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The brain selectively allocates
energy to functional brain
networks under cognitive control

Majid Saberil2%, Jenny R. Rieck3, Shamim Golafshan*, Cheryl L. Grady3>5$, Bratislav Misic’:%,
Benjamin T. Dunkley®°10 & Ali Khatibi'%12**

Network energy has been conceptualized based on structural balance theory in the physics of complex
networks. We utilized this framework to assess the energy of functional brain networks under cognitive
control and to understand how energy is allocated across canonical functional networks during various
cognitive control tasks. We extracted network energy from functional connectivity patterns of subjects
who underwent fMRI scans during cognitive tasks involving working memory, inhibitory control,

and cognitive flexibility, in addition to task-free scans. We found that the energy of the whole-brain
network increases when exposed to cognitive control tasks compared to the task-free resting state,
which serves as a reference point. The brain selectively allocates this elevated energy to canonical
functional networks; sensory networks receive more energy to support flexibility for processing
sensory stimuli, while cognitive networks relevant to the task, functioning efficiently, require less
energy. Furthermore, employing network energy, as a global network measure, improves the
performance of predictive modeling, particularly in classifying cognitive control tasks and predicting
chronological age. Our results highlight the robustness of this framework and the utility of network
energy in understanding brain and cognitive mechanisms, including its promising potential as a
biomarker for mental conditions and neurological disorders.
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Over recent years, the perspective of brain energy modeling has increasingly captivated the attention of
neuroimaging scientists. This approach, rooted in the principles of statistical physics, offers a powerful framework
for examining the collective behavior of brain components and their interactions. By focusing on the brain’s
optimization strategies, it provides an energy landscape that identifies potential brain states and highlights the
brain’s ability to transition between these states. Tracking brain dynamics through this lens allows researchers
to identify critical neural states and understand how the brain manages the opposing demands of maintaining
stability while allowing for necessary adaptability.

Numerous studies have explored the brain’s energy landscape of neurophysiological activity using models
derived from pairwise maximum entropy’. For instance, Gu et al. applied an energy function based on regional
activation and interactions, demonstrating that the most probable brain states, corresponding to minimal
energy, exhibit consistent activation patterns across brain regions?. Similarly, Watanabe et al. described resting-
state activity, including the default-mode and frontoparietal regions, as attractor dynamics, where brain states
tend to move toward stable energy minima. Their findings revealed that a small number of local energy minima
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form the backbone of each super-regions, with the majority of states associated with these attractors®. In another
study, they explored bistable visual perception and showed that brain activity fluctuates between three spatially
distributed energy minima: visual-area-dominant, frontal-area-dominant, and intermediate states. They further
demonstrated that participants with brain activity patterns favoring the visual-area-dominant state exhibited
more stable perception®. In a related study, Ashourvan et al. generated an energy landscape where local minima
represented attractor states associated with specific patterns of modular structure in the brain. They identified
distinct functional communities, characterizing visual, attention, sensorimotor, and subcortical regions by a
single community, while linking other regions to executive control or default mode and salience communities.
Several other studies have utilized this energy definition approach to investigate various aspects of brain
dynamics and function, highlighting its applicability across different neural conditions and disorders®=°.

By focusing on the organization of functional connections from a network modeling viewpoint, structural
balance theory has recently been applied to model the energy of complex brain networks!’. This methodology,
initially introduced by Fritz Heider in the context of social science!""'?and later formalized in the physics of
complex networks'>!, distinguishes between stable and unstable network elements by considering both
positive and negative characteristics of connections. Structural balance theory provides a robust framework
for investigating the energy landscape of the network by utilizing the occurrence patterns of both stable and
unstable elements'?, enabling the monitoring of network dynamics!>®, transitions between various network
states'”!8, and the identification of basins within a network system®®.

The assessment of brain network energy through the lens of structural balance theory provides valuable
insights into the organization of functional connections (Fig. 1). A lower energy level reflects stability,
characterized by a well-coordinated configuration of functional connections that reduces internal conflicts
and promotes efficient neural processing, as seen in resting-state conditions. In contrast, a high energy level,
indicative of instability, demonstrates tension between brain components and a conflicting configuration of
functional connections. It allows dynamic reconfiguration of functional connections, enabling the brain systems
to adapt to external demands. These energy dynamics can illustrate the brain’s capacity to shift between stability
and instability, essential for managing the competing demands of efficiency and flexibility. Notably, deviations in
network energy levels might be associated with disruptions in neural processing, potentially underlying mental
health disorders, cognitive impairments, or the effects of therapeutic interventions. In this context, investigating
network energy offers key insights into the functional organization of neural systems, with potential applications
in enhancing our understanding of brain dynamics and cognitive processes, diagnosing neurological conditions,
and optimizing therapeutic interventions.

