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Abstract

Background. Traumatic brain injury (TBI) is frequently followed by persistent deficits in attention and
inhibitory control, with underlying neurobiological signatures poorly understood. Neuroimaging studies
have identified widespread while inconsistent brain alterations after TBI, partly because TBI affects
distributed brain systems rather than focal regions. We aimed to determine whether representation
learning applied to multimodal, systems-level neuroimaging features could identify clinically
interpretable signatures of TBI-related attentional dysfunction in young adults.

Method. We studied 89 young adults (44 TBI, 45 controls). Muti-modal neuroimaging data were
processed to derive 997 region-of-interest-based and systems-level features. After leakage-controlled
feature reduction, a semi-supervised autoencoder was trained to learn compact latent neurobiological
representations while reconstructing input features and classifying TBI status. Permutation-based feature
importance and partial least squares regression were used to evaluate model interpretability and brain—
behavior relationships.

Results. An average area under receiver operating characteristic curve of 0.932 for group discrimination
was achieved. Permutation analysis identified 6 highly discriminative systems-level features from the
gray matter functional network and white matter structural network. In the TBI group, partial least
squares regression showed that among these 6 features, nodal degree of left posterior superior temporal
sulcus in the functional network , nodal global efficiency of right rostral anterior cingulate region in the
structural network, and nodal global efficiency of right caudal anterior cingulate region in structural
network explained substantial variance in inattentive and hyperactive/impulsive symptoms.
Conclusions. Representation learning identified latent systems-level neuroimaging signatures that
accurately differentiated chronic TBI from healthy control status and were meaningfully associated with
attention-related symptom severity. The proposed framework provides an interpretable multimodal

approach for developing biologically grounded biomarkers of post-TBI cognitive dysfunction.
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Plain language summary

Many people experience long-lasting attention problems after TBI, but brain changes underlying these
difficulties are not fully understood. This study analyzed multiple types of neuroimaging data from
young adults with and without a history of TBI using an artificial intelligence approach designed to
identify hidden patterns in complex data. We found that a small set of brain network features could
accurately distinguish individuals with TBI and were strongly related to attention-related symptoms.
These findings suggest that persistent attention difficulties after TBI are linked to disruptions across
interconnected brain systems and may help guide future development of objective brain-based

biomarkers.



Introduction

Traumatic brain injury (TBI) is a major public health concern in both pediatric and adult populations. In
the United States, approximately 3 million people sustain a TBI annually, while recent global estimates
indicate that up to 50—69 million TBIs occur worldwide each year when mild and underreported cases
are included !. Although many individuals recover from acute neurological symptoms, a substantial
proportion experience persistent cognitive and behavioral impairments that can last for years after
injury. Among these sequelae, deficits in attention and inhibitory control are particularly prevalent.
Previous longitudinal studies have shown that at least one-third of individuals with TBI continue to
exhibit clinically significant attentional dysfunction within two years after injury, with these
impairments strongly associated with poorer academic achievement, psychosocial functioning,
psychiatric vulnerability, and reduced quality of life during adolescence and young adulthood 2.
Despite their high prevalence and substantial functional burden, diagnosis and intervention for TBI-
related attention deficits remain largely dependent on subjective clinical observations and behavioral
assessments, resulting in limited precision and highly variable treatment outcomes ®*. Establishing
objective neurobiological signatures associated with post-TBI attentional dysfunction is therefore
critically important for improving diagnostic stratification, prognostic evaluation, and development of

individualized interventions.

Over the past two decades, neuroimaging studies have increasingly attempted to characterize the
neural substrates underlying TBI-related attention impairments. Several diffusion tensor imaging (DTI)
studies have reported that the reduced white matter (WM) integrity in corpus collosum, superior
longitudinal fasciculus, or inferior fronto-occipital fasciculus were linked to impaired attention function
following pediatric TBI 2. Task-based fMRI and resting-state fMRI (rs-fMRI) studies have reported
functional alterations in cortical areas including frontal, parietal, and/or occipital regions, during

13-16

processes of sustained attention, response inhibition '31®, or at resting-state !”2°. However, findings



across studies have often been inconsistent, with limited convergence regarding specific regions or

pathways implicated in TBI-related attentional dysfunction.

Several factors are likely to contribute to this inconsistency. In most mild and moderate TBI
cases, overt focal lesions are absent on conventional neuroimaging. Instead, TBI initiates diffuse
neuropathological processes involving axonal injury, microstructural disorganization,
neuroinflammation, and altered neurodevelopmental trajectories 2! 2. These pathological effects may
disrupt distributed neural systems rather than isolated anatomical regions. Particularly in children and
young adults, TBI-related alterations may interact dynamically with ongoing developmental processes
such as myelination, synaptic pruning, and network maturation, leading to heterogeneous systems-level
abnormalities across individuals. Conventional voxel-wise and region-of-interest (ROI)-based analyses
are often insufficient to capture these complex and spatially distributed alterations because they
primarily focus on localized effects and assume relatively simple linear relationships among

neuroimaging measures.

