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Abstract
Handling severe class imbalance remains one of the most persistent barriers to 
deploying reliable artificial intelligence (AI) in healthcare. Conventional approaches 
such as SMOTE and other resampling strategies often inflate training performance 
but degrade under real-world distribution shift. We evaluated alternative modeling 
strategies, including classical machine learning, ensemble methods, imbalance-
aware mixture of experts (MoE), and a fine-tuned large language model (LLM) 
(ModernBERT-large), for surgical site infection (SSI) prediction using structured 
electronic medical records. Across temporally shifted evaluation cohorts, the 
ModernBERT model consistently outperformed all baselines without synthetic 
oversampling or target ratio adjustments, achieving a Matthews correlation 
coefficient of 0.71 versus 0.35 for the best SMOTE-resampled CatBoost model. In 
contrast, MoE architectures failed to deliver robustness gains, and resampled classical 
models deteriorated under distributional change. These results highlight a paradigm 
shift: pre-trained language models can serve as deployment-stable alternatives to 
synthetic imbalance correction in structured clinical prediction tasks. Beyond SSI, 
this finding underscores the potential of LLMs to improve the resilience of healthcare 
AI systems where minority-class prediction is critical.

Keywords: Imbalanced datasets; Artificial intelligence; Health informatics; Large 
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1. Introduction
Surgical site infections (SSIs) represent one of the most persistent and costly challenges in 
post-operative care, contributing to increased morbidity, mortality, and hospital readmission 
rates. In the United States, SSIs are responsible for up to $10 billion in direct annual 
healthcare costs, with each infection extending hospitalization by 7–10 days on average and 
elevating patient mortality risk.1,2 From an organizational perspective, SSIs directly influence 
provider reimbursement, quality metrics, and accreditation status and are increasingly 
subject to regulatory reporting. Early detection and prevention of SSIs are paramount to 
improving surgical outcomes and care provisioning overall. Timely identification of an 
SSI allows clinicians to intervene sooner (for instance, with targeted antibiotics or surgical 
debridement), limiting the infection’s severity and preventing further complications.
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Early detection of SSIs remains difficult due to their 
latent and often subtle onset. Artificial intelligence 
(AI) based on machine learning (ML) models offers a 
promising solution, but they are hindered by two major 
barriers: (i) the sparsity of timely data features during 
clinical episodes3 and (ii) extreme or shifting class 
imbalance between SSI-positive and non-infected surgical 
cases in training and inference data.4 These two factors 
jointly reduce sensitivity and generalizability in deployed 
ML models, leading to elevated false positive rates or 
degraded performance under population shift.5 These 
factors have been shown to significantly impact the efficacy 
of ML predictive methods.6 The common remedy to the 
challenge of training data imbalance is the application of 
synthetic data augmentation such as Synthetic Minority 
Oversampling Technique SMOTE,7 over/undersampling, 
or hybrid methods to rebalance training data. However, 
these approaches often produce inconsistent performance 
under temporal distribution drift. In this study, we explore 
whether alternative ML modeling architectures, such 
as mixture of experts (MoE) and large language models 
(LLMs), can outperform traditional ML approaches and 
offer greater resilience to distribution drift. This work 
evaluates multiple methods for SSI prediction using 
structured electronic medical record (EMR) data, under 
varying target class imbalances, including an ensemble of 
classic ML models, an MoE framework, and a fine-tuned 
LLM. We evaluate these methods on real-world hospital 
data, including a temporally shifted evaluation cohort.

2. Data and methods
The objective of our research is to evaluate advanced 
ML strategies for handling extreme class imbalance in 
SSI prediction using structured EMR data. Traditional 
techniques such as SMOTE and undersampling are 
examined across ensemble classifiers, MoE, and LLM 
based on ModernBERT. The goal is to identify which 
approaches generalize best in terms of accuracy and 
robustness without relying on synthetic data or overly 
complex architectures. To better frame the contributions of 
our work in an interdisciplinary context, we provide some 
background from the literature.

