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Purpose: To predict the occurrence of sleeping disorders (SD) in patients with mild traumatic brain injury (mTBI) 3 months after
injury.

Methods: This study recruited a total of 232 patients with mTBI and underwent a three-month follow-up period. Demographic
information, MRI images, and inflammatory factor levels were collected one month after injury and PSQI (Pittsburgh Sleep Quality
Index) scores were collected three times respectively on admission, 1 month and 3 months after injury. These mTBI patients were
divided into those with SD group (mTBI-SD, n=130) and without SD group (mTBI-ND, n=85) based on PSQI score three months after
injury. Differential indicators were used to construct univariate and multivariate logistic regression models, and receiver operating
characteristic (ROC) curves were plotted. Pearson correlation analysis was conducted to explore the relationship between the
differential indicators and PSQI scores.

Results: Compared to the mTBI-ND group, patients in the mTBI-SD group exhibited lower levels of OLF.L nodal efficiency, ACG.L
nodal efficiency, rich-club connection strength, and feeder connection strength, as well as higher levels of IL-8, IL-10, and TNF-a. In
the univariate logistic regression model, OLF.L, ACG.L, rich-club connection strength, IL-8, and TNF-awere identified as risk factors
for the occurrence of SD three months after injury. Their Area Under the Curve (AUC) values were 0.669, 0.589, 0.672, 0.649, and
0.709, respectively. Among them, OLF.L nodal efficiency (78.80%) and rich-club connection strength (76.50%) exhibited higher
specificity, while TNF-a (73.82%) demonstrated higher sensitivity. According to the multivariate regression results, the combined
model constructed had an ROC-AUC of 0.809, with an accuracy of 75.35%, a sensitivity of 74.62%, and a specificity of 76.47%. The
correlation results indicate that OLF.L nodal efficiency, rich-club connection strength and TNF-a are significantly correlated with PSQI
scores three months after injury (rorpr=—0.461, ryichclup =0.563, rrnE.=0.538).

Conclusion: The logistic regression model and ROC curve based on OLF.L nodal efficiency, rich-club connection strength and TNF-o
can effectively predict the occurrence of SD in mTBI patients 3 months after injury.
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Introduction

Mild traumatic brain injury (mTBI) encompasses minor brain damage induced by external forces, commonly presenting
as transient loss of consciousness, headaches, and cognitive impairments. The long-term ramifications may include
notable alterations in neurological function and mental well-being.! Sleeping disorders(SD), the most prevalent sequelae
after mTBI, are distinguished by their brief prodromal phase, high incidence, and a tendency towards neglect. These
features frequently contribute to adverse prognoses in mTBI patients and may even precipitate the onset of other more
severe disorders.”” Despite ongoing research endeavors aimed at constructing predictive models for sleep disturbances

following mTBI, the predictive power of these models remains inadequate.
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Recent advances in diffusion tensor imaging (DTI), which assesses white matter (WM) structural integrity by tracking
water molecule diffusion, have established WM network topology as a novel paradigm in neuroscience. This approach
models the brain as a structural network where cortical regions are defined as nodes and WM fiber bundles are defined as
edges, elucidating principles of connectivity organization.* Graph theory quantifies topological properties at global- and
nodal-levels. Small-world properties belongs to global properties, while nodes of brain region show different character-
istics by nodal efficiency and degree. Networks can be subdivided into three hierarchical subclasses based on the nodal
degree: rich-club connections (strongest hub-to-hub links enabling global integration), feeder connections (moderate hub-
to-non-hub links), and local connections (weak non-hub links maintaining regional segregation).” This framework
balances macroscopic network features (eg, efficiency) and microscopic behavioral correlates, with applications extend-
ing to robustness analysis in social networks.®” However, while DTI-based studies reveal altered WM topology in mTBI-
SD,* ' structural networks offer limited predictive power for dynamic progression. DTI provides static, macro-scale
snapshots of WM integrity but fails to capture latent pathological dynamics. Thus, identifying trajectory-sensitive
biomarkers remains critical to characterize WM degeneration mechanisms in mTBI-SD.