To address these limitations, graph theoretical technique (GTT)-based approaches have
increasingly been applied to characterize structural and functional brain networks at the systems level.
GTT enables quantification of network organization using measures of integration, segregation,
centrality, and efficiency across both global and regional (sub-network) scales 2. Previous studies have
demonstrated that children and adults with TBI exhibit less integrated structural or functional brain
networks compared to healthy controls 2*%. Our recent GTT-based studies in both DTI and fMRI data
reported that, compared to group-matched controls, children with diagnosed TBI-related attention
deficits (TBI-A) had significant regional topological alterations associated with frontal, parietal,
temporal, and occipital lobes in both structural and functional networks, with the altered regional
topological properties associated with parietal and temporal regions significantly linking to elevated

inattentive symptoms in children with TBI-A -3, Collectively, these findings support the hypothesis



that TBI-related attentional dysfunction emerges from disrupted large-scale neural network organization

rather than isolated focal abnormalities.

Nevertheless, most prior systems-level neuroimaging studies have relied on conventional
parametric statistical approaches for group comparisons, including t-tests and linear regression models,
which have limited capacity to capture high-dimensional and nonlinear relationships among multimodal
neuroimaging features. Such approaches may therefore underestimate subtle but clinically meaningful
interactions embedded within distributed brain networks. In contrast, machine learning (ML) methods
provide the ability to identify complex multivariate patterns with greater sensitivity and predictive
capacity®!. Several existing studies in children and young adults with TBI have applied ML techniques
and reported promising classification performance. For instance, a very small sample study, which
applied support vector machine (SVM) in edge density image, reported an area under the receiver-
operating-characteristic-curve (AUC) of 0.94 in differentiating 14 children with TBI and 10 controls *.
Another study, which built an SVM-based classifier and used structural MRI (sMRI) data and DTI data
in 29 student athletes and 27 controls, reported AUC of 0.84 for group discrimination **. A longitudinal
study reported that when combining rs-fMRI data and sMRI data in 99 children with TBI at 4 weeks
after the injury, SVM algorithm was able to predict the recovery of post-concussion symptoms at 8
weeks with an AUC of 0.86 **. However, most existing studies have focused primarily on diagnostic
group discrimination using relatively small datasets and conventional supervised ML classifiers, with
limited emphasis on identifying neurobiological features specifically linked to TBI-related attentional

dysfunction.

More recently, representation learning frameworks based on deep learning (DL) have emerged as
powerful approaches for modeling complex neurobiological data. Relative to conventional supervised
ML models, unsupervised and semi-supervised DL approaches can leverage latent structure within high-

dimensional neuroimaging data to learn compressed representations that are more robust to inter-



individual variability and less sensitive to label noise. Importantly, these approaches may provide latent
neurobiological representations that better capture distributed systems-level abnormalities underlying
chronic neurological dysfunction. A recent study from our group constructed a semi-supervised DL
model and used systems-level structural and functional brain network features from 110 children, which
achieved an AUC of 86% for discriminating children with TBI from controls *°. Meanwhile, this study
found that regional topological abnormalities associated with left postcentral area, superior frontal
region, and medial occipitotemporal regions in the functional or structural brain networks had significant
value for predicting the elevated inattentive and hyperactive/impulsive symptoms in children with TBI
35, These findings suggest that representation-learning frameworks may provide a promising avenue for
identifying clinically relevant biomarkers of chronic TBI; and systems-level neurobiological features
may be significantly more sensitive than the voxel-wise and ROI-based features in successfully

predicting TBI and related cognitive/behavioral alterations.

In the present study, we extended this line of research by applying a semi-supervised
autoencoder (AE) framework to multimodal neuroimaging-derived ROI-based and systems-level
features obtained from young adults with TBI and matched controls, to investigate whether latent
neurobiological representations learned by the model could accurately distinguish individuals with TBI
and identify neural features associated with attention-related symptom severity. We hypothesized that:
(1) the semi-supervised representation-learning framework would achieve robust classification
performance for differentiating TBI from controls; (2) discriminative information would be concentrated
within a compact subset of systems-level network features; and (3) some of the most important latent
neuroimaging features would significantly relate to post-TBI attentional dysfunction. By integrating
multimodal neuroimaging, systems neuroscience, and interpretable representation learning, this study
aims to advance biologically grounded biomarkers of chronic TBI-related attention dysfunction and

provide insight into the distributed neural systems underlying persistent cognitive sequelae after brain

injury.



