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Supplementary Note 1 : Connectivity between default mode and fron-

toparietal systems tracks working memory performance.

We first sought to replicate the finding that functional connectivity between the default mode and
frontoparietal systems tracks executive function performance, and show that this holds on this 2-
back working memory task. For each participant, we calculated the average functional connectivity
between all relevant pairs of brain regions, where one region of the pair was located in the default
mode system and the other region of the pair was located in the frontoparietal system. We then
estimated the relationship between behavioral accuracy and between-system strength. We found
that the strength of the between-system connection was negatively correlated with performance
on the task across subjects (repeated measures correlation, r = —0.4731, p < 0.001, DF' = 558;
Supplementary Figure 1A).

To assess task-specificity, we repeated the analysis using the imaging and performance data from
the 0-back condition. During this condition, minimal working memory load exists. We found no
significant relationship between behavioral performance and the strength of the connection between
the default mode and frontoparietal systems (repeated measures correlation; r = —0.0293, p = 0.487,
DF = 562; Supplementary Figure 1B-C). To assess the robustness of the connectivity-behavior
relationship, we used an alternate behavioral measure (see Supplementary note 3 and Supplementary
Figure 3), an alternate network parcellation (see Supplementary Note 4 and Supplementary Figure
4, Supplementary Figure 5), and an alternate measure of functional connectivity (see Supplementary
note 5 and Supplementary Figure 6). The results of these additional analyses serve to confirm our
main findings. While in the above analysis, we related on-line behavioral performance with concurrent
imaging, the HCP dataset has a rich repository of off-line behavioral metrics as well. We examined
two off-line measures of executive function: the NIH Toolbox Dimensional Change Cart Sort Test
(DCCS), which assesses cognitive flexibility, and the NIH Toolbox Flanker Inhibitory Control and
Attention Test (Flanker), which assesses attention and inhibitory control. We found that in-scanner
n-back performance was related to off-line performance on the DCCS (r = 0.31, p < 0.0001) and on
the Flanker (r = 0.26, p < 0.0001). Further, we found that FPS activity related to off-line behavioral
performance on the DCCS (r = 0.163, p < 0.0001) and on the Flanker (r = 0.11, p = 0.0004).

In a remarkably diverse range of tasks, the frontoparietal system tends to increase in activity while



the default mode system tends to decrease in activity [1, 2]. A common and intuitive interpretation
of these findings is that the two systems exist in competition, consistently displaying anti-correlated
dynamics with one another. From a cognitive perspective, it has been proposed that such competi-
tion is indicative of opposing goals of the two systems [3, 4], and may enable toggling between the
cognitive states supported by each system [5]. Importantly, the degree of competition between the
frontoparietal and default mode systems has been linked to individual differences in performance on
a range of tasks including the categorization of emotion in faces [6], the flanker task [1], and several
tasks taxing human reasoning abilities [7]. Interestingly, attenuation of the competition between
these two systems is related to decreases in executive function occurring in older age [8].

The nature of the functional connection between the frontoparietal and default mode systems
appears to be flexible and task-dependent [9, 10]. Externally directed tasks tend to elicit compe-
tition while internally-directed tasks tend to elicit cooperation [11, 12, 13]. For example, the two
systems show competitive dynamics during visuo-spatial planning, and cooperative dynamics dur-
ing autobiographical planning [14]. Likewise, the two systems show cooperative dynamics during
a finger-tapping task, and competitive dynamics during a movie watching task [15]. Similarly, the
two systems have been found to show cooperative dynamics during a goal-directed simulation task
requiring imagination [16], as well as during the production of internal trains of thought [17]. It
has been proposed that the default mode system is critically involved in self-referential tasks [18],
and that coupling to the frontoparietal networks allows attention to be directed internally to these
tasks, rather than to external stimuli [17, 18]. Our study extends this prior literature by demon-
strating the existence of competitive dynamics between the two systems during the performance of
an n-back working memory task, where the degree of competition is related to individual differences
in behavioral performance.

While the notion that interactions between brain networks may influence behavior has been demon-
strated in many different contexts [1, 19, 20], a critical unaddressed question remains: How do these
functional interactions emerge from system dynamics? Here, we address this question in the con-
text of competition between the frontoparietal and default mode systems during working memory
tasks. Intuitively, the functional relationship between the frontoparietal and default mode systems
depends explicitly on the activity dynamics of those two systems. To begin forming a mechanistic

understanding of competition, we asked the question: is competition between the frontoparietal and



default mode systems dependent equally on the activities of the two systems, or is competition ex-
plained by the activity of one system more than the other? In other words, may one system drive

