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Abstract

Background: Clinical diagnosis of tic disorders (TDs) is often delayed by fluctuating symptoms and the subjective nature of
assessments. While automated methods have been proposed to bridge this gap, traditional machine learning models frequently
lack robustness in unconstrained environments and fail to capture the complex, multisite tics characteristic of severe TDs.

Objective: This study aimed to develop and evaluate a fine-tuned large vision-language model framework for the automated,
interpretable detection of pediatric motor tics, addressing the clinical need for objective and efficient symptom assessment in
unconstrained environments.

Methods: In this multicenter study, 168 pediatric participants (n=83, 49.4% with TDs and n=85, 50.6% healthy controls)
underwent 12-hour continuous video-electroencephalography monitoring. We fine-tuned the Qwen3-VL-8B model using 3- to
5-minute video segments via low-rank adaptation. The framework used chain-of-thought prompting to generate both binary
classifications and textual justifications. A strict patient-wise split ensured zero identity overlap between training and test sets.
Diagnostic precision was evaluated using 95% CIs calculated with the Clopper-Pearson exact method.

Results: In total, 168 pediatric participants (age: mean 8.3, SD 2.3 years) were enrolled, providing 559 expert-validated video
segments for analysis. On the independent test set (n=55), the framework achieved 89.1% (49/55; 95% CI 77.8%-95.9%) accuracy
and an area under the curve of 0.950 (95% CI 0.892-1.000), significantly outperforming the landmark-based deep neural network
(accuracy 74.1%; P=.004); recall reached 100% (25/25 positive episodes; 95% CI 86.3%-100.0%). Model-generated justifications
showed substantial agreement with expert annotations (κ=0.784, 95% CI 0.625-0.943; P<.001).

Conclusions: These findings suggest that a vision-language model framework can capture clinically relevant tic features beyond
conventional geometric descriptors. By combining high sensitivity (recall) with text-based diagnostic justifications aligned with
clinical severity dimensions (eg, frequency and intensity), the approach may support automated video review and preliminary
symptom quantification in controlled monitoring settings.
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Introduction

Tic disorders (TDs) are among the most prevalent
neurodevelopmental conditions in children and adolescents,
characterized by sudden, involuntary, and repetitive motor
movements or vocalizations [1]. Typically emerging between
ages 5 and 10 years, TDs affect boys 3 times more frequently
than girls, with recent research confirming a persistent gender
disparity [2]. These symptoms often follow a predictable
cephalocaudal progression, initiating in the periorbital and
perioral regions before extending to the neck, shoulders, and
extremities [3]. With an estimated prevalence of 12% to 16%
in school-aged populations, TDs are frequently complicated by
comorbidities, such as attention-deficit/hyperactivity disorder
and obsessive-compulsive disorder [4,5]. These overlapping
conditions significantly impair academic performance and
psychosocial development, making early, objective diagnosis
a clinical necessity [6].

Despite the high prevalence of TDs, clinical diagnosis remains
problematic due to the paroxysmal nature of symptoms and the
“white-coat effect,” where tics are often voluntarily suppressed
during brief clinic visits [7]. This unpredictability is further
compounded by the limitations of the Yale Global Tic Severity
Scale (YGTSS)—the current gold standard—which relies
heavily on retrospective parental recall and specialized expertise,
making it impractical for high-volume clinical settings [8].
While tools such as the modified Rush Video Tic Rating Scale
provide objective data, they necessitate tedious manual review
that precludes large-scale screening [9]. Consequently, these
challenges necessitate a transition toward “digital
phenotyping”—the use of passive, continuous monitoring to
capture real-world symptom dynamics [10]. Current automated
detection primarily follows three technological paths: (1)
sensor-based systems, which offer high objectivity but face
challenges with pediatric compliance during long-term
monitoring; (2) geometric landmark–tracking frameworks,
which provide high precision but often necessitate specific
recording angles (eg, selfie style) and are sensitive to occlusions
[11,12]; and (3) global spatiotemporal models, which leverage
raw pixels for end-to-end detection [13-15]. Such paradigm
shifts have already shown transformative success in other
movement disorders, such as Parkinson disease and epilepsy,
where they have emerged as mature diagnostic adjuncts [16,17].