2.1. Background and related work

2.1.1. Data imbalance correction in clinical ML

Class imbalance is widely acknowledged as a central 
challenge in clinical prediction.8 Common corrective 
methods include SMOTE, which generates new minority 
samples by interpolating existing ones; random over/
undersampling, which reduces the majority class 
proportions; and class-weighted loss functions that 
penalize errors on the minority class more heavily. In 

recent times, SMOTE has become quite popular. SMOTE 
attempts to balance class distribution in imbalanced 
datasets by generating synthetic examples for the minority 
class. It works by selecting a minority class sample and 
finding its k-nearest neighbors, then creating new synthetic 
data points along the line segments connecting the sample 
and its neighbors. This helps an ML classifier learn more 
generalized decision boundaries rather than overfitting 
to a few minority examples. Unlike over/undersampling, 
SMOTE7 introduces new, ideally plausible, examples rather 
than duplicating or eliminating existing ones.

Al-Ahmari and Nadeem9 found that applying SMOTE 
improved Matthews correlation coefficient (MCC) scores 
and yielded better balanced recall and precision for SSI 
prediction models. Other approaches, including over/
undersampling and hybrid strategies, have also been 
employed but with mixed success depending on dataset 
characteristics.10 In addition to resampling techniques, 
improving the composition of the training dataset 
through better population selection has gained attention. 
Restricting modeling to specific surgery types (e.g., 
colorectal surgery11,12 and orthopedic procedures13) can 
help by increasing the prevalence of SSIs (positive target 
class samples) and improving model relevance. These 
studies indicate that restrictive sampling can yield better 
predictive ML performance by constraining training data.

SMOTE and hybrid strategies are widely used in clinical 
ML studies, but use of these approaches can suffer from 
several limitations: synthetic data may not preserve real 
clinical structure, semantics, and values;14 performance 
often degrades under test-time distribution shifts;15 and 
models may overfit synthetic or balanced training data but 
generalize poorly.16 Surprisingly, few studies systematically 
compare imbalance-aware model architectures under 
changing test distributions. Within the context of SSI 
prediction, even fewer explore architectures that are 
inherently robust to such imbalance without relying on 
synthetic sampling.

2.1.2. MoE and bidirectional encoder representations 
from transformers (BERT) LLM

While the focus of our study is not to make improvements 
in MoEs or LLMs directly, we provide a brief background 
on MoE and BERT LLMs here to illustrate the underlying 
methods. First introduced by Jacobs et al.,17 AI MoE is 
commonly used to enable efficient scaling, decomposition 
of complex problems, and computational savings in 
LLMs.18 To achieve these benefits, MoE architectures 
organize neural networks into a modular framework, 
in which several expert networks learn to specialize on 
different instances of the problem space while a separate 
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gating network determines which experts best contribute 
to a particular output. Each expert is an independent feed-
forward network, and the system uses sparse activation so 
that only the most relevant experts are engaged for a given 
input.

An MoE “expert” does not necessarily denote specialized 
domain knowledge; instead, experts usually represent 
subnetworks tuned to handle certain data characteristics 
or functional tasks (e.g., reasoning or summarization).19 
Figure  1 provides a schematic illustration: the gating 
network directs an input toward a subset of experts (e.g., 
Experts 1 and 3), applies weights to their outputs, and 
then combines them into a final prediction. In this study, 
we extend MoE to handle class imbalance by training 
experts on subsets of the data with different SSI/non-SSI 
proportions (e.g., 5/95%, 50/50%, 95/5%). Additional 
details on this are provided in the Methods section.

BERT is a foundational transformer-based LLM 
introduced by Devlin et al.20 that enable deep bidirectional 
context understanding by jointly conditioning on both 
left and right word contexts in all layers.1 Its architecture 
is based on the transformer encoder, allowing it to 
capture rich contextual relationships within text using 
self-attention mechanisms. Contemporary extensions of 
BERT, of which there are many, such as ModernBERT, 
improve upon BERT’s training efficiency and performance 
by incorporating architectural refinements like parameter 
sharing and sparse attention.21 These models have become 
commonplace in natural language processing tasks 

ranging from question answering to clinical text extractive 
summarization due to their robust generalization and 
pretraining-transfer capabilities.22

Recent advances in vision-language pre-training have 
further demonstrated the robustness and domain transfer 
potential of medical transformers. Approaches such as 
G2D,23 Spectral Cross-Domain Neural Networks,24 and 
parameter-efficient contrastive pre-training strategies like 
Freeze the Backbones25 highlight the growing convergence 
between language-  and vision-based medical AI models. 
These works support our motivation to explore pretrained 
transformer architectures for structured clinical data, 
where contextual embeddings can enhance robustness 
under distributional drift. Other recent works propose 
attention-based architectures that adapt transformers 
for tabular data, including TabTransformer26 that 
applies attention to categorical feature embeddings 
while preserving independence across continuous 
features; FT-Transformer,27 which treats all features as 
embeddings and applies full attention to model inter-
feature interactions; and SAINT,28 which adds inter-sample 
attention and data augmentation to improve generalization. 
While promising, these models have notable constraints, 
such as requiring custom tabular embeddings and 
limited support for free-text feature representations. We 
propose an alternative approach that re-casts structured 
tabular features into sentence sequences and fine-tunes a 
general-purpose transformer (ModernBERT) directly for 
classification. This approach allows us to use a pretrained 
model without architectural modification, avoids complex 
schema encoding, and any synthetic data generation.