competition more strongly than the other?
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Supplementary Figure 1: Functional connectivity and activity in the frontoparietal system relate to
working memory performance. (A) We found that the strength of the connection between the frontoparietal
and default mode systems is negatively correlated with performance on the 2-back working memory task (repeated
measures correlation, r = —0.4731, p < 0.001, DF = 558. (B) During the 0-back task, we found no significant
relationship between performance and the strength of the connection between the frontoparietal and default mode
systems (repeated measures correlation; r = —0.0293, p = 0.487, DF = 562). (C) Anatomical location of regions
within the frontoparietal and default mode systems, displayed on the cortical surface. (D) Activity of the default
mode system was positively correlated with the strength of the functional connection between the frontoparietal and
default mode systems (Pearson correlation; 7 = 0.2565, p = 1.282 x 10710, (E) Activity of the frontoparietal system
was negatively correlated with the strength of the functional connection between the frontoparietal and default mode
systems (Pearson correlation; r = —0.1305, p = 0.0012).



Supplementary Note 2 : The activity of the frontoparietal system is
correlated with the strength of the functional connection between the

frontoparietal and default mode systems.

After observing a statistical relation between working memory performance and the functional con-
nectivity between the default mode and frontoparietal systems, we sought to better understand its
potential drivers. We began by testing the hypothesis that system activity drives inter-system con-
nectivity. We defined regional activity as the parameters from a GLM fit to the regional BOLD
magnitude during the 2-back task (for details of the GLM, see Supplementary Note 9). To assess
the activity of a system, we averaged those GLM parameters across all regions in the frontoparietal
system or across all regions in the default mode system. We observed that the frontoparietal system
activity was positive on average (one-sample t-test; mean = 22.5, p < 0.001, ¢(800) = 42, whereas
the default mode system activity was negative on average (one-sample t-test; mean = -6.7, p < 0.001,
t(800) = —14.8). Furthermore, we found that the difference in activity between the two systems was
significant using a multilevel model (§ = —7.4501, p < 0.0001, ¢(1769) = —35.7, SE = 0.20847).

In assessing the relationship between system activity and inter-system connectivity, we found that
the activity of the default mode system is positively related to the strength of the connection between
the default mode and frontoparietal systems (Pearson correlation; r = 0.2565, p = 1.282 x 107;
Supplementary Figure 1D). In contrast, we found that the activity of the frontoparietal system
was negatively correlated with the strength of this connection (Pearson correlation; r = —0.1305,
p = 0.0012; Supplementary Figure 1E). Given that frontoparietal activity is correlated with the
strength of the inter-system connectivity, and that the inter-system connectivity is correlated with
behavioral performance, it stands to reason that the frontoparietal activity should also be correlated
with behavioral performance. Indeed we found that the activity of the frontoparietal system is posi-
tively related to behavioral performance (Pearson correlation; r = 0.1024, p = 0.0117; Supplementary
Figure 2A), while the activity of the default mode system is unrelated to behavioral performance
(Pearson correlation; r = 0.0524, p = 0.1978; Supplementary Figure 2B).

To identify putative drivers of competition between the frontoparietal and default mode systems,
we first related system activity to inter-system connectivity. We began by investigating the rela-

tionship between default mode system activity and competition. Interestingly, we do not observe a



relationship between default mode activity and individual differences in performance (Supplemen-
tary Figure 2B), consistent with a previous study of group-averaged n-back performance in patients
with chronic pain and healthy matched controls [21]. From a mechanistic perspective, this finding
suggests that the activity of the default mode system may not be a strong driver of competition
between the frontoparietal and default mode systems. This notion is bolstered by findings suggesting
that a threshold may exist, below which working memory performance is unaffected by any further
decreases in default mode activity [21], which may eliminate the default mode system as a driver of
competition. In line with this observation, prior studies have shown that the activity of the default
mode decreases [22, 23|, consistent with a suppression of mind-wandering and other self-referential
processes that can hamper external goal-directed behavior [24]. Thus, cognitive engagement with
these tasks may drive the default mode network activity below the hypothesized threshold. Agree-
ing with these findings, our results demonstrate that during n-back performance, the default mode
system is less active on average than the frontoparietal system.

In contrast to default mode activity, frontoparietal activity directly tracked individual differences
in behavior, with higher frontoparietal activation being associated with greater task accuracy (Supple-
mentary Figure 2A). Mechanistically, this finding suggests that, out of the two systems, frontoparietal
may be the major driver of competition. Lending support to this notion, the frontoparietal system is
thought to act as a flexible hub during task performance [25], altering its connectivity with the default
mode system in a task-dependent fashion [26, 14]. Indeed, it has been proposed that the frontoparietal
system is functionally (and structurally) interposed between the default mode and dorsal attention
systems [27], modulating their coupling in a task specific way [5]. Further, Hellyer and colleagues
proposed that increased frontoparietal activity promotes persistent stable states, whereas increased
default mode activity may allow for transitions between cognitive states, which in turn would be
undesirable during tasks requiring directed and fixed attention [9]. Thus, an active frontoparietal
system may also help to maintain a persistent competitive relationship with the default mode, aiding
in improved behavioral performance. Collectively, these results suggest that — in the specific case
of interactions between the frontoparietal and default mode systems during working memory — the
competitive network interaction may be driven by activity of the frontoparietal system, but not the
default mode system. Broadly, these results indicate that specific network interactions subserving

certain types of human cognition may be driven by the dynamics of just one (rather than both) of



the involved networks.