Methods
Participants. A total of 93 young adults (ranging from 18 - 25 years of age), including 46 patients with
TBI (24 males/22 females) and 47 group-matched normal controls (NCs; 25 males /22 females), were
initially involved in this study. Participants in the TBI group were recruited from sports teams at New
Jersey Institute of Technology (NJIT) and Rutgers University (RU). The NCs were recruited through on-
campus flyers at NJIT and RU. The study received Institutional Review Board approvals at both NJIT
and RU. Written informed consents were provided by all participants. Most of these subjects were
involved in our previous single-modal neuroimaging and parametric statistical analysis studies 3.

Participants in the TBI group had a history of one or multiple non-penetrating sports-related or
recreational activity-related TBIs, with the most recent injury clinically confirmed at least 6 months
prior to study participation. Only individuals with mild-to-moderate TBI severity, defined using the
Glasgow Coma Scale (GCS)*! were included. Participants were excluded if they had a history of overt
focal brain lesions, pre-injury diagnosis of attention-deficit/hyperactivity disorder (ADHD), neurological
disorders (e.g., epilepsy), major psychiatric disorders (including schizophrenia, autism spectrum
disorder, major depressive disorder, or anxiety disorders), psychotropic medication use within one
month prior to testing, or contraindications to MRI scanning.

Healthy controls had no history of head injury, neurological disorder, or ADHD diagnosis, and
did not exhibit clinically elevated inattentive or hyperactive/impulsive symptoms based on the Conners
3 Adult ADHD Self-Report Rating Scales (CAARS) *? during study participation (T-scores < 60 for
both inattentive and hyperactive/impulsive subscales). All participants were native or fluent English
speakers and strongly right-handed according to the Edinburgh Handedness Inventory 4.

Four subjects were excluded after imaging data preprocessing, due to heavy head motion
identified from their fMRI data (with either the mean relative volume-to-volume displacement,
maximum rotation, or maximum translation > 2.5mm). Exclusion of data from these 4 subjects was

based on the consideration that missing >30% of data may cause inaccurate imputation results.



Demographic and clinical/behavioral information of the 89 subjects involved in group-level analyses

was included in Table 1.

Neuroimaging parameters. High-resolution T1-weighted sMRI, dMRI, and task-based fMRI data were
acquired from a 3.0T Siemens Trio imaging system (Siemens, Erlangen, Germany). The sMRI data were
collected using a magnetization-prepared rapid gradient echo sequence with the following parameters:
repetition time/echo time (TR/TE) = 1900/2.52 ms; flip angle = 9°; field of view = 250 mm; voxel size =
1.0 mm? isotropic; slice number = 176. The dMRI images were acquired using a three-shell protocol
with an echo planar imaging pulse sequence: TR/TE = 7700/103 ms, voxel size =2.0 X 2.0 x 2.5 mm3
with no gap, slice number = 55. The three shells were consisted of 64 diffusion-weighting directions at b
=300, 700, and 2000 s/mm?. Six b0 scans with opposite phase encoding direction were collected for
geometric distortion correction. The data of the b = 700 s/mm? shell were used for DTI analyses. The
fMRI data were obtained using a gradient echo-planar sequence: TR/TE = 1000/28.8 ms; flip angle =

30°; voxel size = 1.5 x 1.5 x 2.0 mm?® with no gap; slice number = 55.

FMRI experimental task. During fMRI acquisition, participants performed a validated block-designed
visual sustained attention task (VSAT), which has previously demonstrated sensitivity for assessing
attentional processing in both pediatric and adult populations ** 446 The task consisted of five attention
blocks interleaved with five rest blocks (Figure S1 in the supplementary document). Each block lasted
30 seconds. During attention blocks, participants memorized a target sequence of three digits and
subsequently responded to a series of pseudo-randomized probe sequences by indicating whether the
presented sequence matched the target. Behavioral measures included response accuracy, omission error
rate, commission error rate, and overall/correct response reaction times. A practice session was

administered before scanning to ensure task comprehension.



Individual-level neuroimaging data processing. The individual-level sMRI, DTI, and fMRI data
processes in each subject involved in this study have been completed, with procedures and techniques
detailed in our previous publications *”**#’, and are summarized schematically in Figure 1. The present
study leveraged the multi-modal neuroimaging features generated from these studies to conduct the
proposed DL and prediction studies. To introduce the neuroimaging raw features involved in this study,

we briefly review the individual-level imaging data analysis procedures below.
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Figure 1: Overview of the individual-level neuroimaging preprocessing procedures used to generate
multimodal structural and functional brain features (sSMRI: structural MRI; DTI: diffusion tensor
imaging; FA: fractional anisotropy; JHU: Johns Hopkins University white matter atlas; fMRI:
functional MRI).

The sMRI data processing was conducted using the Human Connectome Project (HCP) pipeline
and FreeSurfer v6.0.0, following recommended standard parameters **. Cortical parcellation was

conducted based on the Desikan-Killiany (DK) atlas combined with Freesurfer aseg subcortical atlas 4,




yielding 68 cortical ROIs and 21 subcortical structures. A total of 157 structural features were extracted,
including cortical thickness and regional volume measures.

