solution and the 14-network FC solution do not reflect the fine-grained differences between
individual participants, they may recover the coarse functional organization that is shared between participants, and
therefore may better generalize across participants.
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To test whether the 12-network MC solution or the 14-network FC solution improves the cross-participant generalizability
of the vertex-wise encoding models, the average prediction accuracy across networks in the MC and FC solutions was
compared to the average prediction accuracy across all 20,484 vertices of the fsaverage5 template surface (Figure 2C).
Grouping the 20,484 vertices of the fsaverage5 template surface into the 12 MC networks significantly improves the
prediction accuracy in each individual participant (difference = 0.07, t(8) = 18.64, p < 0.001, paired t-test). This indicates
that reducing the full-resolution vertex-wise encoding models into the 12 MC networks improves the cross-participant
generalizability of the vertex-wise encoding models. Therefore, these 12 MC networks are an effective, low-dimensional
reconstruction of the functional organization that supports natural language comprehension and that is shared across
individuals. In contrast, grouping the 20,484 vertices into the 14 FC networks significantly reduces the prediction
accuracy in each individual participant (difference = -0.01, t(8) = -4.24, p < 0.01, paired t-test). The 14 FC networks
therefore do not improve the cross-participant generalizability of the vertex-wise encoding models, and consequently do
not effectively reflect the functional organization that supports natural language comprehension.

Model connectivity recovers spatially localized networks that accurately reflect the functional organization related
to the experimental task

The 12-network MC solution and the 14-network FC solution reflect two hypotheses about how the brain is functionally
organized during natural language comprehension. The previous analysis revealed that the 12-network MC solution is a
more effective low-dimensional reconstruction of the vertex-wise functional maps than the 14-network FC solution. This
indicates that the functional organization recovered by the MC solution reflects the functional organization of language
processing areas more closely than the functional organization recovered by the FC solution. We therefore compared the
similarity structure, cortical distribution, and prediction accuracy of each network in the 12-network MC solution
(Figures 3A-C) and in the 14-network FC solution (Figures 3D-F) to assess how the two solutions differ in terms of the
recovered functional organization.

Because hierarchical clustering was used to group vertices into networks, the resulting dendrogram can be used to
examine the similarity between networks in the MC and FC solutions. The dendrogram of the 12-network MC solution
reveals that these 12 networks can be broadly divided into four groups (Figure 3A). Because the functional tuning within
each group of networks is more similar than the functional tuning between groups of networks, each group of networks
was assigned a distinct color. Thus, the 12-network MC solution consists of three networks colored in shades of orange,
four networks colored in shades of red, one network colored in green, and four networks colored in shades of blue. Note
that because one network stood out as being significantly larger than the other 11 networks (12,944 vertices compared to
685 + 448 vertices, mean + s.d.; t(11) = 86.59, p < 0.001, 1-sample t-test), this network was not assigned a color, and is
instead represented by patterns of cortical curvature in gray. The dendrogram of the 14-network FC solution reveals that
these 14 networks can be broadly divided into three groups according to the similarity of their BOLD responses (Figure
3E). Thus, the 14-network FC solution consists of four networks colored in shades of red, five networks colored in shades
of green, and five networks colored in shades of blue. While the color of the networks reflects the similarity structure
within the MC and FC solutions, the colors are not meaningfully matched between the two solutions.

Of the 12 networks recovered by MC (Figure 3B), 11 span brain areas known to process the semantic information in
natural language (e.g., temporal parietal junction (TPJ), lateral temporal cortex (LTC), medial parietal cortex (MPC),
prefrontal cortex (PFC)). The remaining network is the largest network, spanning brain areas that were not reliably
activated by the semantic information in the narrative stories (e.g., somatomotor cortex (SMC) and early visual cortex
(EVCQ)), and areas with low SNR (e.qg., inferior temporal cortex (ITC)). Thus, the 12-network MC solution appears to
comprise 11 networks that accurately reflect functional activity related to semantic information in natural language, and a
single large network that isolates vertices that are not functionally involved in processing semantic information in natural
language. In contrast, of the 14 networks recovered by FC (Figure 3F), six networks span a similar set of brain areas that
are known to process language (the networks colored in dark red, pink, red, blue, medium blue, and dark purple). Of the
eight remaining FC networks, one network spans early auditory cortices (colored in light pink), one spans insular and
posterior prefrontal regions (colored in dark blue), five span somatomotor and early visual cortices (colored in shades of
green), and one spans inferior areas that suffer from signal dropout (colored in light blue). Thus, given the cortical
distribution of the recovered networks, the 14-network FC solution appears to recover six networks that are not involved
in the task (colored in shades of green and in light blue). In sum, the MC solution separates brain areas that encode
stimulus- or task-related information from those that are stimulus- and task-irrelevant, while the FC solution includes all
areas regardless of their functional relevance to the stimulus or task.
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Figure 3. Model connectivity recovers spatially localized networks that accurately reflect the functional organization of the brain during
natural language comprehension. The optimal MC and FC solutions reflect hypotheses about the functional organization of the brain during
natural language comprehension. To compare the functional organization depicted by these two solutions, we evaluated the similarity structure,
the cortical distribution, and the prediction accuracy of each network in the MC and FC solutions. (A, E) The dendrograms show the similarity
across networks in (A) the 12-network MC solution and (E) the 14-network FC solution. The color of each bar indicates the network assignment,
and the length of each bar corresponds to the number of vertices in the network. Visual inspection of the dendrograms revealed that the 12-
network MC solution can be divided into four groups of networks, and the 14-network FC solution can be divided into three groups of networks.
To preserve this high-level similarity structure, each group of networks was assigned a distinct color. Note that the largest network in the 12-
network MC solution was not assigned a color, and is instead represented by patterns of gray cortical curvature. (B, F) The (B) MC and (F) FC
solutions are visualized on the inflated and flattened template surface. Vertices are colored according to their network assignment, as in (A) and
(E). In the MC solution, the 11 smaller networks span brain areas involved in processing the semantic information in natural language (TPJ, MPC,
LTC, PFC). The largest network (represented by patterns of cortical curvature) spans areas that do not reliably respond to the semantic
information in the narrative auditory stimulus (EVC, SMC), and areas that suffer from signal dropout (iTC). In the FC solution, five of the 14
networks span areas not involved in processing the semantic information in natural language (colored in shades of green), and one network spans
areas with poor SNR (colored in light blue). Thus, while MC isolates all vertices that are not functionally relevant to the stimulus- or task-related
features in a single network, FC recovers multiple networks that reflect activity that is not related to the stimulus or task. (C, G) The prediction
accuracy of each network in the (C) MC and (G) FC solutions is plotted in a bar graph. The color of each bar corresponds to the network
assignment, and the error bars indicate the standard error of the mean (s.e.m.) across the 9 participants. 11 of the 12 networks recovered by MC
significantly predict brain activity in the majority of participants, whereas only six of the 14 networks recovered by FC significantly predict brain
activity in the majority of participants (arrows indicate p < 0.05, permutation test). (D, H) The prediction accuracy of the (D) MC and (H) FC
solutions is plotted on the inflated template surface. The colored circles indicate the significantly predicted networks, and are roughly scaled
according to the size of each contiguous region within the network. While the significantly predicted networks of the MC and FC solutions span a
similar range of cortical regions, MC recovers more functionally distinct subdivisions within these cortical regions. These analyses indicate that
the 12-network MC solution is a more accurate and spatially localized depiction of the semantic systems that support language comprehension.

The relative sizes and cortical distributions of the MC networks suggest that MC recovers networks that solely reflect the
specific stimulus- or task-related patterns of functional coupling that are captured by the encoding models. To quantify the
functional relevance of each MC network, we evaluated how well the group-average semantic model weights within each
network predict each participant’s BOLD responses during the task (Figure 3C). The semantic model weights within 11
of the 12 MC networks significantly predict BOLD responses in at least seven of the nine participants (p < 0.05,
permutation test; see Supplemental Figure 3 for the prediction accuracy of the group-average semantic models in each
network of each participant). The semantic model weights within the remaining MC network significantly predict brain
activity in only one participant. Thus, as expected given its topographic organization, the 12-network MC solution
consists of 11 networks that include areas that represent semantic information in natural language, and one noise network
that spans all remaining brain areas that do not represent semantic information. The 12-network MC solution therefore
defines 11 networks that reflect the precise functional organization of semantic processing systems in the brain. In the
remainder of the paper, these 11 networks will be referred to as the 11 semantic networks.
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The relative sizes and cortical distributions of the FC networks suggest that FC recovers patterns of functional coupling
that reflect both functionally relevant and functionally irrelevant fluctuations in BOLD activity. Because FC does not use
encoding model weights to recover functional networks, traditional FC studies cannot use prediction accuracy to evaluate
the functional relevance of the networks. However, because the aim of the present work is to directly compare the
networks recovered by MC and FC, we used the group-average semantic model weights estimated for MC to evaluate the
functional relevance of each FC network (Figure 3G). The semantic model weights in six of the 14 FC networks
significantly predict brain activity in at least seven of the nine participants (indicated by arrows). The semantic model
weights within the eight remaining FC networks significantly predict brain activity in fewer than half of the nine
participants. Thus, the 14-network FC solution defines six networks that reflect the functional organization of semantic
processing systems in the brain, and eight networks that reflect patterns of temporal correlations that do not have a clear
functional role.