120
L]
40
280 2
2 =
=t ]
1] 10
O s 0
& 40 a
0 -40
0.4 0.6 0.8 1 0.4 0.6 0.8 1
2-back performance 2-back performance

Supplementary Figure 2: Frontoparietal activity correlates with working memory performance. During

the 2-back working memory task, we found that the activity of the frontoparietal system is related to behavioral
performance (see panel (A); Pearson correlation; » = 0.1024, p = 0.0117), while the activity of the default mode
system is unrelated to behavioral performance (see panel (B); Pearson correlation; r = 0.0524, p = 0.1978).



Supplementary Note 3 : Alternate behavioral measure

In the main text, behavioral performance on the n-back working memory task was defined as the total
accuracy, measured by the ratio of correct responses to total responses. To probe the robustness of our
results, we examined an alternate behavioral metric given by the sensitivity index (d’). The sensitivity
index quantifies a subject’s ability to discriminate between previously seen and novel stimuli [28] and
is sometimes used as an alternative to accuracy in the study of behavioral performance on working
memory tasks [29]. The d’ metric and accuracy are correlated with one another during the 0-back task
(repeated measures correlation; » = 0.89, p < 0.001, DF = 562) and during the 2-back task (repeated
measures correlation; r = 0.852, p < 0.001, DF = 558). Using this alternate metric, we found that
the relationship between behavior and the functional coupling between the frontoparietal and default
mode systems remained unchanged. Furthermore, using this alternate metric, we found that the
relationship between behavior and the activity of the frontoparietal system remained unchanged, as
did the relationship between behavior and the activity of the default mode system (Supplementary

Figure 3).
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Supplementary Figure 3: The relationship of connectivity and activity to behavior (d’). Using the alternate
behavioral metric of d’, the relationship of behavior to both connectivity and activity remained unchanged. Specifically,
the functional coupling between the frontoparietal and default mode systems during the 2-back task is negatively
correlated with performance (see panel (4); repeated measures correlation; r = —0.4738, p < 0.001, DF = 562), and
the functional coupling during the 0-back task is not significantly correlated with performance (see panel (B); repeated
measures correlation; » = —0.0195, p = 0.643, DF = 562). Similarly, during the 2-back task the frontoparietal activity
is correlated with performance (see panel (C); Pearson correlation; » = 0.115, p = 0.0047), while the default mode
activity is not significantly correlated with performance (see panel (D); Pearson correlation; » = 0.059, p = 0.15).
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Supplementary Note 4 : Alternate parcellation

In the main text, we chose to divide the brain into 400 discrete non-overlapping regions where each
region is assigned to a functional system. However, recent studies commonly report results across at
least two parcellations, as it remains unclear whether a single parcellation is optimal for all studies and
the testing of all hypotheses. While there have been several attempts to empirically define the optimal
number of brain areas [30, 31|, the brain is organized hierarchically [32], and so the number and size of
parcellations to use becomes dependent on the question to be addressed. One of the requirements we
imposed on our choice of parcellation was the ability to discern inhomogeneity in the frontoparietal
system, and so we required subdivisions within that system. To reduce parcellation complexity,
we also wanted a small number of total brain parcels. The 400 region parcellation provided us
with a relatively small total number of parcels, while maintaining a relatively high resolution within
the frontoparietal system (61 parcels). However, we were interested to see how robust our results
were with respect to the choice of parcellation, and thus we considered a second, lower resolution
parcellation composed of 100 regions [33]. Because of the difference in resolution, we expected that
system-level results would be consistent across parcellations, but that subnetwork results might be
altered.