DTI preprocessing was conducted using the FSL Diffusion Toolbox v6.0 *°. Eddy-current
distortion, susceptibility distortion, and head motion were corrected prior to tensor fitting and fractional
anisotropy (FA) estimation. For ROI-based analyses, FA values were extracted from 14 major white
matter tracts defined by the Johns Hopkins University white matter atlas >!. For systems-level structural
network analyses, probabilistic tractography was performed using the 89 DK-plus-aseg cortical and
subcortical ROIs. Graph theoretical analysis was subsequently conducted to estimate regional
topological properties of the white matter structural network, including nodal global efficiency, nodal
local efficiency, nodal clustering coefficient, and nodal betweenness centrality (BC) *2. These
procedures yielded 384 diffusion-derived features, including tract-level FA measures and graph
theoretical structural network metrics.

Task-based fMRI preprocessing and graph theoretical analyses were conducted using the GAT-
FD toolbox **. Functional brain networks were constructed using 114 cortical ROIs selected from the
Brainnetome atlas >, restricted to regions demonstrating significant task-related activation (>100
contiguous voxels). Regional topological properties, including nodal global efficiency, nodal local
efficiency, nodal degree, and nodal BC, were estimated for each node within the task-related functional

network. These procedures yielded 456 functional network features.

Semi-supervised representation learning framework. For each subject, a total of 997 raw features
derived from the sMRI, DTI, and fMRI data were available. Prior to model training, features in each
metric were rescaled to the range [0, 1] using min—max scaling to ensure comparability across imaging
modalities and improve optimization stability.

To reduce dimensionality and mitigate overfitting risk associated with high-dimensional

neuroimaging features, a two-stage leakage-controlled feature reduction and selection procedure was



implemented within each cross-validation fold. First, two-sample t-tests identified features showing
significant between-group differences (p < 0.05). Second, linear discriminant analysis (LDA) was
applied to evaluate discriminative contribution, and features with absolute coefficient scores >1.5 were
retained >°. This procedure reduced the feature space from 997 to 29 multimodal features.

A semi-supervised AE architecture adapted from our previous work > was implemented to learn
compact latent neurobiological representations while simultaneously optimizing classification
performance. The model consisted of three interconnected components: encoder, decoder, and classifier.
The encoder compressed the 29-dimensional input into a 10-dimensional latent representation through a
hidden layer containing 20 neurons. The decoder reconstructed the original feature space from the latent
representation using a mirrored architecture. A supervised classifier branch simultaneously used the
latent representation to predict diagnostic group membership through a hidden layer of five neurons
followed by a single sigmoid output neuron.

This semi-supervised framework jointly optimized unsupervised feature reconstruction and
supervised classification objectives, thereby encouraging the latent space to retain biologically
meaningful structure while maximizing sensitivity to group-related differences >% 7. Sigmoid activation

functions were used throughout the network.

Model training and evaluations. The AE model was trained by jointly minimizing reconstruction and
classification losses. Mean squared reconstruction (MSR) error was weighted at 0.7, while binary cross-
entropy classification loss was weighted at 0.3. This joint optimization strategy was designed to balance
latent representation stability with discriminative sensitivity.

Model training was implemented using Python v3.11 and TensorFlow v2.21. Optimization was
performed using the Adam optimizer . To minimize overfitting and improve robustness, Gaussian
noise (mean = 0; SD = 0.02) was randomly injected into 20% of input features before each training

iteration, functioning as a denoising regularization strategy. To avoid feature-selection leakage, all



feature selection procedures were conducted exclusively within training data during each cross-
validation fold >°. Model performance was evaluated using five-fold cross-validation and quantified
using AUC, classification accuracy, sensitivity, and specificity. Training terminated when either
classification accuracy exceeded 95% or 1,000 epochs were reached. The complete model training and

evaluation procedure is illustrated in Figure 2.
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Figure 2: Schematic illustration of the semi-supervised autoencoder framework used to identify latent
neurobiological representations associated with TBI (MSE: mean squared error; BCE: binary cross-
entropy).

To evaluate whether the learned latent representations captured meaningful group structure, the
10-dimensional latent features generated by the encoder were projected into two dimensions using
principal component analysis (PCA) for visualization.

To benchmark the proposed framework against conventional approaches commonly used in
neuroimaging ML studies, a conventional PCA-support vector machine (SVM) classifier was

additionally implemented using the identical cross-validation procedure.




Feature importance and ablation analysis. To quantify the contribution of individual neuroimaging
features to model performance, permutation-based feature importance analysis was performed % !