2.1.3. SSI prediction

SSIs are a leading contributor to preventable postoperative 
morbidity and hospital readmissions. Despite their clinical 
and operational importance, early SSI detection remains 
difficult due to delayed symptom onset and complex 
etiology.1,2 Traditional SSI risk models rely on linear 
regression or scoring systems, often incorporating surgical 
type, comorbidities, and intra-operative variables.29,30 
However, these models typically underperform in 
generalized clinical settings or lack interpretability when 
applied at scale. More recent work has leveraged ML to 
enhance prediction accuracy beyond traditional risk 
models.

Al Mamlook et al.31 used deep neural networks 
(DNNs) across 2.88 million surgical cases, reporting an 
area under the curve (AUC) > 0.85. Wu et al.32 developed 
an XGBoost-based model for arthroplasty-related SSIs 
with performance exceeding AUC 0.90. Many works in 
the literature show that incorporating observational (i.e., Figure 1. Basic mixture of experts architecture
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bedside visuals and clinician notes) and clinical data 
(i.e., labs/microbiology, imaging, and pharmacy) have a 
correlation to model performance. While such features 
are certainly an important consideration, one limitation 
in much of the prior work is the dependence on such 
observable and clinical features that frequently lag the SSI 
onset, are available only later in treatment timelines, or 
may not be available uniformly across facilities. Further, 
despite studies showing favorable results and accuracy, 
there were not many that gave emphasis on the occurrence 
of false positives.

A persistent challenge across many studies is the intrinsic 
severe class imbalance of SSI and non-SSI populations. SSIs 
typically occur in a relatively small percentage of surgical 
cases, often between 5% and 10% of surgical encounters,31 
resulting in datasets heavily skewed toward the non-SSI-
negative class. Without some form of correction, ML 
models will tend to favor predicting the majority class, 
yielding deceptively high accuracy but poor sensitivity 
and precision for true SSIs.33 There is ample research 
that has shown that models trained without addressing 
imbalance suffer from low-positive predictive value despite 
acceptable AUCs.34 Petrosyan et al.35 reported an AUC of 
0.89 using Random Forest but achieved a precision of 
only 34%, meaning two-thirds of predicted SSI cases were 
false positives. Xiong et al.36 faced similar issues with an 
AdaBoost model for spinal surgery SSIs, achieving only 
0.23 precision, and applied SMOTE7 to improve precision 
scores to 0.625 with only minor reduction in recall. Much 
of the prior work attempts to address the imbalance 
problem through over/undersampling or using synthetic 
data. Few studies explicitly benchmark how imbalance 
correction strategies perform under real-world shifts in 
data distribution. In contrast to the rich body of prior 
work, the objective of our research is to evaluate advanced 
ML strategies for handling extreme class imbalance in SSI 
prediction using structured EMR data.

2.2. Data source and population selection

The dataset analyzed in this study was de-identified 
before receipt by the investigators. As such, this work 
does not constitute human subjects research and did not 
require IRB approval under prevailing regulations. The 
study complied with all relevant guidelines for the use of 
de-identified health data. All data were collected passively 
and de-identified in compliance with the Health Insurance 
Portability and Accountability Act. Studies performed on 
de-identified data constitute non-human subject studies. 
Data access was governed by an internal data use agreement 
and is not publicly available. The initial dataset consisted of 
151,733 inpatient cases (encounters) that are an inpatient 
census, spanning 2 years (2022 and 2023), drawn from a 

large health care system’s EMR system. Within the dataset, 
20,062 (7.6%) were elective (versus emergency) surgeries; 
73,300 (48%) patients were males; and there were 109,822 
unique patients. Table S1 (in Supplementary File) provides 
a full list of features in the datasets. SSI-positive encounters 
are identified by SSI-related International Classification 
of Diseases version  10 (ICD-10) diagnosis (Dx) codes 
(e.g., T81.4XXX) in the encounter final coding. ICD-10 
diagnosis codes are standardized alphanumeric codes used 
internationally to classify and record diseases, symptoms, 
and other health conditions for clinical and billing 
purposes. A list of the relevant ICD-10 Dx codes utilized is 
presented in Table S2.

