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Abstract

Dysphagia is a common and debilitating complication in patients with lateral medullary
infarction (LMI), affecting up to 100% of cases and significantly impairing quality of life.
Accurate classification of early dysphagia severity is essential for timely intervention and
personalized rehabilitation planning. This study aimed to develop and validate a deep learning
algorithm using acute-phase diffusion-weighted MRI to classify dysphagia severity in LMI
patients. A retrospective cohort of 163 patients with confirmed acute LMI was analyzed.
Dysphagia severity was determined by videofluoroscopic swallowing studies (VFSS),
categorizing patients into severe and non-severe groups. Lesion regions were manually labeled
and preprocessed for model training. Transformer-based deep learning architecture, the
Hierarchical Vision Transformer (Hier-ViT), was employed due to its capacity to model spatial
hierarchies and global image context. The model achieved an accuracy of 0.85, with a precision
of 0.70, recall of 0.75, F1-score of 0.72, and an area under the ROC curve (AUC) of 0.69.
These findings suggest that Hier-ViT can effectively classify dysphagia severity in LMI
patients using early MRI, offering a potential tool for early risk stratification. While the model
shows a high accuracy, the modest AUC suggests that further refinement and multi-modal

integration are necessary to improve its discriminative power in imbalanced clinical datasets.
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1. Introduction

Dysphagia is a commonly documented complication after stroke, but its reported prevalence
varies widely, ranging between 19% and 81% . Dysphagia can significantly impair patients’
quality of life, leading to complications such as malnutrition, dehydration, aspiration

pneumonia, social isolation, depression, and anxiety 2.

Among stroke types, lateral medullary infarction (LMI) is caused by ischemia in the
lateral part of the medulla oblongata . LMI is characterized by a range of neurological
symptoms, including gaze-induced nystagmus °, Horner’s syndrome °, ipsilateral ataxia ’.
Importantly, dysphagia has been reported in 51% to 100% of patients with LM18°, and it tends
to be more severe and prolonged in LMI patients compared to those with hemispheric stroke
patients . This is attributed to the anatomical characteristics of the medulla, the location of
the central pattern generators (CPGs) responsible for swallowing. CPGs are generally defined
as neural networks capable of generating central commands that govern stereotyped, rhythmic
motor behaviors such as swallowing 2, In the medulla, the CPG is composed primarily of
the nucleus of the tractus solitarius (NTS) and the nucleus ambiguus (NA). Neurons in the NTS
function as interneurons that coordinate and program the sequential swallowing motor pattern,
while neurons in the NA primarily serve as motoneurons innervating the pharyngolaryngeal

muscles and the esophagus 3.

Initial dysphagia is considered a key factor associated with poor outcomes following
LMI . Although most patienis with dysphagia experience mild symptoms and recover quickly
1516 some patients with severe dysphagia require tube feeding for several months or even years
121718 Therefore, early and accurate classification of dysphagia severity is clinically important
for developing appropriate therapeutic strategies. Several studies have attempted to identify
factors associated with dysphagia prognosis in LMI patients 1 A previous lesion-symptom
mapping study demonstrated that posterolateral involvement in both the upper and lower
medulla, as visualized on diffusion-weighted imaging, was significantly associated with severe
dysphagia, typically characterized by decreased pharyngeal constriction and the apparent
absence of any evidence of esophageal passage in videofluoroscopic swallowing study (VFSS)
findings, as well as the initial requirement for enteral tube feeding 3%, These findings suggest
that the anatomic factor related to the extent and vertical distribution of the lesion play a critical
role in determining swallowing impairment. This underscores the importance of early and
accurate lesion localization in predicting dysphagia severity and guiding individualized

rehabilitation planning.



Recently, artificial intelligence (Al) based on deep learning has been expanding its
applications in various medical fields to enhance the diagnosis and treatment of diseases .
Deep learning methods are a type of representation learning that leverage multiple levels of
abstraction. These methods consist of simple but non-linear modules that transform the
representation at one level (starting with raw input) into a higher, more abstract level of

representation 22,

Deep learning techniques have been widely applied across various organ systems,
including the kidney, prostate, and spine 2. Notably, brain image analysis has emerged as one
of the most extensively studied areas in the field of medical imaging. A variety of tasks have
been successfully addressed, such as the staging and early diagnosis of Alzheimer’s disease
using multimodal magnetic resonance imaging (MRI) data 2, automated segmentation of brain
tumors including glioblastoma and meningioma from heterogeneous clinical MRI scans 2%,
and lesion detection in patients with multiple sclerosis 2’. Additional applications include skull

stripping for brain extraction 28, and classification of brain functional connectomes %°.