While automated detection has been explored to bridge this
diagnostic gap in TDs [18], existing methodologies—primarily
based on geometric landmarks or shallow convolutional neural
networks—often exhibit limited robustness when transitioned
to unconstrained clinical environments. This fragility primarily
stems from the inherent limitations of geometric landmark
tracking and frame-level optical extraction, which are highly
sensitive to variations in ambient lighting, occlusions, and
sudden movement [19-21]. Furthermore, because these models
rely heavily on predefined facial anchor points, their spatial
focus is frequently restricted to localized facial tics [22,23].
Such technical constraints preclude the identification of subtle
“premonitory” muscle tension or complex, multisite tics
involving the shoulders and trunk—hallmark features of severe
TD [22,23]. To transcend these limitations and align TD

monitoring with the advancements in generalist medical AI,
this study aims to develop and evaluate a robust framework
using a fine-tuned large vision-language model (LVLM),
Qwen3-VL [24,25]. We hypothesized that by leveraging the
superior spatiotemporal reasoning and clinical semantic
understanding of foundation models, our framework could
significantly outperform traditional architectures in
unconstrained environments while providing textual diagnostic
justifications aligned with clinical severity dimensions.

Methods

Multicenter Recruitment and Systematic Procedures
This multicenter study implemented a standardized, systematic
recruitment and screening protocol between June 2023 and
October 2025 at 3 tertiary clinical sites: Peking University
People’s Hospital, Wuhan Children’s Hospital, and the Third
Affiliated Hospital of Beijing University of Chinese Medicine.
Candidates were consecutively recruited from high-volume
pediatric neurology outpatient clinics. The systematic diagnostic
procedure involved preliminary screening by attending
physicians, followed by formal confirmation by 2 senior
pediatric neurologists (each with more than 10 years of clinical
experience), strictly based on the Diagnostic and Statistical
Manual of Mental Disorders (Fifth Edition) criteria for TDs
[19]. Clinical inclusion was restricted to patients presenting
with active motor tics, defined as sudden, rapid, recurrent, and
nonrhythmic motor movements involving localized or multiple
muscle groups (eg, eye blinking, facial grimacing, or shoulder
shrugging). To ensure a representative clinical spectrum, we
enrolled 83 participants with TDs who exhibited a wide range
of symptom severity, as quantified by the YGTSS (mean total
tic score 22.4, SD 7.8). Concurrently, 85 age- and sex-matched
healthy children were recruited as a negative control group
during routine physical examinations. These controls underwent
the same neurological screenings to exclude any prior history
or familial patterns of neurodevelopmental or psychiatric
disorders. The final sample size reflected the total number of
eligible pediatric participants who completed standardized
12-hour video-electroencephalography (vEEG) monitoring
during the multicenter recruitment period. No a priori sample
size calculation was performed, as the study was designed as a
convenience sample leveraging all available cases and controls
that met the inclusion criteria.

To ensure data integrity, a final quality control phase was
implemented prior to analysis. This phase involved the
systematic exclusion of participants with poor video quality,
excessive visual occlusion (eg, by clothing or bedside
equipment), or atypical motor stereotypies that did not meet the
rigorous criteria for motor tics. The final cohort comprised 168
participants (n=83, 49.4% with TDs and n=85, 50.6% healthy
controls). Several recordings with severe occlusion, poor
visibility, or atypical motor stereotypies were excluded during
the quality control phase. The exact number of excluded
participants was not systematically recorded because exclusions
occurred prior to construction of the analytic cohort; therefore,
all analyses reflect the final cohort of 168 participants.
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Ethical Considerations
The study protocol and multicenter data acquisition procedures
were reviewed and approved by the Ethics Committee of Peking
University People’s Hospital, serving as the lead institution
(approval 2023PHB245-001). The other participating centers
formally acknowledged and adhered to the ethical standards
and approval granted by the lead site. The study was conducted
in strict accordance with the Declaration of Helsinki. Written
informed consent was obtained from the legal guardians of all
participants for participation in the study and for publication of
any accompanying clinical images.

Systematic vEEG Monitoring and Ecologic Data
Acquisition
To capture a more realistic representation of symptoms than
brief clinical examinations, behavioral data were acquired during
12-hour continuous vEEG monitoring [26]. To maximize
ecologic validity, recordings were conducted in a standardized
naturalistic ward environment where participants were
encouraged to engage in unstructured daily activities, including
playing, reading, and eating, during both awake and sleep states.

The monitoring setup was strictly standardized across all clinical
sites: a high-definition digital camera with infrared capabilities
was fixed at a height of 2.0 m, positioned 2.5 m to 3.0 m from
the bedside to ensure a full-body field of view even during
nocturnal sleep. To maintain data consistency for multimodal
analysis, the camera maintained a constant viewing angle. A
rigorous data cleaning protocol was implemented during the
acquisition phase: video segments were manually audited, and
instances where the participant’s face was fully occluded or
turned away from the lens for more than 10 seconds were
systematically discarded. This process ensured that the final
dataset prioritized clear, expert-verifiable facial and motor
manifestations.

