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Kawasaki disease (KD) is a leading cause of acquired heart disease in children
under five. Although intravenous immunoglobulin (IVIG) treatment is usually
effective, 10-20% of cases are resistant and at higher risk for coronary
complications. Early prediction of IVIG resistance is critical but difficult due
to the rarity of KD and imbalanced clinical data. To address this, we propose a
novel technique called sentence transformer embeddings with synthetic minority
over-sampling technique (SMOTE) oversampling (STESO), which leverages
the complementary strengths of transformer-based representation learning and
synthetic oversampling. Pretrained models such as paraphrase-MiniLM-L3-v2
are used to convert tabular clinical data into dense text-based embeddings,
capturing deeper semantic relationships across features. By coupling these
rich embeddings with SMOTE, we balance class distributions directly in the
semantic space, enabling traditional machine learning (ML) models to more
effectively detect minority (resistant) cases. This synergy yielded substantial
improvements in sensitivity and Fl-score, with random forest (RF) combined
with STESO (RF-STESO) achieving the highest overall performance. Among
the models evaluated, our proposed model attained best result as accuracy of
0.85, sensitivity of 0.81, specificity of 0.89, and F1-score of 0.85. Our results
underscore that the joint use of transformer embeddings and oversampling is
more effective than either approach in isolation, offering a promising pathway
for rare disease prediction tasks such as IVIG resistance prediction in KD.
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1. INTRODUCTION

Kawasaki disease (KD), first described by Tomisaku Kawasaki in 1967 and published in 1974, is a
leading cause of acquired heart disease in children worldwide. Children under the age of five are the most
affected. They experience prolonged fever, conjunctival injection, swollen mucosa, swollen lymph nodes, a
characteristic rash, and mucosal Inflammation. The cause of KD continues to be unanswerable, and the absence
of treatment for KD can and will lead to severe long-term consequences. Coronary artery aneurysm (CAA),
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myocarditis, and arrhythmias, to name a few, are all complications that can be developed and/or exacerbated
if KD is not treated [1]. Japan has the highest incident rate of KD, with about 12,000 cases each year. The
primary KD treatment has been and continues to be intravenous immunoglobulin (IVIG), and the coronary
complications will be reduced with this treatment. Upon treatment, some patients demonstrate persistent or
recurring fever 36 hours after the infusion. These patients at this point demonstrate IVIG treatment resistance.
Risk of coronary complications for these patients is around 9 times more likely than for those that respond
to treatment [2]. The main treatment of KD is IVIG, and the most complicated portion of the treatment is
predicting treatment resistance. The unbalanced datasets for KD have overwhelmingly more responsive cases
than cases resistant to treatment.

Early identification of IVIG resistance is critical to provide additional interventions, such as
corticosteroids or infliximab, which can significantly improve patient outcomes [3]. Predicting IVIG
resistance remains challenging due to the imbalanced nature of KD datasets, where IVIG-responsive cases
dominate. Sensitivity scores of existing systems such as Kobayashi, Egami, and Sano scores fall under
50%, compromising these systems overall predictive capability [4]. Ongoing research efforts in this
area are summarized in [5] and developed a knowledge framework regarding IVIG resistance predictions.
Mirata et al. [6] put together a review which suggested that a large portion of present-day research focused on
classical machine learning (ML) methods.

There are classical ML techniques which include logistic regression (LR), random forest (RF),
support vector machines (SVM), gradient boosting (GB), light gradient boosting machine (LightGBM),
extreme gradient boosting (XGBoost), and neural networks (NN). For example, Lam et al. [1] performed
an evaluation of the models which included LR, RF, naive Bayes, gradient boosting machine (GBM), and
NN and documented fairly low sensitivity with LR scoring 0.216, and SVM 0.60. Sunaga et al. [7] showed
implementation of LightGBM and documented sensitivity of 0.60. The study, [8] incorporated LR, while [9]
utilized a wide variety of models that consisted of LR, multi-layer perceptron (MLP), RF, categorical boosting
(CatBoost), explainable boosting machine (EBM), and GBM.