The complexity of mTBI lies not only in acute-phase mechanical damage but also in persistent biological injury
mechanisms during the chronic phase. Studies reveal that inflammatory cytokines such as IL-8, IL-9, IL-10, IL-17A,
MCP-1, and TNF-o remain significantly elevated in mTBI patients up to one year post-injury.'" These cytokines drive
white matter pathology by activating neuroinflammation, inducing oligodendrocyte apoptosis, and disrupting the blood-
brain barrier, ultimately leading to white matter demyelination and axonal dysfunction.'? For instance, TNF-a inhibits the
differentiation of oligodendrocyte precursor cells critical for myelin repair, while elevated IL-8 levels correlate directly
with DTI-derived parameter deterioration in key white matter tracts like the corpus callosum.'® This chronic inflamma-
tory state persistently disrupts neuron-glia network functionality, causing hallmark cognitive impairments such as slowed
information processing, thereby serving as a central driver of long-term mTBI sequelae.'* Unlike acute-phase white
matter injury, which is modulated by multi-stress interactions (eg, mechanical compression and systemic stress
responses), chronic-phase inflammatory factors (eg, IL-8, MCP-1) dominate progressive white matter degeneration and
exhibit predictive power for disease progression.'>'® To address the limitations of relying solely on static structural
network metrics (eg, DTI-based connectivity), integrating inflammatory biomarkers (dynamic indicators of pathological
trajectories) with white matter network parameters (static markers of regional integration, such as rich-club connectivity)
offers a multimodal approach to enhance predictive accuracy for SD. This strategy not only advances mechanistic
insights into chronic injury pathways but also identifies novel therapeutic targets for neuroinflammation, bridging gaps in
conventional structural network analyses.

To mitigate the impact of lesions on DTI data analysis and the unstable fluctuations in inflammatory factors levels
during the acute phase, based on the feasibility of the 3-month model analysis proposed by Suzana Djukic and Joy Noelle
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this study, for the first time, explores the potential correlation between the levels of two parameters at 1
month after injury and the occurrence of SD 3 months after injury. It evaluates their individual and combined predictive
value and analyzes the relationship between the topology of inflammatory factors and WM structural network and
clinically relevant indicators of SD. The findings of this study aim to provide a basis for guiding the clinical diagnosis,

treatment, and prevention of mTBI-SD.

Method

Guided by the latest version of the Helsinki Declaration, this study was approved by the Ethics Committee of Zhenjiang
First People’s Hospital. All participants provided written consent after receiving a complete and detailed description of
the study.

Participants

The study recruited patients with first-episode traumatic brain injury (TBI) who visited the outpatient or emergency
departments of Zhenjiang First People’s Hospital between January 2021 and June 2022. The inclusion criteria were as
follows: (1) The Glasgow Coma Scale (GCS) score >13 at admission,” Marshall CT classification of Grade I or II, and
duration of coma <30 minutes;*® (2) Age between 18 and 40 years, regardless of gender; (3) Daytime workers. The
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exclusion criteria included: (1) History of previous brain injury; (2) History of psychotic symptoms caused by medication
or organic diseases; (3) History of other previous or current diseases affecting brain function and structure (eg Depression
Parkinson’s, anxiety, PTSD, etc); (4) History of sleeping disorders (PSQI score >8) or history of using sleep-related
medications;'® (5) Presence of MRI contraindications (eg cardiac pacemaker, artificial valve replacement, ferromagnetic
vascular clips, metallic foreign bodies in the eyeball, high fever, pregnant within the first three months of pregnancy). All
subjects were followed up at 1 month and 3 months after injury.

Ultimately, a total of 232 patients with first-episode mild TBI (mTBI) who met the inclusion and exclusion criteria
were enrolled. Baseline data were collected from these 232 subjects, including age, gender, BMI, cause of mTBI,
smoking, alcohol, previous PSQI scores before injury, GCS scores at admission, and Marshall CT classification, and were
recorded for analysis. To avoid the acute abnormalities of numerous biomarkers in the short period after injury and the
errors introduced by intracranial hematoma in brain network analysis (which differ from the stable state in the subacute
and chronic phases), we chose to collect inflammatory cytokine levels and conduct brain DTI data scans one month after
injury. This approach also avoided the differences in mTBI interventions across different medical environments and
individual differences in recovery capacity. Three months after injury, all subjects were assessed for sleep quality via
telephone or email. During the follow-up period, 17 subjects were excluded, including 4 with secondary injuries, 4 who
took medication on their own, 6 who were lost to follow-up, and 3 whose image showed the bad MRI data quality.
Therefore, the final number of mTBI patients included in the study was 215.