Expert Annotation and Quality Control
A total of 2 pediatric neurologists, blinded to clinical diagnoses,
independently reviewed the 12-hour feeds to extract
representative tic-positive and tic-negative segments. Each
segment lasted 3 to 5 minutes. To handle the ambiguity of subtle
movements, a third senior expert resolved any discrepancies.
Interrater reliability was assessed, and a final consensus was
reached. While specific phenotypes were tagged for internal
validation, we collapsed these into a binary classification (tic
vs nontic) to prioritize model robustness for general screening.
After the predefined quality control procedures were applied,
no missing data remained for any variable included in the
analyses, and all retained video segments contained complete
expert annotations.

Data Preprocessing and Spatiotemporal Sampling
To optimize computational efficiency, raw video recordings
were standardized to a resolution of 1024×768 pixels. As
depicted in Figure 1, we used a spatiotemporal sampling strategy
to extract a sequence of 45 frames per segment. This sampling
density was empirically determined to capture the complete
kinetic progression of a motor tic across the temporal dimension
(t).

The pool of expert-validated segments was partitioned into a
training set and a test set using a stratified random sampling
approach [27]. To ensure rigorous evaluation, we implemented
a strict patient-wise split strategy. Under this protocol, all video
clips derived from any single participant were assigned
exclusively to either the training or the test cohort. By
maintaining zero identity overlap, the framework is forced to
focus on strictly pathological motion dynamics, ensuring the
features are robust and generalizable.

Figure 1. Overall framework of the proposed Qwen3-VL system for automated pediatric motor tic detection. (A) Data acquisition and preprocessing.
(B) Model architecture. (C) Diagnostic output and reasoning.

LVLM Architecture: Qwen3-VL-8B-Instruct
We used Qwen3-VL-8B-Instruct as the multimodal backbone
to leverage its integrated vision transformer (ViT) and large

language model (LLM) capabilities [28-30]. The model maps
visual tokens from the video sequence to linguistic diagnostic
instructions. We used a direct prompt requesting both a binary
label (tic vs nontic) and a brief English rationale: “Please
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analyze this video and determine whether a tic episode is
present. Return (1) a label (tic/nontic) and (2) a short
justification in English.” This setup evaluates whether the
model’s pretrained semantic knowledge could distinguish
purposeful actions from involuntary tics in unconstrained clinical
monitoring videos.

Fine-Tuning With Low-Rank Adaptation
To adapt the 8B-parameter model while avoiding memory
overflow errors on a single graphics processing unit, we used
low-rank adaptation (LoRA), a parameter-efficient fine-tuning
technique. These lightweight modules were integrated into the
vision encoder, LLM layers, and multilayer perceptron (MLP)
projections (as illustrated in Figure 1), with a rank of 16 and
α=32.

We used a cosine annealing scheduler with a learning rate of

1×10–⁴ and a 5% warmup over 12 epochs. The total training
time on a cluster of 5 NVIDIA A100 GPUs (80 GB) was
approximately 5.5 hours. We observed that increasing the batch
size beyond 4 led to optimization instability; therefore, a small
batch size combined with gradient accumulation was used.

Hyperparameter Optimization Strategy
The final hyperparameter configuration was determined through
an iterative grid search over key training parameters. We

systematically explored candidate learning rates (1×10– , 5×10– ,

and 1×10–⁴) and LoRA ranks (r ∈ {8, 16, 32}). All models
were fine-tuned using the AdamW optimizer (β1=0.9, β2=0.999,

and weight decay=0.01) via the DeepSpeed ZeRO-2 distributed
strategy across 5 NVIDIA A100 (80 GB) GPUs, with a
per-device batch size of 1 (effective total batch size=5). The
cross-entropy loss function was used as the training objective.

The optimal configuration—learning rate of 1×10–⁴ with LoRA
rank r=16 and LoRA α=32—was selected based on the lowest
validation loss and the most stable convergence behavior. Under
this configuration, trainable modules included the LLM layers,
ViT, and MLP projector. Training was conducted for 12 epochs
using BFloat16 mixed precision, with a maximum sequence
length of 40,000 tokens and a cosine annealing scheduler
incorporating a 5% linear warmup ratio.