During each classification process, the resulting decrease in classification performance was

characterized by the binary cross-entropy, which was calculated using the following formula,

m

1 !
Fligss = EZ(Hbinary - Hbinary)zl
k=1

where m is the number of random shuffling, Hpinary is the cross-entropy of the original input, and H binary
is the cross-entropy of the shuffled input. The random shuffling was permutated for 1,000 times.
Features exceeding a threshold defined as the mean importance plus 1.5 standard deviations were
considered highly discriminative 2,

To further evaluate the contribution of the identified most important features, the model was
retrained using progressively larger subsets of features, including the top 2, top 4, top 6, and all 29

features. All ablation experiments were conducted using the same model architecture and cross-

validation procedure.

Brain-behavior relationship analysis. To investigate associations between latent neurobiological
features and TBI-related attentional dysfunction, partial least squares regression (PLSR) was performed
separately within the TBI and control groups . PLSR identifies latent components that maximize
covariance between predictor and outcome variables and is particularly suitable for high-dimensional,
multicollinear neuroimaging data. Predictor variables included the six most important neuroimaging
features identified in the permutation importance analysis, while outcome variables included inattentive
and hyperactive/impulsive symptom T-scores derived from the CAARS. Age, sex, parental education,

number of TBIs, and TBI severity were included as covariates.



To ensure robustness, Variable Importance in Projection (VIP) scores were calculated to identify
the most critical predictor variables, with the VIP score > 1.0 indicates a highly significant association.
To validate the model's robustness for prediction, permutation-based cross-validation with 1,000

iterations was performed to assess the predictive relevance of Q? and root mean square error of

approximation (RMSEA) %,

Results

Demographic, clinical and behavioral measures. The demographic and clinical information of both
TBI and NC groups were summarized in Table 1. The head injury-related information of each subject in
the TBI group was provided in Table S1 in the Supplementary Document. Demographic measures did
not show significant between-group difference. Compared to the NCs, subjects with TBI showed
significantly more clinical symptoms in inattentiveness and hyperactivity/impulsivity measured using
the T- and raw-score of the CAARS inattentive and hyperactive/impulsive subscales. There were no
significant correlations between the number of injuries and the CAARS inattentive (r=0.021, p=0.892)
or hyperactive/impulsive (1=0.085, p=0.589) subscales. The two groups did not show differences in the

fMRI task performance measures.

NC vs. TBI classification performance. The semi-supervised AE model demonstrated strong
classification performance, achieving an average AUC of 0.932 + 0.087 across cross-validation folds
(Figure 3.A). The corresponding classification accuracy was 88.5% + 9.3%, with sensitivity and
specificity of approximately 90% and 86%, respectively. These results indicate that the AE model
robustly distinguishes individuals with TBI from NCs.

Inspection of the confusion matrix revealed balanced performance across groups (Figure 3.B).
The model correctly classified the majority of both control and TBI participants, with a slightly higher

sensitivity for detecting TBI (90% accuracy) than that for detecting NCs (86% accuracy).



Misclassifications were relatively limited and did not show a strong bias toward either class, suggesting
stable and reliable model behavior.

Permutation-based feature importance analysis indicated that only a small subset of 4 features
contributed disproportionately to classification performance (Table 2). In particular, they are the nodal
BC of right caudate nucleus, nodal degree of right cingulate gyrus and nodal degree of left posterior
superior temporal sulcus (pSTS) within the task-based functional network, as well as the nodal BC of
right cuneus of the tractography-based WM structural network. Besides these top 4 most important
features that passed the Mean + 1.5 standard deviation (SD) threshold, the nodal global efficiencies of
right rostral and caudal anterior cingulate regions of the WM structural network passed the Mean + 0.5
SD threshold (Figure 3.C).

Furthermore, the feature ablation analysis revealed a nonlinear relationship between the number
of features and classification performance. Using only the top two features resulted in a noticeable
reduction in performance, whereas inclusion of the top four features led to a substantial improvement.
Performance gains became more modest than the top six features, with the full 29-feature model
achieving the highest AUC (Figure 3.D). This pattern indicates that a relatively small number of
features captured the majority of discriminative information, while additional features contribute

primarily to model stability and robustness.

Latent space representation. Projection of the 10-dimensional latent features into two dimensions
revealed a clear separation between TBI and control groups. The first principal component accounted for
the majority of variance in the latent space, indicating that the model effectively compresses the data
into a low-dimensional structure aligned with group differences. Although some overlap between groups
remained, the overall separation supports the model’s ability to learn a meaningful and discriminative

representation (Figure 3.E).
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Figure 3: Classification performance, discriminative neuroimaging features, and latent-space
representation. (A) Receiver operating characteristic (ROC) curve of the semi-supervised autoencoder
model for distinguishing individuals with TBI from controls. Shaded regions indicate variability across
folds. (B) Confusion matrix summarizing classification performance. (C) Anatomical visualization of
the six most discriminative neuroimaging features identified through permutation-based feature
importance analysis. (D) Feature ablation analysis showing classification performance as a function of
the number of retained features. (E) Two-dimensional principal component analysis (PCA) projection of

the 10-dimensional latent representations learned by the encoder.