Based on whether the PSQI score 3 months after injury was more than or equal to 8, the 215 subjects were divided
into two groups: the mTBI-SD group (130 subjects with sleeping disorders after mild traumatic brain injury) and the
mTBI-ND group (85 subjects without sleeping disorders after mild traumatic brain injury). Specifically, the PSQI score
in the mTBI-SD group was >8.

Measure and Evaluation

Assessment of Sleep Quality

All patients and normal controls were taken the PSQI test to assess their sleeping quality and future diagnose of SD.
PSQI is a tool employed to evaluate sleep quality over the preceding month. It encompasses 19 items across seven
categories: subjective sleep quality, sleep latency, sleep duration, habitual sleep efficiency, sleep disturbances, use of
sleeping medications, and daytime dysfunction, with each item scored between 0 and 3. The cumulative PSQI ranges
from 0 to 21, where higher scores signify poorer sleep quality. Generally, scores exceeding 5 are regarded as indicative of
poor self-reported sleep quality.'®

Diffusion MRI Acquisition and Preprocessing

All patients and normal controls underwent magnetic resonance (MR) scanning one month after injury using a 3.0
Tesla Siemens Tim Trio MRI scanner equipped with an 8-channel head coil. During the scan, subjects were placed
in the supine position with their heads fixed, remaining awake and with their eyes closed. Padding and headphones
were used to minimize head movement and scanner noise. The procedure began with three-plane localization,
followed by axial T1-weighted imaging (T1WI) with the following parameters: repetition time (TR)/echo time (TE)
= 580 ms/18 ms, T1 = 2400 ms, field of view (FOV) = 240 mm, slice thickness = 5 mm, slice gap = 1 mm, and 20
slices acquired in total, covering the entire brain. After completion, structural images were visually and rapidly
screened by a radiologist with 10 years of experience to initially exclude cases with obvious intracranial organic
lesions (none were found in this study). Following the routine three-plane localization, diffusion-weighted echo-
planar imaging (DW-EPI) was employed for oblique-axial diffusion tensor imaging (DTI) scanning with the anterior
and posterior commissural line as the scanning baseline. Scanning parameters were: TR = 10,000 ms, TE = 76 ms,
FOV = 320 mm, matrix = 128x128, number of excitations (NEX) = 1. The scanning range was from the vertex to
the foramen magnum, with a slice thickness of 2.5 mm, no gap, and 60 slices acquired in total. Diffusion-sensitizing
gradients were applied along 64 different nonlinear directions at b-values of 0 and 1000 s/mm?2. The raw DTI image
files were transferred from the MR scanner to a computer and saved using an eFilm workstation. All MR image
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acquisitions were performed by trained and dedicated technicians on the same MR scanner. T1-weighted and DTI
data were collected for all participants.

The preprocessing of DTI data involves data quality checks, correction of image distortions caused by eddy currents
and head motion, skull stripping, and calculation of diffusion metrics. Data quality checks are conducted by a radiologist
with 10 years of extensive experience. Skull stripping is performed using the BET toolbox in FSL 5.0. Correction for
eddy currents and head motion, as well as the calculation of diffusion metrics, are completed within the FMRIB
Diffusion Toolbox in FSL 6.0.7.13 (following the latest protocols). Quality control is carried out through visual
inspection and verification for outliers.

Network Construction

Nodes and edges are the two fundamental elements of a network. In this study, we constructed the WM structural
network for each individual using definitions of network nodes, WM fiber imaging, and network edges. The brain was
divided into 90 regions of interest (ROIs) according to the Automated Anatomical Labeling (AAL) 90 brain atlas, with
each ROI defining a node in the network.?' The brain segmentation procedure was performed using the SPM12 software
package. Deterministic fiber tractography was conducted using the Diffusion Toolkit software. Fiber tractography was
initiated by identifying the principal diffusion direction in each voxel of the brain to obtain whole-brain fiber bundle
imaging. Fiber tracking was stopped if the turning angle was greater than 45°r if the fractional anisotropy (FA) value
was less than 0.2. To reduce the potential noise influence on the false connections generated by the whole-brain
tractography, only WM connections between nodes are adopted when the fiber number (FN) is greater than 3. The
edge weights (Wij) are calculated as the product of FN and the average FA along the fiber bundle between the pair of
interest regions, W;j; = FNj; X FA;;. Based on the above steps, a 90x90 WM connectivity matrix was constructed for each
subject.”’ The workflow for constructing the WM structural network is shown in Figure 1.

