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Abstract

The analysis of interactions among the human body’s multiple physiological systems using information technology has recently
emerged as a key focus in research. However, previous studies have typically treated each physiological system as a homoge-
neous entity, overlooking the fact that diverse physiological activities coexist even within individual systems. To overcome this
limitation, the present study introduces a ”physiological attribute network” framework. Using emotional stimuli-which elicit
a wide range of physiological responses-as a case example, this framework extracts distinct attributes from each physiological
signal to capture the heterogeneous physiological activities within individual systems, and enables network modeling at the
level of physiological attributes. Key findings from this study demonstrate that individual physiological activities exert distinct
and multifaceted influences both within and across physiological systems. Moreover, the study reveals dynamic synergistic and
inhibitory interactions among these activities, highlighting their complex interdependencies. Importantly, it also demonstrates
the adaptability of network topologies, which reconfigure in response to shifts in physiological states, such as emotional fluc-
tuations. In summary, this work provides a fine-grained analytical framework for investigating physiological activities at both

intra-and intersystem levels, offering significant potential to advance research in the fields of physiology and engineering.
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Abstract—The analysis of interactions among the human
body’s multiple physiological systems using information technol-
ogy has recently emerged as a key focus in research. However,
previous studies have typically treated each physiological system
as a homogeneous entity, overlooking the fact that diverse physi-
ological activities coexist even within individual systems. To over-
come this limitation, the present study introduces a “physiological
attribute network” framework. Using emotional stimuli—which
elicit a wide range of physiological responses—as a case example,
this framework extracts distinct attributes from each physiolog-
ical signal to capture the heterogeneous physiological activities
within individual systems, and enables network modeling at the
level of physiological attributes. Key findings from this study
demonstrate that individual physiological activities exert distinct
and multifaceted influences both within and across physiological
systems. Moreover, the study reveals dynamic synergistic and
inhibitory interactions among these activities, highlighting their
complex interdependencies. Importantly, it also demonstrates the
adaptability of network topologies, which reconfigure in response
to shifts in physiological states, such as emotional fluctuations. In
summary, this work provides a fine-grained analytical framework
for investigating physiological activities at both intra- and inter-
system levels, offering significant potential to advance research
in the fields of physiology and engineering.

Index Terms—Emotion, physiological attribute network, net-
work topology, inter- and intra- systems, non-Euclidean interac-
tion.

I. INTRODUCTION

HE human body is an extremely sophisticated and

highly developed biological system. These systems are
interdependent and dynamically interact, functioning as an
organic whole to play a crucial role in maintaining homeo-
static operations and ensuring the smooth functioning of vital
processes. Information science has increasingly emphasized
elucidation of cross-system interactions using physiological
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signals [1]], [2]]. Researchers have treated physiological signals
including electroencephalography (EEG), electrocardiography
(ECG), and electromyography (EMG) as distinct entities to
analyze their mutual connections [3]]. This emerging trend has
led to the “physiological network™ research paradigm, which
conceptualizes signals as interconnected nodes [2]. Within
this framework, network models are constructed by examining
patterns of association between nodes to offer a comprehensive
perspective on the dynamic interactions between multiple
systems [4f], [5]. Previous studies on applications across
sleep, movement, emotion, and other fields have demonstrated
the importance of investigating interactions between different
physiological systems under various states [[6]—[10].

However, this paradigm is not without its limitations. It
tends to neglect the significant diversity of activities that
occur within a single system. For example, when ECG sig-
nals are used as nodes in conventional network analyses,
the detailed waveform components corresponding to specific
cardiac events (e.g., P wave) remain indistinguishable at the
network level. Moreover, conventional methods fail to capture
opposing physiological functions encoded in ECG signals:
low-frequency bands reflect sympathetic nervous system ac-
tivity, while high-frequency bands correspond to parasym-
pathetic regulation. To address these methodological short-
comings, this study introduces the ‘“Physiological Attribute
Networks” (PANs) framework. Unlike traditional approaches,
this paradigm adopts a fine-grained perspective by extracting
heterogeneous physiological attribute features from each phys-
iological signal, thereby uncovering diverse activities within
the same system. By analyzing the relationships among these
attributes, it builds a comprehensive network which reveals
both internal interactions among multiple activities inter- and
intra- system interactions. By shifting the research focus from
macroscopic system-level analysis to fine-grained investigation
of diverse activities, this attribute-centric approach provides
a more nuanced and biologically plausible model of human
physiology.

