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Module control of network
analysis in psychopathology

Chunyu Pan,"?® Quan Zhang,*>*® Yue Zhu,"> Shengzhou Kong," Juan Liu,"> Changsheng Zhang,”
Fei Wang,'>¢* and Xizhe Zhang’-7-*

SUMMARY

The network approach to characterizing psychopathology departs from traditional latent categorical and
dimensional approaches. Causal interplay among symptoms contributed to dynamic psychopathology
system. Therefore, analyzing the symptom clusters is critical for understanding mental disorders. Further-
more, despite extensive research studying the topological features of symptom networks, the control
relationships between symptoms remain largely unclear. Here, we present a novel systematizing concept,
module control, to analyze the control principle of the symptom network at a module level. We introduce
Module Control Network (MCN) to identify key modules that regulate the network’s behavior. By
applying our approach to a multivariate psychological dataset, we discover that non-emotional modules,
such as sleep-related and stress-related modules, are the primary controlling modules in the symptom
network. Our findings indicate that module control can expose central symptom cluster governing psy-
chopathology network, offering novel insights into the underlying mechanisms of mental disorders and
individualized approach to psychological interventions.

INTRODUCTION

The field of mental health research and intervention has experienced significant evolution, especially in how therapists and researchers
approach symptoms and signs of mental disorders. Therapists often use subjective assessments such as the Patient Health Questionnaire
(PHQ-9) and the Generalized Anxiety Disorder Scale (GAD-7) to understand a patient’s symptoms.’? These tools aid in identifying the sub-
jective symptoms experienced by patients. However, the primary challenge for both therapists and mental health researchers lies in accurately
determining the underlying causes of a patient’s signs and symptoms. In the broader history of psychiatry, monocausal and essentialist frame-
works have long dominated psychiatric research. Neo-Kraepelinians described the signs and symptoms of psychopathology as objectively as
possible to bolster the reliability of psychiatric diagnosis. Yet dissatisfaction with the Diagnostic and Statistical Manual of Mental Disorders
(DSM) categorical system has grown over these years,” and mental disorders has been defined as an increasingly labeled DSM diseases.”
Complex mechanisms of co-morbidity among supposedly discrete conditions has become so troubling to clinicians that they have begun
to look for new ways to explain what constitutes a mental disorder.

The network theory of psychopathology suggests that mental disorders are best understood as clusters of symptoms sufficiently unified by
causal relations among those symptoms that support induction, explanation, prediction, and control.” Signs and symptoms are constitutive of
disorder, not the result of an unobservable common cause. In the past few decades, advancements in the field of psychopathology have
yielded noteworthy strides through the application of network theory.® These research posits that symptoms of mental disorders do not exist
in isolation, but instead, they form intricate systems of interconnected symptoms.® As a whole system, each symptom is not just mere man-
ifestations of the mental disorder, but active contributors to its development and maintenance.” In other words, the symptoms constitute a
mental disorder rather than being a product of a mental disorder. For now, this concept has been applied to a range of disorder, such as
depression,®” anxiety disorders,'” bipolar disorder,'’ manic,'" and the general structure of psychiatric symptomatology.'”

However, traditional symptom network analysis focus more on the relationships among node or items of scales. This perspective overlooks
the exploration of the relationships among symptom modules which are clustered by multiple symptoms. Module analysis within symptom
networks can be employed to group items that are highly correlated into coherent subsets as clusters of symptoms. This approach allows for
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the investigation of potential interplay mechanisms among different disorders at a mesoscale level within mental illnesses. It provides valu-
able clues for further analyzing the functional aspects of symptom networks.”® For instance, prior research conducted on the symptom
network of major depressive disorder has delineated two discernible modules.'* One module encompasses the core symptoms intricately
tied to mood depression, including manifestations of profound sadness and anhedonia. The other module comprises symptoms that exhibit
intricate interconnections with anxiety and disrupted sleep patterns, which evidently represent the core symptoms of comorbid conditions
such as depression with anxiety disorders or insomnia. This study suggests that the specific multi-modularity of depression may also be a
major reason for the varying treatment efficacy.

Furthermore, previous works in symptom networks analysis have primarily focused on the nodes with high centrality measures, such as
degree centrality. However, for some networks, nodes of lower centrality might be more important to understand system behavior.'® This
evolution in the paradigm of psychopathology studies, transitioning from an emphasis on individual symptoms to an analysis of symptom
137617 aim to understand the intricate interplay of symptoms within networks. Traditional centrality-based approaches
are inadequate for unveiling the dynamic mechanisms within networks, highlighting the need for advanced control strategies. These strate-

networks as dynamic,

gies are essential to comprehend the networks’ complexity and dynamism, particularly at a mesoscale level, such as the module-scale within
symptom networks. Network controllability theory, especially structural controllability,'®
these challenges. It takes the network system as a whole, makes inherent assumptions about the network system'’s operating mechanisms
and looks for the critical nodes that driving the network state.'® To date, network controllability theory has been applied in various biological
fields, protein networks,”> %" brain networks,”*?” cancer,’*% precise medication,* and drug repurposing,%35

searchers to control the behavior of large-scale networks.

emerges as a powerful approach in addressing

it makes possible for re-

Here, we introduce Module Control, an innovative network control analytical concept designed to analyzing the control associations of
symptom clusters in the symptom network. We construct a new mesoscale network based on the control relationship between modules in
the original network, i.e., the Module Control Network (MCN). Based on the distribution and frequency of driver nodes in the network module,
we also establish a set of metrics for measuring module control capacities.Subsequently, we applied the module control method to a large-
scale dataset of psychological screening data collected from university students, constructing a symptom network and analyzing its features.
This work introduces the network control theory into psychiatric network analysis, combining the module characteristics of the network,
thereby capturing the important dynamics of real-world psychological systems. This approach goes beyond evaluating traditional central
symptoms and opens up new possibilities for treatment strategies, allowing interventions to be tailored to the unique dynamics of different
disease patients.