In line with our hypothesis, we found that the system-level results were unaltered (Supplementary
Figure 4), while the subnetwork level results did change modestly as a function of parcellation. The
frontoparietal system can still be separated into two distinct subnetworks where one displays activity
that is correlated with the activity of the default mode system (subnetwork (B)) and the other dis-
plays activity that is anticorrelated with the activity of the default mode system (subnetwork (A))
(Supplementary Figure 5A, B). Furthermore, as before, increasing subnetwork (A) activity is related
to decoupling of the frontoparietal and default mode systems (Supplementary Figure 5C), and in-
creasing subnetwork (B) activity is related to coupling of the frontoparietal and default mode systems
(Supplementary Figure 5D). The primary difference between results obtained from the 400 region
parcellation and from the 100 region parcellation is the anatomical distribution of the subnetworks
over the cortical surface. Whereas before we observed subnetworks that were partially constrained
to different hemispheres, we now observe sub-networks constrained to either the medial (subnetwork

(B)) or lateral (subnetwork (A)) surfaces. These findings suggest that the large-scale architecture of

12



the 100 region parcellation is more sensitive to differences in dynamics that are maintained across
both hemispheres, while the smaller-scale architecture of the 400 region parcellation is more sensitive
to differences in dynamics that vary across the two hemispheres. More generally, it is well known that
including a smaller number of regions, where regions are larger on average, enables the examination
of larger hierarchical dynamics [33], resulting in the identification of different subnetworks.

It is important to emphasize that this division of the frontoparietal system is no less valid than
the one presented in the main text, but rather is reflective of dynamics on a larger physical scale.
Indeed, it has been reported that the medial parietal cortex activates during the observance of social
interactions [34], which requires recruitment of the default mode system [35]. The medial parietal
cortex is part of our subnetwork (B), which is heavily integrated with the default mode system and
drives functional coupling between the frontoparietal and default mode systems. Furthermore our
subnetwork (A) is largely composed of the prefrontal cortex, a region long established as critical to
working memory [36, 37, 38|, and drives the anticorrelations between the frontoparietal and default
mode systems, which in turn could provide the necessary functional buffer from internal trains of

thought.
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Supplementary Figure 4: Replication of results with a different parcellation. Using the alternate parcellation,

the relationships between connectivity and behavior remained unchanged. Specifically, the functional coupling between
the frontoparietal and default mode systems during the 2-back working memory task was negatively correlated with
performance (see panel (A); repeated measures correlation; r = —0.4498, p < 0.001, DF = 558), and the functional
coupling between the two systems during the 0-back task was not significantly correlated with performance (see panel
(B); repeated measures correlation; r = —0.0347, p = 0.409, DF = 562). Similarly, during the 2-back task the
frontoparietal activity was negatively correlated with performance (see panel (C); Pearson correlation; r = —0.1121,
p = 0.0047), while the default mode activity was significantly positively correlated with performance (see panel (D);
Pearson correlation; r = —0.1826, p = 3.55 x 1076).
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Supplementary Figure 5: Replication of subnetwork results with a different parcellation. (A4) Using the
alternate parcellation, we found that two frontoparietal subnetworks exist with different relationships to the default
mode system. Specifically, we found that subnetwork (A) is negatively functionally connected with the activity of
the default mode system (mean r = —0.076, p < 0.001, ¢(1206) = —18.1, 95% CI: (-0.084,-0.068)), while subnetwork
(B) is positively functionally connected with the default mode system (mean r = 0.132, p < 0.001, ¢(1206) = 41.6,
95% CI: (0.126, 0.138)). The two groups significantly differ from each other according to both our multilevel model
(8 = —0.20892, p < 0.0001, #(1769) = —41.3, SE = 0.0050548, n = 2414). (B) The two groups projected onto
the cortical surface. (C) Subnetwork (A) activity is negatively correlated with the functional coupling between the
frontoparietal and default mode systems (8 = —0.0088, p < 0.001, ¢(1204) = —17.2, 95% CI: (-0.00989, -0.00787)). (D)
Subnetwork (B) activity is positively correlated with the functional coupling between the frontoparietal and default
mode systems (3 = 0.00435, p < 0.001, £(1204) = 6.2, 95% CI: (0.00298, 0.00571)) when using both as independent
variables in a robust linear mixed effects model.
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Supplementary Note 5 : Alternative functional connectivity measure

In the main text, we computed functional connectivity using the Pearson correlation coefficient.
However, there are numerous methods used to establish functional connectivity between time series
in neuroimaging [39], with correlation-based measures accounting for just a single subset of these
methods. In order to demonstrate the robustness of our results, we sought to reproduce our main
findings using a measure of functional connectivity unrelated to the correlation. We chose to use
wavelet coherence due to its established usage in neuroimaging [40, 41, 19, 42|, and we chose wavelet
scale 2, which corresponds to the relevant frequency range of 0.06 Hz - 0.12 Hz [41]. Rather than
probing a single linear relationship between time series, coherence is a measure of the cross-correlation
between time series [39]. Similar to the Pearson correlation coefficient, the wavelet coherence is
undirected. However, unlike the Pearson correlation coefficient, wavelet coherence is bounded in
[0,1], and thus anti-correlation cannot be observed. Importantly, our main findings hold using this
different estimate of functional connectivity (Supplementary Figure 6).