Central to this approach is the consideration of the sign and weight of functional connections, which accounts
for the interdependence between brain regions. Accordingly, we define the energy of a functional network as:
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Fig. 1. Schematic representation of the brain network’s energy landscape, network states, and state transitions,
as well as the calculation of network energy. Brain functional network exhibits different levels of energy,
corresponding to the configuration of functional connections. The arrangement of positive (red) and negative
(blue) functional connections influences the stability or instability and the level of energy. Triangles formed by
functional connections between three brain regions are categorized as either balanced (stable) or imbalanced
(unstable), depending on the positive or negative nature of their connections. The intensity of balanced and
imbalanced triangles determines the energy level. Network energy is calculated by multiplying the connection
weights for each triangle and summing across all triangles in the functional network. Blue and red lines
represent negative and positive functional connections, respectively, with the line width indicating the strength
of coactivation between two regions. Further details about the formula are provided in the text. (Created with
BioRender.com).
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Where S;; represents the functional connection weight between regions ¢ and j, assuming either a positive or
negative continuous value. The summation is executed across all possible triangles formed by regions i, j, and
k, as indicated by the triangle symbol above the summation. S;; Six S;x is the multiplication of the triangle’s
weighted connections. Positive S;; Sir Sjr values denote triangle’s balance, whereas negative Si; Sir Sk
values signify triangle’s imbalance. The magnetite of S;; Six S;rdenotes intensity of these effects. The concepts
of balance and imbalance are rooted in Fritz Heider’s initial definitions of social interactions between three
entities'!2; “balance” when a friend’s friend and a foe’s foe are friends, and “imbalance” when a friend’s friend or
a foe’s foe become foes. In this context, balanced triangles promote network stability, while imbalanced triangles
lead to network instability. The entities within an imbalanced triangle must resolve dissonance to achieve balance
over time. As S;; Sir Sjr values are positive for balanced triangles and negative for imbalanced triangles,
summing across all triangles enables the evaluation of network stability and instability. Given the negative sign in
the equation, a network with a predominancy of balanced (stable) triangles and well-coordinated organization
of connections manifests as having negative energy. Conversely, a network with a predominancy of imbalanced
(unstable) triangles and conflicting organization of connections is characterized by positive energy. This concept
aligns with the principles of physical energy, where systems naturally tend toward greater stability at lower
energy levels, while higher energy levels are generally associated with increased instability. In the equation, the
combination term normalizes the energy between — 1 and 1 by dividing by the number of triangles, where N
is the number of regions, and (];] ) represents the number of triangles in a fully connected network. Including

the cube root also facilitates a dimensionless representation, thus counteracting the redundancy introduced by
multiplication.

Also, in the transition driven by a force, F', such as exposure to cognitive task, the network energy is altered
as given by following equation, which is independent of the trajectory and intermediate states from rest to task
assumed as a conservative process:

task

A[J - Utask - Urest = 7/ F .dr

rest

In previous works, we applied structural balance theory to the analysis of complex brain networks, conceptualizing
it in the context of functional networks, studying patterns of structural balance, and exploring the significance
of its application!®?*2!. We found that imbalanced triangles tend to form predominantly between canonical
functional networks, while balanced triangles are more common within these networks during the resting state.
Notably, subcortical regions play a significant role in the imbalance, whereas cortical areas, such as the visual
cortex, are key in forming balanced triangles?. In another study, we highlighted the importance of structural
balance by examining how the topology of negative functional connections, often overlooked, plays a critical
role in the stability of the resting-state brain network. Our findings revealed that negative connections form
hubs, pushing the network into a more stable state with lower energy than null networks with trivial topologies.
This comparison validates the intrinsically efficient organization of brain connections during the resting-
state!'’. In a lifespan study, we also discovered that imbalanced triangles, as the source of network instability
and consequently network energy, follow a U-shaped pattern across lifespan in resting-state networks, reaching
a minimum in early adulthood. This suggests increased brain network stability and well-coordinated network
organization during early adulthood, when the brain has reached full maturity and is not engaged in development
or degeneration®!.

Subsequently, numerous studies have explored the application of structural balance theory and network
energy across various neural states and mental conditions. For instance, Talesh et al. observed a lower number
of imbalanced triangles and a higher number of strongly balanced triangles in obsessive-compulsive disorder??,
leading to reduced network energy and potentially more stable brain states in this disorder compared to
healthy controls. Similarly, Moradimanesh et al. reported reduced energy levels in both the salience network
and the default mode network in autism spectrum disorder®, which might be related to difficulties with
dynamic switching and adaptability in behaviors, requiring further investigation. Fakhari et al. recently
demonstrated a negative correlation between attention-deficit/hyperactivity disorder behavioral measures and
brain network energy®*, suggesting that higher disorder severity may result in more stability in whole-brain
resting-state network. Soleymani et al. found that perceiving pleasant stimuli is associated with lower energy
and a more coordinated configuration, whereas unpleasant stimuli lead to higher energy and more conflicting
network organization in the beta frequency band®*. Additionally, Kashyap et al. used the concept of balanced
and imbalanced triangles to evaluate the spread of stimulus effects following repetitive transcranial magnetic
stimulation?®. This suggests that network energy may serve as a valuable metric for assessing the efficacy of local
brain stimulation. Overall, this line of research holds significant potential for advancing our understanding
of neural mechanisms and therapeutic strategies. However, further efforts are needed to refine its framework,
conceptualization, and interpretations, as well as to consolidate its validity and practical applications.

This study aimed to refine the conceptualization and interpretation of energy modeling in functional brain
networks and extend its application to understanding the systematic organization of brain networks under
cognitive control demands. We hypothesized that energy of whole-brain functional network would vary between
resting state and tasks involving working memory, inhibitory control, and cognitive flexibility. Specifically, we
sought to understand how energy is allocated across canonical functional networks depending on the nature of
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the task. Additionally, we investigated whether utilizing network energy as an informative input feature could
improve predictive modeling performance. We also assessed the validity and reliability of the network energy
measure to evaluate the robustness of this measure.

Results

Whole-brain network energy is altered in response to cognitive control tasks

The whole-brain functional network operates at different energy levels depending on cognitive control
conditions. As shown in Fig. 2, network energy significantly varies across task conditions (Friedman’s test for
repeated measures, p <0.001; non-parametric pairwise statistics are available in Supplementary Table 1). The
task-free resting state, without specific cognitive demands, exhibits the lowest energy level, reflecting the optimal
organization of functional connections across the brain and efficient system operating. Cognitive flexibility
required during the shifting task brings the brain network to a lower energy level compared to other cognitive
control conditions, suggesting a more coordinated whole-brain network organization in this task condition.
Conversely, tasks involving inhibitory control (initiation and inhibition processes of go/no-go tasks, with fewer
or more frequent go trials) and working memory (with different n-back orders) lead to higher energy levels
in the whole-brain network. These task-dependent higher energy levels, compared to the task-free condition,
highlight more conflicting functional connections’ organization and the enhanced adaptability in response to
cognitive demands.