RESULTS
Module control of complex network

Many networks exhibit a distinct module nature, where nodes within the same module are highly interconnected.®® To addressing the intricate
nature of module control within complex networks, we proposed the concept of module control, aiming to decipher the overarching control
mechanisms that span different network scales.

Central to our investigation is the concept of the minimum dominating set (MDSet), a subset of nodes whose control area spans the entire
network. By selecting the node in the dominating set as the driver node, the entire network can be driven.?” The smallest size of dominating
set of the network is called MDSet whose control is sufficient to fully control the system’s dynamics with the lowest control cost (Figure 1C, see
STAR Methods).

However, the MDSet is often not unique and it is known to be NP-hard problem® (

Figure 1E), there are only some approximation algo-
rithms are available to solve this problem® currently. In large-scale networks, due to the complexity of calculating all MDSets, usually calculate
random a part of the MDSets instead of all of them as a replacement for the results. This strategy, although effective, is not perfect, and
compared to the overall mean of the MDSets, the mean of sampling still has a certain degree of error. Especially in small-scale networks
that are structurally sensitive, it is particularly necessary to accurately calculate all the MDSets. Therefore, we employed a brute-force search
method to discover all MDSets. As the small-scale network we used, we did not incur significant computational costs and were able to obtain
all precise MDSets (see STAR Methods).

Building on the foundation of MDSet analysis, we introduced the MCN, a novel conceptual network that reimagines the network’s modular
architecture through the lens of control theory (Figure 2). In the MCN, nodes represent the original network’s modules, while edge weights
indicate the average module control strength (AMCS) between modules, calculated across all identified MDSets (Figure 2E). This innovative
approach illuminates the asymmetrical control relationships between modules, revealing the directional nature of control flow within the
network (see STAR Methods).

Furthermore, we introduce the concept of control frequency (CF) for each node within a module, serving as an indicator of node impor-
tance in the network’s control architecture. This metric, alongside the average module control frequency (ACF), provides valuable insights into
the control capacity of each module, enabling a deeper understanding of the main controlling symptoms and items within a symptom
network constructed from real-world data (see STAR Methods).

Our exploration into module control within complex networks not only expands the theoretical framework of network controllability
theory but also opens up new pathways for practical applications in psychopathology and beyond. By shifting the focus to modular control,
we offer a fresh perspective on the dynamics of complex systems, paving the way for innovative intervention strategies targeted at the
modular level.
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Figure 1. Network controllability and minimum dominating set

(A) lllustration of network control. A network can be driven from any initial state to any final state in finite time.

(B) Driver node and its control areas, which include its neighbor nodes and itself.

(C) An MDSet of the network. It is a set with the minimum number of nodes and its union control areas can covering the entire network.

(D) Dominating set control model. For an undirected network, a driver node can control all its neighbor nodes by different control signals, where v; and u; denote
driver node and control signal, respectively. The blue arrow indicates the flow direction of the control signal, rather than the direction of the edges.

(E) An example of different MDSets exists in the network.

Topological analysis of symptom networks

In this study, we conducted symptom network using data from university students. A cohort of 2,773 college freshmen was recruited, consist-
ing of 1311 (47.3%) males and 1462 (52.7%) females. Each participant was instructed to complete four self-assessment scales, encompassing
the Generalized Anxiety Disorder-7 (GAD-7),%’ Insomnia Severity Index (IS1),%° Patient Health Questionnaire-9 (PHQ-9),*" and Perceived Stress
Scale-14 (PSS-14)*? (see STAR Methods). These scales provided a comprehensive evaluation of the subjects’ emotional states from four
distinct perspectives, namely depression, anxiety, sleep, and stress. Consequently, these scales were utilized to construct the symptom
network. The standard deviation (SD), mean, minimum (Min), maximum (Max), skewness and kurtosis of each item on the scales are provided
in the Table ST.