Specifically, we found that the strength of the functional connection between the default mode and
frontoparietal systems remains related to behavioral performance on the 2-back working memory task
(6 = 0.11817, p < 0.0001, ¢(555) = 6.2466, SE = 0.018844, n = 1192; Supplementary Figure 6A),
and that the strength of the intersystem connection remains correlated with frontoparietal activity
(B8 = 28.759, p = 0.0002, ¢t(560) = 3.7279, SE = 7.7145, n = 1203; Supplementary Figure 6B). The
sign of the relationship between the functional connection strength and behavioral performance is
inverted relative to the Pearson correlation results, due to the fact that coherence is always positive.
Community detection to identify two distinct subnetworks of the frontoparietal system resulted in
a slightly different split than that reported in the main manuscript (Supplementary Figure 6C), al-
though the two share some general characteristics. Importantly, the coherence-derived subnetworks
are functionally distinct, with subnetwork (A) less strongly connected to the default mode than sub-
network (B). Furthermore, in keeping with our main results, (i) the activity of the subnetwork more
weakly connected to default mode (subnetwork (A)) displays activity that is negatively correlated
with the functional coupling between the frontoparietal and default mode systems (Supplementary
Figure 6E), and (ii) the activity of the subnetwork more strongly connected to the default mode

system (subnetwork (B)) displays activity that is positively correlated with the functional coupling

16



between the default mode and frontoparietal systems (Supplementary Figure 6F).
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Supplementary Figure 6: Replication of results with a coherence-based estimate of functional connec-
tivity. (A) Behavioral performance on the 2-back working memory task relates to the functional coupling between
the frontoparietal and default mode systems (repeated measures correlation; r = 0.356, p < 0.0001, DF = 555). (B)
Frontoparietal activity relates to the functional coupling between the frontoparietal and default mode systems (Pearson
correlation; r = 0.1222, p = 0.0020). (C) Community detection via the weighted stochastic block model reveals a 2
subnetwork fractioning of the frontoparietal system. (D) Subnetwork (A) is less connected to the default mode system
(mean = 0.469, p < 0.001, ¢(1174) = 705, 95% CI: (0.468, 0.471)) than subnetwork (B) (mean = 0.473, p < 0.001,
t(1174) = 793, 90% CI: (0.472, 0,475)). The two groups significantly differ from each other according to a multilevel
model (f = 0.0038179, p < 0.0001, t(1769) = 4.2, SE = 0.00089474, n = 2414). Fitting a single robust model
accounting for the activity of both subnetworks demonstrates (E) that subnetwork (A) activity is negatively corre-
lated with the functional coupling between the frontoparietal and default mode systems (8 = —0.003055, p = 0.0095,
t(1199) = —2.35, 95% CI: (-0.00056, -0.000005)), while (F') subnetwork (B) activity is positively correlated with the
functional coupling between the frontoparietal and default mode systems (8 = 0.00148, p < 0.001, ¢(1199) = 12.1,
95% CI: (0.001246, 0.000172)).
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Supplementary Note 6 : Accounting for the effect of spatial distance on

gene coexpression between brain regions

Gene coexpression is known to decrease as a function of distance between the two regions being
studied [43]. Thus, any observed difference in gene coexpression between two subnetworks could be
due rather trivially to differences in distance spanned by the regions in the two subnetworks. To ensure
that distance was not driving our observations, we assessed the pairwise distances between regions in
subnetwork (A), the pairwise distances between regions in subnetwork (B), and the pairwise distances
between all regions in the frontoparietal system, which is comprised of regions in both subnetwork
(A) and subnetwork (B). We defined the pairwise distance between two parcels to be the Euclidian
distance between the mean X, Y, and Z coordinates of the respective parcels in volumetric space.
Specifically, we drew 50000 bootstrap samples of regions in subnetwork (A), subnetwork (B), and the
frontoparietal system as a whole. We then calculated (i) the difference between the mean subnetwork
(A) distance and the mean subnetwork (B) distance, (ii) the difference between the mean subnetwork
(A) distance and the mean frontoparietal system distance, and (iii) the difference between the mean
subnetwork (B) distance and the mean frontoparietal system distance. To conclude the analysis, we
determined whether the 95% confidence interval for any of these difference distributions included
zZero.