It is widely recognized, distinct human emotions elicit
corresponding response sequences from various physiolog-
ical systems [9], [11], [12]]. In existing literature, the re-
search paradigm for emotion studies has shifted from in-
depth analysis of single physiological signals to comprehen-
sive exploration of multimodal physiological systems, with
researchers seeking to extract diverse features from differ-
ent physiological signals to precisely elucidate the intrinsic
variation mechanisms of physiological states. For instance,
Beatton et al. [13]] analyzed heart rate variability-related (HRV-
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related) features and identified critical correlations, such as
the negative relationship between certain frequency ratios and
positive emotions, offering new perspectives on the autonomic
nervous system’s regulation. This research finding provides a
novel perspective for understanding the relationship between
emotions and the autonomic nervous system. Duan et al. [[14]]
focused on EEG signals and found that differential entropy
and its combinations significantly outperformed traditional
energy spectrum features in emotion classification, with the
gamma band showing a particularly strong correlation with
emotional states. This discovery provides critical evidence
for emotion classification research based on EEG signals.
Brown et al. [[15] investigated the synergy between multiple
physiological indicators and subjective experiences, revealing
that the consistency among these indicators varies significantly
under different emotional intensities. This achievement facili-
tates an in-depth understanding of the physiological manifes-
tation characteristics of emotions at different intensity levels.
Wang et al. [16] combined multidimensional features from
EEG and HRV, demonstrating that fusing multimodal features
significantly improves classification accuracy and robustness
compared to the limited information provided by unimodal
signals. This research provides strong empirical support for
the application of multimodal physiological feature fusion in
emotion studies. However, existing multimodal physiological
feature processing approaches mainly fall into two categories:
screening emotion recognition-optimal features for targeted
investigation, and concatenating all feature vectors as a mul-
timodal fusion step prior to downstream recognition tasks.
Yet these methods neglect the inherent non-Euclidean con-
straint relationships among physiological features, hindering
the thorough revelation of complex interconnections between
physiological activities. This study has proposed PAN frame-
work enables in-depth exploration of physiological activity
interactions, opening new avenues for emotion research and
addressing the aforementioned gaps.

This study has investigated the nodes, edges, and global
topology of PANs under different emotional states, and ob-
tained the following findings.

(1). Physiological activities assume roles of varying sig-
nificance in the functioning of physiological mechanisms
across different emotional states. Notably, even within the
same physiological system, these activities exhibit marked
differences in their contributions. Furthermore, there is dual
variability in their functional manifestations; even for the
same physiological activity, distinct roles emerge both within
its own system and when it interacts with other systems.
Additionally, these roles are not static but can dynamically
change depending on an individual’s emotional state.

(2). For the first time, this study clearly demonstrates
two distinct types of interrelationships among physiological
activities, whether within a single system or across multiple
systems: synergistic and inhibitory effects. Even for the same
pair of activities, their synergistic and inhibitory effects are not
static, but rather exhibit dynamic changes. These effects may
even transition from synergistic to inhibitory or vice versa,
based on an individual’s emotion state.

(3). It observes differences in the overall topological struc-

tures of attribute networks across emotion states, indicating
that the collective behavior of all physiological activities
undergoes dynamic adjustment in response to changes in these
emotion states.

The construction of the four PANs for emotions, as well as
the changes in topology (including nodes, edges, and global
properties) across different emotional states, will be elaborated
in detail later in this paper.

II. METHOD AND MATERIALS
A. Physiological Attribute Extraction

The DEAP dataset [[17]], [[18] comprises multimodal phys-
iological signals collected from 32 physically and mentally
healthy participants, evenly divided between males and fe-
males. During the experiment, each of the 32 subjects was
required to view 40 videos, each lasting one minute, while
their physiological signals were recorded. It is important to
emphasize that the effectiveness of these videos in evoking
emotions was evaluated during the pre-evaluation phase of the
public experiment.

The physiological signals recorded in the DEAP dataset
include EEG signals collected by 32 electrodes placed in
accordance with the international 10-20 electrode placement
system, as well as a series of signals reflecting the activities
of other physiological systems: photoplethysmography (PPG),
trapezius electromyography (tEMG), zygomatic electromyo-
graphy (zEMG), temperature (TMP), respiration (RSP), and
galvanic skin response (GSR). Based on the pre-recorded
emotional experiment ratings in the DEAP dataset, the above
signal data were divided into four categories in this study,
namely high arousal-high valence (HAHV), high arousal-low
valence (HALV), low arousal-high valence (LAHV), and low
arousal-low valence (LALV). Then, four most representative
groups of signals corresponding to each emotion were selected
from the four emotional categories, which were combined as
the overall sample of this study (see Fig[l] left part). Existing
studies based on the DEAP dataset have confirmed that 12
specific EEG channels (T7, CP1, Oz, F8, FC6, FC2, Cz,
C4, T8, CP6, CP2, and PO4) have the strongest correlation
with the emotional processing of individuals. Meanwhile,
relevant studies [[19], [20] have shown that the HRV index
can be effectively characterized by virtue of the variability
characteristics exhibited in PPG signals. Therefore, this study
followed the conclusions of previous studies to extract signals
from the above 12 EEG channels and adopted PPG signals as
indicators for characterizing the activity of the HRV system.
Then comprehensive attribute extraction was performed on
these signals and the signals of the remaining peripheral
physiological systems, and the ReliefF algorithm was ap-
plied for attribute selection (see Fig[T} middle part). Finally,
the top 48 weighted multi-system attributes were selected.
After obtaining various physiological activity attributes of
the multimodal physiological systems, the Extended Bayesian
Information Criterion for graphic lasso (EBICglasso) method
was used in this study to construct four groups of PANs (see
Fig[l| right part, Fig[2h), and a comparative analysis of these
PANs was conducted at the global, edge and node levels (see
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Fig[l] right part), yielding promising results. Table 1 in the
Appendix elaborates on the specific information of these 48
attributes, and Table 2 briefly summarizes the physiological
significance of each attribute in emotional regulation.