To assess whether a similar range of cortical regions were well predicted by the MC and FC solutions, the network-
average prediction accuracy of each network was mapped onto the inflated template surface (Figures 3D and 3H). The
MC and FC networks that significantly predict brain activity across left-out participants span a similar range of cortical
regions that are known to be involved in processing semantic information in speech (Dice coefficient between these six
FC networks and the 11 semantic MC networks = 0.79). However, the 12-network MC solution recovers 11 functionally
distinct networks within these regions, whereas the 14-network FC solution recovers only six functionally distinct
networks within these regions. Thus, the 12-network MC solution is a more spatially localized depiction of semantic
representations across the brain.
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Figure 4. Model connectivity is not confounded by spatial variability in temporal SNR. Because FC is based on temporal correlations in
BOLD activity, we hypothesized that variations in the signal quality of the recorded BOLD activity will affect the cortical distribution of the
recovered networks. To test this hypothesis, we evaluated how closely the network-average temporal SNR (tSNR) reflects spatial variability in the
vertex-wise tSNR. (A) For each vertex of the template surface, tSNR was first computed using functional data from each participant, and was then
averaged across participants. The group vertex-wise tSNR is visualized on the inflated template surface. (B, E) The network-average tSNR is
shown on the inflated template surface for each network in the (B) 12-network MC solution and (E) 14-network FC solution. Only the FC solution
mirrors the spatial variability in tSNR shown in (A). (C, D) To quantify the degree to which the (C) MC and (D) FC solutions reflect the spatial
pattern of tSNR, the vertex-wise tSNR was correlated with the network-average tSNR. In the scatter plot, each point represents a vertex, and the
black dotted line indicates the identity line. The distribution of vertex-wise tSNR is shown above each scatter plot, and the distributions of
network-average tSNR are shown to the right of each scatter plot. For the MC solution, the correlation between vertex-wise and network-average
tSNR is near zero (r = 0.08). In contrast, for the FC solution, the correlation between vertex-wise tSNR and network-average tSNR is relatively
high (r = 0.63). This indicates that while the networks recovered by MC are robust to spatial differences in SNR, the networks recovered by FC
are confounded by spatial variability in SNR.

Model connectivity is not confounded by differences in temporal SNR across the brain

The previous analysis revealed that MC separates regions that are functionally tuned to the stimulus- or task-related
features from regions that are functionally irrelevant, isolating these functionally irrelevant regions into a single “noise”
network. By contrast, FC recovers several networks that are not functionally relevant to the stimulus or task. This suggests
that while MC can correctly separate signal and noise in the measured BOLD responses, FC is confounded by noise in the
measured BOLD responses. To test whether MC is less susceptible to noise than FC, we quantified the degree to which
the MC and FC solutions capture spatial variability in SNR. To measure SNR, we used temporal SNR (tSNR). Temporal
SNR quantifies the stability of the BOLD response over time, and is commonly used to assess the signal quality of fMRI
data®®5, A single group-average tSNR map was obtained by first computing a separate tSNR map for each participant,
and then averaging tSNR maps across participants. Network-average tSNR maps were computed for the MC and FC
solutions by averaging the vertex-wise tSNR within each network of each solution.
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To quantify the degree to which the MC and FC solutions are confounded by spatial variability in tSNR, we computed the
correlation between the vertex-wise tSNR maps and the network-average tSNR maps. A high correlation indicates that
vertices with a similar tSNR are grouped together in the same network, and that the clustering solution is confounded by
spatial variability in SNR. A correlation that is close to zero indicates that vertices with similar tSNR are not grouped
together, and that the solution is not biased by differences in SNR across the brain. Significance was separately evaluated
for the MC and FC solutions by comparing the observed correlation with a null distribution. For each solution, the null
distribution was generated by first randomly rotating the solution around the inflated template surface, and then
correlating the vertex-wise tSNR with the network-average tSNR of the randomly rotated solution (see Methods for more
details).

The vertex-wise tSNR (Figure 4A) was compared to the network-average tSNR of the 12-network MC solution (Figures
4B and C) and to the network-average tSNR of the 14-network FC solution (Figures 4D and E). For the MC solution, the
correlation between network-average and vertex-wise tSNR is not significantly higher than the null distribution (r = 0.08,
p = 0.996, permutation test), indicating that the 12-network MC solution accounts for an insignificant portion of the
spatial variance in tSNR. For the FC solution, the correlation between the network-average and vertex-wise tSNR is
significantly higher than the null distribution (r = 0.63, p < 0.001), indicating that the 14-network FC solution accounts for
a significant proportion of the spatial variance in tSNR (r? = 0.40). Thus, while MC is robust to spatial variability in SNR,
FC is confounded by differences in SNR across the cerebral cortex (see Supplemental Figure 4 for the correspondence
between the vertex-wise and network-average tSNR in each individual participant).
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Figure 5. Relying on additional datasets to interpret the recovered networks results in coarse functional definitions that may not
generalize across datasets. Because FC does not define the functional information reflected in the BOLD activity, traditional FC studies infer the
function of the recovered networks by referencing what is already known about the functional organization of the brain. In the present work, we
demonstrate the limitations of this approach by approximating the function of each MC and FC network as the function of one of the 17 resting
state networks recovered by Yeo et al.®2. (A) The 17-network Yeo solution is shown on the inflated template surface. These networks were
recovered in a dataset of 1000 part|C|pants at rest, and reflect the set of canonical resting state functional networks. To facilitate visualization, the
17 networks were split into three groups (visual, somatomotor, and limbic; attention, control, and temporoparietal; default mode), and are shown
separately on the inflated template surface. The broad function assigned to each network is denoted below the inflated surfaces. (B) For each
network in the 12-network MC solution, the Dice coefficient was used to determine the best matching Yeo network. The MC networks were split
into the same three groups as in (A), and are shown on the inflated surface. The colored squares indicate the best matches between the Yeo and
MC networks. The Dice coefficient (reported in parentheses) quantifies the similarity in cortical distribution between the union of the Yeo
networks and the union of the best matching MC networks. According to this approach, applying MC to a narrative auditory dataset recovers
variations of the attention, control, temporoparietal, and default mode networks. The largest “noise” network comprises the remaining visual,
somatomotor, and limbic networks that are not reliably activated by natural language comprehension. (C) For each network in the 14-network FC
solution, the Dice coefficient was used to determine the best matching Yeo network, as in (B). According to this approach, applying FC to a
narrative auditory dataset recovers variations of all canonical resting state networks. However, because this approach does not define the
functional role of these networks during the task, these coarse functional definitions do not provide further insight into the functional organization
of the brain during natural language comprehension.



https://paperpile.com/c/irJmRb/QqKBV
https://doi.org/10.1101/2023.07.17.549356

bioRxiv preprint doi: https://doi.org/10.1101/2023.07.17.549356; this version posted July 19, 2023. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Interpreting networks according to their cortical distribution results in coarse functional definitions

FC studies aim to recover the brain networks that support complex cognitive functions. However, in both task-based and
resting-state FC studies, FC provides no means to define the functional information reflected in the BOLD responses.
Consequently, the recovered networks do not have an explicit functional assignment. To circumvent this issue, FC studies
define network functions in terms of broad functional correspondences with conventional task-based contrast studies. For
example, if an FC network spans the occipital lobe, this network would be broadly defined as a visual network. The
functional definitions resulting from this sort of analysis are necessarily coarse. Furthermore, because either the cortical
distribution or the functional role of the networks recovered during one task may not generalize to another task, it may be
misleading to use different tasks to recover networks and to define their functions.

To demonstrate the limitations of this traditional FC approach, we used the networks recovered and interpreted by Yeo et
al.>? to assign a function to each MC and FC network recovered in the present work. Yeo et al. identified stable 7-network
and 17-network solutions by applying functional connectivity to a large resting-state dataset. The function of each
network in the 7-network solution was assigned by comparing the cortical distribution of each network to networks
identified previously in the literature. This 7-network solution comprises the visual, somatomotor, limbic, ventral-
attention, dorsal-attention, control, and default-mode network. The 17-network solution subdivides these 7 networks into
two visual, two somatomotor, two limbic, two ventral-attention, two-dorsal attention, three control, one temporoparietal,
and three default-mode networks (these functions are reported in Kong et al.*®). The networks in the higher resolution 17-
network solution are used here as templates for the canonical resting state functional networks (Figure 5A).

In traditional FC studies, the function of the recovered network is assigned by visually inspecting the overlap between the
recovered network and the template networks. Here, we used a less subjective approach that relies on the Dice coefficient
to quantify the similarity between the cortical distribution of each Yeo network and each network recovered in the present
work®%%657 The Dice coefficient ranges from 0 to 1. A Dice coefficient of zero indicates that two networks do not share
any vertices, and a Dice coefficient of one indicates that two networks share all vertices. For each MC and FC network,
the 17 Yeo networks were ranked according to their Dice coefficient. The function of the MC or FC network was
estimated to be the same as the Yeo network with the largest Dice coefficient. The MC and FC networks were then
grouped according to their functional assignment, and the Dice coefficient between the union of each group of networks
and the union of the corresponding resting state networks was computed. The resulting Dice coefficients quantify how
well the canonical resting state networks can be recovered from the natural language comprehension task dataset (denoted
below as D).

