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Abstract: This review examines recent advancements and persistent challenges in corticospinal tract
(CST) visualization, highlighting its critical role in motor function assessment and neurosurgical
planning. Despite improvements in imaging techniques, CST visualization continues to face issues
related to variability in imaging protocols, data processing methods, and visualization standards,
which impact consistency and reproducibility across studies. We explore various Al-driven and
machine learning (ML) approaches that offer promising solutions, including high-resolution
diffusion MRI (dMRI) tractography, interactive 3D models, and virtual reality systems, which
collectively enhance CST interpretability by refining spatial resolution and fiber orientation
estimation. Additionally, automated visualization techniques using Al facilitate adaptive
visualization, making CST representations more consistent and clinically relevant. High-resolution
CST visualization holds potential clinical applications in neurology and neurosurgery, particularly
for diagnosing and managing stroke, multiple sclerosis (MS), and concussion—disorders where
motor pathway integrity is crucial for treatment planning and prognosis. However, a lack of
standardization and interoperability among CST visualization tools remains a significant barrier,
impeding cross-study comparisons and clinical integration. This review underscores the need for
standardized protocols and collaborative efforts within the neuroimaging community to establish
best practices, enabling reliable and actionable CST visualization in clinical and research settings.
Addressing these challenges may further improve diagnostic accuracy, therapeutic planning, and
the overall understanding of motor-related neurological disorders.

Keywords: brain imaging; motor pathways; Al; MRI techniques; neuroscience visualization; clinical
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1. Introduction
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The corticospinal tract (CST), crucial for voluntary motor control, presents a significant challenge
in information visualization due to its intricate structure, extensive connectivity, and critical role in
neuromuscular function [1-3]. Advanced visualization methods are essential to elucidate this
pathway's complexities, revealing the dynamic interplay between the cerebral cortex and spinal cord
that underlies motor control [4]. Effective visualization of such neural data requires more than
straightforward mapping; it demands theoretical rigor in visual encoding, interaction design, and
model analysis [5].

Al-driven visualization systems, equipped with automated design principles and refined
through theories of perception and cognition, show promise for addressing these challenges [6-8]. By
transforming high-dimensional neuroimaging and tractography data into meaningful visual
representations, Al enhances interpretability, making corticospinal tract information more accessible
and actionable for clinical and research applications [9-11]. These systems utilize principles of visual
encoding to convert raw neural data into navigable structures, aiding both cognitive comprehension
and clinical decision-making [12].

Interactive models further refine the visualization process, enabling users to manipulate data
views, identify key features, and extract insights tailored to specific neurological contexts [13-14].
Automated visualization guidelines within these Al frameworks allow adaptive rendering of the
corticospinal tract. This flexibility addresses individual data variances and adapts to diverse clinical
needs, underscoring Al’s potential to expand visual access to neuroanatomical intricacies [15,16]. The
result is a refined approach to data visualization that both reveals limitations of existing methods and
proposes new pathways for advancing neural data interpretation — critical for evolving visualization
theory in complex neuroscientific contexts [17]. By leveraging Al-driven techniques, researchers and
clinicians gain deeper insights into the corticospinal tract’s structure and function, potentially
improving diagnosis and treatment of neurological disorders impacting motor function [18-19].

2. Complexity of the Corticospinal Tract as a Visualization Target

The corticospinal tract’s (CST) role in voluntary motor control necessitates precise imaging to
capture its complex, somatotopically organized architecture, where different cortical regions
correspond to specific motor functions. Conventional MRI has well-documented limitations for CST
visualization due to its insufficient resolution for detailing fine anatomical structures essential for
accurate mapping in clinical and research settings [20-22]. To address these complexities, advanced
methods like high angular resolution diffusion imaging (HARDI) and diffusion tensor imaging (DTI)
are now frequently used to improve our ability to resolve crossing fibers and capture the fine details
of CST pathways. Diffusion MRI (dMRI), particularly DTI and HARD], has become indispensable for
CST visualization due to its ability to map water diffusion pathways in neural tissues [23].