B. Network Construction

The EBICglasso operator [21]] is an advanced technique for
estimating sparse networks on high-dimensional data, which
combines the glasso method for estimating sparse data and the
EBIC for model selection [22], [23]. This technique enables
the precise selection of optimal regularization parameters
to construct sparse, stable attribute networks. Technically,
EBICglasso is well-suited for the high-dimensional physiolog-
ical data in our research, which typically involve numerous
variables with complex collinearity. The glasso algorithm
addresses this issue via regularization-based maximum like-
lihood estimation, with its core objective function expressed
as follows:

Q= arggli%{tr(SQ) — logdet(Q) + X |||, } (1)
>

In the above formula, S %XTX is the sample co-
variance matrix. 2 is the precision matrix of X, which
X = [x1,22,...,7,)T is vector of observed data. tr(SQ)
is the trace of the matrix S€). A is a regularization pa-
rameter that controls the sparsity of the model. ||, is
the L1 norm of €2, the sum of the absolute values of all
elements. L1 regularization forces weak or redundant elements
in 2 to zero, retaining only statistically significant non-zero
elements—these correspond to edges between physiological
attributes in the network, reflecting conditional dependencies
(associations remaining after controlling for other attributes).
This sparsification reduces complexity and avoids obscuring
core patterns with noise associations, clarifying key physio-
logical interactions. The EBIC selects the optimal A [24]. It
adds a penalty for model complexity to the traditional BIC,
balancing fit and generalization for high-dimensional data:

EBIC())

—2l0gL(Q) + log(n) - df (\) + 4vlog(p) (2)
logL($Y) is the log-likelihood function. n is the number of
samples. df () is the degree of freedom of the model, i.e. the
number of non-zero elements. p is the number of variables.
n is the sample size. v is an adjustment parameter, usually
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taking a value of 0.5 or 1. When v = 0, EBIC degenerates
into BIC. For physiological data with limited samples and
individual variability, EBIC dynamically adjusts penalties to
avoid overfitting to noise or oversimplification, ensuring net-
work stability across samples. This study sets the v = 1 for
reducing false positive edges in the network and ensures the
network is accurate and reliable.

EBICglasso selects A and constructs networks via grid
search and preliminary estimation: Compute precision matri-
ces for predefined A values using glasso, generating candidate
network structures to accommodate diverse potential associ-
ations between physiological attributes. For each candidate
matrix, compute EBIC using df(\) and likelihood values.
The A minimizing EBIC is selected data-dependently, avoiding
subjective bias. The network is built from the precision matrix
v estimated with optimal )\, where non-zero elements represent
conditional dependencies. Four PANs constructed by this
process addresses high-dimensionality and sparsity, supporting
the subsequent edge accuracy and centrality robustness testing
in this study.

C. Network Comparison Test Analysis Method

The Network Comparison Test (NCT) is a statistical method
used to compare significant differences in global network
structures between different emotional states [25]]. The main
steps of NCT are as follows:

(1). Networks are built based on metrics such as correla-
tion or co-occurrence frequency. In this paper, networks are
constructed using correlation and the EBICglasso graphical
operator.

(2). Weights are assigned to each edge in the network.
For the weight analysis of PANS, this paper adopts the non-
parametric Spearman correlation coefficient which is suitable
for non-linear, non-normally distributed data, and can effec-
tively capture monotonic associations between physiological
attributes, which is more consistent with the complex charac-
teristics of physiological signals.

(3). Permutation tests or other statistical methods are used to
compare differences in edge weight distributions between two
groups of networks. In this paper, 500 sampling permutation
tests are performed using the bootstrapping to compare differ-
ences in weight distributions between networks. The algorithm



performs normalization on the input network data of each
group to ensure that edge weight comparisons are based on a
unified magnitude benchmark.

As the core statistical method for inferring the significance
of differences in NCT, bootstrapping permutation test works
by randomly rearranging data to construct a null hypothesis
distribution [26]], [27]. This method does not rely on the
distribution of data and is particularly applicable to data such
as network edge weights that may not conform to the normal
distribution.

D. Edge Analysis

The number of synergistic edges and inhibitory edges in
each emotional PAN was calculated in this study, while
the connections between nodes intra-system and those inter-
systems were statistically analyzed. Specifically, synergistic
edges and inhibitory edges were used to decompose the
functional attributes of edges. The number, density and dy-
namic changes of synergistic and inhibitory edges in intra-
system/inter-system contexts were statistically examined to an-
alyze differences in physiological interactions under emotional
stimuli.

In the edge analysis, pairwise comparisons of each emo-
tional network were conducted via NCT, and the network
connection edges with significant differences between various
emotions were identified to analyze the interaction differ-
ences among physiological attributes under different emotional
states. Like the global NCT comparison, Spearman’s correla-
tion coefficient was adopted to assign weights to individual
edge differences. This approach is well-suited to the non-
linear and non-normal characteristics of physiological signals,
enabling the capture of associations between edges. A total of
500 permutation tests were performed using the bootstrapping
to construct a null hypothesis distribution. The position of the
observed edge weight difference relative to the null distribution
was then compared to calculating the p value. To ensure
the stability and non-randomness of edge connections, 500
rounds of bootstrapping with replacement were employed to
verify the downsampled means of edge weights and their 95%
confidence intervals, thus guaranteeing the robustness of the
network edges.

E. Node Analysis

In this study, centrality analysis was adopted to explore
the roles of physiological attribute nodes in the network.
Global centrality reflects the role of physiological activities
in the interaction of overall attributes, while bridge centrality
characterizes the role of activities in the interaction across
cross-physiological systems [28].