Using this approach, we determined that MC recovers variations of four of the seven (or eight of the 17) canonical resting
state networks (Figure 5B). Specifically, two MC networks are variations of two of the four attention networks (D = 0.31,
p < 0.001; permutation test), two MC networks are variations of two of the three frontoparietal control networks (D =
0.50, p < 0.001), one MC network matches the single temporoparietal network (D = 0.44, p < 0.001), and six MC
networks subdivide the three default mode networks (DMN; D = 0.73, p < 0.001). The “noise” MC network spans all of
the remaining resting state networks (i.e., the two visual networks, the two somatomotor networks, and the two limbic
networks). By contrast, we found that FC recovers variations of all seven of the seven (or 13 of the 17) canonical resting
state networks (Figure 5C). Specifically, one FC network is most similar to one of the two visual networks (D = 0.60, p <
0.001), three FC networks subdivide the two somatomotor networks (D = 0.79, p < 0.001), one FC network is best
matched by one of the two limbic networks (D = 0.29, p < 0.01), three FC networks are variations of three of the four
attention networks (D = 0.63, p < 0.001), two FC networks are best matched by two of the three frontoparietal control
networks (D = 0.39, p < 0.001), one FC network matches the single temporoparietal network (D = 0.32, p < 0.001), and
three FC networks are variations of the three DMNs (D = 0.75, p < 0.001). The results of this analysis are largely
consistent with our previous finding that MC networks span functionally-relevant brain areas, while FC networks span all
brain areas regardless of their functional relevance. Furthermore, these results suggest that regions associated with the
canonical DMN are important for language processing“, as both the MC and FC solutions contain a set of networks that
are well-matched to the DMN. However, because the functional definitions of all of these resting state networks are not
specific to the experimental task, this standard approach for interpreting network functions does not provide further
insight into the functional organization of the brain during natural language comprehension.
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Figure 6. Model connectivity recover networks with rich and precise functional definitions. MC recovers networks based on the encoding
model weights that define the functional tuning of each vertex. We can therefore directly interpret each network in terms of the average functional
tuning across vertices within the network. (A) The 11 semantic networks recovered by MC are split into four groups (as in Figure 3A), and are
visualized on the inflated template surface. The 12-th network is not reliably predicted by the semantic encoding models, so it is excluded from
interpretation. (B) To define the semantic tuning of each network, we identified the 100 words that were predicted to elicit the largest BOLD
response in each network. These 100 words are plotted here in a 2D semantic space generated by UMAP. In this 2D semantic space, each point
represents one of the words spoken in the stories, and neighboring points are semantically similar words. The size of each point corresponds to the
magnitude of the predicted BOLD response to the word, and the color of each point corresponds to its network assignments. The insets show a
representative sampling of the 100 words (e.g., colored, stripes, steel) plotted as a word cloud for each network. The colored squares inside each
inset indicate the networks that correspond to the depicted semantic tuning. The semantic category represented by each network was interpreted
by manually inspecting these 100 words (e.g., descriptions), and is written above each word cloud. From this approach, we determined that nine
distinct categories of physical-, place-, social-, and discourse-related semantic concepts are represented by the 11 semantic networks. This analysis
demonstrates that the encoding model weights provide each network with a rich functional description that describes the functional contribution of
the network during the task.

Interpreting networks according to their functional tuning results in precise functional definitions that are relevant
to the experimental task

While the previous analysis recovered coarse functional definitions for each MC and FC network, further attempts to
interpret the networks recovered by FC are limited. With FC alone, there is not enough information to identify the factors
that account for the observed differences in cortical distribution between the canonical resting state networks and the task-
based networks. Furthermore, there is not enough information to identify the functional role of each of these canonical
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networks in the natural language comprehension task. In contrast, with MC, each network is associated with a high-
dimensional functional tuning profile described by the encoding model weights. Therefore, the functional role of each of
the recovered networks during the experimental task is well defined. In the present study, we used the semantic encoding
model weights to recover 11 semantic networks and to identify the categories of semantic concepts represented by each
network. First, the semantic model weights were averaged across vertices within each network. Then, the network-average
model weights were used to identify the words spoken in the stories that are predicted to elicit the largest BOLD response
in the network. Lastly, these words were manually inspected to interpret the precise concepts represented by the network.

To aid visualization, the 11 semantic networks were split into four groups according to the similarity of their semantic
tuning (Figure 6A). To assess the degree to which each network represents a distinct category of semantic concepts, the
100 words (the top ~1% of the 10,470 words spoken in the stories) that were predicted to elicit the largest BOLD response
in each network were plotted on a two-dimensional projection of the high-dimensional semantic space (Figure 6B). In the
two-dimensional semantic space, semantically similar words are located close to each other. Therefore, for each network,
the distribution of the top 100 words across this reduced semantic space indicates the breadth of semantic concepts
represented by the network. Visually inspecting the spatial distributions of these words for each network revealed that
seven of the 11 semantic networks represent distinct semantic categories. The four remaining networks can be grouped
into two pairs of networks, such that each pair of networks represents a similar range of semantic concepts. Thus, the 11
semantic networks represent nine distinct categories of semantic concepts.

To interpret the precise category of semantic concepts represented by each semantic network, we manually inspected the
100 words that were predicted to elicit the largest BOLD response in the network. This process revealed that the four
networks colored in shades of blue represent physical-related categories of semantic concepts: two networks represent
physical descriptions (e.g., colored, inches), one network represents physical movement (e.g., climb, drive), and one
network represents physical actions (e.g., swing, punch). The single network colored in green represents a place-related
category: travel (e.g., trip, beach). The three networks colored in shades of red represent social-related categories: one
network represents social interactions (e.g., knocking, waited), one network represents social relationships (e.g., wife,
father), and one network represents communication (e.g., replied, asking). The three networks colored in shades of orange
represent discourse-related categories: two networks represent emotional discourse (e.g., laugh, troll) and one network
represents legal discourse (e.g., claims, judge). While the interpretation of the precise function of each network is
necessarily subjective, the semantic encoding model weights provide rich descriptions of the functional selectivity of each
network. Thus, MC recovers networks with highly interpretable functional descriptions.

Because each of the networks have a rich profile of semantic tuning, these semantic networks also provide insight into the
functional tuning of the canonical resting state networks during natural language comprehension (see Figure 5B for the
most spatially similar MC and resting state networks). The two MC networks that were most similar to the canonical
attention networks recovered by Yeo et al.®? represent physical actions and physical descriptions. The two MC networks
that were most similar to the canonical frontoparietal control networks represent physical movement and physical
descriptions. The single MC network that was most similar to the temporoparietal network represents travel. Finally, the
six MC networks that subdivide the DMN represent communication, social relationships, social interactions, legal
discourse, and emotional discourse. These analyses suggest that during natural language comprehension, the canonical
attention, frontoparietal control, and temporoparietal networks represent concrete, physically-grounded categories of
semantic concepts, whereas the canonical DMN represents abstract, social-related categories of semantic concepts. Thus,
by leveraging the advantages provided by MC, we can determine the functional role of canonical resting state networks
during a task.

Networks recovered by MC have similar functional tuning across individuals

Because the 12-network MC solution optimized cross-participants prediction accuracy, this group solution reflects
patterns of functional coupling that are shared across participants. Given the anatomical and functional differences across
individuals®®, these 12 MC networks might not reflect the functional organization of language comprehension systems in
individual participants. To test how closely the group solution captures functional tuning in individuals, voxelwise
semantic encoding models were fit to functional data from each participant in their native anatomical space, and were then
spatially mapped to each participant’s cortical surface. The group 12-network MC solution was also mapped to each
participant’s cortical surface (Figure 7A), and the participant’s model weights were averaged across vertices within each
spatially mapped network. This approach allowed us to recover and compare the functional tuning of the group MC
networks in individual participants.
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Figure 7. Spatially mapping the group MC solution to each participant’s cortical surface reveals that the group networks have consistent
functional tuning across participants. Mapping individual participants’ data to a template surface and averaging across participants recovers a
12-network MC solution that reflects the functional organization of semantic processing systems at the group level. To evaluate how well the
group solution reflects functional organization within each participant, we mapped the group solution to each participants’ cortical surface to
assess functional tuning within each individual participant. (A) The group MC solution was mapped from the fsaverage template surface to each
participant’s cortical surface. The resulting spatially mapped MC solution is shown for participant 06 on their inflated cortical surface. This spatial
mapping preserves the spatial organization but not necessarily the functional tuning of each group MC network in each individual participant. (B)
To quantify the consistency of semantic tuning across individuals, the network-average semantic model weights were first correlated across
participants and then aggregated in a pairwise correlation matrix. The rows and columns of the matrix are grouped by network and ordered by
participant. The block structure along the main diagonal suggests that, across participants, semantic weights are highly similar within a network.
(C) The bar graph shows the difference between the cross-participant consistency within a network and the cross-participant consistency between
networks. The color of each bar corresponds to the network assignment, and the error bars indicate the bootstrapped 95% confidence interval.
Across participants, the semantic tuning within the 11 semantic networks is significantly more similar within the network than between networks
(p <0.001, permutation test). By contrast, the semantic tuning within the “noise” network is as consistent within the network than between
networks (p = 0.70). (D) To visualize the consistency of functional tuning within networks and across participants, the semantic coverage of five
networks is plotted separately for each participant (denoted as p01-p09). Each participant’s network-average model weights were used to identify
the words that were predicted to elicit the strongest BOLD response in the network. The top 100 words are plotted as points in a 2D semantic
embedding space (as in Figure 6B). For each network and each participant, one word that is representative of the semantic tuning of the network
is highlighted. Within each network, the distribution of words in the semantic embedding space largely overlaps across participants. Thus, the
group MC networks represent similar categories of semantic concepts across individuals.