A specific class of SSI, those related to colon or 
hysterectomy procedures, was chosen to better align with 
the research in the literature and because SSIs related to 
these surgeries are of high importance to hospital quality 
metrics.37 One might argue that the larger population 
could be filtered simply on encounters who had a colon 
or hysterectomy-related surgery and doing so would 
provide sufficient fidelity to restrict the majority class 
population. However, filtering on patients who had a 
colon or hysterectomy surgery assumes that all patients 
undergoing the same surgery are clinically comparable, 
but this is false. Two patients may undergo a colectomy 
but may differ significantly in many ways: comorbidities 
(e.g., diabetes, immunosuppression, malnutrition); 
preoperative infection status; emergency versus elective 
context; and concurrent procedures or complications. 
These differences can affect SSI risk.30 While potentially 
improving the majority class imbalance issues, filtering 
only on surgical type can aggregate dissimilar patients and 
introduce heterogeneity that can confuse an ML model 
during training. This type of qualitative or rule-based 
filtering to produce a representative dataset is typical in 
most ML training activities. However, such interpretive 
filtering is exceptionally sensitive to distribution changes 
resulting from context shifts, procedural or administrative 
adjustments (e.g., treatment or medical coding changes), 
or other external conditioning.38 With our research’s focus 
on examining drift, adding an additional method to give 
more rigor to ensure both training and inference data are 
consistent, a method of determining clinical similarity is 
applied to further constrain the representativeness of both 
training and inference-input data. Of the census dataset 
encounters, 5,282 (3%) were colon and hysterectomy SSI 
positive.

To provide a method of ensuring clinically representative 
majority class selection, we employ a simple method of 
similarity using the full set of encounters’ diagnoses and 
SSI-related procedure codes. Here, the set of diagnosis 
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codes and the set of procedure codes can be obtained, 
where the Jaccard distance J of two encounters results in a 
2D vector of diagnosis and procedure code Jaccard 
distances and can be pairwise compared with minority 
class encounters using cosine similarity C( , ) v vi j . Thus, 
encounter similarity S can be measured as a distance in the 
following manner: let ESSI = {e1,e2,…,en} be the set of 
reference SSI-positive encounters and Eneg = {e’1,e’2,…,e’m} 
be the non-SSI encounters. For each encounter pair 
(e’i,…,e’j), compute:
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A non-SSI case e’j is retained if Sim(ei,e’j) ≥ 0.70 for at 
least one ei ∈ ESSI. We set the similarity threshold at 0.70 to 
retain non-SSI encounters, guided by prior applications in 
clinical similarity modeling where thresholds between 0.65 
and 0.75 are considered effective for balancing specificity 
and coverage. Similarity metrics such as the Jaccard and 
cosine distance have been widely used in patient similarity 
and clinical data matching tasks (e.g., in de-duplication 
of EMR notes using Jaccard at 0.7),39 and in case-based 
reasoning systems achieving optimal sensitivity-accuracy 
trade-offs at the 0.70 threshold.40 Thresholds much above 
0.75 could exclude clinically analogous control exemplars, 
reducing cohort diversity, while lower thresholds (below 
0.65) may inject heterogeneous majority-class contributors, 
diluting valid encounters. In addition, a manual review 
of selected sample pairs across thresholds indicated 
that a 0.70 threshold best preserved clinical plausibility 
and interpretability. Thus, our threshold represents an 
intentional but tunable compromise; one with reasonable 
interpretative clarity, transparency, and implementation-
feasibility suitable for clinical deployments. The threshold 
value of 0.70 resulted in reducing the 151,733 records to 
15,339; 5,282 inpatient SSI encounters (approximately 
34%), and 10,057 “similar” non-SSI inpatient encounters 
were incorporated in a final dataset. Figure S1 provides a 
summarized diagram illustrating the EMR cohort selection 
and modeling pipeline.