We construct the symptom network based on Graphical LASSO model™ (see STAR Methods), result in a network with 37 nodes and 254
edges (Figure 3A). The edges in the network represent the inverse covariance of the two items in the precision matrix, with the average weight
0.258. The average degree of the network is 13.73, the network diameter is 3, the density of the network is 0.40 and the modularity is 0.27
(Figure 3B). Upon performing Zscore normalization based on network centrality, we identified several important symptoms based on network
centrality (Figure 3D). PSS3 is the node with the highest degree centrality (z = 2.046), indicating its substantial influence on the network. Mean-
while, ISI1 exhibited the highest average strength (z = 4.124), suggesting its significant connectivity with other nodes. PSS4 displayed the high-
est clustering coefficient (z = 2.059), reflecting the presence of strongly interconnected structures in the network. Additionally, PSS7 show-
cased both the highest closeness centrality (z = 1.302) and betweenness centrality (z = 3.953), highlighting its importance as a connector
and potential mediator between different network regions. The network’s edge weights also revealed interesting patterns. The maximum
edge weight of 1.568 occurred between ISI1 and ISI2, suggesting a strong relationship between these two symptoms. Conversely, the min-
imum edge weight of 0.0002 was observed between ISI2 and PSS14, indicating a weak association. Additional information about the edges
and nodes can be found in the Table S1.

Next, we conducted module identification for the symptom network, which led to the discovery of six distinct modules (Figures 3A and 3C).
Module #0, associated with depression (abbreviated as DRM), encompasses seven items from the PHQ scale. Module #1, pertaining to sleep
(abbreviated as SRM), includes eight items from the ISl scale and PHQ3 (sleep item). Module #2, exclusively connected to suicide (abbreviated
as SUM), comprises a single item, PHQ? (suicide item). Module #3, correlated with anxiety (abbreviated as ARM), incorporates all seven items
from the GAD scale. Module #4, linked to negative stress (abbreviated as NSM), consists of eight items from the PSS scale, specifically PSS4,
PSS5, PSS6, PSS7, PSS9, PSS10, PSS12, and PSS13. Of these items, PSS12 has a positive score, while the others possess negative scores. Lastly,
Module #5, related to positive stress (abbreviated as PSM), comprises six items from the PSS scale, including PSS1, PSS2, PSS3, PSS8, PSS11,
and PSS14, all of which exhibit positive scores.

Moreover, we assessed the significance of each module based on the average centrality value of nodes within the module, using six node
properties, including degree, strength, closeness, k-core, clustering, and betweenness (Figure 3E). Our analysis revealed that DRM possesses
the highest k-core (z = 0.649), while SRM exhibits the highest average strength (z = 1.036). Since SUM contains only PHQ9, an item outside the
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Figure 2. An example of module control network

(A) An example of the control areas of module. The control areas of module m is the union control areas of the driver nodes in module m.

(B) lllustration of the module control strength (MCS). The MCS from module m to m' is the ability that the control areas of module m cover to module m’.

(C) All MCS of a sample network. Any module pair will have an MCS and notice that MCS,, ny and MCS,y ., are not equal due to the sizes of the modules and the
distribution of the driver nodes.

(D) A sample network with n MDSets. Regardless of how the MDSet changes, the same network has fixed modules but has different driver nodes.

(E) An example of module control network (MCN). The nodes in MCN are the modules in origin network and the edge weights represents the average module
control strength (AMCS) based on ® different MDSets.

primary components, it demonstrates the lowest value across all indicators. ARM shares the highest k-core with DRM (z = 0.649) and also
displays the highest clustering coefficient (z = 0.891). PSM, on the other hand, features the highest degree centrality (z = 0.940), closeness
centrality (z = 0.599), and betweenness centrality (z = 1.223).

Lastly, we categorized the modules within the network into two distinct types based on their characteristics. Modules that do not directly
describe emotional feelings, such as SRM, NSM, and PSM, are regarded as non-emotional modules. Conversely, modules explicitly
describing emotional feelings, including DRM and ARM, are referred to as emotional modules. This classification provides a framework
for understanding the diverse roles of modules within the symptom network.

Module control analysis of symptom network

In this section, we analyze the symptom network using module control, which is a network controllability analysis method based on MDSet.
Although computing the MDSet is an NP-hard problem, considering the relatively small size of the symptom network, we were able to
enumerate all of its MDSets (see STAR Methods). In final, total of 27 MDSets were identified within the symptom network (Table S1). We calcu-
lated the average weight of nodes in each MDSet and found that these MDSets exhibited similar weights (mean = 11.91, SD = 1.134). Conse-
quently, we computed the AMCS for each module based on all MDSets and constructed the MCN in module scale (see STAR Methods). The
MCN consist 6 nodes and 36 edges, which the edge weight is the AMCS between modules (Figure 4A).

Within the MCN, the three edges with the highest weights were identified as AMCSsgp, psm = 0.586, AMCSpsy, arm = 0.497, and
AMCSsrym, prv = 0.444. On the other hand, the three lowest AMCS were AMCSpgry, srm=0.042, AMCSagns, nsm=0.042, and AMCSpry,
nsm=0.019. Furthermore, our analysis revealed that the out-degree strength of non-emotional modules was higher than that of emotional
modules in MCN, suggesting that non-emotional modules possess a greater capacity for controlling other modules (Figure 4B). The in-
degree strength of emotional modules was higher than that of non-emotional modules, indicating that emotional modules are more sus-
ceptible to controlled by other modules (Figure 4C). These findings highlight the varying degrees of control exerted by different modules
and emphasize potential connections and dependencies within the symptom network.