To quantify the cross-participant consistency within each network, each participant’s network-average model weights
were correlated across networks and across participants (Figure 7B). The blocks of high correlation along the main
diagonal of the pairwise correlation matrix suggest that the model weights are more similar within the network than
between networks. Figure 7C shows the difference between the within-network correlations and the between-network
correlations for each network. For each of the 11 semantic networks, the cross-participant semantic tuning within the
network is significantly more consistent than the cross-participant semantic tuning between networks (difference = 0.44 +
0.05, mean * s.d. across networks; p < 0.001 for each semantic network, permutation test). By contrast, the cross-
participant semantic tuning within the noise network is not significantly different from the cross-participant semantic
tuning between the noise network and the 11 semantic networks (difference = -0.03; p = 0.70). These analyses indicate
that the networks that are well-predicted by the encoding models also have consistent functional tuning across

participants.
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To visualize the cross-participant consistency of functional tuning within each network, the range of words represented by
five example networks were plotted in the two-dimensional semantic space, both in the group (labeled in Figure 7D as
group) and in each individual participant (labeled in Figure 7D as p01-p09; see Supplemental Figure 5 for the
functional tuning of each network in each participant). For each of the five networks, the 100 words that were predicted to
elicit the largest BOLD response are plotted in the same 2D semantic space as in Figure 6B. For the group, the top 100
words were recovered using model weights averaged across the group of participants. For each individual, the top 100
words were recovered using model weights estimated in the participant’s native anatomical space. Across participants, a
similar set of words are predicted to elicit the largest change in BOLD responses within each network (proportion of the
top 100 words that are shared between the group and participant-level models = 0.52 + 0.18, mean + s.d. across
participants). Thus, the 11 semantic MC networks recovered from the group largely capture the functional organization in
individual participants.

When examining the functional tuning profiles of the networks in individual participants, we noticed that the pairs of
networks with very similar functional tuning at the group level show differences in functional tuning across individuals.
For instance, at the group level, the functional tuning of the dark purple and dark blue networks is indistinguishable (see
group column in Figure 7C). However, examining the functional tuning of each network in each individual participant
reveals that the functional tuning within the dark blue network is less consistent across individuals (within-network r =
0.55 + 0.11, mean * s.d. across pairwise comparisons) than the functional tuning within the dark purple network (r = 0.64
+ 0.06), a statistically significant difference (difference = 0.09, p < 0.001, permutation test). This suggests that the group
MC networks reflect both differences in the functional tuning and differences in the cross-participant consistency of
functional tuning.

We also observed that pairs of networks that share a spatial border on the cortical surface often have similar functional
tuning. For example, functional tuning is correlated between the network that represents social interactions colored in dark
red and the network that represents physical actions colored light blue (r =0.44 + 0.11, mean + s.d. across pairwise
comparisons), which share spatial borders on the cortical surface (see Figure 3A). This suggests that some of the
similarity in functional tuning between pairs of networks might be caused by individual differences in the cortical
distribution of these networks. When two networks neighbor each other on the cortical surface, individual differences in
the cortical extent of the networks blur the functional tuning within each network, thereby increasing the similarity of
functional tuning between neighboring networks.

Overall, these analyses suggest that the functional tuning within the group MC networks are largely consistent across
individuals. However, spatially mapping the group MC solution to each participant’s cortical surface does not appear to
adequately capture differences in anatomical or functional organization that exist across individuals.

Networks recovered by MC have similar cortical distributions across individuals

In the previous section, the group MC solution was recovered in individual participants by spatially mapping the solution
from the template cortical surface to each participant’s cortical surface (generating spatially mapped MC solutions). While
this process preserves the spatial organization of the functional networks recovered from the group, it cannot account for
individual differences in anatomical or functional organization. To recover these differences, we implemented another
approach for recovering the MC networks in each participant that better preserves anatomical and functional differences
across individuals (Figure 8A). First, the group-average model weights were averaged across vertices within each
network of the group solution. Then, the correlation was computed between the network-average model weights of the
group solution and the vertex-wise model weights of each participant. Lastly, each vertex in each participant was assigned
to the MC network with the most similar functional tuning, recovering the group MC networks in each individual
participant (generating functionally matched MC solutions). Differences in the spatially mapped and functionally matched
networks reveal which cortical regions contain the most variable functional organization across individuals.

To quantify the variability of each group MC network across individuals, the Dice coefficient was computed between the
spatially mapped and functionally matched MC networks (Figure 8B). A high Dice coefficient indicates that the cortical
distribution of the group-level MC network is consistent across individuals, whereas a low Dice coefficient indicates that
the cortical distribution of the group-level MC network varies across individuals. Across participants, the most consistent
networks include the group MC network that represents semantic concepts related to legal discourse (colored in light
orange; D = 0.40 £ 0.02, mean % s.e.m. across participants), and the group MC network that represents concepts related to
places (colored in green; D = 0.35 £ 0.03). By contrast, the most variable networks include one of the group MC networks
that represents emotional discourse (colored in dark orange; D = 0.19 + 0.02), and one of the group MC networks that
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Figure 8. Functionally matching each vertex of each participant’s cortical surface to one of the group MC networks recovers individual
differences in functional organization across participants. Spatially mapping the group MC solution to each participant’s cortical surface
ignores individual differences in anatomical and functional organization. To better account for such individual differences, we used the group
network-average functional tuning to recover the group MC networks in individual participants. (A) To recover the group MC networks in each
participant, the group-average model weights were first averaged across vertices within each MC network on the template surface. The model
weights of each vertex of each participant were then compared to the group network-average model weights, and each vertex was assigned to the
MC network with the most similar functional tuning. The resulting functionally matched MC solution is shown for participant 06 on their inflated
cortical surface. This functional matching preserves the functional tuning but not necessarily the cortical distribution of each group MC network in
individual participants (see Supplemental Figure 6 for the functionally matched MC solution in each participant). (B) To assess how variable
each group MC network is across participants, the Dice coefficient was used to quantify the spatial overlap between the spatially mapped MC
networks and the corresponding functionally matched MC networks. The color of each bar indicates the network assignment, and the error bars
indicate the s.e.m. across participants. Variability in the degree of spatial overlap between the spatially mapped and functionally matched MC
networks indicates that some group networks (e.g., the networks colored in light orange and green) have a more consistent cortical distribution
across individuals, whereas other networks (e.g., the networks colored in dark orange and dark blue) have a more variable cortical distribution
across individuals. (C) To visualize the range of spatial overlap between the functionally matched networks (left and right) and the spatially
mapped networks (center), the functionally matched network that overlaps most with the corresponding spatially mapped network (left, outlined
in light orange) and the functionally matched network that overlaps least with the corresponding spatially mapped network (right, outlined in dark
orange) are shown for the left hemisphere of participant 06’s flattened cortical surface. The corresponding Dice coefficients are indicated in
parentheses. While the sparsity differs between the network with the most spatial overlap and the network with the least spatial overlap, both
networks span a similar range of cortical areas in the functionally matched and spatially mapped solutions. This suggests that even group networks
with relatively low degree of spatial overlap are recovered in individual participants. (D) The MC networks within the left and right hemispheres
(labeled Ih and rh) of five distinct cortical regions (labeled MPC, TPJ, LTC, vPFC, and dPFC) are shown on the flattened cortical surface. The
group MC solution is shown on the template surface at the top (labeled group), and the functionally matched MC solutions of all nine participants
are shown on each participant’s cortical surface below (labeled p01-p09). While the cortical distribution of the group- and participant-level MC
networks are largely consistent across these cortical regions, the participant-level networks capture individual differences in functional
organization that are not captured by the spatially mapped networks. Thus, functionally matching networks allows us to recover individual
differences in the cortical distribution of the group-level functional networks.
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represents physical descriptions (colored in dark blue; D = 0.17 £ 0.02). These results suggest that some group MC
networks have a more consistent cortical distribution across individual participants than other group MC networks. To
visualize the range of spatial variability observed across group MC networks, Figure 8C shows the network with the most
spatial overlap in participant 06 (colored in light orange; D = 0.47) and the network with the least spatial overlap in
participant 06 (colored in dark orange; D = 0.09). While the network with the least spatial overlap is sparser than the
network with the most spatial overlap, both networks have a similar cortical distribution between the spatially mapped and
functionally matched solutions. This suggests that even group MC networks with relatively minimal spatial overlap
between the spatially mapped and functionally matched solutions can be recovered in individual participants.