DTI estimates fiber orientation by measuring water diffusion in white matter tracts, yet it
struggles to accurately depict crossing or curving fibers, particularly in regions like the corona radiata
[24]. HARDI, a more advanced technique, samples diffusion across multiple directions, allowing for
finer resolution of complex fiber orientations and minimizing issues in regions with intersecting
fibers. Studies such as those by Ziegler et al. (2023) have demonstrated HARDI's superior accuracy
over DTI for CST mapping, especially in cases where fiber integrity is compromised, such as in
multiple sclerosis and stroke recovery [25,26]. Nevertheless, HARDI's sensitivity to noise and the
computational demands for processing high-dimensional data pose ongoing barriers to its clinical
adoption. Future research should focus on noise reduction algorithms and developing streamlined
processing protocols to enhance HARDI's clinical feasibility [27]. Such insights could lead to more
tailored rehabilitation protocols, enhance concussion imaging, and promote more accurate
assessments of return-to-play readiness for athletes and patients recovering from head trauma.

3. Principles of Visual Encoding for Neuroanatomical Data

Sophisticated visual encoding remains essential for converting CST data into interpretable
formats for clinicians and researchers. Directionally-encoded color (DEC) mapping is commonly
used in dMRI, with RGB colors representing fiber orientations—red for left-right, green for anterior-
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posterior, and blue for superior-inferior directions. This color-coding aids in quickly identifying
orientation cues, yet overlapping colors in regions of fiber crossing can reduce clarity and lead to
interpretative errors [28].

Fractional anisotropy (FA), which quantifies the directionality of diffusion, is often represented
by adjusting line thickness or opacity to indicate tract density and fiber integrity, aiding in identifying
regions of degeneration or damage. This encoding strategy can reveal pathological changes in the
CST, yet it must be carefully managed to avoid cognitive overload caused by excessive visual
elements [29]. Studies like those by Luna et al. (2022) have emphasized the need for balance between
encoding detail and interpretability, recommending that visualization designers employ FA-based
opacity adjustments selectively to prioritize critical clinical information [30].

To enhance user interpretation without adding complexity, recent research by Smith et al. (2019)
suggests the use of machine learning models to automate encoding adjustments based on specific
clinical criteria. This approach could streamline visualization for diverse applications, potentially
enabling broader use of CST visualization in personalized clinical care [31].

4. Interaction Models for Navigating Corticospinal Tract Data

Interactive visualization models are essential for exploring corticospinal tract (CST) anatomy
dynamically. Advanced 3D rendering and virtual reality (VR) platforms offer immersive
environments that allow users to navigate neural pathways in ways that static images cannot provide.
VR-based diffusion MRI visualization has proven invaluable for clinical applications, particularly in
surgical planning, where accurate spatial representation of CST pathways is critical for minimizing
postoperative motor deficits [32,33].

Studies have demonstrated VR's effectiveness in enabling spatial navigation through neural
tracts, increasing surgical precision when planning around critical CST regions [34]. However, VR
systems must be optimized for cognitive load, as high-dimensional data visualizations risk
overwhelming users. Filtering and segmentation tools are integral to these platforms, allowing
clinicians to isolate specific pathways or areas of interest. Research advocates for interface
simplification by prioritizing essential interactive elements, as excess features can lead to cognitive
overload in a VR context [35]. Adaptive VR systems that adjust complexity based on user expertise
or clinical scenario may further improve CST visualization’s utility in clinical practice.

5. Cognitive and Perceptual Theories in CST Visualization Design

Applying cognitive and perceptual theories in CST visualization is essential for improving
interpretability and reducing cognitive load. Gestalt principles serve as a foundation for organizing
complex CST data. For instance, the principle of proximity can guide the clustering of related fibers
within the CST, helping users intuitively recognize structural groupings without requiring extensive
mental processing [36,37].