To further investigate these relationships, we analyzed four types of AMCS between non-emotional and emotional modules in MCN, en-
compassing the average AMCS of non-emotional modules to emotional modules, non-emotional modules to non-emotional modules,
emotional modules to emotional modules, and emotional modules to non-emotional modules. Our analysis showed that the average
AMCS from non-emotional modules to emotional modules was higher than the other types, whereas the average AMCS from emotional mod-
ules to non-emotional modules was the lowest (Figure 4D). Collectively, these results indicate that the network generally exhibits a tendency
for non-emotional modules to control emotional modules.
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Figure 3. The modules and properties of symptom network
(A) Network construction and modules detection results. The nodes in the network are marked with the same color if they belong to the same scale. Edges with
larger weights are represented by larger size and greater color density.
(B) Basic network properties.
C) Basic module properties.
)
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(D) Six network metrics for different nodes in the network.
(E) Six metrics for different modules in the network. All detailed refer to the Table S1.

Furthermore, we calculated the control frequency (CF) of each node (Figure 4E). Out of the 37 nodes, 24 nodes acted as driver nodes in one
or more MDSets. The top five nodes with the highest CF are PHQ9 (CF = 1.000), ISI4 (CF = 0.778), PSS2 (CF = 0.444), PSS7 (CF = 0.370), and
GAD6 (CF =0.222). Intriguingly, these top five nodes are situated within five distinct modules, indicating the core driver node of each module
and ensuring the stability of control within each module. Furthermore, we computed the ACF for each module, revealing that non-emotional
modules exhibit a higher ACF than emotional modules (Figure 4F). This suggests that non-emotional modules more frequently operate as
driver nodes and assume a leading control role within the entire symptom network.

The stability validation of module control

The stability of the symptom network is crucial, as it has a significant impact on the results of control analysis. Consequently, we employed
bootstrapping methods to validate the stability of the symptom network (see STAR Methods). By randomly selecting 80% of the full sample,
we constructed 1,000 network instances through bootstrapping. We then calculated the confidence intervals (Cls) for each edge. The results
suggest that there was no significant difference in edge weights between the symptom network created using the full sample and the network
generated by bootstrapping (Figure 5A). Furthermore, the edge count in the network constructed with the full sample lies within the 95% CI
(Figure 5B). In terms of node strength stability, the average correlation coefficient of node strengths between the bootstrapping networks and
the full sample network remains highly stable, even as the number of sampled cases decreases (Figure 5C). Remarkably, the average corre-
lation of node strengths exceeds 0.8 in the network constructed with only 10% of the samples, indicating a high level of stability.
Considering that the size and number of MDSets and modules can significantly affect module control results, we calculated the number of
MDSets and modules in the bootstrapping network. Our findings revealed that the number of MDSets in the symptom network constructed
using the full sample falls within the 95% CI (Figure 5D), and the size of the MDSets in the bootstrapping network is approximately four
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Figure 4. The results of module control of symptom network

(A) The MCN of symptom network. The larger and bolder the arrow from any module, the greater the AMCS over the destination module. The top 5 AMCS are
displayed.

(B) The out-degree strength of MCN. For any module, the average AMCS is same as the module out-degree strength in MCN.

(C) The in-degree strength of MCN. The average in-degree of each modules in MCN can be considered as the extent of it being controlled by other modules.
Since we focus only on the module-module control capability, the out-degree and in-degree strengths do not count the AMCS of each module self.

(D) Average AMCS between non-emotional modules and emotional modules.

(E) The control frequency of symptom network.

(F) The ACF of different modules.

(Figure 5F), which is identical to that of the full sample network. Regarding the number of network modules, the majority of bootstrapping
networks contained six modules (Figure 5E), consistent with the results of the full sample network. The stability of the network modules
and MDSets indicates that the control modes are consistent between both the bootstrapping and full sample networks.

We also utilized the average correlation coefficient based on case-dropping bootstrap to perform stability tests on the module control
metrics, i.e.,, AMCS and ACF. The results indicate that the AMCS and ACF have a consistently stable average correlation coefficient even
as the sample size decreases (Figure 5C). The average correlation coefficient of ACF decreases and will lower than 0.5 when the sample
size is less than 50%. This phenomenon is related to the long-tailed distribution of the number of MDSets (Figure 5D). When the sample
size used to construct the network is small, it exacerbates the uneven distribution of the number of MDSets and ultimately results in the insta-
bility of the average correlation coefficient.

DISCUSSION

Mental disorders are often characterized by a cluster of symptoms, with the underlying causes frequently remaining elusive. The causal in-
teractions and interdependencies among these symptoms give rise to a complex network of interconnected symptoms and modularity phe-
nomena. Modularity phenomena are prevalent in the majority of real-world networks, characterized by the presence of highly clustered nodes
within distinct modules.** In this study, we employ an analytical approach rooted in network controllability theory to investigate the control
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Figure 5. Stability test of symptom network

(A) Full sample network value (red), bootstrapped 95% intervals (shaded area) and mean bootstrapping network value (blue) of edge weights. For detailed values
of every edge, please refer to the Table S1.

(B) The edge number distribution of the bootstrapping network and full sample network.

(C) Average correlation between full sample network and bootstrapping networks. Three different colors indicate different metrics. As an example, the red line is
the results of node strength case-dropping bootstrap analysis, which shows the average correlation between strength centrality estimated in the full sample and
strength estimated on a random subsample, retaining only a certain portion of cases (from 90% to 50%). Shaded area indicates 95% bootstrapped confidence
intervals of correlation estimates. Higher values indicate better stability of centrality estimates.