Figure 2 visualizes the training dynamics across approximately
300 total steps. Figure 2A (training loss) demonstrates rapid
initial convergence—the loss drops sharply from approximately
3.4 to below 0.2 within the first 25 steps—followed by gradual
refinement and stabilization near 0.05 by step 300, without
obvious signs of training instability. Figure 2B (learning rate
schedule) shows that the learning rate follows a cosine annealing
schedule with a linear warmup, rising from near 0 to the peak
value of 1×10 ⁴ within the first approximately 20 steps and
then decaying smoothly toward 0 over the remaining steps.
Figure 2C (token accuracy) shows a corresponding improvement
in token-level prediction accuracy, rising from approximately
0.800 to approximately 0.950 within the first 50 steps and
converging to a stable range of 0.950 to 0.995 thereafter. The
absence of gradient explosion or accuracy degradation confirms
the robustness of the selected hyperparameters.

Figure 2. Training dynamics and optimization stability of the Qwen3-VL framework. (A) Training loss: the loss curve shows rapid convergence within
approximately 300 optimization steps. (B) Learning rate schedule: cosine annealing with linear warmup was used, consistent with the training configuration
described in the Methods section. (C) Token accuracy: linguistic alignment accuracy gradually plateaued at approximately 98%.
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Clinical Dimension Mapping via Chain-of-Thought
Prompting
Qwen3-VL was specifically prompted to perform thin-slice
analysis (3- to 5-minute segments) to extract three
YGTSS-related metrics: (1) frequency (count of discrete events),
(2) intensity (vigor of muscle contraction and duration), and (3)
complexity (anatomical distribution). This allows the model to
output a structured clinical justification alongside the binary
label.

Comparative Baselines and Experimental Design
To rigorously evaluate the superiority of the proposed
Qwen3-VL framework, we benchmarked it against
representative architectures, spanning from traditional
landmark-based deep learning to state-of-the-art self-supervised
video foundation models.

Dual-Branch Facial Deep Neural Network (Traditional
Cross-Validation Baseline)
Following the logic of established automated motor tic detection,
we reproduced a dual-branch deep neural network (DNN)
specifically tailored for facial movements [31].

Architecture

The model integrates a video branch (3D ResNet-18) for raw
pixel sequences and a landmark branch (2D convolutional neural
network) for temporal trajectory analysis.

Preprocessing

Frames were processed via RetinaFace to isolate the optimal
facial bounding box across 30 uniformly sampled frames, resized
to 64×64 pixels. Simultaneously, 5 facial landmarks (eyes, nose
tip, and mouth corners) were extracted and normalized via z
score to eliminate individual morphological variance.

Training

Features from both branches were fused via concatenation before
a final MLP classifier. Optimization was performed using

AdamW (learning rate=5×10–⁴, weight decay=1×10–³) with a
cosine annealing scheduler (5-epoch linear warmup) and a batch
size of 64.

VideoMAE-Large (Foundation Model Baselines)
To justify the transition from vision-only models to LVLMs,
we implemented 2 fine-tuning strategies using VideoMAE-Large
(pretrained on Kinetics-400 with a ViT-Large backbone) [32].
This model processes 16-frame clips to output global
spatiotemporal representations.

Baseline A: Embed-Freeze (Linear Probing)

The entire VideoMAE backbone was frozen, with only the
newly initialized MLP head being trained. This strategy
evaluates the raw diagnostic power of pretrained video features,
involving minimal trainable parameters (0.2% of the total).

Baseline B: Embed-Partial (Partial Fine-Tuning)

To balance efficiency and task-specific adaptation, we froze the
first 20 layers and unfroze the last 4 transformer layers and

LayerNorm. A layer-wise learning rate was applied (1×10–  for

the backbone and 5×10–4 for the head), with trainable parameters
accounting for 16.7% of the total.

Optimization

Both VideoMAE variants used AdamW with a 5% warmup and
an early stopping criterion (patience=10) to prevent overfitting
on the pediatric dataset.

Evaluation Metrics
Model performance was evaluated using standard classification
metrics, including accuracy, sensitivity (recall), specificity, and
F1-score. The area under the curve (AUC) was calculated to
assess diagnostic robustness. Initial model metrics and baseline
comparisons were calculated via the scikit-learn library in
Python (Python Software Foundation) [33].

Validation of Model Justifications
To quantify the accuracy of the model’s interpretability, we
established a structured verification protocol. Beyond binary
labels, experts generated blinded anatomical and kinematic tags
(eg, specific muscle groups, rhythmicity, and duration) for each
segment prior to model evaluation. For claims involving specific
muscle groups, model-generated terms were compared against
these predefined expert tags using a term-matching
methodology. In instances of discrepancy between the two
primary annotators, the final consensus established by the third
senior expert served as the absolute ground truth. The model’s
reasoning was deemed “correct” only if it aligned with this final
consensus, ensuring that justifications were benchmarked against
the most authoritative clinical judgment.