Additionally, cognitive load theory underscores the importance of minimizing extraneous
cognitive demands by streamlining visuals to highlight clinically relevant information. Simplified
CST visualizations focusing on essential clinical data have been shown to reduce interpretation time
and improve diagnostic accuracy in clinical settings [38]. Applying cognitive theories allows for the
reduction of unnecessary detail, which can improve clinical utility by focusing user attention on high-
priority regions, ultimately enhancing the interpretability of CST data.

6. Automated Design Guidelines and Adaptive Visualization for CST Analysis

The integration of artificial intelligence (AI) into CST visualization has facilitated the
development of adaptive and automated visualization techniques. Deep learning-based
segmentation algorithms are crucial in automating the identification of CST regions, reducing manual
input and improving diagnostic reliability. These algorithms are particularly valuable in complex
cases, such as detecting CST abnormalities in amyotrophic lateral sclerosis (ALS) or multiple sclerosis
(MS), where pathology may vary widely among patients [39,40].
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Al-driven adaptive systems adjust visualization parameters like color, contrast, and detail based
on patient-specific data, allowing for more tailored insights. Machine learning models that adjust
visual parameters to highlight degenerative regions in ALS patients have enhanced clinicians’ ability
to assess disease progression [41]. Future research may explore the integration of real-time
adaptability, providing clinicians with dynamic visualizations that adjust to individual anatomical
variations. Such personalized visualization systems have the potential to transform CST analysis in
both diagnostic and therapeutic contexts.

7. Challenges in Standardizing CST Visualization Techniques

Despite significant advancements in corticospinal tract (CST) visualization, the lack of
standardization across imaging and visualization methods remains a major hurdle in both clinical
and research settings. This lack of standardization arises from multiple factors, including variability
in imaging protocols, inconsistencies in processing techniques, and the absence of universally
accepted visualization guidelines. Together, these issues complicate the comparability of CST
visualizations and affect their reliability for clinical and research applications.

A primary challenge lies in the variability of imaging protocols used to acquire diffusion MRI
data for CST visualization. Protocol differences among institutions—driven by variations in scanner
hardware, acquisition parameters, and institutional preferences—result in substantial discrepancies
in imaging outcomes. For example, spatial resolution plays a critical role in tractography accuracy;
higher resolutions (e.g., 1.25 mm isotropic voxels) enable better detection of crossing fibers than
standard clinical resolutions (e.g., 2.5 mm isotropic voxels). However, achieving high resolution
requires longer acquisition times, which may not be feasible for routine clinical use [42,43].

Furthermore, the number of diffusion-encoding gradient directions and selected b-values
directly influence the angular resolution and sensitivity of CST reconstructions. Increasing the
number of gradient directions, such as from 30 to 60, improves reconstruction accuracy in areas with
complex fiber architecture. However, there is no consensus on the optimal number of gradient
directions or b-values for CST imaging [44,45]. Additionally, the choice of acquisition scheme—
whether single-shell, multi-shell, or more advanced options like diffusion spectrum imaging (DSI)—
further contributes to variations in CST representation, as each approach balances acquisition time
with image fidelity differently [46].

Inconsistencies in data processing pose additional challenges in CST visualization. The
processing of diffusion MRI data for CST analysis involves multiple steps, each of which introduces
potential variability. Preprocessing steps, such as motion correction, eddy current correction, and
susceptibility-induced distortion correction, differ across institutions and can significantly impact
CST reconstructions. Although advanced algorithms like those in FSL’s eddy tool can enhance
correction accuracy, such tools are not universally available or consistently applied [47,48].

Similarly, the choice of tractography algorithm—deterministic versus probabilistic—and
associated parameters can lead to substantial differences in CST reconstruction, especially in regions
with crossing fibers. Studies comparing popular tractography algorithms have revealed significant
discrepancies in CST volume and spatial extent, underscoring the impact of these choices on
reproducibility [49,50]. Furthermore, the estimation of fiber orientations, whether through diffusion
tensor imaging (DTI), constrained spherical deconvolution (CSD), or multi-tensor models, produces
varying results in complex fiber areas. While CSD-based methods generally outperform DTI in
resolving crossing fibers, inconsistencies in parameter settings across these methods contribute to
variability in CST visualizations [51,52].