Given that anatomical lesion patterns in the medu!la have been shown to significantly
influence the severity of dysphagia in patients with LMI, accurate lesion localization is of
particular clinical relevance. At the same time, recent advances in deep learning have led to
substantial progress in brain imaging analysis, with applications ranging from disease
classification to lesion segmentation arid functional mapping. These developments suggest that
integrating anatomical insights with data-driven modeling may offer a powerful approach to

classifying dysphagia severity.

In this study, we aim to develop and validate a Transformer-based deep learning
algorithm to automatically analyze the location of initial MRI lesions in patients with LMI and
classify the severity of dysphagia at the subacute phase. By leveraging the ability of
Transformers to capture both local and global patterns, we expect to enhance the accuracy of

severity classification and facilitate the development of more effective rehabilitation strategies.

2. Materials and methods
2.1. Study design

We performed a retrospective study analyzing clinical and imaging data of patients who were

admitted to Dongguk University llsan Hospital with acute LMI from September 2005 to the



July 2024. Participants satisfied the following inclusion criteria: (1) first-ever onset of acute
stroke, (2) patients aged 20 years or older and (3) diagnosis of lateral medullary infarction
confirmed by MRI. Patients with other structural brain disorders, including neurodegenerative
or neuromuscular conditions that could independently influence swallowing function, were
excluded from the study. The study was approved by the Institutional Review Board of
Dongguk University llsan Hospital (No. 2024-07-004). All procedures were performed in
compliance with the relevant guidelines and regulations.

2.2. Data collection and outcome measures

All stroke patients underwent brain MRI within 24 hours of admission using a 1.5-T MR
machine (MAGNETOM-Avanto, Siemens, Erlangen, Germany). Diffusion-weighted MRI
(DWI) parameters were as follows: b-values of 0 and 1000 s/mm?, repetition time of 5400 ms,

echo time of 77 ms, field of view of 220 x 220 mm, slice thickness of 3.0 mm, and an

interslice gap of 0.3 mm. Following established protocols 2°, three W] slices were extracted
from the lower, middle, and upper medulla levels based on the MINi brain template for analysis.

VFSS was conducted at a mean of 14 days following stroke onset using a fluoroscopic
system (Sonialvision-100, Shimadzu Corporation, Kyoto, Japan). All examinations adhered to
a standardized protocol, which included the following: (1) patients maintained an upright
seated position throughout the procedure; (2) the VFSS videos were recorded in the lateral
view; (3) each subject was giveri 5 mL of diluted barium solution (35% w/v), curd-type yogurt,
and mashed boiled pumpkin, each administered twice; and (4) the protocol was modified as

needed according to the patient’s clinical status and level of cooperation.

Dysphagia severity was determined according to VFSS findings %. Severe dysphagia
was defined by the presence of diminished pharyngeal contraction and a clear lack of
observable esophageal passage. Patients who did not exhibit these features were categorized as
having non-severe dysphagia. This specific dichotomization, while distinct from standardized
scales like the Penetration-Aspiration Scale (PAS), was chosen because pharyngeal paralysis
and the resulting inability to achieve esophageal passage are the primary clinical hallmarks of
severe dysphagia in LMI patients, directly necessitating enteral tube feeding. This criteria-
based approach ensures that the classification is grounded in the functional pathophysiology
most relevant to early clinical management in the acute phase. The classification of severe
versus non-severe dysphagia based on VFSS was performed by a single physiatrist (J.W.P.)
experienced in stroke rehabilitation and dysphagia assessment, following the predefined
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criteria (diminished pharyngeal contraction and lack of esophageal passage).
2.3. Data preprocessing

Three brain MRI images were selected based on consistent anatomical landmarks to ensure
comparability across subjects and were input into the model as independent samples. These
three slices (lower, middle, and upper medulla levels based on the MNI template) were chosen
to capture the vertical extent of the lesion, which is a key anatomical factor associated with
dysphagia severity, as suggested by prior lesion-symptom mapping studies 2. While these three
slices do not guarantee capturing the entire extent of every lesion, the selection strategy
prioritized slices that align with known functionally critical regions for swallowing CPGs and
allowed for a standardized input across subjects. Each patient was labeled as having either
severe or non-severe dysphagia based on VFSS results, creating a binary classification task.
All images were resized to a standardized resolution and normalized for pixel intensity. The
dataset was split into training (70%) and testing (30%) sets to evaluate model performance. No
additional clinical variables were included at this stage, and the analysis focused solely on the
spatial imaging features from early post-stroke MRI scans. This preprocessing ensured that the
model learned discriminative patterns directly from medullary lesion characteristics while

controlling for variations in image size and intensity.
2.4. Deep learning models

This study employed a Hierarchical Vision Transformer (Hier-ViT) model to classify
dysphagia severity based on early brain MRI data. Hier-ViT is a Transformer-based vision
model that constructs multi-level representations by hierarchically merging non-overlapping
image patches. Each input image was divided into fixed-size patches and linearly embedded,
with positional encoding added to preserve spatial information. These embeddings were then
passed through a series of Transformer encoder layers that progressively reduced spatial
resolution while increasing feature abstraction, allowing for both local and global contextual
learning. The model was trained using the preprocessed medulla MRI slices and labeled
dysphagia severity, with performance evaluated based on classification metrics such as
accuracy, precision, recall, and AUC. A schematic overview of the entire deep learning
pipeline—from diffusion-weighted image preprocessing to patch embedding, hierarchical

feature extraction, and severity classification—is presented in Figure 1.