(D) The modules number distribution of the bootstrapping network and full sample network.

(E) The module numbers distribution of the bootstrapping network.

(F) The MDSet size distribution of the bootstrapping network.

capacity at the module scale within the symptom network. We construct a MCN, enabling us to understand and analyze control attributes
between modules from a network scale perspective. We also propose a module control metrics, average module control frequency (ACF),
to examine the control principles of symptom network. By applied module control metric to symptom networks among college students,
we discovered that non-emotional modules, such as sleep and stress, play a leading control role in the entire network and may result in
an individual's emotional dysregulation. This study provides the first evidence of control associations between different symptom modules.
It lays the groundwork for understanding causal relationships within individual symptom networks, potentially aiding in the development of
more effective and personalized interventions for mental disorders.

For symptom networks, extensive research has utilized network topology to identify central symptoms in the network.” Network topology
metrics such as degree centrality, betweenness centrality, and closeness centrality, derived from social networks, have been widely employed
in various networks.*> However, the application of these metrics to different networks may pose challenges. For instance, in estimation-based
networks like symptom networks, the concept of “indirect correlation” or “path” can be unreliable. This is because the edges between nodes
represent a correlation between node pairs, rather than a physical link. As the results, metrics based on the concept of “path” in symptom
networks, such as betweenness and closeness, have been deemed unstable.®***” On the other hand, we believe that the direct relationship
between a node and its neighbors in a symptom network is crucial. Metrics that assess the relationship between nodes and their direct neigh-
bors, such as degree centrality and node strength, have been shown to be dependable.’® The dominating set theory, which underpins mod-
ule control, focuses precisely on the relationship between nodes and their direct neighbors in a network. The key concept of dominating set
assumes that any node in the network can directly control its neighbors,®” without the need to delve into complex concepts like indirect re-
lations or long paths. Therefore, the dominating set theory has been introduced as a fundamental technical tool for analyzing various biolog-
ical correlation networks.?>?%4&:4?

The structural controllability model based on dominating sets offers several advantages, such as requiring a minimum nodes to driving
network and more generalized assumptions about dynamics. Specifically, most treatments only focus on a subset of symptoms within the
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network currently, rather than addressing all of them. Therefore, it is crucial to effectively control the symptom network with as few control
nodes as possible. Dominating set theory provides a way to identify the minimized number of driver nodes needed to control the network,
making it to an effective method to control network. On the other hand, analyzing any real network as a complex system using network
controllability methods requires making dynamics assumptions.'® In the case of a network with linear dynamics, the network can be controlled
through structural controllability proposed by Liu et al.."® However, because of the formidable size of real systems, a detailed complexity anal-
ysis of control dynamics in networks is impractical in most cases or limited to canonical linear time-invariant approximations at best.'® In symp-
tom networks, the complex dynamical processes of how symptoms interact with each other (such as depression and anxiety often accompany)
remain unclear, making it challenging to assume specific dynamic processes for these networks. As the MDSet theory has shown to be effec-
tive for the majority of linear and nonlinear systems,*” " it allows us to overlook dynamics process assumptions. Thus, dominating set theory is
considered to be a more general network controllability method with better applicability.

In a symptom network constructed from multiple scales, a natural module structure corresponds to the original scales themselves. For
instance, in our study that utilized four scales—PSS, GAD, PHQ, and ISl—can be thought of as 4 natural modules. However, there has a func-
tional overlap between different items. For example, the PHQ scale, designed to measure levels of depression, includes items indirectly
related to depression, such as sleep problems (PHQ3), which bears resemblance to the content assessed by the ISI scale. The essence of
our module discovery method, therefore, lies in identifying modules formed at the data level rather than pre-assumed modules. Under these
data-driven methodology, nodes with similar scoring trends are grouped into the same module. Meanwhile, existing clinical interventions and
strategies do not treat each symptomatic item individually; rather, it target broader categories like depression, stress, anxiety, and sleep is-
sues which are clustering by series of symptoms. This is in line with our module-based research philosophy—multiple symptoms will aggre-
gate to form symptom clusters. Module control framework approach provides a higher-level perspective that allows for the analysis of symp-
tom networks at a mesoscale—focusing not on individual nodes but on larger modules. While this might seem to offer a coarser granularity, it
paradoxically yields clearer and more concise guidance for our interventions and treatments.

Upon analyzing the control capacity of the modules, it is evident that there is a control relationship from non-emotional modules to
emotional modules within the psychopathology network. This is supported by the strong control phenomenon observed in both the AMCS
and ACF dimensions of module control. These findings are consistent with prior research demonstrating a link from stress and sleep problems
to anxiety and depression.’’"*? Interventions aimed at non-emotional modules may effectively improve the state of the emotional modules,
while the weak module control capacity of the emotional modules over non-emotional modules suggests that this process may be difficult
toreverse. Three symptoms, namely ISI4, PSS2, and PSS7, were observed to have the highest ACFin non-emotional modules and can be consid-
ered as the primary controlling symptoms of the network. ISI4, which measures how satisfied/dissatisfied with their current sleep pattern. This
means that the self-perception of sleep problems is the main controlling symptom in the sleep problem rather than a specific symptom (e.g.,
difficulty falling/staying asleep). As severe sleep problem can lead to emotional problem like depression and anxiety,”' psychological interven-
tions aimed at reversing subjective feelings and perceptions of sleep problems may be more effective than pharmacological interventions.”