The absence of standardized visualization metrics presents another significant barrier to
consistent CST visualization. Current practices lack universal conventions for color encoding, opacity
scaling, and other key visual elements, leading to interpretative inconsistencies. For example,
directionally-encoded color (DEC) maps are commonly used to depict fiber orientations, but there is
no standard for color assignment or intensity scaling, complicating cross-study comparisons [53].
Similarly, quantitative measures like fractional anisotropy (FA) or mean diffusivity (MD) are often
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represented through variations in opacity or line thickness, but the absence of standard approaches
to encoding these measures hinders comparability [54].

Probabilistic tractography yields tract probability maps that could offer more consistent CST
visualizations across subjects; however, no consensus exists on thresholding or visualizing these
maps [55]. Additionally, the choice of 3D rendering methods—such as streamline representation,
volume rendering, or surface modeling —significantly impacts how CST data is interpreted. Hybrid
methods that combine streamlines and volume rendering provide comprehensive views of the CST,
yet inconsistencies in rendering choices hinder comparability across studies [56].

Interoperability issues with CST visualization tools further complicate data portability and
comparability, especially in multicenter research and collaborative clinical workflows. Many
visualization tools rely on proprietary file formats, limiting data exchange and reanalysis potential.
Although efforts to standardize file formats for tractography data are ongoing, achieving widespread
adoption remains a challenge [57]. Furthermore, the increasing use of virtual reality (VR) for CST
visualization introduces unique standardization challenges, as differences in user experience and
data representation across VR platforms affect reproducibility [58].

Machine learning approaches for CST segmentation and visualization, while promising, also
introduce variability due to differences in training data and model architectures. Deep learning-based
segmentation has demonstrated improved accuracy and consistency, yet performance can vary
across different anatomical regions and pathologies, complicating the reliability of CST visualizations
in diverse clinical settings [59,60].

Addressing these standardization challenges will require collaborative efforts within the
neuroimaging community. Such efforts should focus on developing and adopting standardized
protocols, establishing best practices for data processing and visualization, and improving
interoperability across CST visualization tools.

8. Advances in CST Visualization and Interpretation through Machine Learning and Al

Recent developments in machine learning (ML) and artificial intelligence (AI) have introduced
transformative advancements in the visualization, segmentation, and interpretation of corticospinal
tract (CST) imaging data [61,62]. These technologies address longstanding challenges in CST
visualization by improving segmentation accuracy, reducing noise, enabling multimodal imaging
integration, and facilitating adaptive, patient-specific visualization [63]. Machine learning, especially
deep learning, has facilitated the development of automated segmentation tools that enhance both
the efficiency and reliability of CST visualization.

Convolutional neural networks (CNNs), particularly architectures like U-Net, have proven
effective in segmenting CST regions across diverse patient populations and imaging modalities [64-
66]. On a similar note, high-field 7T MRI scanners, available at institutions such as Mayo Clinic and
Cleveland Clinic, have enabled the acquisition of CST images with an unprecedented level of
anatomical detail. This higher resolution, combined with Al-based segmentation, makes it possible
to visualize fine microstructural features that traditional MRI techniques might miss [67]. In diseases
affecting CST integrity, such as multiple sclerosis (MS) and amyotrophic lateral sclerosis (ALS), CNN-
based models have demonstrated the capacity to differentiate between healthy and degenerative CST
structures [68-70]. However, studies reveal variability in CNN performance across institutions and
patient demographics, suggesting a need for models trained on more diverse datasets to enhance
generalizability across varied clinical settings [71,72].