2.3. Problem formulation and model configuration

We construct the problem as a tabular-data binary (SSI-
negative/SSI positive: 0/1) classification problem subject 
to different training data target class proportions. In this 
regimen, several models are constructed. The baseline 
model configuration consists of classic ML models such as 
CatBoost,41 XGBoost, Random Forest, Light Gradient Boost 

Machine, and Logistic Regression. These are examined 
with varying imbalances and configured standalone and 
in bias-wins/voting ensembles. We also adopt an MoE 
configuration with experts trained on incrementally 
proportioned target imbalance. Finally, a transformer-based 
LLM (ModernBERT) is examined, where the tabular input 
data are converted to a sentence-like structure for prediction 
of the binary class. Four configurations are evaluated (with 
and without employing SMOTE to address minority class 
imbalance): (i) best performing classical ML model; (ii) 
voting ensemble of classical ML models; (iii) MoE with 
experts trained with varied imbalance; and (iv) transformer-
based LLM that predicts the binary target class.

2.3.1. MoE

The MoE configurations consisted of several “experts” each 
trained on differently proportioned imbalance, similar to 
ratios employed in the classical ML configurations (e.g., 
5–95%, 10–90%, and 20–80%), as well as configurations 
with fewer numbers of experts, e.g., 5–95%, 50–50%, and 
95–5%. One way to think of the MoE configuration is that 
experts trained with high imbalance are skewed to predict 
the biased target class and the gating network weights 
their performance in conjunction with other experts. Each 
expert fk (⋅) is trained on a dataset with an imbalance ratio 
rk∈(0,1. Let x be an input feature vector. The gating network 
G(x) produces:

�k
k k k
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2.3.2. BERT LLM (ModernBERT)

The LLM classifier requires an additional pre-processing 
step and fine-tuning before inference. Each training record 
is transformed into a sentence-like sequence, including 
converting any numeric values to words, to create a 
human-readable value pair, such as this patient is 65 years 
old, is a male.: yes, where yes/no represents the binary 
target label, as illustrated in Figure 2. The model tokenizes 
the input into a sequence of tokens x1,x2,…,xn, which is 
encoded as a hidden representation h = BERT(x1,x2,…,xn,). 
The pooled embedding h[CLS], corresponding to the special 
classification token, is used for prediction through 
˘ ( )[ ]y sigmoid W h bCLS� � . The binary cross-entropy loss is 

computed as L y y y yBCE � � � � �log log( ) ( ) ( )˘ ˘1 1 .

2.4. Model training and evaluation

All models consumed the same underlying EMR features. 
For ModernBERT, categorical values were rendered as 
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human-readable tokens (e.g., “male,” “diabetic,” “emergency 
procedure”), numeric values were spelled out (e.g., “age 
sixty-five,” “body mass index of twenty-seven point three”), 
and missing values were imputed with the placeholder 
token [unknown] to maintain positional consistency. This 
produced a uniform sentence-like representation while 
preserving the original tabular information.

To construct the various proportioned imbalance datasets, 
before splitting into train-test sets, the 15,339-record dataset 
was randomly sampled, without replacement, to create sets 
of varying positive and negative target class proportions, e.g., 
5–95%, 10–90%, 20–80%..., 90–10%, 95–5%, and the organic 
imbalance, 34–66%. The imbalanced sets were used for 
training and testing the models. To do so, the proportioned 
data were separated into two randomly selected subsets: (i) a 
training set and (ii) a hold-out test set, with an 80/20 train-
test ratio. A 10-fold testing iteration was applied to assess the 
average results. A  separate evaluation dataset, taken from 
2024 encounters, was also collected and processed the same 
way as the initial 2022–2023 dataset, including diagnosis 
and procedural code similarity filtering. This 772-encounter 
evaluation dataset had an 8% minority class imbalance, 
unlike the 34% imbalance in the training dataset.

To examine the amount of distribution shift between 
the training data and the evaluation set, the numeric 
features were tested using a Kolmogorov–Smirnov (KS) 
test. 30% of the numeric features showed moderate to large 
shift (KS statistics between 0.10 and 0.25, with p-values 
below 0.01). The three most shifted numerical features 
were the target class indicator, pre-procedure hours, 
and surgical procedure volume. To further confirm the 
presence of a distribution shift and evaluate the shift in 
class-based features, we created a Random Forest classifier 
to predict whether data belonged to the training dataset or 
the evaluation set and employed a 70-20-10 training-test-
validation split. The results of validation inference showed 
accuracy = 98.45%; precision=87.68%; recall = 78.57%; 
F1 score = 82.88%; MCC = 0.822; and cross-validated 
AUC = 0.948. The model’s training and test scores were 
similar.