The papers [[10] and [[L1] both directed their efforts on models that use RF. In [12] XGBoost model
showed strong performance on the testing set where they scored an area under the curve (AUC) of 0.821,
an accuracy of 74.8%, sensitivity of 88.9%, and specificity of 68.3%. Also, Liu ef al. [13] used LR, SVM,
XGBoost, and LightGBM. Even with the range of models and the growing volume of datasets, most of the
approaches continue to have poor sensitivity which is a serious problem given the class imbalance present in
KD datasets. Although performance metrics such as accuracy, specificity, and AUC are commonly reported,
enhancing sensitivity remains essential for making these prediction models clinically meaningful.

This study integrates ML with transfer learning and innovative natural language processing
technologies to find a solution. In clinical natural language processing, transformers are becoming essential
technologies and are particularly and highly versatile at understanding dense and intricate medical texts.
Most recent research uses domain-specific models that are trained on healthcare materials and surpass
general-purpose models for diagnosis coding and symptom extraction. For instance, NorDeClin-bidirectional
encoder representations from transformers (BERT) trained on Norwegian clinical notes and significantly
enhanced results on international classification of diseases (ICD) classification [[14].

Spanish transformers, for instance, enhanced extraction of heart failure symptoms from electronic
health records (EHRs) [[15]]. It is no longer an academic exercise to fine-tune generative pre-trained transformers
(GPTs) on medical corpora for clinical summarization and diagnosis support, sharpening the focus on the
clinical specialization of healthcare natural language processing [16]. Unlike the traditional hand-coded
models, wherein numerical data are represented as texts, language models, and more particularly sentence
transformers, are used to find the complex texts that describe the relationship between the data. Class imbalance
is corrected using the synthetic minority over-sampling technique (SMOTE), and the enhanced embeddings are
passed to the classical ML methods.

This approach bridges the gap between conventional scoring systems and modern artificial intelligence
(AI) models, resulting in significant improvements in prediction sensitivity and overall performance. This
work introduces sentence transformer embeddings with SMOTE oversampling (STESO) algorithm as a novel
framework for early and accurate identification of IVIG-resistant KD patients. By situating STESO within
the broader paradigm of clinical decision support systems (CDSS), this study shows how sentence-transformer
embeddings can repurpose structured clinical data for sensitive prediction tasks, while laying the groundwork
for future integration with narrative records.
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2. DATA AND METHODS

The dataset used in this study, as described in [13]], consists of 1,398 medical records of KD patients
covering the years 2015-2020. The records include 1,240 cases of IVIG-responsive patients and 158 cases of
IVIG-resistant patients, and contained 31 variables of demographic, clinical, and imaging, and laboratory data.
To tackle the issue of data imbalance and to concentrate on impactful predictors, as described in the original
study, the dataset underwent feature selection to determine relevant predictors using univariate analysis via the
chi-square test in SPSS version 25.0 (p-value 0.05) [[13]].

For the purposes of ensuring consistency and generalizability of the approach, we used the dataset
in the research [17]]. Since no predefined feature subset was available for this dataset, we employed Shapley
additive explanations (SHAP) analysis on the full set of variables to identify the top 14 features contributing
most to IVIG resistance predictions. SHAP analysis highlighted features such as day of fever and platelet count
(PLT), both established clinical markers in KD, thereby supporting the biological plausibility of our approach.
To make the dataset compatible with a language transformer model, numerical features were transformed into
ordinal categorical values by analyzing central tendency, spread, and quartile metrics. For instance, continuous
variables were categorized into levels, ensuring consistency across all selected features.

The processed categorical data was further converted into structured sentences suitable for the
sentence transformer [18]. One record yielded the following clinical summary. The patient had high
days of illness. Lymphocyte count was lymphocyte medium, and hemoglobin (HB) levels were HB
medium. Neutrophil percentage was neutr very very high, with an neutrophil-to-lymphocyte ratio (NLR)
of neutr ultimate maximum. Globulin was globulin high while albumin was albumin minimum. Aspartate
aminotransferase (AST) levels were AST less, and serum sodium was serum sodium very very high. Total
bilirubin (TBIL) was TBIL medium, procalcitonin (PCT) was PCT maximum, and alanine aminotransferase
(ALT) was ALT medium.