Statistical Analysis
Statistical analyses were performed using SPSS (version 29.0;
IBM Corp). For clinical validation, the agreement between
LVLM justifications and the final consensus expert tags was
quantified using the Cohen κ coefficient. This assessment
focused on the alignment of specific clinical descriptors (eg,
anatomical sites and contraction intensity) to ensure the model
captured actual pathological features rather than nonspecific
motion. To address the precision of our estimates, 95% CIs for
all diagnostic metrics (accuracy, sensitivity, and specificity)
were calculated using the Clopper-Pearson exact method in
SPSS. Comparison of AUC values between models was
performed using the DeLong test. Continuous variables were
presented as mean (SD). All P values were 2-tailed, with P<.05
considered statistically significant.

Results

Demographic Profiles and Dataset Characterization
The clinical recruitment process yielded a final cohort of 168
pediatric participants, including 83 (49.4%) patients with TDs
and 85 (50.6%) healthy controls. The cohort exhibited a mean
age of 8.3 (SD 2.3; range 4-15) years and a characteristic 3:1
male-to-female ratio (Table 1). Analysis of the 12-hour vEEG
recordings produced a dataset of 559 expert-validated video
segments, comprising 255 (45.6%) tic-positive and 304 (54.4%)
tic-negative instances. The annotation phase exhibited high
diagnostic reliability, with an initial interrater agreement of
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89.4%. Following a patient-wise split strategy, the data were
partitioned into 504 (90.2%) training and 55 (9.8%) independent

test clips with zero identity overlap.

Table 1. Summary of participant demographics, video segment characteristics, and experimental dataset partitioning.

ValuesCharacteristics

Participants (N=168)

Diagnosis, n (%)

83 (49.4)TDsa

85 (50.6)Healthy controls

8.3 (2.3; 4.0-15.0)Age (y), mean (SD; range)

Sex, n (%)

126 (75)Male

42 (25)Female

3:1Male-to-female ratio

22.4 (7.8)YGTSSb total tic score (TD group only), mean (SD)

Video segment (n=559)

559Total segments, n

3.0-5.0Segment duration (min)

255 (45.6)Tic-positive segments, n (%)

304 (54.4)Tic-negative segments, n (%)

89.4Initial interrater agreementc (%)

Experimental partitioning (n=559)d,e

504 (90.2)Training set (clips), n (%)

55 (9.8)Test set (clips), n (%)

aTD: tic disorder.
bYGTSS: Yale Global Tic Severity Scale.
cInterrater agreement was calculated based on initial independent reviews by 2 blinded pediatric neurologists.
dThe splitting strategy was a patient-wise split that ensured that video segments from the same participant were assigned exclusively to either the training
or the test set, with 0% overlap in participant identity between the two datasets.
eThere was no identity overlap between datasets.

Optimization Dynamics and Training Convergence
Fine-tuning of the 8B-parameter Qwen3-VL model was stable.
As illustrated in Figure 2A, the training loss decreased rapidly
before reaching a plateau at approximately 300 iterations. This
behavior is consistent with the cosine annealing schedule
described in the Methods section (Figure 2B). Token accuracy
(Figure 2C) stabilized at 97.8%, suggesting effective alignment
between visual features and diagnostic tokens. These dynamics
indicate that the 16.7 million trainable LoRA parameters were
sufficient to capture task-specific tic features while preserving
the model’s pretrained multimodal representation.

Quantitative Benchmarking and Performance Metrics
Qwen3-VL demonstrated superior overall performance
compared with the baseline architectures, as shown in Table 2
and Figure 3. The framework attained an overall accuracy of
89.1% (95% CI 77.8%-95.9%). On the independent test set,
recall reached 100% (25/25 positive episodes; 95% CI
86.3%-100.0%), whereas the landmark-based DNN missed 9
cases (recall=64%). Although the 100% recall should be
interpreted cautiously given the limited test sample, the receiver
operating characteristic analysis yielded a superior AUC of
0.950 (95% CI 0.892-1.000) for Qwen3-VL, which was
significantly higher than that for the traditional DNN baseline
(AUC=0.840; P=.004, DeLong test).
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Table 2. Comparison of performance metrics across different model architectures for automated tic detectiona.