The results of these analyses are largely consistent with our findings from the previous section, which suggest that the
group MC networks reflect both differences in functional tuning and differences in the consistency of functional
organization across participants. However, because this functional matching approach does not constrain the cortical
distribution of the participant-level networks, it also reveals the cortical regions where functional organization varies the
most across individuals. To qualitatively assess which cortical regions have a consistent functional organization across
participants, we compared the functional organization determined by the group MC solution and the participant-level MC
solutions across five distinct cortical regions (Figure 8D; see Supplemental Figure 6 for the participant-level MC
solutions recovered in each individual participant). The group MC solution appears to capture much of the broad
functional organization that is preserved across participants, a result consistent with that shown in Figure 7. However, this
functional matching approach also reveals that the functional organization within the MPC and TPJ appears to be more
consistent across participants, whereas the functional organization within the ventral PFC (vPFC) and dorsal PFC (dPFC)
appears to be more variable across participants. Thus, by using two distinct approaches to recover the group MC networks
in individual participants, we can recover both the broad functional organization that generalizes across participants, and
the variations in functional organization that are specific to each individual.

Discussion

Model connectivity (MC) is a powerful new method for recovering functional brain networks that overcomes the flaws in
functional connectivity (FC). The flaws in FC stem from two fundamental characteristics of the method. First, FC
assumes that all temporally correlated brain activity reflects true functional coupling. We showed that applying FC to an
fMRI dataset collected during a natural language comprehension task produces functional networks that are confounded
by differences in SNR across the brain. Second, FC does not provide any means to define the functional information
reflected in the measured BOLD activity. We showed that the networks recovered by FC can only be assigned a coarse
functional description that is not specific to the stimulus or task. To overcome these flaws, MC leverages the power of the
Voxelwise Modeling framework, recovering networks of brain regions with similar encoding model weights. Applying
MC to the same narrative auditory dataset as FC produces functional networks that capture stimulus- or task-specific
patterns of functional coupling that are shared across participants. Additionally, the associated encoding model weights
provide each network with a rich functional description in terms of the stimulus- or task-related features. Thus, the
networks recovered by MC define the functional organization that underlies complex cognitive functions and behaviors.

FC is confounded by spatial variability in SNR

It is well known from studies of temporal SNR that the relative contribution of signal and noise varies systematically
across the brain'®%°, Because FC is based on temporally correlated fluctuations in BOLD activity, spatial differences in
SNR inevitably influence the patterns of functional coupling measured by FC. The majority of FC studies use complex
preprocessing pipelines in an attempt to reduce temporal noise in the measured BOLD activity>1°%°-%2 hut these
approaches do not account for the spatial differences in SNR that are caused by anatomy, such as head and brain
geometry, vasculature, and differences in magnetic susceptibility. In an attempt to account for broad spatial differences in
SNR, some FC studies exclude brain regions with a temporal SNR that is below a certain threshold from their
analyses®*®3, However, even subtle differences in tSNR contaminate the networks recovered by FC (see Figure 4 and
Supplemental Figure 4), indicating that a simple tSNR threshold cannot fully correct for these confounds.

The problem of noise contaminations is especially pronounced for studies that compare FC across participant groups®-5°
or across participants®®6379-72 as noise contributions vary substantially across individuals. For instance, previous studies
have noted that differences in the amount of motion between participant groups can be incorrectly interpreted as
differences in functional coupling®*. Furthermore, patterns of spatial variability in SNR are unique to individual
participants (see Supplemental Figure 4 for spatial patterns of tSNR in each participant), and are rarely accounted for in
FC studies (see Baker et al.®® for an approach that accounts for differences in noise levels across participant groups, but
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not for differences in spatial patterns of SNR). FC studies are therefore prone to misinterpreting differences in SNR
between participant groups or between participants as meaningful differences in functional coupling.

MC overcomes this flaw in FC by ignoring fluctuations in BOLD activity that do not reflect reliable functional activity.
The encoding model weights used by MC quantify only the stimulus- or task-related information that is represented in the
BOLD activity. Therefore, because MC is based on encoding model weights, it only reflects fluctuations in BOLD
activity that are related to true stimulus- or task-related functional activity.

FC is not directly interpretable

The overarching goal of task-based FC studies is to assess how patterns of functional coupling support specific cognitive
functions or behaviors. However, because FC provides no means to identify the specific aspects of the stimuli or tasks that
result in the measured patterns of functional connectivity, task-based FC studies rely on additional datasets to interpret the
functions of the recovered networks. Specifically, most task-based FC studies reference the canonical set of networks
recovered from resting state functional data that are posited to reflect intrinsic patterns of functional coupling®?33, Task-
based FC studies treat these resting state networks as the baseline functional organization of the brain, and assume that the
task-based networks are reconfigurations of these resting state networks’. However, variations in the cortical distribution
of the networks may be caused by factors that are not related to meaningful differences in functional coupling between the
task and rest. For example, anatomical or functional differences between the participants in each dataset®-°>":70-7274.75 and
transient differences in the participants’ attentional or arousal state’®"® have both been reported to influence the patterns
of functional coupling measured by FC. Furthermore, because attention changes representations across the brain’, the
precise functional role of each of the canonical resting state networks may change according to the task. The functional
domain assigned to each resting state network may therefore be misleading®*. Thus, FC studies cannot assign functional
significance to differences observed in FC between task and rest.

MC overcomes this flaw in FC by using the same dataset to recover and interpret the functional networks. These networks
explicitly represent the stimulus- or task-related information that underlies a specific component of behavior. In the
present study, the semantic encoding model weights that were used to recover distinct functional networks were also used
to identify the precise category of semantic concepts represented by each network. Therefore, the resulting semantic
networks reveal both the functional organization of semantic processing systems in the brain, and the functional tuning of
each of these systems.

Because we were able to directly interpret the function of each MC network, applying MC to the narrative auditory
dataset provides insight into the functional role of canonical resting state networks during natural language
comprehension. Specifically, half of the networks recovered by MC were most similar in cortical distribution to the
canonical DMN recovered by Yeo et al.*2>. Examining the functional tuning of these six semantic networks revealed that
they represent social- and discourse-related categories of semantic concepts. This finding suggests that the DMN
represents abstract, social semantic concepts during language comprehension. Previous studies have implicated the DMN
in a variety of complex cognitive processes, including introspection®8!, memory®283, social reasoning®®, internal
speech®®87 and processing conceptual semantics*%8-°, Therefore, the overarching role of the DMN may be representing
abstract, social-related concepts, regardless of whether the concepts are internally generated or externally perceived.

FC is insensitive to task-based differences in functional coupling

Given that the networks recovered by FC are confounded by systematic differences in SNR and are limited in their
functional interpretability, we argue that FC is not well suited for examining the differences in functional coupling across
tasks. This view is largely supported by previous FC studies that compare FC between task and resting state. Studies that
only looked at group-level effects reported a minimal influence of task state on the measured FC between brain areas”.
Furthermore, while studies that compared FC across individuals and tasks noted a larger effect of task state®® 71929 the
magnitude of the effect of individual differences far outweighed the magnitude of the effect of task-based differences® %,
These studies argue that stability across task and resting states is a benefit of FC, indicating that FC captures the state-
invariant functional architecture of the brain. However, we argue that this stability may also reflect a limitation of using
FC for task-based studies, indicating that it captures reliable spatial patterns of BOLD SNR, which are not related to
functional processes, rather than the stimulus- or task-specific information that is represented in the BOLD activity.

MC overcomes this limitation of FC by evaluating functional coupling in terms of stimulus- or task-related features
related to the experimental paradigm. This makes MC an ideal method for comparing how the whole-brain patterns of
functional coupling support the perceptual, cognitive, and motor aspects of complex behaviors. For example, different
feature spaces capture unique stimulus- or task-related information®"44, Therefore, applying MC separately to the high-
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level semantic model weights and to the low-level auditory model weights would recover distinct sets of networks,
depicting the functional organization of the high-level cognitive and the low-level perceptual representations necessary for
natural language comprehension. Furthermore, MC allows us to examine how these whole-brain patterns of functional
coupling change according to experimental conditions. For example, because the set of brain areas that are involved in
processing semantic information differs between auditory and visual modalities®, applying MC to the semantic model
weights estimated during story listening and to the semantic model weights estimated during movie watching could
recover distinct sets of networks. Additionally, because top-down selective attention widely affects functional tuning
across the cortical surface’, applying MC to model weights estimated under different attentional states could reveal how
attention affects the whole-brain functional organization. Thus, by using MC to compare both the cortical distribution and
the functional tuning of networks across feature spaces, perceptual modalities, and attentional states, we can discover how
changes in whole-brain patterns of functional coupling support the specific perceptual, cognitive, or motor components of
an experimental task.

MC provides a complete framework for recovering functional networks from encoding model weights

The present study is not the first to group brain areas based on encoding model weights. The original publication of this
dataset used a Bayesian algorithm called PrAGMATIC to recover a set of functionally homogeneous brain areas that tiled
the cortical surface®® (see Supplemental Figure 7 for a comparison in prediction accuracy between the group MC
solution recovered in the present work and the group PrAGMATIC solution). However, PrAGMATIC is complex and
computationally costly. Several other studies took an approach similar to that used here, clustering voxels based on
encoding model weights®-8, However, those studies did not develop a systematic approach for determining the number of
clusters that best generalize to held-out participants. Therefore, the clusters identified in those studies may miss functional
subdivisions that exist in the data. By contrast, MC provides a simple, robust framework for recovering the full set of
networks that most accurately reflect the functional organization of the brain during an experimental task.