Strength: This metric quantifies the activity of attribute
nodes from the perspectives of information transmission and
resource interaction. A higher strength value of a node indi-
cates that the activity represented by this node plays a more
important role in network connectivity. Specifically, the Global
Strength (G-Strength) reflects the activity level of the target
activity in the interactions within the entire PAN, while the
Bridge Strength (B-Strength) only represents the interaction

capacity of this activity with other activities across cross-
systems. The formula for Strength centrality is given by:

G-Strength; = Z |k 3)

o Z ‘kw|
In the formula, i denotes a specific activity node. |k;| rep-
resents the absolute value of the weight of edges directly
connected to node i in the calculation of G-Strength. In the
calculation of B-Strength, |k;,| denotes the absolute weight
of the connecting edge between different systems relative to
the target node i and |k;,,| denotes the absolute weight of the
connecting edge within the same system as the target node i.

Betweenness: This metric reflects the capacity of an activity
to control the information flow within the PAN, thereby
characterizing the efficiency of information transmission as-
sociated with the target activity. The Global Betweenness (G-
Betweenness) centrality reflects the information flow control
capacity of a node in the entire PAN, while the Bridge
Betweenness (B-Betweenness) centrality only represents the
information flow control capacity of a node across different
systems. The formula for Betweenness centrality after nor-
malization (to make the result < 1) is:

B-Strength; 4)
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For G-Betweenness, n’, represents the number of shortest
paths passing through the physiological activity node i and
connecting another two activity node s and t, gs; denotes
the total number of shortest paths connecting activities s and
t. And for B-Betweenness, 7’ , represents the number of
shortest paths that begin from and end to two nodes in the
systems different from node i and pass through node i. g5, ¢,
refers to the total number of shortest paths passing through
the activity node i and connecting another two activity nodes

s, and t, that belong to different systems from node i.
ExpectedInfluence: This metric quantifies the synergistic
and inhibitory relationships among activities, with simulta-
neous consideration of both positive and negative impacts
induced by node connections. The value close to zero indicates
that the target activity exerts a relatively balanced influence;
a positive value means the activity has a significant syner-
gistic effect, while a negative value implies that its dominant
effect is inhibitory. Similarly, the Global ExpectedInfluence
(G-ExpectedInfluence) reflects the synergistic and inhibitory
capacity of an activity in the entire network, and the Bridge
ExpectedInfluence (B-ExpectedInfluence) only characterizes
the synergistic and inhibitory capacity of a node across differ-

ent systems [23]]. The formula for ExpectedInfluence is:

G-EzxpectedIn fluence; = Z k; @)
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Consistent with Strength centrality, k; represents the weight
of the edge directly connected to node i. In bridge centrality
analysis, k;, denotes the weight of the connecting edge be-
tween different systems relative to the target node i and k;,
denotes the weight of the connecting edge within the same
system as the target node i.

III. RESULT
A. Network Comparison Test by Emotional States

The results of NCT indicated that all pairwise comparisons,
with the exception of direct comparison between HALV and
LAHYV, exhibited highly significant differences in overall net-
work connectivity (p value < 0.01). This finding underscores
the substantial impact of emotional state on topological con-
figuration of physiological activity, suggesting that different
emotions elicit distinct patterns of physiological integration.

Notably, while no significant differences were observed in
global network topology between HALV and LAHV, marked
variation emerged for specific connections. For instance, in-
teraction between EEG nodes E9 (sample entropy) and E5
(spectral power) demonstrated significant discrepancies, as did
connectivity patterns among peripheral physiological system
nodes, such as the D5 node of HRV system and the G8 node
of GSR system.

To ensure the reliability of these findings, robustness valida-
tion was conducted for both the network edges and nodes [29].
Bootstrap sampling was employed to evaluate the correlation
between the original sample and the results obtained from
data with missing values. Even with 50% of data missing,
the correlation between the centrality of the sampled points
and the original sample remained above 0.5 (Fig. [Jb)). This
finding satisfies the criteria for strong robustness [30], which
defines the correlation threshold as > (0.5 and sets a minimum
allowable threshold of no less than 0.25; a value below
this minimum threshold may suggest potential randomness
in network construction [31]. For edge robustness validation
(Fig. [2fc)), this study calculated the bootstrap mean and
confidence interval (CI) of edge weights through sampling.
These computed values were then compared with those of
the original weights (the sample). The results demonstrated
that correlation errors consistently remained within an ideal
range, thereby comprehensively validating both stability and
non-randomness in the network construction.

B. Network Edge Analysis Based on Different Emotional State

The primary focus of this study was to research the network
connectivity among each “physiological aggregated system”
— each of which also encompasses a range of physiological
activities (Fig.[3). Notably, the intra-system activity connection
density fluctuates consistently within the range of 0.70-0.74,
while edge density for inter-system connections ranges from
0.42-0.43 (Fig. [3[a)). Particularly noteworthy is the LALV
network, where the connection density drops to 0.37 — lower
than the density ratios observed in other emotional networks.
These findings indicate relatively low overall inter-system
connection densities. These inter-system edge densities also

exhibit considerably more variability across emotional states
than those intra-systems.