Accurate fiber orientation estimation is essential for CST visualization, particularly in areas with
complex fiber crossings. Traditional methods, such as diffusion tensor imaging (DTI), often fall short
in regions with intersecting fibers [73,74]. To address these limitations, supervised learning models,
particularly those using deep learning, have been explored as alternatives for improving fiber
orientation estimation by predicting orientations directly from raw diffusion data [75]. Hybrid
models that combine constrained spherical deconvolution (CSD) with ML-based orientation
estimation have shown improvements in capturing fiber orientations in complex regions [76-78].
However, variability in model parameters and training datasets impacts their reliability and
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consistency. Current research lacks comprehensive evaluation of these hybrid models across diverse
imaging settings, indicating a need for studies that establish best practices for parameter settings,
training protocols, and model selection criteria [79].

Noise and artifacts in diffusion MRI data can obscure structural details and lead to inaccuracies
in CST visualization. Denoising autoencoders have been developed to address these challenges by
training on large datasets of clean and noisy images to learn how to separate signal from noise [80,81].
These models have demonstrated efficacy in improving CST clarity, yet their implementation in
clinical practice remains limited due to the lack of standardized training data and preprocessing
methods [82]. Ensemble models that combine outputs from multiple Al models trained on different
noise types and artifacts have also shown promise for improving robustness across varied datasets
[83]. However, there are limited studies exploring optimal configurations of these ensemble models
for diffusion MRI, highlighting the need for further research [84].

The integration of multiple imaging modalities offers a more comprehensive view of CST
structure and function. Unsupervised and transfer learning models have shown potential in aligning
multimodal data, allowing for a more complete interpretation of CST health [85]. Generative
adversarial networks (GANs) have been employed to harmonize data from different modalities, such
as creating high-resolution images from lower-resolution inputs and aligning structural with
functional data for CST visualization [86-88]. Although GANs and multimodal fusion networks have
demonstrated efficacy in experimental settings, their application in clinical environments remains
limited. A significant gap in the literature is the lack of validation for multimodal models in real-
world clinical settings, with most studies focusing on isolated datasets without evaluating
performance across different populations or scanner types [89,90].

Al-powered adaptive visualization systems dynamically adjust visualization parameters to
match patient-specific characteristics, offering a tailored approach to CST imaging. These systems
have demonstrated particular utility in identifying CST regions critical for motor function, providing
insights for more precise surgical planning and risk assessment [91,92]. Real-time adaptive
visualization models that use reinforcement learning for dynamic adjustment based on user
interactions and clinical feedback have shown potential; however, current computational demands
restrict their widespread clinical adoption [93,94]. As a result, further research is needed to optimize
these models for faster processing to make them more applicable in real-time clinical settings [95].

Despite significant advancements, several gaps remain in the literature on Al-driven CST
visualization. There is a lack of consensus on standardized training protocols and evaluation metrics,
limited integration of ML-based noise reduction and quality control models into existing
preprocessing pipelines, and a need for optimization of adaptive and personalized visualization tools
for real-time use in clinical settings [96-98]. Future research should focus on multicenter studies to
validate AI models for CST visualization across diverse clinical environments, creating
comprehensive pipelines that combine noise reduction with automated segmentation, and
developing efficient AI models capable of handling complex CST visualization tasks with minimal
computational resources [99]. As these techniques evolve, they hold significant potential to enhance
diagnostic precision and therapeutic planning in a wide range of neuromotor disorders, ultimately
improving patient care [100].

Table 1. Challenges and Solutions in CST Visualization.

Challenge Description Examples Potential Solutions
Variability in Differences in scanner Higher spatial resolution Develop consensus
Imaging Protocols hardware, acquisition (e.g., 1.25 mm) improves guidelines for imaging

parameters, and institutional detection of crossing fibers ~ parameters such as
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affecting spatial and angular
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Preprocessing steps such as
motion correction and
susceptibility-induced
distortion correction are not
universally standardized,
leading to inconsistencies in

CST reconstructions.

Lack of universal conventions
for color encoding, opacity
scaling, and quantitative
measure representation leads
to interpretative
inconsistencies and hinders

comparability.

Use of proprietary file
formats and limited
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and hinders collaborative
clinical workflows and

multicenter research.

but is time-intensive; no
consensus on optimal
gradient directions or b-
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Advanced algorithms like
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accuracy but are
inconsistently applied;
different tractography
algorithms yield varying CST

reconstructions.