No significant differences were observed between energy levels for different difficulty levels of the n-back task
or between the initiation and inhibition processes in the go/no-go task, suggesting that network energy reflects
cognitive task types rather than the complexity level of a specific task.

Figure 2 presents whole-brain network energies derived using Power’s parcellation atlas’’, while
Supplementary Fig. 1 shows a replication of this analysis using Schaefer’s parcellation atlas?.

Canonical functional networks exhibit distinct patterns of energy distribution

Although the energy of the whole-brain network provides insights into the brain’s overall organization, examining
energy within canonical functional networks, which are known for their involvement in specific sensory and
cognitive functions, offers more precise insights into localized brain network organization. Figure 3A illustrates
the diverse energy patterns across canonical functional networks during cognitive task conditions. The visual
network consistently operates in lower energy levels, reflecting the coordinated organization of visually related
regions, which are known for their effectiveness in processing sensory information. In contrast, the default mode
network exhibits relatively elevated energy levels across all task conditions, highlighting its role in integrative
brain and cognitive functions as a flexible, high-level network involved in various tasks.

Across all canonical networks, energy levels are lower during the resting state (Fig. 3A right), indicating
coordinated network organization in the absence of cognitive demands. Canonical networks associated with
different cognitive task conditions exhibit distinct energy patterns. For instance, the dorsal attention network
and subcortical structures show lower energy levels and more coordinated network organization during shifting
tasks, highlighting their role in supporting cognitive flexibility.

Supplementary Tables 2-8 provide pairwise comparisons of canonical network energies across different task
conditions, while Supplementary Tables 9-18 present differences in energy levels between task conditions for
each individual network.
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Fig. 2. Whole-brain network energy during cognitive control tasks and resting state. Horizontal lines
represent group-level medians, while notches on the boxes indicate the 95% confidence interval for the
median. Individual subjects are linked by lines, with task conditions distinguished by color. Colored asterisks
above the respective conditions denote significant corrected p-values for non-parametric pairwise comparisons
between cognitive task conditions.
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Fig. 3. (A) Energy levels of canonical functional networks during resting state and cognitive control task
conditions, shown as group-level medians. The color code on the right differentiates between cognitive task
conditions and canonical networks. The radar chart displays energy values ranging between —0.45 and
—0.05. (B) Energy levels of canonical networks during task-free resting state, with horizontal lines indicating
group-level medians and notches representing the 95% confidence intervals for these medians. (C) Changes
in network energy during the transition from rest to task state for each canonical network and cognitive task
condition. Dots represent group-level medians of energy changes, with different networks indicated by colors.
(D) A schematic representation of energy shifts during the transition from rest to task state. Abbreviations:
AUD: auditory; COP: cingulo-opercular; DAN: dorsal attention; DMN: default mode; FPC: frontoparietal;
SAL: salience; SM: somatomotor; SC: subcortical; VAN: ventral attention; VIS: visual; U: network energy; AU:
network energy alteration.

Resting state shows greater network coordination in sensory systems and higher conflicting
configurations in cognitive networks

Since our investigations indicate that the brain network operates at its lowest energy level during the resting
state, with the most coordinated organization of functional connections, we focused on exploring this condition
further. Figure 3B illustrates the energy levels of canonical networks during the resting state. The visual and
subcortical networks, along with the somatosensory and auditory networks to a moderate extent, demonstrate
lower energy levels. This reflects their efficiency in processing sensory input and likely supporting uniform
homeostatic functions when the brain is at rest and free from external cognitive demands.

In contrast, the frontoparietal, default mode, salience, and ventral attention networks exhibit higher energy
levels. These canonical networks are engaged in more complex and higher-order cognitive functions, including
self-referential thought, attention regulation, and readiness to capture external stimuli. The elevated energy
levels may represent the intrinsic flexibility required to transition between network configurations for broad
processing of high-level cognitive functions. Although the cingulo-opercular network, which is mainly involved
in cognitive processing, also shows lower energy levels, this reflects distinct mechanisms specific to this network.

Pairwise statistics comparing energy levels across canonical networks are presented in Supplementary Table
2.

The energy levels of relevant canonical networks are purposefully changed during transitions
from rest to cognitive task states
Although the energy of the whole-brain network increases during cognitive control tasks compared to rest, it
is crucial to understand how the brain allocates this increased energy to the canonical functional networks.
Therefore, we used the resting state, characterized by the most coordinated network organization and lowest
energy, as a reference point and explored energy alterations in transition from rest to task across canonical
networks (Fig. 3D). Selecting the resting state as a reference point aligns with its low energy level and its role
in maintaining the subject’s readiness for exposure to cognitive tasks, as energy alterations reflect the demands
imposed on the brain network during task engagement.

Figure 3C illustrates the energy changes from the resting state to different task conditions. The visual
and auditory networks, which exhibit the lowest energy levels during rest, experience the greatest energy
increases when transitioning to task conditions. This increase reflects the need for these systems to become
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more flexible in order to receive and process sensory stimuli during task performance. In contrast, networks
associated with higher-order cognitive processing (e.g., frontoparietal and default mode) receive significantly
less energy, reflecting the efficient processing of these systems and less energy demand during cognitive tasks.
This emphasizes the distinct energy allocations between sensory and cognitive systems during the transition
from rest to task.

In the n-back task, the frontoparietal network received only a minor increase in energy compared to other
networks. This suggests that this system operates more efficiently to support working memory demands than
other networks. Consequently, it does not require usual share of energy, and the increased energy associated
with the transition from rest to task is distributed across other networks. Supplementary Tables 19-21 provide
non-parametric statistical comparisons of energy changes between canonical networks across various n-back
conditions.