Brain-behavior relationships. In the NC group, the PLSR analysis did not identify significant brain-
behavioral associations between the six neuroimaging features and the two attention problem-related
outcome measures (Q? was a negative value). In the TBI group, the PLSR analysis revealed optimal
model performance with 2 latent components, explaining 65.7% of the variance in outcome measures

(R*Y = 0.657). Permutation-based cross-validation confirmed robust predictive ability with a Q? value of



0.534 (indicating that the model explains 53.4% of the variance in out-of-sample predictions) and
demonstrated strong statistical significance (p < 0.001, Z = 8.42). The RMSEP was 0.343 on the
standardized log-transformed scale. Latent component analysis revealed that Component 1 explained
59.8% of Y-variance and captured 25.6% of X-variance, and Component 2 contributed an additional
5.9% of Y-variance and 11.2% of X-variance.

The VIP analysis identified nodal degree of left pSTS in the functional network (VIP = 1.48, B =
-0.35 for inattentive T score and 3 =-0.43 for hyperactive T score, negative direction), nodal global
efficiency of right rostral anterior cingulate region in the WM structural network (VIP = 1.21, p = 0.34
for inattentive T score and B =0.31 for hyperactive T score, positive direction), and nodal global
efficiency of right caudal anterior cingulate region in WM structural network (VIP = 1.11, = 0.42 for
inattentive T score and § =0.14 for hyperactive T score, positive direction) as the most critical neural
determinants of attention problems in the TBI group, all exceeding the threshold of 1.0 for high
significance (Figure 4.A). The latent component loading and neuroimaging predictor variable

distribution is plot in Figure 4.B.

A B
1.6000 mVIP 0.8000 E Component 1 m Component 2
1.4000
0.6000
1.2000
1.0000 - JEN--- R - - T~ -~ === ========m--~ 0.4000
0.8000
0.2000
0.6000
0.4000 0.0000
0.2000
-0.2000
0.0000 K
&
@q’b‘ @'{\ @0{‘ 6@‘0 2 QCI %0
& - TN & & Pt 0.4000
A vl < ()
s a7 =Y ; o
\/b o 601\ bob‘ \? \.bﬁ% <
S <~°b i -0.6000
&* & L
X2 M-14
-0.8000

Figure 4: Brain—behavior relationships between discriminative neuroimaging features and attention-

related symptoms in traumatic brain injury. (A) Variable importance in projection (VIP) scores derived



from partial least squares regression (PLSR) analyses performed within the TBI group. Features with
VIP scores greater than 1.0 (dashed line) were considered highly influential predictors of inattentive and
hyperactive/impulsive symptom severity. (B) Loading coefficients of the first two latent PLSR
components. Bars indicate the relative contribution of each neuroimaging feature to the latent
components explaining variability in attention-related symptoms. Component 1 primarily reflects
posterior temporal and anterior cingulate network contributions, whereas Component 2 captures
complementary variance associated with distributed structural and functional network organization.

The permutation-based cross-validation confirmed model robustness of the PLAS analysis. The
stability ratio (original Q? / standard deviation of permuted Q?) was 4.3, exceeding the threshold of 3 for
high stability. Bootstrap confidence intervals (95%) for regression coefficients showed minimal overlap
with zero for the top 3 predictor features, confirming their stable contribution to the model. A sensitivity
analysis removing extreme outliers (standardized residuals > +2.5) yielded consistent results, with left
posterior superior temporal sulcus in the functional network (VIP = 1.55), nodal global efficiency of
right rostral anterior cingulate region in the WM structural network (VIP = 1.31), and nodal global
efficiency of right caudal anterior cingulate region in WM structural network (VIP = 1.17) remaining
dominant. The model explained 68.2% of the variance in the refined dataset (Q* = 0.554), confirming

the stability of our findings.

Discussion

Using multimodal neuroimaging features derived from sMRI, dMRI, and task-based fMRI, we
developed a semi-supervised representation-learning framework that successfully differentiated young
adults with chronic TBI from matched controls while simultaneously identifying neurobiological
features associated with attentional dysfunction. The model achieved robust classification performance
(AUC = 0.932) and learned a compact latent representation that preserved meaningful group structure.

More importantly, the most discriminative features were not randomly distributed across the brain but



converged on a small set of structural and functional network properties involving caudate nucleus,
cingulate cortex, pSTS, and cuneus. Furthermore, pSTS and cingulate gyrus-related systems-level
features explained substantial variance in attention-related symptoms within the TBI group.
Collectively, these findings suggest that chronic TBI-related attentional dysfunction is characterized by
latent systems-level neuroimaging signatures involving distributed posterior temporal, cingulate, fronto-

striatal, and occipital network systems.