AUCb (95% CI)F1-scoreSpecificity, % (95% CI)Recall, % (95% CI)Precision, % (95% CI)Accuracy, % (95% CI)Model

0.840 (0.73-
0.95)

0.69682.8 (64.2-94.2)64.0 (42.5-82.0)76.2 (52.8-91.8)74.1 (60.3-85.0)DNNc

0.829 (0.71-
0.94)

0.72382.8 (64.2-94.2)68.0 (46.5-85.1)77.3 (54.6-92.2)75.9 (62.4-86.5)Embed-freezed

0.863 (0.76-
0.96)

0.76686.2 (68.3-96.1)72.0 (50.6-87.9)81.8 (59.7-94.8)79.6 (66.5-89.4)Embed-partiale

0.950 (0.89-
1.00)

0.89380.0 (61.4-92.3)100.0 (86.3-100)80.7 (62.5-92.5)89.1 (77.8-95.9) fQwen3-VL

aAll metrics were evaluated on an independent test set (n=55) using a patient-wise split strategy. The 100% recall reflects the performance on the current
independent test set (n=25 positive episodes) and should be validated in larger cohorts. 95% CIs for proportion-based metrics (accuracy, precision, and
specificity [recall]) were calculated using the Clopper-Pearson exact method; area under the curve CIs were derived using the DeLong method.
bAUC: area under the curve.
cDNN: deep neural network (landmark-based baseline).
dEmbed-freeze: VideoMAE-large with frozen backbone.
eEmbed-partial: VideoMAE-large with partially unfrozen layers.
fValues in italics represent the best performance across each metric.

Figure 3. Quantitative evaluation of diagnostic performance across 4 model variants. Left: Confusion matrices: comparison of classification results
for deep neural network (DNN), Embed-Freeze, Embed-Partial, and the proposed Qwen3-VL. Note the 0 false-negative rate achieved by Qwen3-VL,
indicating its superior sensitivity for clinical screening. Right: Receiver operating characteristic curves: comparative analysis of discriminative robustness.
The Qwen3-VL model (red curve) achieves the highest area under the curve (AUC=0.950), significantly outperforming traditional landmark-based and
vision-only architectures.

Observation of Qualitative Reasoning and
Interpretability
The model generated clinically plausible textual justifications
(Figure 4). For positive segments, the chain-of-thought (CoT)
output described asymmetrical periocular contractions with
durations exceeding 500 ms (Figure 4A). For negative instances,

it described symmetrical eyelid closure and physiological blink
timing (~250 ms), qualitatively differentiating involuntary tics
from normal blinking (Figure 4B). As shown in Table 3, the
model’s CoT outputs successfully identified clinical markers,
such as prolonged contraction (>500 ms) and multisite
involvement, providing a qualitative basis for severity
assessment.
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Figure 4. Qualitative analysis of explainable diagnostic reasoning in motor tic identification. (A) Positive case showing recognition of tic-related motor
features. (B) Negative case showing identification of physiological blinking features.

Table 3. Representative case analysis: mapping LVLMa reasoning to YGTSSb dimensions.

YGTSS dimension mappingModel CoTc reasoningVisual sequence (frame 1...n)Case type

Intensity: high (forceful contrac-
tion); duration: prolonged (>500
ms)

“Detected a sudden, paroxysmal eye-
squeezing episode. The muscle con-
traction is forceful and asymmetric,
lasting ~800ms, which significantly
exceeds the normal physiological
blink threshold (~250 ms).”

Simple motor tic (case A)

Complexity: multisite facial in-
volvement (oral+mid-face); form:
complex motor tic sequence

“Analysis reveals a coordinated se-
quence: an involuntary paroxysmal
mouth opening accompanied by in-
tense mid-facial muscle twitching
(grimacing). Multiple muscle groups
(perioral and zygomaticus) are in-
volved in a nonrhythmic pattern.”

Complex motor tic (case
B)

Frequency: normal range; differen-
tial: successfully excluded from
pathological tics

“The movement exhibits symmetric
eyelid closure with a rapid duration
of ~250ms. No accessory facial mus-
cle involvement or head movement
is observed. Pattern matches normal
physiological frequency.”

Physiological blink (case
C)

Intensity: high (kinematic
overuse); mismatch with YGTSS:
misclassified nontic physiological
irritation (allergic conjunctivitis)
as a severe motor tic, highlighting
limitations in context and etiology
reasoning

“Identified recurrent, high-frequency,
forceful bilateral eye blinking. The
motion features elevated kinematics
and rhythmic intensity, misinterpret-
ing ocular irritation as a motor tic se-
quence.”

False positive (case D:
allergy-driven blinking)

aLVLM: large vision-language model.
bYGTSS: Yale Global Tic Severity Scale.
cCoT: chain-of-thought.
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Statistical Significance and Reliability
The DeLong test indicated that the improvement in AUC was
statistically significant (P=.004) relative to the DNN [33]. The
McNemar test revealed a significant reduction in false negatives
(P=.02). The consistency between model reasoning and expert
annotations attained a Cohen κ of 0.784 (95% CI 0.625-0.943;
P<.001), indicating substantial agreement [34].