In the transition from the resting state to the inhibitory control task, the energy increase across canonical
networks appears more uniform, with no significant differences observed between the initiation and inhibition
conditions, despite the unequal proportion of go/no-go trials. Specifically, the frontoparietal, default mode,
and salience networks, crucial for the cognitive processing required for inhibitory control, receive less energy,
emphasizing their efficiency during the go/no-go task. Supplementary Tables 22-23 provide non-parametric
statistical comparisons between canonical networks across the initiation and inhibition conditions of the go/
no-go task.

Figure 3C also shows that both the frontoparietal and dorsal attention networks, important for cognitive
flexibility, receive smaller amounts of whole-brain elevated energy in transition from rest to shifting task,
reflecting their efficient operation in supporting this cognitive function. A moderate version of this effect is also
observed in the salience network and subcortical structures. Statistical details for pairwise comparisons among
canonical networks can be found in Supplementary Table 24.

Network energy, as an input feature, enhances the performance of cognitive control task
classification and predicts chronological age

In the previous sections, we demonstrated the application of network energy in exploring network organization,
which reflects the flexibility and efficiency of brain systems across cognitive conditions and during transitions
from rest to task. To further investigate the potential of network energy as a global network measure, we designed
a series of predictive models aimed at classifying cognitive control task states and predicting chronological
age. Our objective was to evaluate the effectiveness of brain network energy as an input feature for predictive
modeling, compared to other established global network metrics, such as the global clustering coefficient,
global efficiency, and modularity. The analysis included network measures extracted from both the whole brain
and canonical networks as inputs for the models. We employed a subject-wise leave-one-out cross-validation
approach with support vector machine using radial kernel for predictive modeling.

For the classification modeling, we aimed to discriminate between four cognitive control task states: working
memory, cognitive flexibility, inhibitory control, and task-free resting state. Figure 4 presents the results of
cognitive task classification using different feature types as model inputs. Figure 4A shows the classifier’s accuracy
for the overall model and each cognitive task state, based on modeling with various global network measure
types derived from whole-brain and canonical networks, as well as combinations of all network measure types.

Notably, using network energy as an input feature improved the discrimination of cognitive task states
(balanced accuracy=0.53), achieving the highest per-state accuracy, except for the working memory task,
compared to other global network measure types. As expected, the classifier achieved the highest overall
accuracy when incorporating all global network measure types as input features (balanced accuracy=0.56).
Detailed accuracy values across cognitive task classes and network measure types are provided in Supplementary
Table 25. Figure 4B presents the confusion matrix for the cognitive task state classification model trained with all
global network measure types. Finally, Fig. 4C highlights the importance of various features in the classification
model, showing that network energies from both canonical and whole-brain networks are the most influential,
as indicated by asterisks on the x-axis.

In our regression modeling, we aimed to predict chronological age based on various global network measure
types derived from whole-brain and canonical networks across both resting-state and cognitive tasks. To evaluate
the predictive capacity of network energy compared to other global network measure types, we used them as
model inputs (Fig. 5). Specifically, Fig. 5A shows that the model performed better and reduced prediction error
when network energy was used as the input feature (R*> = 0.447, MAE=11.29) compared to global clustering,
efficiency, and modularity metrics. The best age prediction performance was achieved when all global network
measure types were combined as inputs (R* = 0.547, MAE=10.36). Supplementary Table 26 provides detailed
performance metrics for the regressor using each global network measure type and their combinations. Figure 5B
presents the correlation between predicted and actual ages for the model incorporating all graph measure types.
Figure 5C further highlights the importance of network energy features in the model’s performance, with their
significance indicated by asterisks on the x-axis. Notably, this figure also emphasizes that network measures from
the cingulo-opercular network were particularly crucial for age prediction.

Overall, these predictive models underscore the significance of network energy as a key global network
measure in machine learning models applied to brain and cognitive research.

Network energy serves as a valid and reliable measure

To investigate the validity of network energy measurements and ensure that our results are not a consequence of
random network organization, we compared whole-brain network energy during various cognitive tasks and the
resting state with corresponding null networks that have random topologies. As illustrated in Fig. 6A, the actual
brain networks during cognitive control tasks and resting state exhibit significantly lower energy levels compared
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Fig. 4. Classification of cognitive control task states. (A) Bar plots display the classifier’s accuracy for each
cognitive task state (class) individually, along with the balanced accuracy for the overall classification model.
The colors of the bars represent different subsets of input features. The horizontal dotted line marks the chance
level of classification. (B) Confusion matrix for the classification model using all network measure types

as input features during training. The numbers indicate the percentage of actual values that were predicted
for each class, with darker cell colors representing higher values. (C) Bar plot illustrates the importance of
different features in cognitive task state classification. The colors of the bars represent various canonical
networks. Asterisks on the x-axis labels denote network energy features extracted from functional networks.
Abbreviations: NE: network energy; GCC: global clustering coefficient; GE: global efficiency; GM: global
modularity; GLOB: all global network measure types; AUD: auditory; COP: cingulo-opercular; DAN: dorsal
attention; DMN: default mode; FPC: frontoparietal; SAL: salience; SM: somatomotor; SC: subcortical; VAN:
ventral attention; VIS: visual.

to the null networks. These findings suggest an intrinsically more coordinated (less conflicting) organization
of functional connections and reduced network energy, underscoring the non-random nature of the observed
network energies. Additionally, the brain network energy is not at the absolute stable state with the lowest energy
level, supporting the idea that the brain minimizes energy for optimized processing while maintaining flexibility.
Supplementary Table 27 provides the corresponding p-values and statistics related to the Wilcoxon signed-rank
test between the energy of actual and null networks for each cognitive task condition.

Additionally, the brain network energy is not at the absolute stable state with the lowest energy level,
supporting the idea that the brain minimizes energy for optimized processing while maintaining flexibility.
Supplementary Table 27 provides the corresponding p-values and statistics related to the Wilcoxon signed-rank
test between the energy of actual and null networks for each cognitive task condition.