Graph Theory Analysis

To better assess changes in brain networks, we analyze them from both global and nodal perspectives. Global
parameters in this study mainly discuss: global efficiency, characteristic path length, clustering coefficient and small
worldness, which also belong to small world attributes.** Nodal parameters in this study focus on nodal efficiency and
degree.”® Based on the classification of nodal degree, three types of subnet connections can be identified: rich-club
connections between rich club nodes (the top 15% of the nodal degrees in 90 brain regions), feeder connections
between rich-club and non-rich club nodes, and local connections between non-rich club nodes.* The rich-club
phenomenon serves as the basis for information integration and segregation in the human brain, emphasizing the role
of core brain regions within the network. Feeder connections are responsible for transmitting information from non-
rich club nodes to the rich club, establishing a hierarchical “local-to-global” transmission pathway. Local connections
represent direct links between non-rich club nodes, maintaining basic connectivity in local regions.?> The calculation
methods for the three connection strengths are the average of all connections in their corresponding subnetworks.
Detailed calculation methods and definitions for these parameters are provided in Supplementary Table 1. All
topological calculations were performed using the MATLAB toolbox “GRETNA” and visualized with the BrainNet
Viewer toolbox.*®

Measurement of Inflammatory Factors

During the follow-up visit 1| month after injury, after fasting overnight, fasting blood samples (5 mL of venous blood)
were collected in the morning without anticoagulation. The samples were allowed to sit naturally for 30 minutes and
then centrifuged at 3000 revolutions per minute for 10 minutes. The supernatants were collected and stored at —20°C.
ELISA was used to measure the levels of IL-8, IL-9, IL-10, IL-17A, MCP-1 and TNF-oaccording to the instructions
provided in the ELISA kits. To minimize analytical variability, all samples were analyzed in duplicate on the
same day in a random order by a technician blinded to the clinical diagnoses; the intra-assay coefficient of variation
was <5%.’
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Figure | The flow chart. (A-F) Data process: Individual brain structural spatial registration was performed using T |-weighted images and the ICBM152 standard template, with
preprocessing steps (eg, denoising, motion correction, brain region segmentation) to standardize structural data. Based on DTI tractography, white matter fiber connections were
reconstructed within the individual’s native space by setting seed points and applying deterministic tractography algorithms to extract fiber pathways between brain regions.To
define network nodes, the AAL atlas was registered to the individual’s DTI native space, with 90 brain regions designated as network nodes. (G) Individual brain structural
connectivity matrix: An individualized structural connectivity matrix was constructed by quantifying the number of fiber connections between brain regions. In this matrix, rows and
columns correspond to brain region nodes, and the matrix element values represent the connection strength between nodes. (H) The visualization of structural brain network:
Based on graph theory analysis, the topological properties of the network are examined from both the network and node dimensions. Green node means one brain region, and
yellow edge means possible connection between two brain regions. (I) Schematic diagram of the subnetwork connection model: The network is further subdivided into three
hierarchical sub-networks—rich-club connection (red node and red edge), feeder connection (blue node and blue edge), and local connection (gray node and gray edge)—based on
descending edge connection strength. This classification reveals the integration and segregation characteristics of the structural brain network.

Statistic Analysis

This study employed SPSS 27.0 data organization and analysis. The Shapiro—Wilk test and Levene’s test were utilized to
assess the normality and homogeneity of variance of the data, respectively. For measurement data that met the criteria for
normal distribution and homogeneity of variance, statistical descriptions were presented as mean+standard deviation (m+s),
and comparisons between two groups were conducted using the independent two-sample #-test. For count data, statistical
analysis was performed using case counts, and differences were analyzed using the chi-square test. Prior to all difference
analyses, relevant covariates were adjusted. When comparing multiple brain regions, the false discovery rate (FDR) was
applied for correction. Risk factors for the occurrence of SD with 3 months after injury in patients with mTBI were screened
through univariate and multivariate logistic regression analyses, and regression models were constructed based on these
factors. The predictive performance of the models was evaluated using receiver operating characteristic (ROC) curves.
Pearson correlation analysis was conducted to explore potential associations between indicators and PSQI scores. All tests

were two-sided, and a p-value < 0.05 was considered statistically significant.
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Results