PLT levels were PLT less, and gamma-glutamyl transferase (GGT) was GGT minimum. This
transformation allowed the model to handle the dataset effectively while maintaining the integrity of critical
information. These category thresholds were cross-checked against both statistical distribution patterns
and established clinical relevance (e.g., low PLTs and prolonged fever are well-documented risk factors
for IVIG resistance), thereby ensuring that the semantic transformation preserved medical plausibility.
These preprocessing steps ensured the dataset was optimized for the transformer model and highlighted the
importance of robust preprocessing in predictive modeling for rare diseases like KD. As shown in Figure [1}
advanced ML techniques are still underutilized in this field. Our proposed method bridges this gap by using
transformers as the base model.

The method section describes in detail the underlying models-BERT, sentence-BERT (SBERT), and
sentence transformer fine-tuning (SetFit)—before turning to the introduction of our new model, STESO. This
ordering allows for a well-founded comprehension of the progression of the proposed architecture. BERT is a
transformer-based language model designed for various tasks, such as text classification. It uses a bidirectional
encoder and is pre-trained using self-supervised learning tasks, including masked language modeling (MLM)
and next sentence prediction (NSP) [19]. These tasks allow BERT to capture the structural and semantic
intricacies of human language without requiring labeled data. The MLM task randomly masks 15% of tokens
in the input and predicts them based on the surrounding context. The NSP task trains the model to determine
whether a given sentence follows another logically. Architecturally, BERT consists of stacked transformer
encoders. The base model (BERTBASE) has 12 layers, 768 hidden dimensions, and 12 self-attention heads,
with 110M parameters in total, while the large model (BERTLARGE) has 24 layers and 340M parameters.
Despite its effectiveness in numerous natural language processing tasks, BERT embeddings underperform
in pairwise sentence tasks, such as clustering and similarity detection. To address this limitation, SBERT
was proposed.

Sentence transformer (SBERT) extends BERT by using a Siamese or triplet network architecture
to handle pairwise or triplet-based tasks such as classification and similarity comparison [20]. The model
fine-tunes BERT embeddings to generate sentence-level representations that are more effective for pairwise
and clustering tasks [21]. In its architecture, pairs or triplets of sentences are passed through the network
simultaneously, generating embeddings that can be directly used for tasks like semantic similarity or
classification. In cases where there is a need for quick comparisons, SBERT embeddings come in handy,
especially for downstream tasks featuring sentence representations. SetFit expands on the concept of SBERT
by applying a two-phase training methodology for few shot learning [22]. For some recent work, few shot
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learning has been targeted in the medical field which has data constrained medical tasks specifically in rare
diseases. For instance, 3D few-shot learning was developed for a model that classifies rare knee injuries in
magnetic resonance imaging (MRI) [23] which showcases generalization to low-resource imaging tasks, a
challenge in the field of medical imaging.
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Figure 1. Model mentions across years

Furthermore, generative data augmentation has been shown to improve performance in diagnostic
visual recognition of few-shot cases which improves the recognition of certain conditions that are more difficult
to diagnose [24]]. In a similar design, large language models were used with ontologies in a rare pediatric
epilepsy case [25] which provided a few-shot extraction of information regarding drug efficacy which shows
the enhanced clinical natural language processing task of semantic integration. In the first phase, the training
of the model uses a contrastive technique where sentence pairs are made into positive and negative examples.
This process significantly expands the training dataset size, scaling it quadratically to O(K?), where K is
the original sample size. This phase fine-tunes the sentence transformer to effectively distinguish between
contrasting sentences. In the second phase, embeddings generated by the fine-tuned transformer are used to
train a downstream classifier with labeled data. This combination of contrastive learning and classification
makes SetFit particularly effective in data-scarce environments, offering a robust and efficient foundation for
generating embeddings tailored to specific tasks. Figure [2]illustrates the overall training and inference process
of the SetFit model.
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Figure 2. SetFit training and inference block diagram [22]
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2.1. Proposed sentence transformer embeddings with SMOTE oversampling methodology

Even though BERT and other pre-trained language transformer models create sentence embeddings,
they do not detect subtle differences especially in imbalanced datasets. Here, the gap is addressed by
using SMOTE in the embedding space for the minority embeddings helps classifiers work better. The
STESO methodology combines sentence transformer embeddings, SMOTE oversampling, and ordinary ML
classifiers to manage the extreme imbalance in class distribution. To align with transformer models, we
converted numerical features to textual sentences. These sentences are then encoded and run through the
paraphrase-MiniLM-L3-v2 model from sentence transformers, and the embeddings are created by averaging
the last hidden layer across all tokens.