After performing these computations, we found that the difference in mean within-subnetwork
distance between subnetwork (A) and subnetwork (B), as well as the difference in mean within-
subnetwork distance between subnetwork(A) (or (B)) and the mean frontoparietal network distance,
were all not significantly different than 0. Specifically, we found that the difference in mean within-
subnetwork distance between subnetwork (A) and subnetwork (B) is not significantly different than
0 (95% CT : [—8.5979,3.7972]), the difference in mean within-subnetwork distance between sub-
network (A) and mean within frontoparietal network distance is not significantly different than
0 (95% CI : [—6.6320,2.5436]), and the difference in mean within-subnetwork distance between
subnetwork (B) and the mean frontoparietal network distance is not significantly different than 0
(95% C1 : [—9.6414,0.8261]). Given these findings, inter-regional distance is unlikely to explain the

observed differences in gene coexpression in the two subnetworks.
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Supplementary Note 7 : Subnetwork genetic differences

The main text noted significant genetic differences between subnetworks, whereas here in the sup-
plement we address the ways in which the subnetworks were genetically different. Specifically, for
each subnetwork, we calculated the mean expression for each of the 16699 genes. We then performed
a genetic ontology enrichment analysis using GOrilla [44]. Briefly, this analysis sorts each gene into
pre-defined bins, called ontologies, and performs a statistical test to determine whether expression in
that ontology is greater than expected. This analysis provided us with two lists of enriched ontologies,
one for each subnetwork. In order to better organize these lists, we wished to group related ontologies
with each other. We therefore employed REvIGO [45], a tool that determines the semantic similarity
between each ontology’s ‘process’ annotation. This step allowed us to create a semantic network for
each subnetwork’s enrichment list, where nodes were enriched ontologies and edges were the degree of
semantic similarity between annotations. Lastly, to investigate the extent to which each subnetwork
expressed groups of semantically related ontologies, we estimated the community structure of the two
networks by employing a modularity maximization algorithm. The two networks, along with their
nodal community assignments, can be seen in Figs. Supplementary Figure 7 and Supplementary
Figure 8, respectively. We investigated the structure of these semantic networks to probe how they

might relate to the different functions of the frontoparietal subnetworks.

It is immediately evident that, although the two semantic networks have similar numbers of nodes (70
in subnetwork (A); 77 in subnetwork (B)), the edge density of these two networks is quite different.
The sum of edge weights in the semantic network of subnetwork (B) is roughly twice that observed
in the semantic ontology network of subnetwork (A). Intuitively, this distinction indicates that the
enriched genetic ontologies of subnetwork (B) are semantically more similar than the enriched genetic
ontologies of subnetwork (A). At first glance, this observation may appear counterintuitive; subnet-
work (B) is more spatially distributed over the cortex than subnetwork (A), and one might speculate
that the spatial diversity would be accompanied by a corresponding genetic diversity. However, such
a speculation is not supported by the data. Instead, our observations are consistent with the func-
tional roles of the two subnetworks; subnetwork (A) is closely related to the default mode system

which supports a range of cognitive processes, and may require an equally diverse range of genetic
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processes to support that function.

Several coarse-grained similarities exist between the ontologies of the two subnetworks. Subnetwork
(A) community 1 and subnetwork (B) community 7 contain genes involved in stimulus detection.
Subnetwork (A) community 3 and subnetwork (B) community 6 contain genes involved in cellular
component and cellular projection organization. Subnetwork (A) communities 5 & 8 and subnetwork
(B) community 5 contain genes involved in development and differentiation. Subnetwork (A) commu-
nity 6 and subnetwork (B) community 2 contain genes involved in hormonal regulation. Subnetwork
(A) community 7 and subnetwork (B) community 1 contain genes involved in ion transport. Commu-
nities also exist that are not represented in both subnetworks. Subnetwork (A) community 4 contains
genes involved in cellular movement, and community 2 contains genes involved in transmembrane
transport. Subnetwork (B) community 3 contains genes involved in behaviors, while community 8
contains genes involved in cellular signaling pathways, and community 4 contains genes involved in

various multicellular organism processes.

Although an in-depth discussion interpreting the above findings is outside the scope of this work,
we will note a few broad features that may be relevant to the observed functional differences of the
subnetworks. First, we note that subnetwork (A) contains 4 enriched genetic ontologies relating to
stimulus detection, where subnetwork (B) contains 9 enriched ontologies. This difference may suggest
that cells contained within subnetwork (B) may be more tuned to the detection of stimuli relative to
the cells contained within subnetwork (A). Broadly consistent with this interpretation, subnetwork
(B) is functionally aligned with the dorsal attention network, which plays a role in directing attention
to external stimuli [5], a function that may be reflected in the underlying genetic expression of these
cells. Second, we can observe that the semantic network for subnetwork (B) contains a community
for external behavior, while the semantic network for subnetwork (A) does not. In other words,
the cells contained within subnetwork (B) are enriched for ontologies relating to behavior, while the
cells contained in subnetwork (B) display no such enrichment. This finding is also consistent with
our interpretation of subnetwork (B)’s alignment with the dorsal attention system, as supporting
the completion of tasks involving external stimuli, certainly relevant to the observed enrichments for

locomotion and eating.
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Supplementary Note 8 - Accounting for indirect structural connections