Using the distribution-shifted evaluation dataset 
for inference, each configuration is compared across 
several metrics: accuracy, precision (selectivity), recall 
(sensitivity), AUC, F1 (a measure of the balance between 
precision and recall, based on the harmonic mean of both), 
and MCC. MCC is considered a better overall metric for 

Figure 2. ModernBERT pre-processing and fine-tuning
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evaluating binary classification models than precision, 
recall, or F1 score, especially when dealing with imbalanced 
datasets.42 MCC considers all four components of the 
confusion matrix: true positives (TP), true negatives (TN), 
false positives (FP), and false negatives (FN), as shown in 
Equation VI.

× − ×
=

+ + + +

  
( )( )( )( )

TP TN FP FNMCC
TP FP TP FN TN FP TN FN �

(VI)

For all models, the dataset was divided into training 
and validation subsets using an 80/20 split. For 
comparability, all models used identical splits and the 
same pre-processed features, outside of the additional 
value-to-text transformation noted above for the LLM 
training data. For training of the classical and ensemble 
models, multiple candidate algorithms including Logistic 
Regression, Random Forest, Gradient Boosting, and 
Light Gradient Boosting Machine were initialized with 
standardized preprocessing, one-hot encoding, and 
feature scaling applied. Model optimization employed 
five-fold cross-validation on the training data to identify 
the best-performing algorithm based on the MCC score. 
The best performing classical model, once identified, 
had hyperparameters (tree depth, learning rate, number 
of estimators) tuned through Tree-structured Parzen 
Estimator-based Bayesian optimization from the Optuna 
library.

The proportional DNNs were first trained as expert 
models for subsequent integration into the MoE 
architecture. Here, the global 80% training dataset split 
was further partitioned into 80% for training and an 
internal 20% portion (i.e., 16% of the full dataset) reserved 
for validation during training and early stopping. Each 
expert was trained on a class-proportional subset to 
preserve the natural class-frequency distribution while 
maintaining balanced feature representation. Each expert 
consisted of three fully connected layers (512, 256, and 
128 units) with ReLU activations and dropout (rate = 0.3) 
to mitigate overfitting. Training employed the AdamW 
optimizer (learning rate = 1e-4, weight decay = 0.01) for 
up to 50 epochs with a batch size of 128. Early stopping 
with a patience of three epochs was applied based on 
validation loss, and a cosine learning-rate scheduler was 
used to stabilize convergence. Experts were independently 
parameterized and no parameter sharing was applied. 
After convergence, expert weights were frozen and 
validated individually before integration into the MoE. 
The MoE architecture was constructed by combining the 
frozen proportional DNNs under a shallow feed-forward 
gating network (two hidden layers of 64 and 32 units with 
ReLU activations and dropout = 0.2). The gating network 

received the same standardized feature inputs as the 
experts and was trained on the same 80% training split to 
assign softmax-normalized mixture weights G(x) over the 
expert outputs, dynamically weighting their contributions 
during inference. Optimization used identical settings to 
the experts for consistency, with validation loss monitored 
for each epoch and checkpointing applied to preserve the 
best-performing weights. The final MoE model was then 
evaluated on the held-out 20% test set using accuracy, 
F1 score, precision, recall, and loss metrics to assess 
convergence behavior and generalization performance.

In fine-tuning the LLM, text tokenization was 
performed using a PreTrainedTokenizerFast/
AutoTokenizer initialized from the ModernBERT-large 
checkpoint (vocabulary size = 50,368). The tokenizer 
applied truncation and padding to a maximum sequence 
length of 1,524 tokens. The average input length was 835 
tokens with a standard deviation of 73 and maximum of 
1,091; well within ModernBERT’s input window. Model 
fine-tuning was implemented using the Hugging Face 
Trainer and TrainingArguments APIs for 10 epochs with 
a per-device batch size of 8. Optimization employed 
the AdamW optimizer (learning rate = 5e-5, weight 
decay = 0.01) with a linear learning-rate scheduler and 500 
warmup steps. Early stopping was implemented through 
the Hugging Face EarlyStoppingCallback with a patience 
of two evaluation rounds. Evaluation was performed at the 
end of each epoch, and model performance was assessed 
using a custom compute_metrics function reporting the 
MCC, F1 score, precision, and recall.