2.5. Statistical analysis

Statistical analysis was performed using Python 3.8 on an Ubuntu 22.04 operating system,
6



utilizing the Scikit-learn (version 1.5) and SciPy (version 1.11.4) libraries. Model performance
was evaluated using receiver operating characteristic (ROC) curve analysis, and the area under
the curve (AUC) was calculated as a primary indicator of discriminative ability. Confidence
intervals for the mean AUC were estimated using the bias-corrected and accelerated bootstrap

method.

3. Results
3.1. Patient characteristics

A total of 163 patients met the inclusion criteria for this study. The mean age of the participants

was 60.5 £ 13.0 years. Among them, 44 patients (27.0%) were classified as having severe

dysphagia, including 33 males (75.0%) and 11 females (25.0%), with a mean age of 60.0 %

14.5 years. The remaining 119 patients (73.0%) were classified as having non-severe dysphagia,

comprising 71 males (59.7%) and 48 females (40.3%), with a mean age of 60.7 + 12.6 years.

VFSS was conducted at a mean of 12.4 + 3.4 days from stroke onset. Table 1 summarizes the
baseline demographic characteristics stratified by dysphagia severity.
3.2. Model performance

The Hier-ViT model achieved an accuracy of 0.85, precision of 0.70, recall of 0.75, and an F1-
score of 0.72 in classifying dysphagia severity. The area under the receiver operating
characteristic curve (AUC) was 0.69, indicating fair overall classification performance. The
performance metrics are summarized in Table 2, and the classifier’s ability to distinguish

between severity groups is demonstrated in Fig. 2 (Confusion matrix and ROC curve).

4. Discussion

This study investigated the performance of a deep learning model based on the Hier-ViT in
classifying the severity of dysphagia following LMI using early brain MRI findings.

While the Hier-ViT model achieved a high classification accuracy of 0.85; however, the AUC
was relatively modest at 0.69. This discrepancy is likely attributable to the class imbalance
within our cohort, where 73% of patients were in the non-severe group. In such instances, while

the model correctly identifies a high percentage of overall cases, the AUC provides a more
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nuanced reflection of its ability to distinguish between the two classes across all possible
thresholds. The interpretation of "fair" performance is based on established general guidelines
for AUC interpretation where values between 0.7 and 0.8 are typically considered "fair"
discriminative ability. The precision of 0.70 means that when the model predicts severe
dysphagia, it is correct 70% of the time—an important factor in minimizing false-positive
predictions and avoiding unnecessary interventions. The recall of 0.75 shows that the model
successfully identifies 76% of patients who truly have severe dysphagia, which is essential for
ensuring that patients at high risk are not overlooked. The balance between precision and recall
is demonstrated by the F1-score of 0.72, which indicates moderate yet clinically meaningful

performance in terms of both identifying true cases and minimizing misclassification.

From an anatomical perspective, this performance is particularly meaningful in light of
previous findings indicating that anatomical lesion patterns within the medulla significantly
influence the severity of dysphagia in patients with LMI. Specifically, lesion-symptom
mapping studies have demonstrated that posterolateral involvement of both the upper and lower
medulla, as identified on diffusion-weighted imaging, is strongly associated with severe
dysphagia requiring enteral feeding 2°. Given that infarctions in the medullary region typically
involve extremely small anatomical territories that are often indistinguishable by visual
inspection alone, the model’s ability to achieve this level of classification accuracy suggests
that it may capture subtle spatial patterns in the lesion that are correlated with dysphagia

severity.

Recent advances in deep learning have enabled automated analysis of brain imaging
data across various domains, including the segmentation of brain tumors, the staging of
Alzheimer’s disease, and the classification of neurological disorders 23. In this context, our
study applies a Hierarchical Vision Transformer model to early brain MRI data to classify
dysphagia severity, integrating anatomical lesion characteristics with data-driven

categorization of dysphagia severity.

Existing clinical tools, such as VFSS or FEES (fiberoptic endoscopic evaluation of
swallowing), are the current gold standards for stratifying dysphagia severity. However, access
to these studies can be delayed or unavailable in acute settings, especially in centers with
limited resources. Looking ahead, this model is proposed as a complementary triage tool rather
than a replacement for gold-standard assessments such as VFSS or FEES. In clinical practice,
the model could provide immediate risk stratification upon the completion of an initial MR,

allowing clinicians to prioritize high-risk patients for early intervention and appropriate
8



nutritional support when specialized swallowing studies are delayed or unavailable.