This creates high-dimensional embeddings, or vector representations, e;, that capture various semantic
and contextual aspects. These embeddings go beyond simple encoding by higher-order interaction modeling
with SHAP-selected predictors, like characterizing prolonged fever and low PLT as a single clinical indicator.
This allows the model to approximate clinician-style reasoning, improves generalization on imbalanced
datasets, and maintains traceability to established predictors while enriching them with contextual meaning.
Let the dataset be represented by ().

D = {(z1,11), (x2,y2), - - -, (Tnsyn)} (1)

In , where each z; € R is a 14-dimensional numeric feature vector, and y; € {0, 1} is the associated
binary class label.

Each feature vector x; = [2;1, T2, . .., Ti14] is transformed into a natural language sentence. This
transformation is expressed through (2)).

S; = concat(featurel is x;1, feature2 is x;o, . . ., feature14 is x;14) 2)

As defined in (@), allowing textual interpretation of numerical features. This sentence is passed through
the pretrained sentence transformer model (STM) Ts... The model tokenizes the input and encodes it into
contextualized token-level embeddings are given by (3).

Encoder(S;) = [h1, ha, ..., hp)] 3)

Where h; € R? and m is the number of tokens. These token embeddings are aggregated using mean pooling
to obtain a fixed-size vector as in (@).

m

1
i=—> h;, wheree; € R 4
e mj; j, Wheree 4)

All embeddings are then stacked to form the matrix. Stacking all embeddings forms the matrix in ().

E=|_|eR™ (5)

To handle class imbalance, SMOTE is applied in the embedding space. The minority class embeddings are
defined as (6).

ET ={e; eRY|y; =1} (6)

Each ¢; € E™ is used to find k nearest neighbors using Euclidean distance. The nearest neighbors are identified

as in (7).
NN(€l> = {61‘1, €i2y. .- >€ik} C E* such that ||€l — einQ is minimized 7
New synthetic samples are generated through interpolation as shown in (8).

enew =€ + A- (e —e€i), A~U(0,1) 3
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The resulting balanced dataset and corresponding labels are provided in (9) and (I0).

EsmotE = E U {€pens Coews - - -+ o ©)
ySMOTE:yU{171a"'71} (10)
———

The embeddings Esvorg and labels ysmore can now be used to train classical ML models. If LR
is chosen, the predicted probabilities g§; € [0,1] are optimized using the binary cross-entropy loss. The
STESO architecture is detailed in Algorithm 1. This study takes advantage of the ability of pretrained sentence
transformers to generate meaningful sentence embeddings from minimal data. These embeddings are then
balanced using SMOTE to address class imbalance. By combining this with traditional classifiers, STESO
offers a practical solution for achieving strong performance even when data is limited.

Algorithm 1 STESO: sentence transformer embeddings with SMOTE oversampling

Require: tabular dataset D = {(z;,v;)}";, where z; € R, y; € {0,1}; pretrained sentence transformer
Tent; SMOTE function.
Ensure: trained classifier £ and evaluation metrics.
1: Sentence Conversion: for each x;, convert to clinical sentence S;
Sentence Embedding: e; = Ty (S;)
Form embedding matrix: E = [ey, ..., e,]T € R"*4
Oversampling train set: (E’,y') = SMOTE(E, y)
Training: train a classifier £ (e.g., RF, LR) on (E’,y')
Evaluation: compute accuracy, sensitivity, specificity, and F1-score on test set