(1). Based on the data shown in the diagonal elements
(Fig. 3[b)), the edge density reaches its peak within the
circulatory system in HAHV. Conversely, in LAHYV, the ner-
vous system becomes the most interconnected, exhibiting the
highest edge density. Notably, in this state, TMP activity is
isolated from other systems, indicating relative autonomy of
the temperature regulation mechanism. Additionally, in HALV,
the edge density attains its maximum within the motor sys-
tem. Furthermore, internal connections demonstrate relatively
minor variation within both the GSR system and RSP system
across all four emotional states, suggesting a certain degree
of stability. Meanwhile, their edge densities are higher than
those observed within either the circulatory or nervous systems
with these stable patterns. (2). The off-diagonal elements
lead to several key findings (Fig. 3(b)). First, emotional state
exerts a stronger influence on inter-system than on intra-
system connections. To elucidate this finding, this study further
examined the relationship between the HRV system and RSP
system. The connections between these systems demonstrate
considerable variability across emotional states: in LALV, the
edge density between HRV and RSP was measured at only
0.34, markedly lower than the 0.45-0.50 recorded in the other
three states. Similarly, pronounced differences were observed
in edge density between the EEG system and GSR across
all four emotional states. Specifically, in LAHYV, this edge
density peaked at 0.59, while remaining relatively stable within
the range of 0.45-0.52 in the other three states. Furthermore,
distinct variations in inter-system connectivity were observed
under high valence versus low valence conditions. Notably,
under high valence, the edge densities between HRV and TMP
ranged from 0.63-0.67 — apparently higher those under low
valence conditions.

We also investigated the synergetic and inhibitory subnet-
works associated with various physiological activities (Fig.
Blc)). (1). intra-system synergetic subnetworks exhibited a
greater degree of development under different emotional states
than their inhibitory counterparts. Conversely, the progression
of synergetic and inhibitory subnetworks within inter-system
contexts was found to be nearly equivalent. In the syner-
gistic subnetwork, apparent variation was observed across
emotional states. For instance, the number of synergistic
connections in the E7 node fluctuates markedly with changes
in emotional state. Specifically, it exhibits the fewest intra-
system synergistic connections in LALV, and the most in
HAHV. Furthermore, the R6 node within the RSP system
also demonstrates considerable fluctuations in inter-system
synergistic effects, achieving its maximum level of synergistic
connections in HALV. Additionally, distinct emotional states
sometimes induce strong alterations in inhibitory subnetworks.
For example, in HALV, the G5 node exhibits five inhibitory
connections, whereas it possesses only one connection in
LALV. Furthermore, the G7 node within the GSR system
demonstrates twelve inhibitory connections in HALYV, but only
three in LALV and LAHV. (2). The relationships between syn-
ergistic and inhibitory subnetworks demonstrated both speci-
ficity and variability across emotional states. For instance, the
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Fig. 2. (a). Network visualization for the four emotional quadrants. Nodes represent physiological attributes from the six systems (color-coded); red edges
indicate synergistic correlations, while blue edges indicate inhibitory correlations. (b). Robustness of node global centrality and bridge centrality. The x-axis
represents the percentage of resampled data relative to the total original data; the y-axis represents the correlation between the resampled centrality metrics
and original centrality metrics. The correlation between the resampled centrality metrics and original metrics remained above 0.5 even with less than 50%
of the total original data, meeting the criterion for strong robustness (> 0.5). (c). Robustness of edge connectivity. The x-axis represents all correlative edge
weights in the network (ranging from -1 to 1), while the y-axis represents the edges present in the network (omitted in the figure). The average edge weights
derived from bootstrap downsampling (blue) showed substantial overlap with those from the original data (red); furthermore, the 95% confidence interval (CI,
orange shading) of the downsampled data was narrow, confirming highly stable edge weights and non-random network construction.

M1 node exhibits remarkably stable intra-system synergistic
or inhibitory activities across emotional conditions, in stark
contrast to other nodes, which display dynamic changes in
their connection patterns. Furthermore, D6 exhibits its max-
imum synergistic connections in HAHYV, while its inhibitory
connections increase in LALV. The fluctuations observed in
inhibitory connections for the E11 node are primarily driven
by the valence dimension, whereas those for the G7 node are
predominantly influenced by arousal.

Pairwise comparisons were conducted on the edges of
four distinct emotional networks (Fig. ). Among all network
comparisons, the most significant differences in edge counts
were found between the LALV and HALV networks, while the
HAHV and LAHV networks exhibited minimal differences.
(1). Across all network comparisons, disparities in edge counts
predominantly arose from intra-system rather than inter-system
connections. For instance, 22 edges exhibit intra-system differ-
ences between the LALV and HALV networks, compared to
only 13 edges showing inter-system differences. Even within
the HAHV and LAHV comparison — which displays the least
overall difference — 12 edges within each system still reveal
disparities. (2). The nervous system exhibited the largest dif-
ferences in edge count across all systems in pairwise compar-
isons between emotional networks. Furthermore, substantial
diversity was observed within these comparisons. For example,
when contrasting LALV with LAHV, as well as LALV with

HALY, the primary distinctions are evident in the connections
among the nodes which represent the spectrum distributions of
EEG signals (e.g., E1-E6). In contrast, differences primarily
arise in the nodes describing the entropy of EEG signals
during comparisons between HALV and HAHYV, as well as
between HAHV and LAHV. (3). Specific connections also
demonstrated characteristics unique to specific emotions. For
instance, the M4-M6 and DI1-G5 edges demonstrate differ-
ences exclusively in the network comparisons between HAHV
and LALV. Similarly, the D1-E2 and R2-R3 connections
reveal differences only when comparing HALV and LAHV.
Furthermore, the G9-R8 edge shows variation solely in the
comparison between HAHV and HALV.