To evaluate the reliability of network energy measurements, we computed the energy of the whole-brain
network using Schaefer’s atlas for each cognitive task condition and compared the results with network energies
calculated using Power’s parcellation atlas (Fig. 6B). The intraclass correlation analysis indicated a high degree
of reliability between the results obtained from the two atlases for each cognitive task condition. This strong
correlation suggests that the network energy measure is not dependent on the specific brain parcellation used.
The average intraclass correlation values for fixed raters, along with the corresponding confidence intervals, are
presented in Supplementary Table 28.

Discussion

Summary

Our study provided valuable insights into how network energy is distributed across functional brain networks
during cognitive control tasks, demonstrating coordinated or conflicting configurations of functional
connections that reflect the efficiency and flexibility of brain systems.

The resting state, characterized by the lowest energy level, indicates a highly stable and coordinated whole-
brain organization of functional connections, whereas cognitive control tasks demonstrate increased energy
levels, reflecting greater instability and conflicting network organization (Fig. 2). These findings suggest that
cognitive demands are associated with more adaptability in the whole-brain system, while the task-free state
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Fig. 5. Regression modeling of chronological age. (A) Bar plots show the performance and error in age
prediction for various subsets of network measures utilized as input features. (B) Scatter plot demonstrates
actual versus predicted age using the full set of input features obtained from all network measures, with each
dot representing an individual subject and the fitted line showing the linear relationship. (C) Bar plot illustrates
the importance of different features in predicting chronological age when we trained the model using all
network measure types. The colors of the bars represent various canonical networks, with features related to
network energy marked by asterisks on the x-axis labels. Abbreviations: R*: coefficient of determination; MAE:
mean absolute error; NE: network energy; GCC: global clustering coefficient; GE: global efficiency; GM: global
modularity; GLOB: all global network measure types; AUD: auditory; COP: cingulo-opercular; DAN: dorsal
attention; DMN: default mode; FPC: frontoparietal; SAL: salience; SM: somatomotor; SC: subcortical; VAN:
ventral attention; VIS: visual.

demonstrates more proportionally efficient processing. No significant differences were observed in energy levels
across the different difficulty levels of the n-back task or between initiation and inhibition conditions in the go/
no-go task, indicating that network energy primarily reflects task type differences rather than the complexity of
a specific task.

Sensory networks, such as the visual and somatosensory networks, along with the subcortical network,
exhibited relatively lower energy levels during the resting state, demonstrating their coordinated organization
and reflecting more efficient processing in the absence of external stimuli. In contrast, networks involved in
cognitive functioning, such as the default mode network, frontoparietal network, and salience network, exhibited
relatively higher energy levels and more conflicting network organization during the resting state. This may
correspond to their intrinsic flexibility, enabling them to support broad high-level cognitive processing (Fig. 3B).

Although involvement in cognitive control tasks increases whole-brain energy (Fig. 2), this increased energy
is not allocated uniformly across canonical functional networks (Fig. 3A). During the transition from rest to
task conditions, the visual and auditory networks receive relatively more energy, indicating greater conflict in
network configurations, which reflects increased flexibility to process broad incoming sensory stimuli (Fig. 3C).
In contrast, cognitive networks, such as the frontoparietal and default mode networks, receive only a minor
portion of the increased whole-brain energy, suggesting their optimized functioning and less energy demands
under cognitive control. This efficiency is particularly evident in canonical networks known for processing
specific cognitive functions, such as the frontoparietal network in working memory tasks. These findings
emphasize distinct mechanisms of energy allocation between sensory and cognitive systems during cognitive
control.

Our predictive modeling demonstrated the utility of network energy as an input feature type in machine
learning approaches (Figs. 4 and 5). Utilizing network energy features extracted from functionals network across
cognitive conditions significantly improved the performance of the classification of cognitive task states and
prediction of chronological age. These results suggest that network energy not only reflects the efficiency and
flexibility of brain systems but also serves as an informative global network measure for developing biomarkers
in the brain studies.
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Fig. 6. Validity and reliability of network energy. (A) Energy comparison between actual whole-brain
networks and their corresponding null networks with random topologies. Horizontal lines in the box plots
denote group-level medians of energy levels, and notches represent the 95% confidence intervals. Actual
networks corresponding to cognitive task conditions are color-coded, while the related null networks are
shown in gray, adjacent to each task condition. Lines connect each subject’s network to its corresponding null
network. (B) Intraclass correlation of whole-brain network energies between networks formed using Power’s
atlas and Schaefer’s parcellation atlas for each cognitive task condition. The height of the bar plots indicates
the average fixed raters’ ICC values, with error bars representing the corresponding 95% confidence intervals.
Colors distinguish between task conditions.

Lastly, our validation and reliability analyses confirmed that the observed network energy measurements
are not random effects (Fig. 6A). The lower energy levels of actual brain networks compared to null networks
with random topologies underscored the brain’s intrinsic coordination of functional connections. Additionally,
the strong agreement between energy measurements across different brain parcellation schemes, Power’s and
Schaefer’s atlases, supported the robustness of this metric, with intraclass correlation analysis indicating high
reliability.

Structural balance theory in brain networks: a valid analogy?
One important consideration in applying the structural balance framework is the analogy between social
networks and brain connectivity. In social contexts, interpersonal relationships, attitude changes, persuasion,
and social influence are significantly influenced by higher-order interactions among interconnected entities.
This inherent interdependence is precisely what Fritz Heider considered when theorizing balance theory!'"!2,
Similarly, the interdependence of brain regions and functional connections strengthens the validity of
applying structural balance theory to brain networks. Shared information and dependencies between brain
components could give rise to non-trivial organization within brain networks, as we observed in the comparison
of actual and null networks (Fig. 6A).