DEC maps lack standardized
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quantitative metrics like FA
or MD are visualized with
non-standard opacity or
thickness, affecting cross-

study comparisons.

Proprietary file formats
restrict data exchange; VR
platforms differ in user
experience, further
complicating

standardization.
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comparability.

Adopt standardized
preprocessing protocols
and encourage use of
open-access, robust
algorithms for data
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encoding, opacity
scaling, and visualization
of quantitative metrics to

enhance consistency.

Promote adoption of
open file formats for
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standardize visualization
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platforms.
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8
Variability in Differences in training data ~ Deep learning shows Develop standardized
Machine Learning and model architectures in promise in improving training datasets and
Approaches for deep learning-based consistency, but performance guidelines for model
CST Segmentation segmentation lead to varies across regions and architectures to improve
variability in visualization pathologies, raising concerns consistency in machine
accuracy across anatomical about reliability. learning-based CST
regions and pathologies. segmentation.

Summary of key challenges impeding standardization in corticospinal tract (CST) visualization
and proposed solutions. The table outlines five primary areas of variability: imaging protocol
differences, data processing inconsistencies, non-standardized visualization metrics, interoperability
issues across visualization tools, and challenges introduced by machine learning approaches for CST
segmentation. Each category includes a brief description of the issue, real-world examples illustrating
its impact, and potential solutions aimed at enhancing comparability, consistency, and
reproducibility across clinical and research applications in CST visualization.

9. Discussion and Future Directions

The integration of artificial intelligence (Al) and machine learning (ML) into neuroimaging,
particularly for visualizing and interpreting the corticospinal tract (CST), has led to significant
advancements. However, several challenges persist, necessitating further research and development
to optimize clinical applications. This analysis explores key areas for future exploration, emphasizing
standardization, clinical integration, real-time adaptability, validation of multimodal capabilities,
and the legal and ethical considerations inherent in these advancements.

Variability in AI model performance across institutions and patient demographics underscores
the need for standardized protocols and evaluation metrics. The lack of uniformity in data acquisition,
preprocessing, and model training impedes the generalizability of AI models for CST visualization.
Implementing standardized imaging protocols across institutions is essential, as variations in
imaging parameters can significantly affect CST tractography quality. For instance, diffusion MRI
(dMRI) parameters such as b-values, number of diffusion directions, and spatial resolution play a
crucial role in the accuracy of CST reconstruction. Recent studies have shown that high angular
resolution diffusion imaging (HARDI) with a minimum of 45 diffusion directions and b-values of
1000-3000 s/mm? can provide more accurate fiber orientation estimates compared to traditional
diffusion tensor imaging (DTI) [101,102].

Advanced preprocessing techniques have been developed to address the unique challenges of
neuroimaging data. Consistent preprocessing steps, including noise reduction, motion and eddy
current correction, and susceptibility-induced distortion correction, are crucial for maintaining data
quality. For example, the FMRIB Software Library (FSL) provides a comprehensive suite of tools for
dMRI preprocessing, including eddy current correction and susceptibility-induced distortion
correction using the TOPUP algorithm [103]. Furthermore, deep learning approaches utilizing
convolutional neural networks (CNNs) have shown significant improvements in noise reduction and
feature extraction. A study by Jiang et al. demonstrated that a deep CNN autoencoder could
effectively denoise diffusion-weighted images, enhancing the quality of the input data for further
analysis [104].

Integration of multiple imaging modalities, such as structural MRI, functional MRI (fMRI), and
dMRI, requires careful preprocessing to ensure accurate alignment and integration. Techniques like
3D Slicer software for image registration are essential for achieving precise anatomical and functional
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alignment [105]. Recent advancements in multimodal integration include the development of joint
models that simultaneously process structural and functional data. For instance, Glasser et al.
proposed a multimodal surface matching (MSM) algorithm that aligns cortical areas across
individuals based on both structural and functional features [106].