Latent systems-level signatures reveal distributed attentional network vulnerability after TBI. A
central finding of this study is that only a small subset of systems-level neuroimaging features accounted
for most of the discriminative information separating young adults with chronic TBI from healthy
controls. Importantly, these features did not localize to a single anatomical region or imaging modality.
Instead, they converged on a distributed set of structural and functional network properties involving the
pSTS, cingulate cortex, caudate nucleus, and cuneus. This convergence suggests that persistent
attentional dysfunction following TBI may reflect coordinated alterations across multiple interacting
neural systems rather than dysfunction of any isolated brain region.

This interpretation is consistent with contemporary network neuroscience models proposing that
TBI is fundamentally a disorder of large-scale neural communication 2! 6% %, Diffuse axonal injury,
microstructural disorganization, and long-term alterations in neural signaling may preferentially affect
highly interconnected network hubs that support information integration across cognitive systems 2>,
Consequently, behavioral impairments emerging after TBI are increasingly understood as manifestations
of disrupted network organization and communication efficiency rather than focal structural damage
alone. Notably, all highly discriminative features identified in the present study represented network-
level properties, including nodal degree, nodal BC, and nodal global efficiency, rather than regional

morphometric measures. Furthermore, some of these systems-level features that distinguished TBI from

controls were significantly associated with attentional symptom severity within the TBI group. Together,



these findings suggest that latent neurobiological representations learned by the model captured
clinically meaningful alterations in large-scale brain organization that may underlie persistent attentional

dysfunction after injury.

Distributed attentional-control systems underlying post-TBI attentional dysfunction. The identified
features can be organized into four complementary neural systems that collectively support attentional
control and goal-directed behavior.

Among the identified features, the left pSTS merged as one of the most influential contributors to
the classification performance. Importantly, it was also the strongest predictor of symptom severity in
the PLSR analyses, with lower nodal degree associated with elevated inattentive and hyperactive/
impulsive symptoms. Although pSTS is traditionally associated with multisensory integration and
social-cognitive processing, increasing evidence indicates that it also participates in large-scale
attentional and cognitive control networks %% %, The pSTS receives convergent visual, auditory, and
associative inputs and has been proposed to facilitate integration of behaviorally relevant information
across distributed cortical systems 7°. Reduced nodal degree of the sub-network associated with left
pSTS for attention information processing may therefore reflect diminished network integration
capacity, potentially contributing to inefficient attentional allocation and cognitive control following
TBI. These findings suggest that posterior temporal dysfunction may not merely represent a secondary
consequence of injury but could constitute a clinically meaningful contributor to persistent attentional
impairments.

The cingulate cortex also emerged as a dominant contributor to both classification and symptom
prediction. Specifically, nodal degree of right cingulate gyrus in the gray matter functional network and
global efficiency of both rostral and caudal anterior cingulate regions in the WM structural network
demonstrated strong discriminative and predictive value. The anterior cingulate cortex (ACC) serves as

a core component of the salience network and plays a critical role in cognitive control, performance



monitoring, conflict detection, and allocation of attentional resources ' 2. Neuroimaging studies have
repeatedly demonstrated altered ACC activation and WM connectivity in both TBI and ADHD
populations, with abnormalities frequently associated with attentional deficits and executive dysfunction
7374 The present findings extend this literature by suggesting that alterations in structural network
efficiency of ACC-related pathways may represent a systems-level marker of chronic TBI-related
attentional symptoms.

The right caudate nucleus also played a very significant role contributing to the superior
classification performance. The caudate occupies a central position within fronto-striatal circuits that
support attentional control, response selection, cognitive flexibility, and executive regulation .
Structural and functional abnormalities involving fronto-striatal pathways have been consistently
implicated in attention-deficit/hyperactivity disorder (ADHD), executive dysfunction, and cognitive
control impairments ’®. Previous neuroimaging studies have similarly demonstrated that TBI-related
diffuse axonal injury frequently affects fronto-striatal pathways, resulting in impaired information
transfer between prefrontal and subcortical systems ’’. Elevated importance of the right caudate in the
present study therefore suggests that disruption of fronto-striatal communication may represent a key
neurobiological mechanism underlying persistent attentional dysfunction after TBI.

Finally, the right cuneus also emerged as a highly discriminative feature. The cuneus forms part
of the visual association cortex and contributes to visual attention, attentional orienting, and integration
of sensory information during goal-directed behavior 3%, Previous studies have reported abnormal
occipital activation and connectivity during attention processing in both pediatric and adult TBI
populations 2% 3. The identification of cuneus-related network alterations in the present study further
supports the notion that chronic TBI-related attentional dysfunction involves distributed disruptions
extending beyond classical frontal executive systems to include posterior sensory-attentional pathways.