Conclusion

Model connectivity is a powerful, data-driven method for recovering functional networks that overcomes the limitations
of functional connectivity. Because FC is based solely on temporally correlated BOLD activity, FC does not distinguish
between signal and noise in the BOLD activity. Consequently, FC recovers networks that are confounded by spatial
variability in SNR, and that are difficult to interpret. These flaws make FC poorly suited for studying differences in
functional coupling across tasks or experimental conditions. In contrast, MC is based on an explicit model of the
repeatable functional signal in the BOLD activity. Thus, MC recovers networks that reflect the underlying functional
organization, and that have rich functional descriptions that are directly related to the stimulus or task. These qualities
make MC an ideal method for examining how the cortical distribution and the functional tuning of whole-brain functional
networks support complex tasks and behaviors. To encourage the adoption of MC, the code implementing the full pipeline
is openly available as a Python package [link will be provided here upon publication].
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Methods

Participants

This study was approved by the Committee for Protection of Human participants at the University of California, Berkeley.
All participants gave written informed consent. Functional data were collected from 11 participants (3 females) between
the ages of 24 and 33. Data from two participants were held-out for validation. Data from 6 of the 11 participants used in
this work were originally collected for a previously published project®. Since the original publication, data were collected
from an additional 5 participants, using the same experimental paradigm as used in Huth et al.

All voxel- and vertex-wise encoding models were estimated and validated independently for each participant using
separate data sets. Data were averaged across 9 of the 11 participants to recover functional networks. Across the 9
participants, a leave-one-participant-out cross-validation scheme was used to evaluate whether the group networks
accurately predict brain activity from each participant. The remaining two participants were used to evaluate how well the
recovered networks predict brain activity from completely held-out participants (Supplemental Figure 7).

Experimental procedure

Participants listened to eleven 10- to 15-min stories taken from The Moth Radio Hour. In each story, a speaker tells an
autobiographical story in front of a live audience. The eleven selected stories cover a wide range of topics and are highly
engaging. Each story was played during a separate fMRI scan. The length of each scan was tailored to the story and
included 10 s of silence both before and after the story.

The eleven stories from The Moth Radio Hour were split into a model training set and a model test set. The training set
consisted of ten 10- to 15-min stories, and contained a total of 125-min of data for each participant. The test set consisted
of one 10-min story that was presented to each participant two separate times. To reduce noise in the test dataset, the
BOLD responses to the two repetitions of the test story were averaged for each participant. The final test set contained a
total of 10-min of data for each participant.

MRI data collection

MRI data were collected on a 3T Siemens Tim Trio scanner at the University of California, Berkeley Brain Imaging
Center using a 32-channel Siemens head coil. Functional scans were collected using gradient echo EPI with repetition
time (TR) = 2.0045 s, echo time (TE) = 31 ms, flip angle = 70°, voxel size = 2.24 x 2.24 x 4.1 mm (slice thickness = 3.5
mm with 18% slice gap), matrix size = 100 x 100 and field of view = 224 mm x 224 mm. Thirty axial slices covered the
entire cortex and were acquired in ascending interleaved order. A custom-modified bipolar water excitation
radiofrequency pulse was used to avoid signal from fat. For most subjects (9 out of 11), a dual-echo gradient echo
fieldmap was acquired before every functional scan. Anatomical scans were collected using a T1-weighted multi-echo
MP-RAGE sequence with the parameters recommended by FreeSurfer.

MRI data preprocessing

Preprocessing steps. Each functional run was motion-corrected, distortion-corrected, and aligned to the participant’s T1
scan. Motion correction transformations were computed with the FMRIB Linear Image Registration Tool (FLIRT) from
FSL%100 Distortion correction transformations were computed with FUGUE from FSL1%. Alignment transformations
were computed with bbregister from FreeSurfer'®2. Finally, all transformations were combined and applied in a single
transformation step using ANTs!, The resulting preprocessed data were then temporally detrended and denoised using
CompCor** and RETROICOR!®. Note that this preprocessing pipeline differs from the pipeline used in our previous
publications. This new pipeline adopts several improvements first developed and validated by fMRIPrep®, such as using
bbregister and ANTS to align functional images to each participant’s native space.

Projection to fsaverage5. FreeSurfer’s mri_vol2surf was used to project the pre-processed functional volumes to the
fsaverage5 surface, which results in a minimal amount of smoothing (~3 mm full-width half-max kernel). The fsaverage5
template surface consists of 10,242 vertices per hemisphere that are spaced approximately 3 mm apart (20,484 vertices
total). In fsaverage5 space, functional data within each run were z-scored over time.

Visualization. Functional data were visualized on the flattened and inflated cortical surface using pycortex, a Python
package developed by our lab®. All analyses were performed on data projected to the fsaverage5 surface. The results of
the analyses were projected to the high-resolution fsaverage surface for visualization only (327,684 vertices total).
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Encoding model estimation

Encoding models use features extracted from the experimental stimulus or task to predict brain activity in each
participant. In the present work, high-level semantic features and low-level auditory features were extracted from the
narrative auditory stories. Regularized linear regression was used to predict brain activity from the semantic and auditory
features. A separate encoding model was estimated for each vertex of the template cortical surface, so we refer to these
models as vertex-wise encoding models. Separate training and test datasets were used to estimate and evaluate vertex-wise
encoding models for each participant.

Semantic features. Semantic features were derived from co-occurrence statistics between the set of 10,470 words spoken
across the ten stories and a set of 985 common English words*. Co-occurrence rates were calculated on a large corpus of
text that included 13 Moth stories, 604 popular books, 2,405,569 Wikipedia pages, and 36,333,459 user comments
scraped from reddit.com. The 10,470 spoken words appeared a total of 1,548,774,960 times in this corpus. The word co-
occurrence matrix, M, contains 985 rows and 10,470 columns. Each element of M represents the proportion of times the
spoken word occurs within 15 words of the common word. Each column and row were z-scored to account for differences
in how often each word appeared in the corpus. Thus each column of M represents a 985-dimensional semantic
embedding for each of the 10,470 spoken words.

The features used for model estimation were then constructed from the ten training stories for each word-time pair (w, t).
For each word in each story, the corresponding column of M representing the spoken word’s 985-dimensional semantic
embedding was appended. These vectors were then resampled at times corresponding to the fMRI acquisitions using a 3-
lobe Lanczos filter with the cut-off frequency set to the Nyquist frequency of the fMRI acquisition (0.249 Hz).

Low-level auditory features. Low-level auditory features were included to account for responses to low-Ilevel properties of
the stories that could contaminate the semantic model weights. The 41 low-level auditory features were word rate (one
feature), phoneme rate (one feature) and phonemes (39 features).

Feature adjustments. Before fitting, each stimulus feature within each story run was demeaned over time. To account for
the hemodynamic delay, a separate linear temporal filter with four delays (1, 2, 3 and 4 time points) was fit for each
feature. This was accomplished by concatenating feature vectors that had been delayed by 1, 2, 3 and 4 time points (2 s, 4
s, 6 s and 8 s). For instance, in the concatenated “word rate” feature space, one feature represents the word rate 2 s earlier,
another 4 s earlier, and so on. Taking the dot product of this concatenated feature space with a set of linear weights is
functionally equivalent to convolving the original stimulus vectors with linear temporal kernels that have non-zero entries
for 1, 2, 3 and 4 time point delays.

Model estimation. Models were fit to functional data independently for each participant in each vertex of the fsaverageb
surface. A modified version of ridge regression called banded ridge regression was used to model the functional data**44,
Two separate regularization hyperparameters were optimized for each vertex: one for the semantic features and one for
the low-level features. Separately optimizing these hyperparameters for each vertex allows the model to weigh the two
sets of features independently across the brain.

The optimal regularization hyperparameters were determined via cross-validation. The model training set, which consisted
of BOLD responses to ten auditory stories, was split into a smaller training and validation set. The smaller training set
consisted of nine stories, and the validation set consisted of one story (leave-one-run-out cross-validation scheme). Then,
multiple banded ridge regression models were fit with 20 logarithmically spaced regularization hyperparameters ranging
from 10 to 10%°. The prediction accuracy of each of these models was estimated on the validation set. This process was
repeated by leaving out each of the ten model training stories. The resulting prediction accuracies were then averaged
across left-out stories, and the hyperparameters with the highest prediction accuracy were selected separately for each
vertex.

All model fitting was performed using himalaya, a Python package developed by our lab to efficiently fit ridge and
banded ridge regression models*.

Model evaluation. The prediction accuracies of the final vertex-wise encoding models were evaluated for each participant
using the model test dataset. For each vertex, model prediction accuracy was evaluated as the Pearson’s correlation
coefficient (r) between the predicted BOLD responses and the recorded BOLD responses.

Recovering functional networks

Model connectivity and functional connectivity were used to recover networks at the group level. In both approaches,
connectivity was assessed between all 20,484 vertices of the fsaverage5 surface. For MC, model weights were estimated
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independently in each vertex for each participant, and averaged across participants (we refer to these averaged weights as
group-average model weights). Connectivity between vertices was then evaluated as the Euclidean distance between
group-average model weights. For FC, BOLD time-series in each vertex were averaged across participants (we refer to
these averaged time-series as group-average BOLD responses). Connectivity between vertices was then evaluated as the
correlation distance (1 - correlation) between group-average BOLD responses. The pairwise distances between all vertices
were stored in two vertex-wise 20,484 x 20,484 distance matrices, one for MC and one for FC. To group vertices into
networks, hierarchical clustering with Ward’s linkage was applied to each distance matrix®>!%1% To limit overfitting,
networks recovered by MC were based on model weights estimated using the training dataset (125-min, 3737 TRs).
Similarly, networks recovered by FC were based on BOLD time-series from the training dataset. For both MC and FC,
networks were evaluated using the test dataset (10-min, 291 TRs).