Demographic and Clinical Characteristics

In the follow-up study of 232 participants with mild traumatic brain injury (mTBI), 17 subjects were excluded: 4 due to
secondary injuries, 4 due to self-medication, 6 who were lost to follow-up, and 3 whose image showed the bad MRI data
quality. Ultimately, data from 215 participants were collected. Among them, 130 participants (60.5%) experienced sleep
disturbances at the end of the follow-up period (mTBI-ND group), while 85 participants (39.5%) were not diagnosed
with sleep disturbances during the follow-up period (mTBI-SD group). Compared to the mTBI-ND group, the mTBI-SD
group had a significantly higher proportion of males (y*=4.12; p=0.04) and a significantly higher PSQI score 3 months
after injury (t=8.39; p<<0.001). The remaining clinical and demographic characteristics of the two groups are presented in
Table 1.

Differences in the WM Network Between the mTBI-SD and mTBI-ND Groups

In the WM network topological analysis of DTI images one month after injury, significant differences in multiple
topological properties were observed between the two mTBI groups after covariate adjustment. Among global properties,
although no significant differences were found in global efficiency, characteristic path length, clustering coefficient or
small-worldness (Supplementary Table 2), alterations in nodal properties were observed in specific brain regions. The

Table | Comparison of Demographic Data Between the mTBI-SD and mTBI-ND

Groups
mTBI-ND (n=85) mTBI-SD (n=130) p
Age (mzs) 41.52+16.82 42.31+13.43 0.80
Male (n,%) 35 (41.18) 83 (63.85) 0.04*
BMI (mzs) 20.85+3.52 20.61+2.41 0.68
Smoking (n,%) 50 (58.82) 75 (57.70) 091
Drinking (n,%) 38 (44.71) 55 (42.30) 0.92
Injury cause
Traffic accident (n,%) 40 (47.06) 50 (38.46) 0.50
Fall (n,%) 5(5.88) 10 (7.69)
Violence/Assault (n,%) 25 (29.41) 50 (38.46)
Others (n,%) 15 (17.64) 20 (15.38)
CT positive symptom
Skull fracture (n,%) 15 (17.65) 13 (10.00) 0.33
Hematoma (n,%) 5(5.88) 8 (6.15)
Contusion (n,%) 7 (8.24) 9 (6.92)
No findings (n,%) 58 (68.24) 100 (76.92)
GCS score
I5 (n,%) 58 (67.65) 95 (73.08) 0.63
14 (n,%) 24 (28.24) 30 (23.08)
13 (n,%) 3 (294) 5(3.85)
Marshall CT classification
1 (n,%) 63 (74.12) 113 (86.54) 0.12
Il (n,%) 22 (25.88) 17 (13.46)
PSQI
On admission 3.52%1.63 3.77+1.28 0.21
I month after mTBI (m#s) 5.55%3.89 5.34£3.11 0.78
3 months after mTBI (mzs) 4.29+1.47 10.87+2.61 <0.01*

Notes: Values were displayed as mean * standard deviation (mzs). P value of male, smoking, drinking, injury
cause, CT positive symptom, GCS score and Marshall CT classification was calculated by chi-square test and
p values of age, BMI and PSQI scores were obtained by independent-samples t test. p* means p<0.05.
Abbreviations: BMI, Body Mass Index; GCS score, Glasgow Coma Scale score; PSQI, Pittsburgh sleep
quality index.
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Figure 2 The differences between two mTBI groups. (A—C) Node schematic: the schematic shows the location of two brain regions, ACG.L and OLFL respectively.
(D—H) The box plot: Significant differences in the nodal efficiency of ACG.L and OLFL and the connection strength of rich-club and feeder.

Notes: *means p <0.05. **means p <0.01.

Abbreviations: ACGL.L, left anterior cingulate gyrus; OLFL, left olfactory cortex.

mTBI-SD group exhibited significantly lower nodal efficiency in OLF.L (t=3.10, p=0.003) and ACG.L (t=2.41, p=0.02)
compared to the mTBI-ND group (Figure 2A-E), while no significant differences were detected in nodal efficiency
across other brain regions. Furthermore, in rich-club phenomenon, the mTBI-SD group demonstrated reduced rich-club
connection strength (t=2.29, p=0.02) and feeder connection strength (t=2.07, p=0.04) relative to the mTBI-ND group
(Figure 2F—H), whereas no significant difference was found in local connection strength.