The present study applies a Hier-ViT architecture to early brain MRI data to classify
dysphagia severity. In this approach, the input image is divided into patches, which are then
linearly projected and processed by the Transformer encoder *°. Although CNN-based methods
have demonstrated commendable performance, their ability to model long-range dependencies
is inherently limited due to the localized nature of convolution operations. In contrast, Hier-
VIT effectively addresses this limitation by capturing both local and global contextual
relationships through its hierarchical self-attention mechanism 3. Hier-ViT has demonstrated
effectiveness in various medical imaging tasks and has shown superior performance compared
to conventional CNN-based approaches 2. The implementation of a Hier-ViT model in this
study highlights its potential utility in medical imaging domains that involve anatomically
small but functionally critical regions. This architecture is particularly advantageous when
analyzing the small, anatomically complex medulla, as it incorporates global contextual
information while preserving spatial hierarchies. Despite inherent limitations, including
modest dataset size, the model demonstrated stable classification performance, suggesting that
transformer architectures may offer robustness in compiex neuroanatomical classification tasks.

This reinforces the potential of early imaging-oased imodels in supporting clinical decisions.

This study has several limitaticns that should be acknowledged. First, the sample was
drawn from a single-center cohort, which may limit the generalizability of the model’s
performance to broader populations with different demographic or clinical characteristics.
Second, external validation was not performed, restricting the applicability of the model to
other clinical settings and raising concerns about potential overfitting to institutional-specific
data. Third, the reliability and consistency of the dysphagia severity labeling were not assessed
through inter-rater agreement, as only a single rater was involved in the classification, which
is a potential limitation of the ground truth data used for training. Fourth, the follow-up period
was confined to the early phase of dysphagia recovery, thereby limiting insight into long-term
functional outcomes or true prognosis. Lastly, the model was developed using only MRI and
VFESS data, without incorporating additional clinical variables such as medical history or
neurological assessments, which may have further enhanced the model’s predictive capacity

through multi-modal integration.

To further enhance translational relevance, future research should focus on developing
multi-modal models that integrate imaging data with key clinical variables. Furthermore,

external validation using multi-center datasets will be essential to ensure the model’s
9



generalizability across different institutional protocols and patient populations. Incorporating
additional clinical variables—such as neurological assessments, comorbidities, or laboratory
findings—as well as multi-modal imaging may further improve predictive performance.
Moreover, extending the follow-up period to capture long-term swallowing outcomes will be
essential to fully evaluate the clinical relevance of such models for true prognostic applications.
As deep learning approaches continue to evolve, efforts should also be made to streamline
model architecture for real-time clinical implementation and to assess their utility in guiding
personalized rehabilitation strategies.

5. Conclusion

This study demonstrated the feasibility of utilizing a Hier-ViT model to classify the severity of
dysphagia in patients with LMI based on early brain MRI findings. The model showed
moderate but clinically meaningful classification performance, indicating that Transformer-
based architectures are capable of effectively capturing spatial features associated with
swallowing dysfunction. Given the clinical importance of early severity stratification in
formulating individualized rehabilitation strategies, these findings support the potential
application of deep learning models as adjtinctive tools that complement traditional swallowing
assessments. Although further refinement is needed to address class imbalance, these results
offer a promising avenue for improving early risk stratification in individualized rehabilitation

planning.
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Fig. 1. Deep learning pipeline using Hier-ViT for dysphagia severity classification
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Diffusion-weighted images (DWIs) from axial medullary slices were preprocessed and
segmented into fixed-size patches. Each patch was converted into an embedding vector and
input into the hierarchical vision transformer (Hier-ViT) architecture, enabling multiscale
feature aggregation. The output features were then used to classify patients into severe or non-

severe dysphagia groups, based on videofluoroscopic swallowing study (VFSS) labels.
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Fig. 2. Confusion matrix (A) and ROC curve (B) of Hier-ViT model.
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(A) Confusion matrix showing model predictions of dysphagia severity. (B) Receiver
operating characteristic (ROC) curve with area under the curve (AUC) of 0.69,

indicating fair discriminative performance.
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Table 1. Patient characteristics (n = 163).

Characteristic Severe Non-severe
(n=44) (n=119)
Age (yr) 60.0 + 145 60.7 + 12.6
Gender (M/F) 33/11(75.0/25.0%) 71/48 (59.7/40.3%)

Days from onset to VFSS 17 4 + 3.4 (overall mean)

Values are mean =+ SD.
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Table 2. Performance of prediction models.

Accuracy Precision Recall Fl-score AUC (95% CI)

Hier-ViT 0.85 0.70 0.75 0.72 0.69 (0.61-0.78)
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