Resting state beyond a single minimal energy configuration

Our analysis suggests that the brain operates at relatively low energy levels during rest, consistent with previous
research demonstrating that a broad range of resting-state patterns converge toward low-energy configurations.
However, it is essential to recognize that the resting state does not represent a singular ‘minimal energy state’
Instead, behavioral and neuroimaging studies support the existence of multiple low-energy states, encompassing
a spectrum of transient brain states>*>. Thus, our findings should not be interpreted as evidence of a single
minimal energy configuration but rather as a reflection of the brain’s well-coordinated network organization
in the absence of external task demands. Our results may present the resting state as a metastable state, ready
to transition to higher energy states involving cognitive control. This underscores the crucial role of the resting
state as a central reference point in brain energy studies.

Challenges in mapping the energy landscape of brain networks

While our study focuses on exploring network energy across cognitive tasks and resting state, it is not a detailed
analysis of the energy landscape. Specifically, we did not directly analyze the presence of attractors, saddle
points, or energy barriers, which are essential components of an energy landscape framework. These elements
are crucial for precisely identifying the stability and transitions between brain states, as they provide deeper
insights into how the brain shifts between various cognitive states and maintains equilibrium within multi-stable
regimes. To explore the brain network’s energy landscape more thoroughly, methodologies from previous works,
such as those by Watanabe et al. (2013), Ashourvan et al. (2017), and subsequent studies, can be adopted!~*%.
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These works analyzed energy landscapes in terms of stable states (attractors), transitions between states, and the
energy barriers that separate them.

Furthermore, while our findings describe network energy differences between rest and task conditions, they
do not provide detailed information on the transition pathways, intermediate states, or energy barriers involved
in these shifts. We interpreted these changes as transitions because, in physics, it is possible to gain general
insights into transitions by comparing the energy of the initial and final states without considering the specific
path taken between them in a conservative process.

It is obvious that our study is just a starting point. Future studies could address this limitation by utilizing
dynamic functional connectivity*’or hidden Markov models®! to track the brain network’s intermediate states as
it transitions between rest and task conditions. This approach would provide a more continuous understanding
of state changes, as well as the energy barriers that need to be overcome for the brain to shift from one cognitive
state to another. By analyzing the stability of different brain network states and the transitions between them,
we could offer a more robust interpretation of the energy landscape and how it governs brain network dynamics
during cognitive tasks.

Energy definition: a comparison with the maximum entropy model

The energy function conceptualized and introduced by Watanabe et al. (2013), based on the maximum entropy
model, provides a valuable framework for exploring brain states, basins, and state transitions through the
statistical evaluation of observed states'. This model has been widely applied in brain energy landscape studies
and offers significant insights*~*. However, there are some limitations to consider.

While this model utilizes the time course of functional images to estimate energy parameters, it defines states
and energies for each brief scanning period. Given the inherent low signal-to-noise ratio of fMRI data, this
method may raise concerns about the validity of the resulting brain energy estimates. Additionally, the model
binarizes the activation of brain regions to estimate energy, potentially losing information about activation
dynamics.

In contrast, our approach does not rely on instantaneous activations but instead uses the full time-course of
brain activations and their coactivations to assess energy over a longer recording period. This avoids potential
issues related to the low signal-to-noise ratio of fMRI signals. Metaphorically, our method evaluates the average
energy over a cognitive condition period, while Watanabe et al’s method computes instantaneous energies.
Although our approach limits the ability to investigate transition paths between states, this limitation could be
addressed in future work by employing dynamic brain networks with carefully selected sliding window widths.

Moreover, our approach does not binarize activations, instead considering weighted connections to preserve
all available information in energy calculations. Our analysis demonstrated the reliability and validity of the
calculated energies (Fig. 6).

It is also important to note that our energy function specifically addresses the organization of functional
brain networks, in contrast to Watanabe’s model, which explores the energy of the entire brain system. The
network energy metric in this study also does not refer to the metabolic processes of the brain.

Balanced/imbalanced triangles versus network motifs: complementary insights into brain
network functionality

Network energy is derived based on the accumulation of balanced and imbalanced triangles formed by
three connected brain regions, providing insights into the efficiency of network organization. However, in
neuroscience, the concept of network motifs is another widely discussed feature for understanding the structure
and function of brain networks.

Network motifs are defined as small, recurring patterns of interconnections that occur more frequently than
expected by chance in a given network. These motifs serve as fundamental building blocks for complex networks
and have been extensively studied in brain network research®*-*%. Motifs such as feedforward and feedback loops
are crucial for understanding information flow in brain networks.

While both network energy and motifs refer to small-scale structures within networks, they capture different
aspects of brain network functionality. Balanced and imbalanced triangles reflect the stability and instability
of relationships, particularly with respect to the positive or negative signs of connections, which represent
coordinated or conflicting higher-order interactions. Motifs, on the other hand, do not necessarily account for
the signs of connections but rather focus on specific structural patterns of binary connections that are dominant
in brain networks. Although a motif may appear structurally similar to a triangle analyzed in our energy
framework, but the focus differs from stability and flexibility to the role that configuration plays in pattern
frequency and information processing.

Alignment of energy allocations with established roles of cognitive networks
In the transition from the resting state to cognitive task conditions, accompanied by elevated whole-brain
energy, our findings highlight distinct energy alterations between cognitive and sensory networks. Cognitive
networks, well-known for their involvement in cognitive functioning, require only minimal energy elevation.
In contrast, sensory networks receive relatively higher energy levels. We interpret this as a reflection of the fact
that key cognitive systems, operating efficiently, do not require a equal share of this elevated energy. Conversely,
sensory systems, which interact directly with the environment, need to maintain flexibility, reflecting induced
conflicting configurations, and therefore receive a larger portion of the elevated energy.

Our results reveal that the frontoparietal network exhibits only a minor energy increase from rest to the
n-back task. This finding aligns with prior studies that emphasize the frontoparietal network’s role in supporting
working memory and cognitive control processes®>-*’. The minimal network energy increase suggests that the
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frontoparietal network operates with optimized functionality, effectively managing working memory demands
without requiring significant energy input compared to other networks.