A o

3.  RESULTS AND DISCUSSION

This section compares traditional ML, deep learning (DL), SetFit-based few-shot learning with a
STM, and the proposed STESO framework. Results show progressive improvements across methods. On the
unbalanced dataset of 1,398 patient records, traditional ML models (LR, RF, SVM, k-nearest neighbor (KNN))
and a feed-forward neural network (FFNN) achieved high accuracy and specificity but performed poorly in
predicting IVIG resistance, with low sensitivity and F1-scores as in Table[T]

Table 1. Performance metrics of conventional ML and DL models using dataset [13]
Metric LR RF SVM KNN FFNN STM
Accuracy 092 093 0.90 0.90 0.86 0.88
Sensitivity 036 0.48 0.15 0.24 0.42 0.48
Specificity 099 0.93 1.00 0.93 0..92 0.93
F1-score 0.53  0.70 0.41 0.37 0.46 0.47

To evaluate sentence transformer, this study fine-tuned the SetFit framework using its pretrained
sentence transformer backbone on balanced datasets with increasing shot sizes (25, 50, 100, 158). Sensitivity
improved steadily, reaching 0.709 with 158-shot samples (Figure [3). Since large datasets are uncommon in
rare diseases such as KD, this study extended this idea by directly employing the same STM to generate
semantically rich embeddings from the full clinical dataset. Applying SMOTE in this embedding space
produced balanced training data that preserved clinical structure, enabling traditional ML models to more
effectively detect resistant cases. As shown in Figures 4 and [5] STESO consistently improved sensitivity and
F1-scores, with RF achieving the best overall performance due to its capacity to capture complex non-linear
interactions within the enriched feature space. These findings underscore STESO’s strength as a scalable
solution for predictive modeling in rare and imbalanced medical datasets.
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Figure 5. Improvement in sensitivity and F1-score with ML STESO

To evaluate robustness beyond the initial dataset, this study applied STESO to a second highly

imbalanced dataset [17). As shown in Table 2] STESO improved performance across all models (LR,
RF, SVM, KNN, and FFNN). These gains stem from the synergy of transformer-based embeddings, which
capture meaningful clinical patterns, and SMOTE, which balances minority cases in the semantic space.
This combination enabled better detection of resistant cases compared to baselines. All improvements were
confirmed as statistically significant using McNemar’s test (p < 0.05) with 10 fold cross validation with RF
and RF-STESO, demonstrating STESO’s robustness and adaptability for imbalanced datasets.
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Table 2. Sensitivity and F1-score improvements on dataset 2 [[17] (ML vs ML STESO) to ensure model
consistency and generalizability
Model  Sensitivity (Before)  Sensitivity (After)  Fl-score (Before)  Fl-score (After)

LR 0.14 0.52 0.24 0.32
RF 0.14 0.81 0.24 0.85
SVM 0.00 0.56 0.00 0.35
KNN 0.10 0.60 0.17 0.31
FFNN 0.35 0.46 0.26 0.60

According to the Table [3] the comparison shows that RF-STESO is superior to both convolutional
neural networks (CNNs) which use convolutional filters to capture local feature interactions, and the feature
tokenizer transformer (FT-Transformer) which is an attention-based model for tabular data, providing greater
and more balanced values across all the metrics of accuracy, sensitivity, specificity, and Fl-score. Even
though CNNs deliver acceptable performance and FT-Transformers yield disproportionate outcomes across the
metrics, RF-STESO still shows remarkable consistency across both datasets. This result underscores the power
of integrating semantic embeddings with RF to achieve dependable forecasting for RF-STESO in clinically
imbalanced scenarios.