In the realm of CST visualization, machine learning approaches have been increasingly used to
improve tractography results and reduce interobserver variability. Conventional deterministic and
probabilistic tractography methods often struggle with complex fiber configurations, such as crossing
fibers in the centrum semiovale. To address this, researchers have developed ML-based approaches
that can learn to resolve these complex configurations. For example, Poulin et al. proposed a deep
learning-based tractography method called Learn-to-Track, which uses a recurrent neural network
to learn optimal tractography parameters from expert-labeled streamlines [107].

Recent innovations in corticospinal fMRI have led to the development of distinct protocols for
different scanner systems, such as dynamic per-slice shimming, and custom strategies for
corticospinal data processing and analysis. These advancements allow for the exploration of bottom-
up nociceptive processing and top-down pain-modulatory pathways via the brainstem, as well as the
intricate interplay between spinal and supraspinal networks during pain perception. For instance,
Sprenger et al. developed a combined brain-spinal cord fMRI acquisition protocol that enables
simultaneous assessment of supraspinal and spinal cord activity during nociceptive processing.

As the field of neuroimaging continues to evolve with Al integration, addressing legal and
ethical considerations becomes paramount. Ensuring compliance with data protection regulations,
such as the General Data Protection Regulation (GDPR) in Europe and the Health Insurance
Portability and Accountability Act (HIPAA) in the United States, is essential. Developing Al models
on diverse datasets to prevent biases is crucial, as recent studies have shown that AI models trained
on homogeneous populations may perform poorly when applied to underrepresented groups.

In conclusion, the integration of Al and ML in CST visualization and neuroimaging in general
holds great promise for improving diagnostic accuracy, treatment planning, and patient outcomes.
However, realizing this potential requires addressing challenges in standardization, preprocessing,
multimodal integration, and ethical considerations. Future research should focus on developing
robust, generalizable Al models that can seamlessly integrate into clinical workflows while
maintaining the highest standards of patient care and data protection.

10. Conclusions

In summary, the continued advancement of Al and machine learning in CST visualization
represents a transformative potential in neuroimaging, allowing clinicians and researchers to gain a
more detailed understanding of motor pathways crucial for voluntary control. Current research
reveals that Al-driven systems can improve diagnostic accuracy, facilitate personalized treatment
planning, and ultimately enhance patient outcomes. However, several challenges must be addressed
to realize these potential benefits fully. Standardization of imaging protocols, the development of
interpretable Al models, and ethical considerations surrounding data privacy and mental privacy are
paramount for safe and equitable clinical integration.

Future work should explore advanced Al architectures, such as transformer models and graph
neural networks, which offer robust solutions to challenges in fiber complexity and anatomical
variability. Integrating multimodal imaging data using sophisticated fusion techniques, like cross-
modal transformers and attention mechanisms, could lead to more comprehensive representations
of CST and enable actionable insights across clinical scenarios. Additionally, federated learning
frameworks can be leveraged to foster collaboration across institutions while preserving patient
privacy, broadening the clinical application of CST visualization Al Further, the development of
explainable Al tools will be essential for clinical adoption, providing interpretative transparency that
enhances trust in automated decision-making processes. These developments must also account for
real-time adaptability in intraoperative settings, ensuring that CST data can be applied dynamically
for guidance during surgeries.
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The emergence of quantitative metrics in Al-based tractography and the integration with
emerging neuroimaging technologies like 7T MRI and focused ultrasound mark promising directions
for advancing CST research. Extending Al models to track CST changes over time would also support
longitudinal studies and disease progression modeling, benefiting patients with neurodegenerative
disorders. Given the profound implications of neural data on privacy, establishing ethical
frameworks tailored to neuroimaging will be crucial. Standards that emphasize cognitive privacy,
patient consent, and data security will help navigate the ethical landscape of this evolving field. With
a comprehensive approach that addresses technical, clinical, and ethical dimensions, CST
visualization can become a cornerstone in personalized and precise neuroimaging, advancing our
understanding and treatment of motor-related neurological disorders.
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