Vertex-wise clustering. FC studies employ a wide variety of methods to recover functional networks, including seed-,
graph-theory-, and clustering-based approaches!'%'!, In the present work, we used a vertex-wise clustering approach to
recover MC and FC networks, as clustering enforces the fewest assumptions about the spatial organization of the
recovered networks. Seed-based approaches rely on defining a set of seed regions of interest®, and graph-theory-based
approaches rely on defining a subset of functionally homogeneous parcels or nodes*'?, These seed regions and sets of
spatially contiguous parcels are assumed to be stable across task states, and to contain similar time-courses of BOLD
activity**-°L113 However in many cases, these assumptions are too strong. For any given parcel, both the cortical extent
and the functional homogeneity within the parcel may differ across groups, individuals, or task states®*!4. Using a
parcellation recovered from a separate dataset may therefore bias the results. By contrast, clustering-based approaches do
not rely on defining a smaller subset of regions of interest or functionally homogeneous parcels. Thus, by clustering all
possible vertices of the cortical surface, the recovered networks reflect the current data rather than prior spatial
constraints.

Selecting the distance metric. Two different distance metrics were used to recover functional networks under MC and FC.
MC used Euclidean distances of encoding model weights in a feature space, and FC used correlation distances of BOLD
activity over time. These two distance metrics reflect different assumptions about how MC and FC define functional
coupling.

Under MC, functional coupling is assumed to be determined by the similarity of functional tuning between brain areas.
Functional tuning is quantified by the encoding model weights, which define a vector in the feature space. This vector can
be decomposed into a magnitude and a direction in the feature space, both of which contribute to the functional tuning
profile. Because the Euclidean distance preserves the contribution of both magnitude and direction, MC uses the
Euclidean distance to quantify functional coupling.

Under FC, functional coupling is assumed to be determined only by temporal co-fluctuations in BOLD activity between
brain areas. In FC, the magnitude of the BOLD activity is not considered to carry any meaningful information about
functional coupling. Because the correlation distance measures the degree to which BOLD time-series co-vary and
discards any difference in magnitude, FC uses the correlation distance to quantify functional coupling.

Averaging model weights across temporal delays. To account for the delayed hemodynamic response function, each
stimulus- or task-related feature is concatenated across four temporal delays (2 s, 4 s, 6 s, and 8 s as described above in
Feature adjustments). Each feature is therefore associated with four model weights that reflect how well the feature value
corresponds to the BOLD response at the time of the stimulus occurrence, 2 seconds after occurrence, 4 seconds after
occurrence, and 8 seconds after occurrence. To recover a single model weight for each feature, the model weights were
averaged across delays.

Re-scaling model weights. MC is based on model weights estimated with regularized linear regression. To optimize model
prediction accuracy within each vertex, the regularization hyperparameter is allowed to vary across vertices, affecting the
scale of the model weights. Because MC uses the Euclidean distance between model weights to recover networks, any
difference in scale across vertices that is not corrected for could potentially bias estimates of the similarity of model
weights. For example, vertices with a similar regularization hyperparameter will have similar scales of weights, and they
may be grouped together even if they do not share similar functional tuning.

A common solution to address differences in the scale of the model weights is to use a global regularization
hyperparameter that is optimized across all vertices®. Using a global regularization hyperparameter therefore ensures that
all weights have a similar scale. However, because the hyperparameter is not optimized separately for each vertex, this
approach leads to worse model prediction accuracy. Thus, to maximize prediction accuracy and to prevent biased
estimates from differences in the scale of the model weights, we optimized the regularization hyperparameter for each
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vertex, and implemented an additional step that adjusts the scale of the model weights. The model weights in each vertex
were first scaled to the unit norm, and then re-scaled by the cross-validated prediction accuracy in the training set
(negative prediction accuracies were set to zero). This re-scaling step effectively corrects for differences in the scale of the
model weights, while maximizing model prediction accuracy within each vertex (see Supplemental Figure 8).

Selecting the optimal number of networks

Hierarchical clustering was used to assign each vertex of the template surface to one of k groups. Each group of vertices
defines a brain network, and the set of all k brain networks defines a clustering solution. If k was arbitrarily selected, then
the recovered networks may not reflect the true patterns of functional coupling observed across the brain. Thus, to select
the optimal k, and consequently the optimal set of brain networks, each clustering solution was evaluated according to
how well the networks in the solution predicted brain activity across participants.

In a leave-one-participant-out cross-validation scheme, the model weights from N-1 participants were used to predict the
held-out participant’s BOLD responses in each network of each clustering solution. First, clustering solutions with all
possible numbers of networks (from 2 to 20,484 networks) were generated using data averaged across all possible sets of
N-1 participants (9 sets of N-1 subjects). The MC clustering solutions were generated from the model weights averaged
across N-1 participants, and the FC clustering solutions were generated from the training set BOLD responses averaged
across N-1 participants.

Next, prediction accuracy was evaluated for all possible MC and FC clustering solutions (20,482 numbers of networks x 9
sets of N-1 subjects x 2 connectivity measures = 368,676 total solutions). The N-1 group-average semantic model weights
were first averaged across the vertices within each network. The network-average model weights were then used to
generate a prediction of the BOLD responses in the test set (we refer to this model prediction as the network-predicted
activity; the network-predicted activity is the same for all vertices within a network). The prediction accuracy of each
network was computed as the average correlation between the network-predicted activity and the held-out participant’s
observed BOLD responses across all vertices within the network. The prediction accuracy of each clustering solution was
computed as the average prediction accuracy across all networks in the clustering solution. This process was repeated for
all N held-out participants, and the prediction accuracies of each clustering solution were averaged across participants.

Note that this framework uses encoding model weights to identify the optimal number of networks. In the present study,
semantic encoding models were constructed to perform MC. The resulting encoding model weights were then used to
evaluate prediction accuracy across all possible MC and FC clustering solutions. Conventional FC studies, however, do
not model the functional data. Therefore, studies that assess FC alone cannot use this approach to identify the optimal
number of networks.

The leave-one-participant-out cross-validation procedure described above was used to identify the optimal number of MC
and FC networks that can be recovered in this dataset. To recover the final sets of MC and FC networks, the semantic
model weights and BOLD time-series were averaged across all nine participants. The group-average model weights were
used to recover the final group MC solution with the optimal number of MC networks, and the group-average BOLD
time-series were used to recover the final group FC solution with the optimal number of FC networks.

Assessing the prediction accuracy of each network

Evaluating the prediction accuracy of all possible MC and FC clustering solutions identifies the sets of MC and FC
networks that best capture functional organization during the task. These optimal solutions maximize the average cross-
participant prediction accuracy across networks within the solution. However, because prediction accuracy was
maximized across networks, individual networks within the optimal solutions may not accurately reflect the underlying
functional activity. We therefore computed the prediction accuracy of each individual network in the final MC and FC
solutions to determine which networks accurately capture the underlying functional responses during the task.

To compute the prediction accuracy of each network in each participant, both the N-1 group-average semantic model
weights and the held-out participant’s BOLD responses in the test set were averaged across vertices within the network.
We refer to the weights averaged across vertices within a network as network-average model weights; similarly, we refer
to the BOLD responses averaged across vertices within a network as network-average BOLD responses. The N-1 group’s
network-average model weights were then used to predict the held-out participant’s network-average BOLD responses.
This process was repeated for each participant. Finally, the prediction accuracy of a network was computed as the average
prediction accuracy across participants.

Significance was evaluated for each network in each participant by comparing the N-1 group’s network-predicted activity
to a null distribution 4°#2, To generate the null distribution, the network-predicted activity was first split into blocks of 10
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TRs and randomly shuffled across time. The prediction accuracy for each permutation was computed as the correlation
between the shuffled network-predicted activity and the participant’s network-average BOLD response in the test set. This
process was repeated 10,000 times for each participant. The empirical p-value was computed as the proportion of the
10,000 permutations whose prediction accuracy exceeded the observed prediction accuracy. All p-values reported in this
work were corrected for multiple comparisons using the Benjamini-Hochberg false discovery rate (FDR) procedure!*s,

Assessing the signal quality of the fMRI data in each network

The temporal signal-to-noise ratio (tSNR) was used to assess the quality of the functional data recorded from different
brain areas. Temporal SNR is computed as the temporal mean divided by the temporal standard deviation of the recorded
BOLD responses, and quantifies the fMRI signal stability over time>*°. Data from the two presentations of the test
stimulus were used to compute two tSNR maps for each participant. The two tSNR maps were then averaged to create a
single tSNR map for each participant. The group tSNR was computed by averaging the tSNR maps across participants.
Finally, to evaluate the signal quality of each network in the MC and FC solutions, the group-average tSNR was averaged
across all vertices within each network.