In the transition from the resting state to the inhibitory control task, the frontoparietal, default mode,
and salience networks exhibit smaller energy increases, with the ventral attention and subcortical networks
showing a slightly weaker version of this effect. The efficiency of processing in these systems, inferred from their
minimal energy increases relative to the rest of the brain, aligns with the active role of frontostriatal pathways
and subcortical structures in supporting action inhibition, as well as the importance of default mode network
reorganization for successful inhibitory control*!->!. This interpretation highlights the efficient functionality of
these network systems during working memory task, enabling them to meet task demands without requiring a
equal share of the elevated whole-brain energy.

From rest to the cognitive flexibility condition, the frontoparietal network and the dorsal attention network,
which mediate top-down attention, exhibit the smallest energy increases. Other networks, such as the default
mode, subcortical, and bottom-up attentional networks, show moderate energy increases. The efficiency of
processing in these systems during cognitive flexibility, inferred from their minimal allocation of whole-brain
energy, aligns with their involvement in cognitive adaptability, attention shifts, and behavioral modulations®2-¢C.
These findings underline the capacity of these network systems to fulfill cognitive demands effectively, with only
minor utilization of the elevated whole-brain energy.

Distinct role of the cingulo-opercular network in cognitive control and aging

Our study identified a distinct pattern of energy allocation in the cingulo-opercular network during cognitive
control tasks (Fig. 3.C), which contrasts with other cognitive networks that exhibit only minor energy increases
due to their efficient processing. This suggests a unique role for the cingulo-opercular network in cognitive
control, as previous research has consistently demonstrated its involvement in working memory, concurrent
cognitive control, and task switching®-®3. Further investigation is needed to better understand the mechanisms
underlying the systematic organization of this canonical network in cognitive control.

Additionally, our results highlight the relevance of the cingulo-opercular network in aging, with network
features obtained from this network being crucial for age prediction through regression models (Fig. 5.C). This
aligns with previous research indicating age-related declines in functional connectivity within the cingulo-
opercular network. Notably, studies have linked these declines to a range of cognitive impairments, including
global cognitive states, visuospatial abilities, and executive functions®-%8. Collectively, these findings underscore
the critical role of the cingulo-opercular network in cognitive aging and its potential in developing biomarkers
for age-related cognitive decline.

Improving predictive models by employing network energy features

Network measures, combined with machine learning, have played a significant role in understanding neurological
processes and disorders®. Predictive models utilizing network measures as input features have been successfully
applied in clinical research, including studies on Parkinson’s disease, autism spectrum disorder, and Alzheimer’s
disease, yielding promising diagnostic results’*-72. This approach has also been used to distinguish emotional
states, analyze neural network changes in epilepsy, and predict treatment outcomes in schizophrenia”-7°.

Our study presents network energy as an informative global network feature for machine learning
applications in neuroscience (Figs. 4 and 5). Our findings suggest that network energy, as a measure of both the
coordinated and conflicting network organization, can enhance model performance, including predicting age
and distinguishing between cognitive states. This offers promising broader applicability for network energy in
various neurological conditions.

Limitations and future directions

Our study offers valuable insights into the organization of functional connections through network energy
across various cognitive task conditions, but it has some limitations. First, our analysis did not incorporate
a detailed exploration of the brain’s energy landscape, such as identifying attractors, saddle points, or energy
barriers, which are critical components for understanding transitions between brain states. Without this level
of detail, our understanding of how the brain shifts between cognitive states remains incomplete. Future studies
should adopt more refined energy landscape frameworks.

Additionally, our approach does not directly track dynamic changes over time within network configurations,
limiting our ability to explore transition pathways or intermediate states between rest and task conditions.
Implementing dynamic functional connectivity models or hidden Markov models in future research could
address this limitation by providing a more continuous view of the brain networK’s energy shifts during different
cognitive tasks.

Although we validated network energy as a reliable measure using two brain parcellation schemes (Power
and Schaefer atlases), further replication with other parcellation approaches and across more diverse datasets is
necessary to ensure the generalizability of our findings.

Future research could also integrate more individual-specific analyses, particularly in relation to aging,
cognitive performance, and neuropsychiatric disorders. Personalized network energy metrics could help predict
clinical measures, offering valuable biomarkers for clinical research. Expanding the application of network energy
as a machine learning feature to domains such as neurological diseases, neurodevelopmental disorders, and
mental health conditions could enhance the performance of diagnostic tools. Future studies could also explore
how network energy patterns differ in response to neural interventions, broadening the clinical application of
this measure.
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Conclusion

In conclusion, our study highlights the selective allocation of energy to functional brain networks across different
cognitive tasks, demonstrating distinct patterns of energy distribution in response to cognitive demands. The
whole-brain exhibits more coordinated network organization with lower energy level during task-free condition,
whereas cognitive control tasks are associated with more conflicting network organization and elevated energy
levels. Notably, sensory networks receive the largest share of the elevated whole-brain energy when transitioning
from rest to task conditions, reflecting their flexibility in adapting to and processing external stimuli. In contrast,
cognitive networks operate more efficiently, requiring a smaller proportion of this elevated energy.

Our findings also underscore the potential of network energy as a significant global network measure in
predictive models. Furthermore, the validity of energy measurements obtained from comparisons to null
models, along with the strong reliability of network energy measurements across different brain parcellation
schemes, supports the robustness of network energy and highlights its utility in developing biomarkers.

Methods
Dataset
In this study, we utilized a publicly available functional connectivity dataset provided by J.R. Rieck et al.”. The
dataset comprises 144 healthy participants, aged 20-86, from the Greater Toronto Area. These participants
underwent fMRI scans while engaging in three distinct cognitive control tasks, including working memory,
inhibitory control, and cognitive flexibility tasks, as well as a resting-state scan. The data were acquired using a
Siemens Trio 3T magnet at Baycrest Health Sciences. Informed consent was obtained from the participants in
accordance with a protocol approved by the Research Ethics Board at Baycrest Health Sciences Center.