Differences in Inflammatory Factors

As is shown in Table 2, in the detection of various inflammatory factors 1 month after injury, after adjusting for
covariates, it was found that the levels of IL-8 (t;..s=2.30, p=0.02), IL-10 (t;;_10=2.31, p=0.02), and TNF-a (ttnp.o=3.82,
p<0.01) in the mTBI-SD group were significantly higher than those in the mTBI-ND group. No differences in other
inflammatory factors were observed between the two groups.

Table 2 Differences in Inflammatory Factors

Inflammatory mTBI-ND mTBI-SD P
Factor (pg/mL) (n=85) (n=130)

IL-8 14.54+3.87 17.14+5.80 0.02*
IL-9 50.55+30.21 63.77+35.12 0.08
IL-10 20.80+10.03 25.80+9.68 0.02*
IL-17 14.17£3.98 16.15+5.80 0.09
MCP-1 10.71£5.98 12.78+6.44 0.14
TNF-a 4.22+2.08 3.19£1.68 <0.01*

Notes: P values were obtained by independent-samples t test. p* means p<0.05.
Abbreviations: IL-8, Interleukin-8; IL-9, Interleukin-9; IL-10, Interleukin-10; IL-17,
Interleukin-17; MCP- 1, Monocyte chemoattractant protein- |; TNF-o, tumor necro-
sis factor.
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Logistic Regression Analysis

Based on the above statistical difference analysis, we used the occurrence of SD 3 months after injury as the dependent
variable, and the eight parameters (gender, IL-8, IL-10, TNF-a, OLF.L nodal efficiency, ACG.L nodal efficiency, rich-
club connection strength, and feeder connection strength) as independent variables. After standardizing the data, they
were included in the univariate and multivariate logistic regression model analysis. The results are shown in Table 3.
Among them, IL-8, TNF-a, OLF.L, ACG.L, and rich-club connection strength are independent influencing factors of
mTBI-SD, with regression coefficients of 1.79, 1.93, 0.62, 0.51, and 0.59, respectively. However, in the multivariate
analysis, IL-8 and ACG.L nodal efficiency no longer retained their original significance.

The AUC of univariate and multivariate logistic regression models are shown in Table 4 and Figure 3. The inflammatory
indicators exhibit high sensitivity, whereas the brain network parameters demonstrate high specificity. Among them, the
individual parameter with the best discriminatory efficiency is TNF-a 1 month after injury (AUC=0.709), while the multi-
parameter model of TNF-a, OLF.L, and rich-club connection 1 month after injury achieved the maximum predictive power
(AUC=0.809). The sensitivity of this model is 74.62%, the specificity is 76.47%, the positive predictive value(PPV) is
82.91%, the negative predictive value(NPV) is 66.33%, and the accuracy is 75.35%.

Correlation Analysis

As shown in Figure 4, in the mTBI-SD group, TNF-0, OLF.L nodal efficiency, and rich-club connection were
significantly correlated with PSQI scores 3 months after injury (rrnr.=0.538, p<0.01; roppp=—0.461, p<0.01; Iich-club
connection——0.563, p<0.01), but not with PSQI scores 1 month after injury (prnr-o=0-23; poLrL=0.36; Prich-club

connection=0-18).

Table 3 Logistic Regression Analysis

Variables | Univariate Analysis (Corrected) | Multivariate Analysis (Corrected)
OR (95% CI) ] P OR (95% CI) B p
Male 0.64 (0.41-1.0) —0.45 0.64 - - -
IL-8 1.79 (1.10-2.90) 0.58 0.02* 1.34 (0.79-2.27) 0.29 0.27
IL-10 0.97 (0.92-1.02) | —0.03 0.34 - - -
TNF-a 1.93 (1.15-3.23) 0.66 0.01* 2.02 (1.04-3.91) 0.70 0.04*
Rich-club 0.59 (0.37-0.95) | -0.53 | 0.03* | 0.48 (0.27-0.86) —0.73 0.01*
Feeder 0.77 (0.49-1.20) | —0.26 0.25 - - -

Note: p* means p<0.05.
Abbreviations: OLFL, nodal efficiency of left olfactory cortex; ACG.L, nodal efficiency of right anterior
cingulate cortex; IL-8, Interleukin-8; IL-10, Interleukin-10; TNF-a, tumor necrosis factor.