In summary, we developed a new solution to study rampant comorbidity among discrete syndromes such as emotional and no-emotional
problems. The results of this study can inform the development of more effective interventions for mental health in different disease popu-
lation. It is noteworthy that the module control theory we propose is not exclusively for symptom networks but serves as a universal method
and framework within the complex network domain. Beyond its application to symptom networks, we are committed to applying it to a
broader array of real-world network systems.

Limitations of the study

Although module control offers potential benefits, it is crucial to acknowledge its limitations in real-world network applications. The applica-
bility of our findings is, indeed, nuanced by the characteristics of our sample population, selection of scales and alongside our methodological
assumption of similar MDSet weights. Varying combinations of inputs can result in different outcomes of the network construction, such as the
emergence or dissolution of edges, or fluctuations in weights. These network variations inherently will influence the constitution of MDSets,
hence the need for more effective network estimation methods that can fundamentally address the stability concerns in control theory. Mean-
while, module control methods should be further discussed in the context of other psychopathological approaches like phenomenological

455 28 to enhance its practical significance. The topological properties of networks

psychopathology and spatiotemporal psychopathology,
can help us understand the connections between symptoms while revealing entities of underlying mental illness in the human body. In addi-
tion to symptom-level analysis, joint analysis with neuroimaging data will also be an important direction in the future.

In future endeavors, we aim to moving beyond cross-sectional analyses to explore longitudinal data, as this approach is more consistent with
network theory's focus on within-person assumptions about disease etiology and treatment. Our current cross-sectional study lays the foundation
for future work. Combined with our study of dynamic network control,” the concept of module control can be expanded to understand how con-
trol power within a network changes and shifts over time, we can uncover novel insights into the disease’s trajectory. This approach will not only

enrich our comprehension of psychopathological mechanisms but also enhance the precision and effectiveness of psychosocial interventions.
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Further information and requests for resources should be directed to and will be fulfilled by the lead contact, Xizhe Zhang (zhangxizhe@njmu.
edu.cn).

Materials availability

The study did not generate new unique reagents.

Data and code availability
e Data: Data reported in this paper will be shared by the lead contact upon request.
e Code: All original code for this study are available in the GitHub public repository at https://github.com/network-control-lab/module-
control.
e Additional information: Any additional information required to reanalyze the data reported in this paper is available from the lead con-
tact upon request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Participants

A cross-sectional survey was conducted on first-year medical students at Nanjing Medical University from September 24th to September 28th,
2022. The study utilized an online questionnaire which was administered through the WeChat official account platform. College students were
notified by their school counselor-teachers that they would receive a link to the questionnaire program electronically and were asked to com-
plete these questionnaires within a time limit. Prior to completing the questionnaire, participants provided online informed consent and the
study was approved by the Biomedical Ethics Committee of Nanjing Medical University (2022793). Despite the short duration of data collec-
tion, a total of 2773 valid questionnaires were collected for analysis. Since the data collected were from freshmen, the age distribution range
was 15-24, with 18-20 accounting for more than 90%. The gender ratio of the subjects was 47.7% (male) and 52.3% (female). More than 95%
subjects were from Asia, and the proportion of subjects of Han nationality accounted for more than 90%.

Measures

The study employed various self-report questionnaires to measure the presence and severity of depressive, anxiety, insomnia, and stress
symptoms among the participants. The Patient Health Questionnaire 9 (PHQ-9) was utilized to assess depressive symptoms in the last two
weeks, with a total score ranging from 0 to 27."" Participants with a total score below 5 were considered as without depressive symptoms,
while those with scores between 5-9, 10-14, and greater than 14 were identified as with mild, moderate, and major depression, respectively.
The Generalized Anxiety Disorder-7 (GAD-7) was employed to evaluate anxiety symptoms in the last two weeks, with a total score range
between 0 and 27.% Participants with a total score below 5 were identified as without anxiety symptoms, while those with scores between
5-9, 10-13, and greater than 13 were classified as with mild, moderate, and severe anxiety, respectively. Furthermore, the Insomnia Severity
Index (IS]) was utilized to measure the severity of insomnia in the last two weeks, with a total score ranging from 0 to 28. Participants with a total
score of less than 8, 8-14, 15-21, and greater than 21 were defined as having no, mild, moderate, and severe insomnia, respectively.40 Finally,
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the Perceived Stress Scale 14 (PSS-14) was used to assess stress levels in the past month. The PSS-14 consists of 14 items on a 5-point scale,
with a total score range of 0 to 56. Participants with a total score below 29 were classified as having a normal level of perceived stress, while
those scoring between 29-42 and greater than 42 were identified as having moderate and severe levels of stress perception, respectively.*

In this study, we selected these scales for the following reasons: Firstly the data used in the study were from a large epidemiological survey
of mood symptoms in Chinese university students during the epidemic, the primary aim of this survey was to get a quick snapshot of the mood
and sleep status of university students in the context of the epidemic lockdown, so we used short screening scales; and secondly we chose the
scales on the basis of their relevance to psychopathological symptoms of the mood screen for depression and anxiety as well as the most at-
risk suicidal behaviors, and their widespread use in research and clinical settings.