Comparing vertex-wise and network-average variability in tSNR. Because MC groups vertices according to their
functional tuning, we hypothesized that the networks recovered by MC will not be confounded by spatial variability in
SNR. In contrast, because FC groups vertices according to their BOLD responses, we hypothesized that the networks
recovered by FC will be confounded by spatial variability in SNR. To test these hypotheses, we computed the correlation
across vertices between the vertex-wise tSNR and the network-average tSNR. The correlation between vertex-wise and
network-average tSNR indicates whether the spatial variability in tSNR is captured by the MC or FC solutions. A high
correlation indicates that the network-average tSNR captures spatial variability in vertex-wise tSNR, and a correlation that
is close to zero indicates that the network-average tSNR does not account for spatial differences in tSNR.

Significance was evaluated for the MC and FC solutions by comparing the observed correlation between the vertex-wise
and network-average tSNR to a null distribution. A separate null distribution was generated for the MC and FC solutions,
by generating random rotations of each clustering solution®°%8, First, a random three-dimensional rotation was generated.
Then, this rotation was separately applied to the three-dimensional coordinates of the inflated, spherical surfaces of the
left and right hemisphere ({freesurfer_subject}/surf/{hemi}.sphere from FreeSurfer). This process generates a randomly
rotated version of the original clustering solution that preserves the local spatial relationships between vertices, the
approximate relative sizes of the networks, and the symmetry across hemispheres. Temporal SNR was then averaged
across vertices within the randomly generated networks, and the correlation between the vertex-wise and random
network-average tSNR was computed. This process was repeated 10,000 times for both the MC solution and the FC
solution. The empirical, FDR-corrected p-value was computed as the proportion of the 10,000 permutations whose
correlation between the vertex-wise and the randomly rotated network-average tSNR exceeded the observed correlation.

Interpreting the function of the recovered networks

Matching the cortical distribution of the recovered networks to a canonical set of resting state networks. The function of
each network recovered in the present work was estimated by comparing the cortical distribution of the network to a set of
17 networks defined by Yeo et al.*? (here we refer to these networks as the Yeo networks). For each network in the optimal
MC and FC solutions, the Dice coefficient was first computed between the network and each of the 17 Yeo networks. The
Yeo network with the highest Dice coefficient was then selected as the best match for the MC or FC network. Because the
Yeo networks have already been functionally defined®2%, the function assigned to the best matching Yeo network was
used to estimate the function of each network recovered in the present study. To account for instances in which multiple
MC or FC networks were matched to the same Yeo network, the MC and FC networks were grouped according to the
function of their best matching Yeo network (e.g., two FC networks were matched to two canonical resting state attention
networks), and the Dice coefficient was computed between the union of the group of networks and the union of the best
matching Yeo networks. The resulting Dice coefficient indicates the degree to which the MC and FC solutions recover
each of the canonical resting state networks.

Significance was evaluated between each group of MC and FC networks by comparing the observed Dice coefficient
between the union of the group of networks and the union of the best matching Yeo networks to a null distribution. A
separate null distribution was generated for each group of MC and FC networks, by first generating random rotations of
the union of each group of networks (as described above in Comparing the vertex-wise and network-average variability in
tSNR), and then computing the Dice coefficient between the randomly rotated networks and the union of the best
matching Yeo networks. This process was repeated 10,000 times for each group of networks within the MC and FC
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solutions. The empirical, FDR-corrected p-value was computed as the proportion of the 10,000 permutations whose Dice
coefficient exceeded the observed Dice coefficient.

Interpreting the semantic tuning of the networks recovered by model connectivity. The network-average model weights
were used to interpret each network recovered by MC. These network-average model weights quantify the semantic
tuning of each network, that is the degree to which brain activity in each network is modulated by the 985 semantic
features recovered from the narrative auditory stimulus. The semantic tuning of each network was interpreted by taking
the dot product between the semantic features extracted from the stimulus (10,470 words in the stimulus x 985 features)
and the network-average weights (985 features). This process associates each of the 10,470 spoken words with a scalar
value that indicates the degree to which the word is predicted to elicit a change in the BOLD activity within the network.
To produce a high-level functional description for each network, the 100 words that were predicted to elicit the largest
change in BOLD activity in the network were manually inspected and labeled.

Visualizing the semantic space. To visualize the semantic concepts that are represented by each network, a dimensionality
reduction algorithm (UMAP)'” was used to project the semantic embeddings of all 10,470 spoken words onto a 2-
dimensional space. This projection reduced the matrix M (10,470 x 985) to a matrix ~M (10,470 x 2), in which relatively
more semantically similar words are relatively closer to one another. We refer to this 2-dimensional matrix ~M as the
semantic space. To visualize the breadth of semantic concepts represented by each network, the 100 words that were
predicted to elicit the largest BOLD response within the network were mapped to this semantic space.

Because UMAP is a stochastic algorithm, different instantiations of UMAP result in different semantic spaces. This
instability largely depends on the initialization of the embedding, as UMAP iteratively updates this initial embedding to
match the local similarity structure of the original data. Initializing UMAP with a 2-dimensional spectral embedding of
the matrix M instead of a random initialization reduces the variability of the initialization, and consequently increases the
stability of the resulting semantic space. Furthermore, because we used the semantic space purely for visualization
purposes and did not interpret the precise distances between points in the space, the resulting interpretations do not depend
on the precise parameters used to recover the semantic space.

Recovering the group-level functional networks in individual participants

Two methods were used to map the group-level networks to each participant’s anatomy in order to preserve either the
cortical distribution or the functional tuning of the group networks recovered by MC (see Supplemental Figure 6 for a
comparison between these two methods for each participant).

Method 1: preserving the cortical distribution of the group networks in individual participants. The first method preserves
the cortical distribution of the group networks by using FreeSurfer to project the group MC solution to each participant’s
cortical surface (we refer to the projection of the group networks to the participant’s surface as the spatially mapped MC
solution). This method ensures that the cortical distribution of the MC networks is consistent across participants, but does
not ensure that the functional tuning of each network is consistent across participants. Therefore, we assessed the
consistency of the functional tuning of each group-level network in each participant. First, a semantic voxelwise encoding
model was first fit to functional data in the participant’s native anatomical space. Second, pycortex was used to project the
voxelwise model weights onto the participant’s cortical surface. Third, each participant’s vertex-wise model weights were
then averaged across vertices within each network, quantifying the functional tuning of each group-level network in each
participant. Lastly, to quantify the cross-participant consistency of functional tuning within each MC network, the
network-average model weights from each individual participant were correlated across participants.

Significance of the cross-participant consistency of functional tuning within each network was evaluated by comparing
the within-network and the between-network similarity of the model weights across participants. For each network in the
MC group solution, the within-network similarities were computed by correlating the network-average model weights
across participants (9 participants = 36 pairwise comparisons within each network), and the between-network similarities
were computed by correlating the network-average model weights across networks and participants (9 participants, 12
networks = 4851 pairwise comparisons between networks). The significance of the difference between the average within-
network similarity and the average between-network similarity was then evaluated for each MC network by comparing
the observed difference to a null distribution. A separate null distribution was generated for each network by first
randomly assigning 36 of the 4887 comparisons to the within-network group, and then assigning the remaining 4851
comparisons to the between-network group. The difference between the means of the two groups was then computed. This
process was repeated 10,000 times for each network in the MC solution. The empirical, FDR-corrected p-value was
computed as the proportion of the 10,000 permutations whose difference between the within- and between-network
similarity exceeded the observed difference.

23


https://paperpile.com/c/irJmRb/pR21n
https://doi.org/10.1101/2023.07.17.549356

bioRxiv preprint doi: https://doi.org/10.1101/2023.07.17.549356; this version posted July 19, 2023. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

A bootstrapping procedure was used to compute the 95% confidence intervals for the difference between the within-
network and between-network similarity of each MC network. The bootstrapped distributions were computed by
randomly sampling the within-network comparisons and the between-network comparisons with replacement. The 2.5 and
97.5 percentiles of the bootstrapped distribution provided the 95% confidence interval for the observed difference.

Method 2: preserving the functional tuning of the group networks in individual participants. The second method preserves
the functional tuning of the group networks by assigning each vertex in each participant to the group MC network with the
most similar functional tuning. First, a semantic voxelwise encoding model was fit to functional data in each participant’s
native anatomical space. Second, pycortex was used to project both the voxelwise model weights and the voxelwise model
prediction accuracy onto the participant’s cortical surface. Third, each significantly predicted vertex (R? > 0.04; p < 0.05,
permutation test) was assigned to one of the group MC networks by computing the correlation between the model weights
of the vertex and the network-average model weights of each group MC network. The vertex was assigned to the MC
network with the largest correlation value. This assignment procedure was repeated for all significantly predicted vertices,
generating the set of participant-level MC networks that have the most similar functional tuning to the group MC
networks (we refer to this set of participant-level networks as the functionally matched MC solution). This method ensures
that the functional tuning of the MC networks is consistent across participants, but does not ensure that the cortical
distribution of each network is consistent across participants. Therefore, the cross-participant spatial variability was
assessed for each functionally matched network. To evaluate the cross-participant variability in cortical distribution, the
Dice coefficient was computed between each network in the spatially mapped and functionally matched MC solutions.

Data analysis implementation

The data analysis pipeline for Model Connectivity was implemented in Python (modelconn), and is publicly available
[link will be provided here upon publication]. The package modelconn builds on the scientific Python ecosystem, using
numpy*®, matplotlib'*®, scipy®®, scikit-learn?’, umap-learn'’, nipype'?, nibabel*??, pycortex'®’, cottoncandy*?®, and
himalaya* with a pytorch backend!?,
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