Table 4 ROC Analysis of Different Models

ROC-AUC | 95% Cl | Sensitivity | Specificity
IL-8 0.649 0.54-0.75 69.42 62.39
TNF-a 0.709 0.64-0.76 73.82 67.44
OLFL 0.669 0.50-0.73 49.80 78.80
ACG.L 0.589 0.52-0.66 43.85 7294
rich-club 0.672 0.56-0.69 50.00 76.50
TNF-0+OLFL+rich-club 0.809 0.75-0.86 74.62 76.47

Note: p* means p<0.05.

Abbreviations: OLFL, nodal efficiency of left olfactory cortex; ACG.L, nodal efficiency of right
anterior cingulate cortex; IL-8, Interleukin-8; TNF-a, tumor necrosis factor-o; ROC, receiver
operating characteristic curve; AUC, Area Under Curve.
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Figure 4 Pearson correlation analysis of PSQI with nodal efficiency of OLFL (A), rich-club connection strength (B) and TNF-a (C) in mTBI-SD group.

Discussion

To our knowledge, this study is the first to attempt to link inflammatory factors and WM structural network topological
properties to mTBI-SD, and to explore the relationship between inflammatory factors and WM topological properties and
PSQI scores respectively. The main findings are as follows: 1) Patients with SD 3 months after mTBI exhibited
differences in inflammatory factors and some indicators of brain networks compared to those without SD; 2) OLF.L,
and rich-club connection strength and TNF-awere independent risk factors for SD 3 months after mTBI, and a combined
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model effectively predicted the occurrence of SD at this time point; 3) OLF.L, rich-club connection strength, and TNF-a
were significantly associated with PSQI scores 3 months after mTBI. By analyzing changes in inflammatory factors and
WM topological properties 1 month after mTBI, this study is the first to construct a combined model of two biological
indicators to predict the occurrence of mTBI-SD, providing a scientific clinical basis for early clinical prevention and
treatment.

Previous studies have demonstrated that TNF-a, as a highly sensitive biological marker, possesses dual significant values:
within a cross-sectional analysis framework, it enables early and precise quantitative assessment of the degree of neurodegen-
erative damage; in longitudinal follow-up studies, TNF-a, by activating the proinflammatory properties of microglia, effectively
predicts the risk of developing late-onset related psychiatric disorders.®?° As Masoum said, even without observable significant
cortical damage, mTBI can trigger a series of complex neurobiological cascade reactions, leading to persistent neuroinflamma-
tion and thus forming a stubborn vicious cycle.'® Current mainstream theories generally agree that TNF-a exerts profound effects
on the sleep cycle by acting on the neuroendocrine system and neurotransmitter levels.>® According to Tahir Muhammad, in
response to the potential metabolic homeostasis imbalance and dysfunction of nucleus pulposus cells induced by abnormally
elevated TNF-a levels in mTBI patients, melatonin demonstrates a significant antagonistic effect on TNF-o-mediated metabolic
abnormalities by activating the Akt / ERK / CREB signal transduction pathway.>' Existing research indicates that proinflamma-
tory cytokines (such as TNF-aand IL-6) can accelerate the oxidative metabolism of melatonin in the liver by activating
cytochrome P450 enzymes—particularly CYP1A2 and CYP2C19.% Additionally, chronic inflammatory states may upregulate
the activity of indoleamine 2,3-dioxygenase (IDO), promoting the diversion of tryptophan (a precursor of melatonin) toward the
kynurenine pathway and indirectly reducing melatonin synthesis.*" This dual mechanism leads to decreased plasma melatonin
levels and disrupts the regulation of the sleep-wake cycle.

Additionally, Ke Ding in a rat model of traumatic brain injury (TBI) has confirmed that melatonin, as an efficient free
radical scavenger, exhibits remarkable antioxidant properties in mitigating the damage caused by oxidative stress to WM
structures, thereby also demonstrating a significant protective effect on white matter damage induced by mTBI, with potential
neuroprotective implications.”> However, the persistent high-inflammatory state following mTBI significantly accelerates the
clearance kinetics of melatonin in the body, resulting in a continuous decrease in plasma melatonin concentrations and thus
maintaining a dynamic imbalance in sleep-related physiological regulatory pathways in the body.** A randomized controlled
trial (RCT) by Grima et al in mTBI patients showed that 2 mg of melatonin supplementation before bedtime shortened sleep
latency, though its effect on sleep maintenance was limited.”> However, the safety of long-term melatonin use—such as
potential hormonal interference—still requires further validation.