C. Network Node Analysis Based on Different Emotional
States

Two primary methods were employed to characterize the
node’s properties. First, a global centrality metric was utilized
to assess their roles across the entire network (encompassing
all systems), intuitively indicating their core status within the
overall network structure [32]]. Second, a bridge centrality
metric was introduced, reflecting the interaction of one node
with those in other physiological systems. This approach
underscores the critical role these nodes play in facilitating
cross-system connections [33]. Building upon the previously
discussed centrality metrics, this study further introduced
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Fig. 3. (a). The bar charts display the total connection density (represented by the y-axis) and the total number of edges (indicated by the numbers above the
bars) within all physiological systems (left bars) and between all physiological systems (right bars) under the four emotional states. (b). In the heatmap, the
color intensity represents the magnitude of connection density, and the square size represents the magnitude of the number of edges. (c). Each bar is color-
coded to represent different connection types of individual nodes under each emotion: blue for intra-system synergistic connections, yellow for intra-system
inhibitory connections, green for inter-system synergistic connections, and orange for inter-system inhibitory connections. The x-axis indicates the cumulative
number of edges. Due to space limitations, the names of some intermediate nodes are omitted along the y-axis. The “global” section at the bottom further
calculates the total number of each connection type across all nodes in each emotional network.

refined measures to quantify node functions with enhanced
precision.

Through a more detailed examination of centrality for each
individual system, the following patterns can be discerned
(FigEka),(b)). (1). In each of the emotional states, physiologi-
cal activities linked to the nervous and motor systems exhibit
apparently lower B-Strength in comparison to other systems.
This may imply that these activities primarily fulfill crucial
roles within their native systems. Conversely, physiological
activities associated with TMP and the RSP system display
higher B-Strength, suggesting that these activities facilitate
cross-system information exchange. (2). The G-Betweenness

of each physiological system is generally higher than its
corresponding B-Betweenness, which indicates that physio-
logical activities within native systems tend to operate with
greater efficiency relative to those involved in cross-system
interaction. Additionally, apparent variation in B-Betweenness
is observed between emotional states. For instance, under
HAHYV, the B-Betweenness of EEG, HRV, GSR, and TMP
systems are lower than that under other emotional conditions.
Similarly, in HALV and LAHYV, GSR systems demonstrate
the highest B-Betweenness. Under LALV, in contrast, both
EEG and GSR exhibit the largest B-Betweenness. (3). Analysis
of ExpectedInfluence underscores the complexity of phys-
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iological activities involved in emotional regulation. Under
LALYV, the nervous system predominantly displays synergistic
effects, both within the overall network and across inter-
system connections (B-ExpectedInfluence > 0). In other emo-
tional states, in contrast — particularly in LAHV, where B-
ExpectedInfluence < 0, inter-system connections tend to show
more inhibitory effects. Nevertheless, nodes within the nervous
system continue to primarily demonstrate synergistic effects
within the overall network (ExpectedInfluence > 0.3).

After analyzing centrality of individual systems level, the re-
search subsequently explored the physiological activity levels
represented by the nodes (Fig. Ekc),(d)). (1). Strength presents
a wide range of diverse patterns that can be systematically
categorized and analyzed. Certain nodes, such as D9, exhibit
dominance within their internal system structure, but weak
external importance. Some, like E5 and E6, display distinct
differences in their two types of Strength response patterns,
with their B-Strength surging to over 10 under in LALYV, appar-
ently higher than in other emotional states; nevertheless, their
G-Strength is the smallest here among all emotional states. The
node behavior is variable, however, and other nodes demon-
strate relatively stable G-Strength responses across emotional

contexts. Certain nodes, exemplified by M3, show remarkable
stability across emotions. (2). HRV nodes, including D2 and
D7, maintain nearly constant G-Strength across emotional
states, reflecting relative homeostasis within the cardiovascular
system. Despite these general patterns, however, notable ex-
ceptions also exist. For instance, D1 exhibits considerable vari-
ability across the four emotional states (i.e., variance = 0.23),
apparently higher than other HRV nodes. In LALYV, it displays
both the lowest G-Strength (i.e., value = 1.34) and peak B-
Strength (i.e., value = 11.82). Furthermore, D9, D10, and D11
exhibit relatively low G-Strength, but considerable variation in
B-Strength across emotional contexts. Finally, the centrality
characteristics of nodes within the peripheral physiological
system show variability. G4 demonstrates high B-Strength
(i.e., average value = 11.29) with minimal variation, while G2
has an average B-Strength of 6.52, with values of 8.16 and 5.33
under LALV and LAHYV, respectively. (3). The nodes exhibit
diverse characteristics across different emotional states for the
G-Betweenness and B-Betweenness metrics. Certain nodes,
such as D3, D7, and M5, demonstrate a consistent lack of G-
Betweenness and B-Betweenness functionality; additionally,
D10 is notable for its absence of B-Betweenness. Furthermore,



both G-Betweenness and B-Betweenness reveal specificity
contingent upon the emotional state. For instance, D2 and
T2 possess B-Betweenness exclusively in HALV, while M2
only exhibits G-Betweenness functionality in LALV (But its
G-Betweenness still remains very low). Finally, the nodes with
the highest G-Betweenness and B-Betweenness values differ
across various emotional states. In HAHYV, for example, nodes
M3, G9, and R4 are predominant, while HALV primarily
relies on E10 and G4, LAHV is chiefly dependent on D9,
and LALV is predominantly influenced by E5 and G4. (4). G-
ExpectedInfluence and B-ExpectedInfluence reveal the distinct
roles that nodes play within the overall network and across sys-
tems, particularly regarding effect polarity. Differentiation in
node effect polarity is observed in the cardiovascular system:
D1 exhibits an inhibitory effect within the overall network,
with an average ExpectedInfluence of -0.79 across all four
emotional states, yet also strong synergistic effects in cross-
system connections, averaging 3.89 for B-ExpectedInfluence.
In contrast, Nodes D2, D3, and D4, in contrast, display syner-
gistic effects within the overall network, with respective mean
ExpectedInfluence values of 1.15, 1.09, and 0.71, but strong
cross-system inhibitory effects, averaging -3.91, -3.77, and
-4.71 for B-ExpectedInfluence. Furthermore, certain nodes,
such as D5 and D6, demonstrate reversals in their Expecte-
dInfluence polarity during emotional transitions; for instance,
D5 inhibits network activity under HAHV and LAHV con-
ditions, but shifts to a synergistic role in HALV and LALV.
This dynamic behavior is not exclusive to the cardiovascular
system. For example, E8 also displays inhibitory cross-system
effects in HALV and LALYV, but transitions to a synergistic
role under HAHV and LAHY, as its B-ExpectedInfluence.