Following standard preprocessing and postprocessing, the dataset offers seven connectivity matrices for each
subject: three corresponding to the 0-, 1-, and 2-back tasks of working memory; two for the inhibition and
initiation conditions of the go/no-go task, with corresponding most and less go trials for inhibitory control; one
for the shifting task of cognitive flexibility; and one for the task-free resting-state condition. The connectivity
profiles were derived based on Power’s and Schaefer’s atlases?”-?8. We utilized Power’s parcellation atlas, which
divides the brain into 229 regions across ten canonical functional networks, in the main analysis and Schaefer’s
atlas with 200 cortical regions for the evaluation of the reliability of results. So we had a 229 X 229 whole-brain
connectivity matrix (or a 200 X 200 Schaefer’s matrix) for each cognitive task condition of each subject, containing
pairwise correlations between regional activations of each pair of regions. We utilized subsections of this whole-
brain matrix for each canonical network, with the ROIs belonging to their respective canonical networks. The
coordinates of the ROIs and their corresponding canonical network labels are available in the dataset.

For further information regarding the procedures of the cognitive tasks and the employed fMRI data
processing, you can refer to the original reference paper by J.R. Rieck et al.”.

Statistical analysis

We calculated the network energy of the whole-brain network and individual canonical networks for each
cognitive task condition of each subject. Due to the non-normal group-level distribution of network energy
measures, both at the whole-brain and canonical network levels, we employed non-parametric statistical
methods for our analysis. The Friedman repeated measures test was used to compare network energy across
various cognitive task conditions (Figs. 2 and 3). Additionally, the Wilcoxon signed-rank test was employed
for pairwise post-hoc comparisons, with multiple comparison corrections applied (Figs. 2 and 3). We also used
the Wilcoxon signed-rank test to compare the energy values of actual networks with energy of corresponding
null networks with random topology for each cognitive task condition (Fig. 6A). For the reliability analysis of
network energies derived from Power’s and Schaefer’s atlases, we utilized intraclass correlation analysis (Fig. 6B).

Predictive modeling

We employed the support vector machine with radial basis function kernel for two main purposes: classifying
different cognitive task states and predicting age (Figs. 4 and 5). To ensure accurate and reliable model
performance, we used a participant-wise leave-one-out cross-validation technique, which effectively prevents
overfitting. During model training, we performed resampling over various tuning parameters, holding the
‘sigma’ parameter constant while fine-tuning the regularization parameter ‘C> The optimal model was selected
based on the highest accuracy for classification modeling and the lowest mean absolute error for regression
modeling.

We computed three global network measures: global clustering coefficient, global efficiency, and global
modularity, as well as network energy for the whole-brain and canonical networks for each cognitive conditions
of each subject. We then explored the predictive power of these measures by using subsets of each measure type
derived from whole-brain and canonical networks during cognitive tasks and resting-state conditions as inputs
for our predictive models. The performance of models based on different network measure types was compared
to assess the predictive effectiveness of each network measure type. To further enhance model interpretability,
we performed predictive modeling based on all network measure types across all functional networks, which
improved performance. Then we evaluated the significance of each network measure corresponding to a brain
network and cognitive condition by analyzing feature importance based on the magnitude of standardized
coefficients.

Computational and graphical tools
All computations, including the extraction of network measures, null modeling, statistical comparisons, machine
learning modeling, and figure generation, were performed using R and its associated packages’’53.
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Data availability
The original dataset can be accessed at https://osf.io/m5crs/, and our codes are hosted on GitHub at https://githu
b.com/majidsaberi/EnergyLandscapeCogControl for anyone interested in implementing, replicating, or further
developing our work.

Glossary of terms
Structural balance A theoretical framework used to assess the stability or instability of

network organization by categorizing triangles into balanced or imbal-
anced configurations. These classifications are then used to calculate
the network’s energy, which reflects the overall state of coordination or
conflict within the network.

Network energy A metric derived from the structural balance framework that quantifies

the level of conflict or coordination in the configuration of connections
within a network. It reflects the network’s overall stability or instability

by measuring the proportion and intensity of balanced and imbalanced
triangles.

Balanced/imbalanced triangle These terms describe the arrangement of connections within a triangle

in a network. A balanced triangle is stable, with relationships coordinat-
ed to minimize tension among components, promoting overall network
stability. In contrast, an imbalanced triangle is unstable, representing
conflict among components and requiring reorganization to achieve
stability. Originally defined in the context of personal relationships, a
triangle is considered balanced when three or one of the relationships
are friendships (e.g., a “friend of my friend” or an “enemy of my enemy”
is a friend). Conversely, a triangle is imbalanced when three or one of
the relationships are hostile (e.g., a “friend of my friend” or an “enemy
of my enemy” is an enemy), generating tension within the system.

Conflicting network organization A network configuration characterized by high levels of tension or

dissonance among connections. It is associated with an increased
proportion and intensity of imbalanced triangles, and elevated network
energy levels, reflecting instability within the network.

Coordinated network organization A network configuration characterized by an optimal arrangement of

connections that minimizes conflict, resulting in stability and coordi-
nation. It is associated with a high proportion and intensity of balanced
triangles and low levels of network energy.

System flexibility The ability of the brain system to adjust and adapt in response to exter-

nal demands. It is associated with increased network energy require-
ments and dynamic reorganization of connections.

System efficiency It refers to the optimal functionality of a brain system specialized for

specific neural processing. It is associated with reduced network energy
requirements for effective operation.

Energy allocation The process by which the brain distributes energy across different

canonical networks, depending on task demands, the specialization of
the networks, and their corresponding requirements for flexibility or
efficient processing.

Canonical functional networks Predefined, large-scale networks in the brain (e.g., default mode, dorsal

attention, visual networks) associated with specific sensory or cognitive
processes.
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