In addition to the direct structural connections considered in the main text, indirect structural
connections have been shown to contribute meaningfully to functional connectivity, although to
a smaller degree than direct structural connections [46]. Furthermore, the shortest structural path
between two regions may be an indirect rather than a direct path [47]. Taking these prior observations
into account, we sought to understand how subnetwork structural connections would be affected
by accounting for indirect connections. We therefore examined connections that (i) were direct or
traversed a single intervening region, (ii) were direct or traversed up to two intervening regions, or (iii)
all white matter connections regardless of the number of intervening regions. When considering up
to one intervening region (up to path length of 2, summing path strengths), subnetwork (B) is more
strongly connected to the dorsal attention system than subnetwork (A) (8 = 0.000509, p < 0.0001,
after Bonferroni correction for multiple comparisons ¢(2412) = 98.3), and subnetwork (A) is more
strongly connected to the default mode system than subnetwork (B) (8 = —0.0014, p < 0.0001 after
Bonferroni correction for multiple comparisons, ¢(2412) = —169). When considering all possible path
lengths (summing over all path lengths), subnetwork (B) is more strongly connected to the dorsal
attention system than subnetwork (A) (8 = 0.0000312, p < 0.0001 after Bonferroni correction for
multiple comparisons, ¢(2412) = 100), and subnetwork (A) is more strongly connected to the default
mode system than subnetwork (B) (5 = —0.000089, p < 0.0001 after Bonferroni correction for
multiple comparisons, ¢(2412) = —162). Further, across subjects we found that the less structurally
connected the two subnetworks were, the better individuals tended to perform on the 2-back working

memory task (r = —0.0766, p = 0.03).

Supplementary Note 9 - Estimation of GLM functional activation

Functional activations and contrasts for each subject are included in the publicly available HCP S900
release. Complete details have been documented elsewhere [48], and therefore we provide only a brief
summary. In the GLM analysis of the functional imaging data collected during the working memory
task, 8 model predictors were included: 0-back body, 0-back face, 0-back place, 0-back tool, 2-back
body, 2-back face, 2-back place, and 2-back tool. Activity estimates were calculated for each of

these conditions by using FEAT in FSL to produce linear contrasts against baseline fixation, as well
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as between conditions. In order to move these results to parcel-space, we simply averaged activity

within each parcel to obtain one activity value per parcel.
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Supplementary Note 10 : Effect of biologically motivated parameters

on model results

Our model has two biologically-motivated parameters: (1) the coupling strengths between oscillators,
which are derived from the empirical anatomical connectivity matrix, and (2) the frequencies of
oscillators, which are estimated from resting-state data. In addition, to investigate the empirical
result that subnetwork A and B activity modulate the FP-DM functional coupling in particular ways,
we also incorporated the effect of differential activations of subnetwork A and subnetwork B activity
into the model by changing the bifurcation parameter of nodes comprising the two subnetworks.
The value of the bifurcation parameter is of course not the biophysical mechanism underlying the
activation level of subnetwork A or B. However, tuning this parameter still allowed us to study the
effect of specific variations in the activity of subnetwork A or subnetwork B on FP-DM functional
connection strengths.

It is important to discuss and comment on how the two main biophysically-motivated parameters
— the structural coupling strengths and the natural frequencies — may provide the basis for the
observed modulation of the FP-DM coupling. Indeed, a large body of computational modeling work
supports the hypothesis that both anatomical coupling and dynamical time-scales influence large-scale
patterns of brain activity such as those observed in fMRI [49, 50, 51, 52, 53|. Importantly, structural
connectivity provides the scaffold upon which large-scale neural activity travels, and dictates which
brain areas can directly influence which other areas [54]. It is now well-known that, regardless of other
details, functional interactions between distributed parts of the brain can often be tightly related to
network structure [46]. Given these findings, it is then also reasonable to expect that anatomical
connectivity should at least partially determine how an increase or decrease in activity in a subset of
regions will propagate throughout the network and affect activity levels and functional interactions
in and between downstream areas. In particular, past work has highlighted the role of structural
connectivity in guiding the widespread effects of local perturbations of neural activity [55, 56|, and has
also uncovered links between brain network structure and the ability of certain areas to control brain
network dynamics [57, 9]. It is therefore reasonable to assume that structural coupling architecture
should play a role in how FP-DM functional connection strengths manifest and are modulated by

changes in neural activity in certain parts of the system. Furthermore, we also know from fundamental
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theory and simplified models that the natural frequencies of units in a networked-system influence
how easily they can synchronize with one another [58, 59]. Therefore, the strengths and locations
of functional interactions in brain networks — and how those interactions are tuned when activity
levels are perturbed — should depend on how intrinsic frequencies are distributed among network
components [60, 61, 62, 63]. Indeed, large-scale brain network models have shown that perturbations
to intrinsic frequencies can lead to widespread reconfigurations of functional interactions [64, 65, 60],
demonstrating the importance of considering the distribution of natural frequencies in governing
brain network dynamics.