METHOD DETAILS

Network estimation

We employed the Graphical LASSO method,’® a common approach for constructing symptom networks, to create a network based on in-
dividual item scores and their associations.'” The Graphical LASSO method estimates a Gaussian Graphical Model and applies regularization
through the use of the Least Absolute Shrinkage and Selection Operator (LASSO) and results in a sparse inverse covariance matrix. The LASSO
penalty (L1 penalty) helps to eliminate potential bias and create a sparse network, which has been widely used in psychological research.” The
mathematical formulation for this method is as follows"*:

K = argming (trSK — logdetK + «||K]|;)

Where K'is the sparse inverse covariance matrix to be estimated; S is the covariance matrix of the sample we used; ||K]|; is the sum of the
absolute values of off-diagonal coefficients of K; « is the sparsity parameter where we set @=0.05. The Graphical Lasso estimator is available
in Scikit-learn® and coded in Python.

In order to improve the accuracy of analysis, we absolutized the partial correlation coefficients in the inverse covariance matrix and set the
matrix diagonals to zero. This approach allows us to focus solely on the absolute association strength of the edges and ignore negative or
positive associations. Additionally, we only examined the strength of the association between different nodes, disregarding the association
with itself. Based on the preprocessed sparse inverse covariance matrix, we constructed the network. For any node pair (i, j), if the correspond-
ing element in the matrix was not zero, an edge was considered to exist between (i, j) and the weight of the edge was the value of the cor-
responding element in the matrix.

Module detection

The Louvain algorithm®' was adopted to reclassify the items into different modules, it is a disjoint module detection method based on modu-
larity. For a network, the modularity of its module represents the difference between the number of edges within the module and the number
of edges in a random case. The formula as follows®':

1 ki — k;
Q = %Z{AU — om }:|6(C,',Cj)

Ul

where Aj represents the weight of the edge between i and j, k; = >_A; is the sum of the weights of the edges belongs to node i, ¢; is the
J

community to which node i is assigned, 6(c;, ;) is 1if ¢; = ¢; and 0 otherwise, m = 3"A; represents the total weight of the network.
J
The Louvain algorithm maximizes the modularity Q by using a greedy strategy to find the best partition through iterations. Specifically, the
algorithm assigns a different module to each node of the network. By calculating the gain in modularity AQ, the algorithm selects a neigh-
boring module with the largest AQ >0 to join. This process is repeated until the modularity Q no longer changes. The gain in modularity AQ
can be represented mathematically as follows:

AQ = |Zintkin  (Stotrk 2 Sin (Y tot\? k| [k Y totk,
- 2m 2m 2m 2m 2m ~ [2m 2m?
where the >~ in represents the sum of the weights of the edges inside module ¢, Y tot represents the sum of the weights of the nodes in
module ¢, k; is the weights of the node i, k;, represents the sum of the weight of the edges from i to nodes in module c and m is the total

weight of the network. The algorithm subsequently merges all nodes that belong to the same module into a new node and repeats the first
step until the modularity Q no longer changes. This process continues until the final module assignment for each node is obtained.

Controllability of symptom network

Anetwork is controllable if it can be driven from any initial state to the desired state by inputting external control signals®” and the nodes used
to receive external signals are called driver nodes (Figure 1A). For a directed network with linear dynamic, the minimum driver nodes set can
be found through structural controllability to achieve control it."® For undirected networks, the dominating set theory can be used to find the
fewest driver nodes in the network.*® In this model, each driver node can control its links individually and can control neighboring nodes and
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itself (Figures 1B and 1D). Since the dominating set theory has proven effective for the majority of linear and nonlinear systems,” " it is
possible to disregard the influence of dynamics on network controllability and solely focus on the structural control of the network. For
the undirected symptom network we use, each edge can be considered as bi-directional and the network is structurally controllable by se-

lecting the nodes in an minimum dominating set (MDSet) as driver nodes.”

Minimum dominating set

For an undirected network G = (V, E), a subset of nodes DSV is defined as the dominating set if every node ne V is belongs to subset D or
connected to any node which belongs to subset D. In other words, the union set of the controlling areas of the dominating set will cover all the
nodes in the network (Figure 1C). By selecting the node in the dominating set as the driver node, the entire network can be driven.”” The
smallest size of dominating set of the network is called minimum dominating set (MDSet) whose control is sufficient to fully control the sys-
tem’s dynamics with the lowest control cost (Figure 1C).

We employed a brute-force search method to discover all MDSets. In the brute-force search processing, we began by searching for the
smallest possible MDSet size, i.e., a single node N; = {n;}, and checking if it can cover all nodes in the network. If it can, the MDSet size is 1, and
we proceed to try every single node N to determine all MDSets. If any N; fails to cover all nodes in the network, we attempt combinations of
two nodes N = {n;, ny}. If any N can cover all nodes in the network, the MDSet size is 2, and we try every possible N> to determine all MDSets.
If any N fails to cover all nodes in the network, we repeat the process until we find a node set N,,, that can serve as the MDSet for the network,
with m being the minimum size of the dominating nodes set. For each MDSet, its weight is defined as the sum of the weights of each domi-
nating node in this MDSet.