Table 3. Performance comparison of CNN, FT-Transformer, and RF STESO across datasets

Model/Dataset Accuracy  Sensitivity ~ Specificity =~ Fl-score
CNN [13] 0.89 0.83 0.83 0.83
FT-Transformer[13] 0.90 0.27 1.00 0.43
RF STESO [13]] 0.95 0.96 0.95 0.96
CNN [17] 0.83 0.93 0.74 0.82
FT-Transformer [[17] 0.80 0.32 0.94 0.41
RF-STESO [17] 0.85 0.81 0.89 0.85

3.1. Ablation study, failure analysis, and future directions

To evaluate each component of embedding generation and oversampling, in this ablation study
tested five scenarios: i) ML models trained on raw clinical data, ii) ML models trained on raw clinical
data after SMOTE oversampling, iii) ML models trained on sentence-transformer embeddings with
SMOTE oversampling, which is our proposed STESO framework, iv) a comparative benchmark of STESO
against DL approaches, CNN and FT-Transformer, which was trained directly on tabular data as shown in
Tables [3] and {] and v) oversampled FT Transformer embedding with sentence transformer embeddings as
shown Table 5] Performance evaluation showed that STESO resulted in the highest sensitivity and F1-score.
This illustrates the synergistic effect that learning semantic representations and adjusting class distributions on
detecting the minority class in IVIG resistance prediction.

This model is a novel decision-support conceptual tool that helps clinicians in the early identification
of IVIG resistance. Such a model would enable clinicians to identify high-risk patients that require close
monitoring, timely echocardiographic evaluation, or the consideration of adjunct therapies. However it’s use
is constrained by limitations such as the relatively small dataset, site-specific bias, and the need for external
validation before clinical deployment.

In proposed method, some models showed a decline in accuracy and specificity. But in our case,
the accurate prediction of IVIG resistance is more critical than predicting responsive patients. So, we mainly
focused on improving the sensitivity and Fl-score. Other oversampling approaches like adaptive synthetic
(ADASYN) also not explored in current study. Eventhough, the embeddings enable the representation learning,
these latent features are difficult to interpret. To improve interpretation, explainable techniqus like SHAP can
be utilized in future.

Future work will also include external validation on geographically distinct cohorts to enhance
generalizability, alongside efforts to improve interpretability of transformer embeddings, as well as exploring
recent advances in multimodal fusion and graph-based modeling to capture richer clinical representations.
While embeddings bridge structured and unstructured clinical data for CDSS, ethical and deployment
considerations remain critical. This study plan to address bias mitigation, strengthen data privacy safeguards,
conduct multi-center clinical validation, and explore integration into EHR systems and mobile diagnostics to
support real-world adoption.
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Table 4. Comparison of LR, RF, SVM, and KNN under different data balancing strategies using data [17]]

Method LR RF SVM KNN
Sensitivity
ML models (no SMOTE) 0.14 0.14  0.00 0.10
ML + SMOTE (raw features) 0.67 0.25 0.39 0.50
Sentence transformer embeddings + SMOTE + ML  0.52  0.81 0.56 0.60
F1-score
ML models (no SMOTE) 0.24 024  0.00 0.17
ML + SMOTE (raw features) 044  0.29 0.34 0.33
Sentence transformer embeddings + SMOTE + ML  0.32  0.85  0.35 0.31

Table 5. Comparison of sentence transformer and FT-Transformer embeddings with SMOTE for selected ML

models using data [17]]

Model Sensitivity Sensitivity F1-score F1-score
(Sentence transformer)  (FT-Transformer)  (Sentence transformer)  (FT-Transformer)

LR 0.52 0.25 0.32 0.30

RF 0.81 0.25 0.85 0.36

SVM 0.56 0.37 0.35 0.42

KNN 0.60 0.37 0.31 0.37

4. CONCLUSION

STESO demonstrates that combining sentence transformer-based embeddings with oversampling in
the semantic space provides a powerful solution for IVIG resistance prediction in KD. By leveraging pretrained
sentence transformers, the proposed method in this study captures deeper clinical relationships, and applying
oversampling in this enriched representation space generates synthetic resistant cases that preserve semantic
and biological plausibility, unlike raw feature oversampling which can produce unrealistic combinations. This
synergy enhances sensitivity and F1-score across models, with RF-STESO achieving the strongest performance
by exploiting complex interactions within the embeddings. Moreover, the embedding-space oversampling
introduces controlled perturbations akin to regularization, improving robustness and generalization to unseen
data. Beyond KD, this strategy offers a transferable pathway for other rare disease prediction tasks where
limited and imbalanced datasets remain a critical challenge, making transformer—oversampling integration a
promising step toward more reliable and personalized healthcare solutions.
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