Discussion

Principal Findings
The main goal of this study was to develop a reliable, objective
tool for detecting tics in children that overcomes the limitations
of brief clinical examinations [7,8]. Our findings demonstrate
that the fine-tuned Qwen3-VL framework achieved an overall
accuracy of 89.1% and a superior AUC of 0.950. A major
advantage of this work is its foundation in a multicenter study
involving 3 large hospitals (Peking University People’s Hospital,
Wuhan Children’s Hospital, and the Third Affiliated Hospital
of Beijing University of Chinese Medicine), which helped avoid
single-center bias. Using 12-hour continuous vEEG monitoring
for our 83 patients (all recruited from specialized clinics and
diagnosed by senior experts), we captured the full range of
naturalistic tic expressions. This rigorous data collection ensured
that the model learned from high-quality, real-world clinical
data. Notably, the framework achieved 100% recall on the
independent test set. While this high sensitivity likely reflects
the focused nature of our current test set (25 positive episodes)
and requires further validation, it underscores the model’s
potential as a highly sensitive screening adjunct. The consistent
results achieved through a patient-wise split strategy further
suggest that the model identifies actual pathological features
rather than memorizing specific facial identities.

Detailed Discussion

Interpretations, Comparisons, and Implications: From
Geometric Landmarks to Semantic Mapping
Traditional automated detection often relies on geometric
descriptors (eg, measuring intereyelid distance) [18,22]. As
noted during our evaluation, our LVLM framework does not
explicitly measure these physical metrics but instead learns a
mapping from high-dimensional spatiotemporal features to
clinical semantics. While this “black box” nature is a
characteristic of foundation models, the use of CoT prompting
transforms internal features into human-readable justifications.
By linking specific motion features (eg, asymmetry and
rhythmicity) to clinical dimensions, the model provides a form
of semantic interpretability that aligns with expert observation,
bridging the gap between raw pixel analysis and clinical
diagnosis.

The transition toward foundation models is already reshaping
generalist medical AI. In broad generalist medical AI tasks,
these models have demonstrated promising zero-shot
generalization and multimodal reasoning, often achieving strong
or competitive performance across diverse clinical scenarios.
Recent studies have validated this potential across varied
domains, ranging from concept-based medical image

classification to specialized cervical cytology screenings [14,15].
Shifting from geometric landmarks to LVLMs represents a
paradigm shift in how we analyze pathological movements.
Older methods, such as those from Loewenstern et al [22], rely
on tracking specific facial coordinates. While useful for reducing
data size, these methods often miss fine details, such as skin
texture changes or subtle muscle tension defining a mild tic.
Our Qwen3-VL framework addresses these limitations by
analyzing raw pixels through end-to-end alignment. By
leveraging a pretrained semantic space, the model distinguishes
between voluntary expressions and involuntary tics based on
clinical features rather than moving dots, enhancing robustness
against variations in face shape or lighting. Our comparisons
were intended to test the value of adopting an LVLM-based
framework under an identical patient-wise split and evaluation
protocol rather than to rank LVLM backbones. We therefore
benchmarked against a landmark-based facial DNN and 2
vision-only VideoMAE baselines; Qwen3-VL is reported here
as a feasible instantiation of the LVLM framework in our setup,
without claiming it is optimal among all LVLM alternatives.

The high performance is also attributed to the length of our
analyzed video segments. Many automated systems use
ultrashort clips, such as the 1-second windows noted by Brügge
et al [18], which are often insufficient to distinguish tics from
normal blinks. By analyzing 3- to 5-minute segments,
Qwen3-VL accesses richer temporal context, capturing rhythm,
recurrence, and associated muscle involvement more reliably
than brief snapshots. Furthermore, while the performance of
the models by Brügge et al [18] often dropped when tic intensity
was low, our framework’s focus on broader spatiotemporal
dynamics maintained high diagnostic precision across varying
intensities.