Collectively, these findings support a distributed attentional-control network model of chronic

TBI-related attentional dysfunction. Within this framework, posterior temporal systems contribute to



multimodal information integration, cingulate regions regulate salience detection and cognitive control,
fronto-striatal circuits support executive regulation, and occipital systems facilitate visual-attentional
processing. Disruption of communication among these interacting systems may give rise to the
attentional difficulties commonly observed after TBI. The ability of the representation-learning
framework to identify features spanning all four systems suggests that latent neurobiological
representations may capture systems-level dysfunction more effectively than conventional region-by-

region analytical approaches.

Brain—behavior relationships support clinical relevance of identified latent representations. A
particularly important observation was that the most informative neuroimaging features were not only
useful for group discrimination but also explained substantial variance in symptom severity within the
TBI group. The PLSR model explained approximately 66% of variance in inattentive and
hyperactive/impulsive symptoms and demonstrated robust predictive relevance during permutation-
based validation. Notably, pSTS functional connectivity and ACC WM structural efficiency emerged as
the strongest predictors of symptom burden. These findings suggest that the identified latent
neurobiological representations capture clinically meaningful variation rather than merely reflecting
diagnostic group differences. This distinction is important because many ML and DL studies focus
exclusively on maximizing classification accuracy without establishing links to behavioral outcomes. By
demonstrating significant brain—behavior associations, the present study provides evidence that the

learned representations may reflect neural systems directly relevant to post-TBI attentional dysfunction.

Representation learning may uncover distributed neurobiological patterns not captured by
conventional approaches. The present findings also highlight the potential advantages of
representation-learning approaches for studying complex neurological disorders. Traditional

neuroimaging analyses typically evaluate individual voxels or regions independently and often assume



linear relationships among variables. However, chronic TBI is characterized by diffuse and
heterogeneous alterations distributed across multiple interacting neural systems. Such complexity may
be difficult to capture using conventional statistical approaches. The semi-supervised AE addresses this
challenge by jointly optimizing feature reconstruction and classification objectives, allowing the model
to learn compressed latent representations that preserve biologically meaningful structure while
enhancing sensitivity to disease-related variation. Visualization of the latent space demonstrated clear
separation between TBI and control participants despite substantial heterogeneity in injury history and
symptom presentation. These results suggest that representation learning may provide a useful
framework for identifying latent systems-level signatures underlying complex neuropsychiatric and

neurological conditions.

Clinical and translational implications. Persistent attentional dysfunction remains one of the most
common and disabling long-term consequences of TBI, yet objective biomarkers capable of identifying
individuals at elevated risk remain limited. The present findings suggest that multimodal systems-level
neuroimaging features may provide candidate biomarkers that are both biologically interpretable and
clinically relevant. Importantly, the identified features converged on neural systems with well-
established roles in cognitive control, salience processing, sensory integration, and attentional
regulation, increasing confidence in their neurobiological validity.

Although the present framework is not intended for immediate clinical implementation, it
provides an important step toward biologically informed stratification of cognitive dysfunction
following TBI. Future studies incorporating larger cohorts, longitudinal follow-up, and external
validation will help determine whether similar latent representations can be used to identify individuals

at risk for persistent cognitive difficulties or to monitor treatment-related recovery trajectories.



Strengths, limitations, and future directions. Several strengths enhance the significance of this study.
First, multimodal structural, diffusion, and functional neuroimaging measures were integrated within a
unified representation-learning framework. Second, leakage-controlled feature selection, permutation-
based feature importance analysis, ablation testing, and permutation-validated PLSR analyses improved
model interpretability and reduced the likelihood of spurious findings. Third, the study explicitly linked
neuroimaging features to clinically relevant attentional symptoms, increasing translational relevance.
Several limitations should also be considered. The sample size was modest, and independent external
validation will be necessary to establish generalizability. Although multiple safeguards were
implemented to reduce overfitting, larger multi-site datasets would enable more comprehensive
evaluation of model stability. The cross-sectional design also precludes conclusions regarding causal
mechanisms or temporal evolution of network abnormalities. Furthermore, because the cohort primarily
consisted of individuals with mild-to-moderate sports-related TBI, findings may not generalize to more
severe injuries or other injury mechanisms. Finally, although the identified features demonstrated strong
biological plausibility, future studies incorporating longitudinal outcomes, cognitive testing, and

intervention response measures will be necessary to establish their clinical utility.

Conclusions. In summary, representation learning applied to multimodal neuroimaging data identified
latent systems-level neurobiological signatures that robustly differentiated young adults with chronic
TBI from healthy controls and were strongly associated with attentional symptom severity. The most
informative features converged on fronto-striatal, cingulate, posterior temporal, and occipital network
systems, suggesting that persistent post-TBI attentional dysfunction reflects distributed alterations in
neural communication and network organization. These findings support the use of interpretable
representation-learning approaches for uncovering biologically grounded biomarkers of chronic TBI and
provide new insight into the systems-level neural mechanisms underlying long-term cognitive sequelae

after brain injury.
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