It is also important to note a few additional points. First, while we are able to find locations in
the global coupling strength (G) and bifurcation parameter (a) phase-space where the biologically-
informed version of the model can recover the empirical findings, it does not recover the results for
all combinations of those two parameters. Thus, structural connectivity and natural frequencies are
not the only features of the system that matter. The overall coupling strength and the baseline
value of the bifurcation parameter in the model also seem to be important. While we believe it
is beyond the scope of the current study, it would be interesting in future work to more carefully
examine the role or relative importance of other factors. Second, it would be interesting to understand
if incorporating more task-specific or subject-specific aspects of brain activity into the model could
improve its performance or allow us to further understand individual variability. For example, natural
frequencies, global couplings, and bifurcation parameters could be informed from person-specific
resting or task data, and chosen, for example, such that simulated dynamics most closely match
results from individual human scans. Finally, it is important to state that the results from the model
certainly do not rule out other possible mechanisms or factors driving the empirical results, but

rather provide intuition about some variables that may be important and that may play a role.
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Supplementary Figure 9: Frontoparietal subnetwork connectivity. (A) Subnetwork (A) is negatively functionally

connected to the dorsal attention system (mean r = —0.014, p < 0.001, t(1206) = -7.22, 95%CI: (-0.18, -0.11)),
while subnetwork (B) is positively functionally connected to the dorsal attention system (mean r = 0.12, p < 0.001,
t(1206) = 39, 95%CIL: (0.11, 0.12)). Using a multilevel model, we found that these correlations are significantly
different (8 = 0.13057, p < 0.0001, ¢(1769) = 46.8, SE = 0.0027885, n = 2414). (B) Subnetwork (A) is positively
functionally connected to the default mode system (mean r = 0.042, p < 0.001, t(1206) = 20, 95% CI: [0.038, 0.046]),
while subnetwork (B) is negatively functionally connected to the default mode system (mean r = —0.082, p < 0.001,
t(1206) = —27, 95%CI: (-0.088, -0.076)). Using a multilevel model, we found that these correlations are significantly
different (5 = —0.12469, p < 0.0001, #(1769) = —37.4, SE = 0.0033272, n = 2414). Note that for visualization
purposes, the data was not visually adjusted to account for subject repeated measures effects, whereas all reported
statistics do take this into account.
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Supplementary Figure 12: Relationship between signal amplitude and bifurcation parameter from the
computational model of brain system dynamics. (4) Here we show a simulation of a 4 node network. The
dynamics of each unit are described by the normal form of a Hopf bifurcation (see Methods in the main text), and
exhibit oscillatory activity at the chosen bifurcation parameters. The green, blue, and black oscillators have identical
bifurcation parameters equal to 1. The red oscillator has a bifurcation parameter equal to 2, which serves to increase
the amplitude without changing other features of the signal. (B) Here we simulate a 4 node network while varying
the bifurcation parameter of one node, and measuring the root mean square (RMS) of the resulting signal of the same
node to show that the manipulation of the bifurcation parameter linearly alters the RMS of the resulting time series
(Pearson correlation coefficient r = 0.9644, p < 0.0001).
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Supplementary Figure 13: Results from the dynamical model at different parameter values. These figures
reproduce the results of 3 for the 4 oscillator model in the main manuscript at different values of the coupling and
bifurcation parameters for the 3 nodes where activity is not being modulated.
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Supplementary Figure 14: Simulated frontoparietal and dorsal attention dynamics. (4) In our 4 oscillator
model, increasing the amplitude of subnetwork (A) (right) caused a decrease in the functional coupling between the
frontoparietal and dorsal attention systems (Pearson correlation coefficient » = —0.216, p = 0.001), and increasing
the amplitude of subnetwork (B) (left) in the computational model caused an increase in functional coupling between
the frontoparietal and dorsal attention systems (Pearson correlation coefficient r = 0.538, p < 0.0001). (B) The same
experiment in the 192 oscillator model yielded similar results: subnetwork (A) activity correlated negatively with
increased FPC-DA connection strength (r = —0.216, p = 0.001), and subnetwork (B) activity correlated positively
with increased FPC-DA connection strength(r = 0.538, p < 0.0001). (C) These results could not be replicated in the
400 oscillator model, which accounts for all brain regions.
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Supplementary Figure 15: The strength of functional coupling between the dorsal attention and default
mode systems relates to behavior. The strength of the functional connection between the default mode and
dorsal attention systems is anti-correlated with behavioral performance (Pearson’s correlation coefficient r = —0.8544,
p < 0.0001).
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