Clinical Interpretability and Safety
A primary challenge for AI in medicine is understanding the
“why” behind a decision. Common tools such as saliency maps
only show pixel focus without providing clinical explanations
[35]. Our framework moves beyond “black box” detection by
generating structured semantic reports through CoT prompting.
For instance, the model can highlight asymmetrical eye
contractions or prolonged durations (>500 ms; Figure 4). This
“thin-slice” clinical observation approach provides objective
frequency counts and intensity cues, potentially reducing the
bias associated with retrospective parental recall in standard
YGTSS assessments [36]. The substantial agreement (κ=0.784)
between model reasoning and expert annotations is encouraging
for its future clinical utility. Our post hoc audit of error cases
revealed that the CoT justifications act as a “safety switch” for
clinical reliability. For instance, in a negative segment where
the model produced a false positive, it misinterpreted an
allergy-driven blink as a motor tic, specifically citing “forceful,
asymmetric contraction.” While the model’s diagnostic inference
was incorrect, its reasoning was transparent and grounded in
the observed kinematic intensity. This ensures that its errors are
interpretable rather than arbitrary, allowing clinicians to quickly
identify the misjudgment as a lack of behavioral context (eg,
ocular irritation) rather than a “hallucinated” medical claim. If
the model had provided a plausible rationale for a movement
that did not exist, the system would be truly unreliable; instead,
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our findings suggest that the LVLM remains anchored to
physical pixels even when its clinical conclusion is flawed.

Unlike the smartphone-based selfie video methods of
Loewenstern et al [22] that require patient cooperation, our data
were collected in a naturalistic ward environment. While the
relevance to home settings is a potential application rather than
a demonstrated result, the framework’s tolerance to routine
monitoring conditions suggests that passive, less-controlled
deployment settings may be feasible after external validation,
allowing for longitudinal symptom tracking without highly
scripted recordings.

Practical Utility and Future Directions
Beyond diagnostic accuracy, the practical utility of this LVLM
framework lies in its potential as an objective screening adjunct
for continuous monitoring. In high-volume pediatric clinics,
experts could use the model to prescreen long-duration vEEG
feeds, focusing their review on “high probability” segments
identified by the AI. This “human-in-the-loop” approach
addresses the white-coat effect by capturing tics in naturalistic
settings. Looking forward, the integration of audio modalities
for phonic tic detection and the deployment of quantized models
for edge devices could further enhance the system’s utility. By
evolving toward a comprehensive multimodal monitoring tool,
this framework may ultimately support clinicians in objective
symptom quantification and facilitate more personalized
treatment planning for children with TDs.

Limitations
Several limitations in this study deserve mention. From a
statistical standpoint, although the observed 100% recall is
encouraging, the relatively modest size of our independent test
set (n=25) warrants caution; these preliminary findings require
rigorous validation in larger, multicenter cohorts to ensure
statistical power. Clinically, the current system should be viewed
as a screening adjunct rather than a stand-alone diagnostic tool,
as it lacks audio integration for phonic tic detection and cannot
capture the “interference” dimension of the YGTSS—a metric

that fundamentally requires observing social disruption over
longer durations than our 3- to 5-minute clips allow. Technically,
the computational overhead of the 8B-parameter backbone
remains a barrier to edge-device deployment. Transitioning this
framework to home-based monitoring will likely rely on 4-bit
quantization or cloud-based inference to balance diagnostic
precision with local processing constraints. Finally, expanding
this model to adult populations and moving beyond binary
classification to identify specific tic phenotypes, such as eye
squeezing and shoulder shrugging, will be essential for providing
the granular data clinicians need for tailored treatment planning.
We did not benchmark multiple LVLM backbones under
identical fine-tuning and prompting settings; cross-backbone
comparisons are left for future work. Additionally, while our
framework provides semantic explainability through CoT
prompting, integrating visual explainability methods (such as
spatiotemporal attention heatmap visualizations) remains an
important avenue for future work to further bridge model
transparency with clinical interpretation.

Conclusions
In conclusion, we developed and evaluated a framework for
automated pediatric tic detection using a fine-tuned Qwen3-VL
LVLM. By leveraging 3- to 5-minute video segments and
semantic-level reasoning, the system achieved an accuracy of
89.1% and a recall of 100% on the independent test set. Beyond
high diagnostic accuracy, the clinical value of this framework
lies in its high sensitivity and interpretability, as textual
justifications bridge the gap between AI outputs and professional
clinical review. Furthermore, these findings underscore the
transformative potential of generalist medical AI in movement
disorder neurology [16,17], supporting automated video review
and symptom quantification in controlled settings. While
focused on visual cues, this framework provides a baseline for
integrating additional modalities (eg, audio) to eventually
enhance longitudinal symptom monitoring in ecologic settings.
Nevertheless, further external validation is required before
claims regarding home deployment or routine longitudinal use
can be made.
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LVLM: large vision-language model
MLP: multilayer perceptron
TD: tic disorder
ViT: vision transformer
YGTSS: Yale Global Tic Severity Scale
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