In above context, the brain region named OLF.L, which regulates melatonin secretion and receptor signaling, becomes
particularly important. As a core area connecting the old and new cortices of the brain, the “rich club” (which means a network of
highly connected brain regions) including OLF.L plays a crucial role.>* The rich club represents efficient communication hubs
within the entire brain network, and its high connection strength and the high cost associated with metabolic demands render the
rich-club connection strength highly sensitive and specific in identifying abnormal network patterns.>® Alessandra Griffa has
revealed that, compared to healthy individuals, patients with sleep disorders exhibit a significant reduction in the rich-club
connection strength in WM topological characteristics, indicating their inability to effectively balance excitatory and inhibitory
signals transmitted by upstream nodes, thereby affecting the efficiency of sleep-related brain regions and their structural
networks.>” This finding further emphasizes the important roles of OLF.L, rich club connectivity strength and TNF-ain
maintaining sleep homeostasis and brain network function, and provides new theoretical bases and research directions for
precise interventions and effective treatments for sleep disorders following mTBI. In this study, we confirmed that OLF.L nodal
efficiency, rich-club connection strength, and TNF-a levels in the mTBI-SD group were correlated with PSQI scores, further
supporting the significant impact of these three indicators on SD 3 months after injury in mTBI patients. The combined prediction
AUC of OLF.L nodal efficiency, rich-club connection strength, and TNF-a levels was 0.809, demonstrating clinical utility.
Meanwhile, the multivariate logistic regression model exhibited more comprehensive evaluation effectiveness compared to every
univariate models, potentially because the multivariate model better explains the occurrence of SD 3 months after injury from
both inflammatory levels and WM structural networks, thus providing better performance value than every univariate one. This

also suggests that comprehensively considering mTBI-related indicators can better predict the occurrence of SD.
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It is noteworthy that, while studies with follow-up periods of six months or longer have also observed similar
phenomena, the aforementioned results confirm that inflammatory and network topological indicators in the subacute
phase are equally valuable for predicting the occurrence of mTBI-SD 3 months later, undoubtedly providing a more
favorable basis for early disease diagnosis. Furthermore, in our study, no specific restrictions were placed on the location
of mTBI lesions, suggesting that localized mTBI lesions may not be the direct cause of mTBI-SD. Perhaps the combined
action of multiple biomarkers targeting different etiologies holds the key to unlocking the mystery of mTBI-SD.
Limitations that should still be noted in the study include: 1) the lack of long-term follow-up data, which limits the
understanding of the long-term evolutionary trends of mTBI; 2) the complex pathogenesis of mTBI-SD necessitates
further refinement in the study of the role of inflammatory factors and brain networks; 3) the difficulty in sample
collection due to the specificity of the patient population, particularly the neglect of asymptomatic patients, which can
increase the difficulty of sample acquisition.

In summary, our study demonstrates that combining OLF.L nodal efficiency, rich-club connection strength, and TNF-a
levels can objectively and effectively predict the occurrence of SD three months after mTBI, providing a more objective and
effective method for predicting SD following mTBI. However, we also acknowledge that there is still much progress to be
made. In future work, larger research samples are needed to validate our findings and optimize our model to better predict
and intervene in sleep disorders among mTBI patients.

Conclusion

In summary, our research demonstrates that integrating the nodal efficiency of OLF.L, rich-club connection strength, and
TNF-a levels can objectively and effectively predict the occurrence of SD in mTBI patients three months after injury.
This approach offers a more objective and efficient method for predicting SD following mTBI. However, we acknowl-
edge that there is still much progress to be made. In future work, larger research samples are needed to validate our
findings and optimize our model, in order to better predict and intervene in SD among mTBI patients.
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TBI, traumatic brain injury; mTBI, mild traumatic brain injury; SD, sleeping disorders; ND, no sleeping disorders; MRI,
magnetic resonance imaging; DTI, diffusion tensor imaging; WM, white matter; IL-8, interleukin-8; IL-9, interleukin-9; IL-10,
interleukin-10; IL-17A, interleukin-17A; MCP-1, monocyte chemotactic protein-1; TNF-0, tumor necrosis factor; GCS,
Glasgow Coma Scale; PSQI, Pittsburgh Sleep Quality Index; ELASA, Enzyme-linked immunosorbent assay; OLF.L, left
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