IV. DISCUSSION
A. Total Differences between Networks

Initial network comparison tests were conducted to uncover
the topological disparities in PAN across diverse emotional
states. Specifically, in high-arousal contexts, a distinct pattern
of highly efficient connectivity becomes evident, with inter-
system connection densities ranging between 0.42 and 0.43.
Notably, HRV system and RSP system demonstrate significant
reinforcement in inter-system links, which is likely due to
the heightened excitability of the sympathetic nervous system,
which orchestrates synchronous activation of the heart rate
and respiration. This synchronization consistent with arousal-
dependent modulation of thalamo-cortical interaction [34].
Conversely, LALV is marked by modular isolation, includ-
ing the lowest observed inter-system connection density of
0.37. The only fundamental synergistic interactions this state
preserves are between TMP system and RSP system. This
result may stem from the energy conservation response of the
parasympathetic nervous system, which minimizes redundant
connections.

Concurrently, EEG data reveal a high degree of inter-
nal physiological coordination within the brain, potentially
contributing to the modular isolation observed in this emo-
tional state. Interestingly, despite the absence of significant
differences in global network topology between HALV and

LAHV (p value > 0.05), pronounced discrepancies in edge
connections emerge between physiological activities. These
discrepancies involve EEG sample entropy, spectral energy
nodes, and peripheral systems (e.g., DS and G8), indicating
that emotional transitions induce precise modifications in the
correlations between physiological activities, which is consis-
tent with the distinction between emotional states, concepts,
and experiences [35]]. Moreover, emotion-specific differential
edges within each network provide further insight into this
precise regulatory mechanism. For instance, the G9-R8 edge
exhibits variation exclusively between HAHV with HALYV,
serving as a biomarker to differentiate positive from negative
high-arousal emotions. Similarly, the D1-G5 edge displays
significant differences only between HAHV and LALV, un-
derscoring cooperative activation within the cardiovascular-
sweat gland system during HAHV - a collaboration notably
absents in LALV — thereby further substantiating the modular
isolation attribute of LALV. These findings align with and
extend observations made in previous studies, offering a more
nuanced understanding of the influence of emotional state on
the topological structure of PAN.

B. Synergetic and Inhibitory Networks

This study innovatively investigates synergetic and in-
hibitory networks across physiological activities. A signifi-
cant finding is that within individual physiological systems,
synergetic networks predominantly outnumber inhibitory one.
This general tendency towards mutual cooperation likely arises
from the relatively low heterogeneity among physiological
activities within the same system. Such environments inher-
ently promote synergetic interaction, as physiological activities
within a single system typically share similar functional objec-
tives and regulatory mechanisms. When the analysis extends
to connections between systems, however, a more balanced
distribution of synergetic and inhibitory links becomes appar-
ent, reflecting the increased heterogeneity and complexity of
interactions between systems, each characterized by its unique
set of physiological functions and regulatory pathways. This
heightened complexity necessitates a more nuanced interplay
between synergy and inhibition to sustain overall homeostasis.
A particular notable finding pertains to the enhancement of
cross-system inhibitory connections in EEG signals during
high-arousal states, as compared to low-arousal states. This
phenomenon plays a crucial role in filtering out irrelevant
physiological activities, thereby facilitating more focused and
efficient engagement in emotional processing tasks [36]], [37].
Such refinement of physiological responses is essential for
adaptation to the increased demands associated with high-
arousal situations. Within the nervous system itself, apparent
variation in synergistic and inhibitory tendencies is observed
between physiological activities. For instance, EEG sample
entropy is primarily associated with cross-system inhibition,
indicating its function in regulating and synchronizing activi-
ties across peripheral nervous systems.

Conversely, power spectrum analysis reveals a greater in-
clination towards cooperation within the same physiological
system, particularly under LALV. In this context, positive
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Fig. 5. The line chart uses different colors to denote different emotional states. For space efficiency, the names of intermediate nodes are omitted every
three nodes along the y-axis. (a). Average global centrality of physiological activities represented by each physiological system. (b). Average bridge centrality
of physiological activities represented by each physiological system. (c). Global centrality at the physiological activity level. (d). Bridge centrality at the

physiological activity level.

intra-system correlations of spectral attributes establish a
foundation for functional integration across brain regions,
thereby promoting coherent cognitive and emotional responses
[38]. In physiological systems such as HRV system, intra-
system cooperation is essential for maintaining cardiovascular
homeostasis, consistent with established norms and metrics
of HRV [39]. Concurrently, cross-system inhibition, mediated
by the parasympathetic nervous system, serves to mitigate ex-
cessive peripheral variation, thereby preventing physiological
overload. This mechanism aligns with the principle proposed
in psychological research of reducing physiological variation
errors, and resonates with the free-energy principle [40], which
emphasizes minimization of prediction errors in biological
systems [41]].