Module Control Network and control frequency

Consider an undirected network G = (V, E) with M modules, for a given MDSet MDS, the driver nodes in MDS normally lies in different mod-
ules (Figure 2C). The control areas of any driver node n represent as A,,, which is a node set include neighbors of n and itself (Figure 1B). For a
module m, we denote the driver nodes within the module as MDS,, = MDSNm, the control areas of module m can be represented as

ACn = |J A, which represent the union control areas of driver nodes in module m (Figure 2A).
ne MDS,,

The control areas AC,, of module m often expands to the nodes of other modules (Figure 2A). To analysis the control power from one
module to another, we present a novel metric, Module Control Strength (MCS). This metric quantifies the percentage of controlled nodes
in module m'’ that fall within the control areas AC,,, of module m (Figure 2B). For a given MDSet MDS, the MCS,, v from module m to module
m'’ can be represented by:

mcspes = ACn Vo]
i V|

Since there are numerous different MDSets may exist in the network (Figure 2D), the Average Module Control Strength (AMCS) is intro-
duced to account for all MDSets within a network:

MDS
AMCS,,, = Zwose2MCnni 0,1]
1D
where ® denote the set of all MDSets of a network. The AMCS measures the mean control strength from module m to m’ under all MDSets of
a network.

Based on the concept of AMCS, we have developed a novel module scale network, which we refer to as the Module Control Network
(MCN, Figure 2E). The nodes of the MCN correspond to the modules in the original network, while the edges weights depict the AMCS
that exist between these modules (Figure 2E). It is important to highlight that the control strength between two modules in a given MDSet,
represented as MCSy, v and MCSy m, is not symmetrical (Figure 2C). This asymmetry stems from the fact that the number of driver nodes
within each module may vary. Consequently, the MCN can be characterized as a directed network, allowing for a more comprehensive un-
derstanding of the control dynamics and relationships between modules in the network under investigation.

We also define the control frequency of each node within the module, which is considered as indicator of the node importance. The control
frequency of node n can be represented as

1 |®| |Di]
CF, = 5] > > Ine DJ-[n = Dy

~li= =
where [n € Dj] is the indicator function, which equals 1 if node nis present in D;and O otherwise. [n = Dj;] is another indicator function, which
equals 1 if element n is equal to the j-th element in set D; and 0 otherwise. Based on above definition, we can also compute the control fre-
quency of each module based on the driver nodes within it. Therefore, we propose the Average module Control Frequency (ACF) as another
indicator. For module C; with node set V¢, it can be represented as

j=
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By utilizing MCN and ACF we can assess the control capacity of each module, we applied it to a symptom network built from real-world
data and utilized this approach to identify the main controlling symptoms and items within the network.

Bootstrapping

For the non-parametric bootstrapping,®’ we randomly selected 80% of the full sample and re-estimated the network to calculate metrics,
including edge weights, MDSets size, and module numbers, etc. This process was repeated 1,000 times to obtain bootstrapping results
such as distribution, 95% confidence intervals, and mean values for each metric.

The case-dropping subset bootstrapping’® calculated the average correlation (also known as correlation stability coefficient, CS-C) be-
tween the metrics of the full sample network and the metrics of 1,000 bootstrapped networks. The sample size for constructing the bootstrap-
ped network was gradually reduced to observe the stability of CS-C (sampled size: 50%-90%, step: 10%). If the metrics of the network did not
change significantly after excluding part of the sample, the metrics could be considered stable. The CS-C represented the maximum propor-
tion of samples that could be removed, such that with 95% probability, the correlation between original centrality indices could reach at least
0.25 is generally preferred, with a value above 0.5 being optimal.*®

QUANTIFICATION AND STATISTICAL ANALYSIS
The degree centrality®® of node i measures the proportion of node that linked to all other nodes and it is determined by the number of neigh-

degree;
n—

bors connected to the node, represented as DC; = ., where nis the number of nodes in the network. The average strength of node i can

Ai .
be represented as AS; = %—C‘, where Y A, represents the total strength of node i.
Betweenness centrality®® and closeness centrality®® are both related to network shortest paths. The betweenness centrality of node i is

calculated as BC; = ) %(j), where ps(i) is the number of shortest paths between nodes s and t going through node i, and ps; is
s#iEten

the number of all shortest paths between nodes s and t. The closeness centrality of node i is represented as CC; = =] Z':’; . where d;
i

is the length of the shortest path between nodes i and j, and ris the number of nodes reachable from node .

Clustering coefficient®” and K-core®® are related to network structures. The Clustering Coefficient is calculated as CL; = %, where T;is
the number of triangles including node i and d; is the degree of node i. The K-core of a node corresponds to the largest subnet with a node
degree of K or greater. The core value of a node is the largest value K containing the node. All these indicators are provided by the networkx®’
and coded in Python.

In order to enhance the comparability of different network indices, we use z-score to standardize the above six indices and z-score can be
expressed as follows:

x—X
SD

where x represents the sample value to be normalised; X represents the mean value of all samples; SD represents the standard deviation of all

Z — score =

sample values.
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