Our findings highlight the dual role of specific physiological
activities—e.g., node D1 in the HRV system. Within its own
system, D1 acts primarily as an inhibitory internal regulator
for cardiovascular stability, yet collaborates across systems to
facilitate cross-system communication and coordination. This
versatility underscores that physiological activities may adopt
distinct roles based on contextual factors and physiological
state.

C. Centrality Analysis of Networks

Moreover, this study employs centrality analysis as a robust
methodological framework to dissect and elucidate the distinct
roles of physiological activities. Below is a more refined
and logically structured explanation, incorporating insights
from the provided documents [23]], [28]]. (1). We meticulously
examine two sub-indices of Strength(i.e., B-Strength and G-
Strength), revealing pronounced functional differentiation be-
tween physiological activities. Specifically, those tied to TMP
and RSP rate exhibit markedly higher B-Strength, suggesting
their pivotal role as conduits for seamless interaction across
diverse systems [42]]. In contrast, EEG and EMG signals
demonstrate broader global significance, reflecting their ex-
tensive involvement in regulation and coordination of different
physiological processes, including functional integration sim-
ilar to that observed in default mode network dynamics [43]].
Additionally, under LALV, while the G-Strength of node D1 in
HRYV system declines, its B-Strength increases, underscoring
the necessity of examining constituent physiological activities
within a single system at a finer level of detail. This approach
reveals the rich diversity of roles these activities play. (2).
Betweenness serves as a critical metric to elucidate the work



efficiency of each node or physiological activity within the
network, underscoring its intermediary role in information
transmission and system integration. In HAHYV, the integration
and processing of emotional responses heavily depend on
EMG and RSP patterns, highlighting their essential functions.
Conversely, in HALV and LAHV, GSR system predominantly
facilitates multi-system integration. Narrowing the research
focus further reveals a rich diversity in work efficiency among
physiological activities. Specifically, in HALYV, the two types of
Betweenness centrality of the E10 node apparently increases,
representing sample entropy in the EEG gamma band, indicat-
ing its heightened efficiency in information transmission across
brain regions or physiological systems. In contrast, within the
GSR system in HALV, nodes G5 and G6 primarily function
as cross-system intermediaries which excel at information ex-
change between GSR system and other physiological systems.
However, nodes G7 and G8 within GSR system do not demon-
strate enhanced processing efficiency but rather exhibit rela-
tively independent operation in HALV. (3). ExpectedInfluence
quantifies the combination of synergistic and inhibitory effects.
At the system level, the B-ExpectedInfluence of EEG signals
not only exhibit polarity changes, but also quantifies the
intensity of central regulation. For instance, the absolute value
of negative G-ExpectedInfluence in high-arousal emotions is
strongly greater than the positive G-ExpectedInfluence value
in LALV, reflecting the intensity difference between strong
central inhibition of irrelevant signals and weak cooperation
during low arousal. At the node level, the positive intra-system
G-ExpectedInfluence values of nodes E1-E6 in EEG signals
are strongly higher than their negative cross-system values,
reflecting the ratio of cooperation among brain regions to
the intensity of peripheral filtering. The negative cross-system
G-ExpectedInfluence value of HRV increases with height-
ened emotional arousal, reflecting changes in the intensity of
parasympathetic nervous system inhibition on peripheral vari-
ation, which is consistent with meta-analytic findings linking
HRYV to neurophysiological markers of stress [44]. At the node
level, the distinction for D1 in HRV system between negative
intra-system G-ExpectedInfluence and positive cross-system
G-ExpectedInfluence encapsulates the comparison between
parasympathetic and sympathetic regulation of the heart rate.

D. Limitations and Future Directions

This study has the following limitations, which could be
addressed in future work: (1). Building on research linking
resting-state connectivity abnormalities to major depressive
disorder and efforts to define circuit-based biotypes for mood
disorders [40]], [45]]. future work should leverage network
analysis to identify disease-specific biomarkers by longitudi-
nally comparing PANs in pathological versus healthy states.
(2). One limitation of the current model is its reliance on
undirected graphs, which capture statistical associations but
not causality. Future studies with directed networks and di-
rectional weights could quantify causal influences, enhancing
analytical depth, and refining understanding of physiological
interactions. Additionally, non-invasive brain stimulation could
be employed to validate the causal relationships inferred from

these networks [46], paving the way for targeted therapeutic
modulation of physiological interactions. (3).This study does
not involve individual-level network research, and future stud-
ies can further refine the analysis of individual-level PANSs.

V. CONCLUSION

In summary, our study proposes a novel PAN framework
to address the limitation of traditional physiological network
analysis that neglects heterogeneous intra-system activities. By
extracting emotion-sensitive physiological attributes from six
types of signals, the framework enables fine-grained analysis
of intra- and inter-system interactions. Key findings reveal
that physiological activities exhibit diverse and state-dependent
roles, dynamic synergistic/inhibitory interactions, and adaptive
network topology variations across four emotional states.
Network comparison and centrality analyses validate the
framework’s robustness and uncover system-specific interac-
tion patterns. This work pioneers topological characterization
of physiological attributes, offering a new perspective for
physiology and disease research. It holds promise for clinical
applications in diagnosis and health management, while future
directions include extending to clinical populations, integrating
multi-modal data, and developing directed network models to
explore causal relationships.
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