3. Results
The baseline classic ML model performed consistently 
with or exceeding the state-of-the-art for SSI prediction, 
based on EMR features. Table 1 shows the results from the 
classic ML models on the initial (34%) imbalance dataset 
and SMOTE applied.

Figure  3 shows the MCC performance of the classic 
ML and DNN expert under varying levels of training data 
imbalance. The classic ML 50/50 imbalance configuration 
performed roughly the same, with and without SMOTE. 
The individual DNN experts did not perform as well as 
the classic ML. However, their results do not represent 
the MoE configuration, as no gating network has been 
employed at this stage.

3.1. Baseline model performance with distribution-
shifted evaluation dataset

Table 2 shows how the final baseline models would have 
performed in production on the distribution-shifted 
evaluation dataset. The shifted distribution caused the 
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Table 1. Performance of classic machine learning models 
with SMOTE (34% SSI prevalence)

Model Accuracy AUC Recall Precision F1 score MCC

CatBoost 0.846 0.905 0.732 0.804 0.766 0.706

LightGBM 0.842 0.903 0.735 0.791 0.762 0.695

XGBoost 0.841 0.900 0.730 0.791 0.759 0.689

Random 
forest

0.820 0.882 0.731 0.742 0.736 0.652

Logistic 
regression

0.729 0.781 0.666 0.595 0.628 0.422

Abbreviations: AUC: Area under the curve; MCC: Matthews 
correlation coefficient; SSI: Surgical site infection; LightGBM: Light 
gradient boosting machine.

Table 2. Baseline performance on evaluation 
dataset (8% SSI prevalence)

Model Accuracy AUC Recall Precision F1 score MCC

CatBoost w/
SMOTE

0.859 0.894 0.328 0.551 0.411 0.351

DNN_50perc 
w/SMOTE

0.234 0.783 0.841 0.091 0.164 0.012

Abbreviations: AUC: Area under the curve; MCC: Matthews 
correlation coefficient; SSI: Surgical site infection.

Figure 3. Classic ML and DNN experts with proportional imbalance
Abbreviations: DNN: Deep neural network; ML: Machine learning; 
SSI: Surgical site infection.

seemingly viable CatBoost baseline model to have results 
that would be unusable in practice and an unexpected 
degradation in production, given the model’s train, test, 
and validation performance.

3.2. Ensemble, MoE, and LLM performance with 
distribution-shifted dataset

Variations of each of the four categories of models, namely 
Classic ML, Ensemble, MoE, and LLM, have different 
proportional configurations. The configurations are 
as follows: CatBoost trained with baseline imbalance; 
ModernBERT LLM trained with baseline imbalance; 
Voting Ensemble with LLM and 50% imbalance CatBoost; 
Voting Ensemble with CatBoost 5%, 50%, and 95% SSI-
positive imbalance; Ensemble Bias wins, 50% tie-break 
CatBoost 5% to 95% SSI-positive imbalance; CatBoost 
with 5% SSI-positive imbalance; CatBoost with 95% SSI-
positive imbalance; MoE with 5% and 95% SSI-positive 
experts (LowHi); MoE with 5%, 50%, and 95% SSI-positive 
experts (LowMedHi); MoE with 30% to 70% SSI-positive 
experts; MoE with 10% and 90% SSI-positive experts 
(LowHiOffset); and MoE with all the imbalance experts 
(5–95% SSI positive). Figure 4 shows the MCC scores for 
all the models with and without SMOTE.

ModernBERT LLM without SMOTE achieves the 
highest MCC scores indicating robustness to distribution 

shift even without synthetic oversampling. Across the 
remaining models, SMOTE consistently improves 
performance, with a clear gap in MCC between SMOTE 
and no SMOTE variants, especially in Ensemble and MoE-
based models. Figure 5 provides a heatmap comparing the 
performance of various model configurations with and 
without SMOTE across six metrics.

ModernBERT LLM consistently display superior 
performance in 5/6 metrics, especially without SMOTE. 
Figure 6 shows normalized scores for the best-performing 
model in each of the four model categories: LLM, Ensemble, 
CatBoost, and MoE. Normalizing the six scores, such that 
they all get equal weight, highlights that ModernBERT 
LLM with no SMOTE outperforms the other by 14% or 
more with the exception of recall, which is lower. However, 
ModernBERT LLM delivers a better balance of recall and 
precision over the others without the need for synthetic 
oversampling.

Ensemble_LLM_Mid (SMOTE) shows solid recall 
but lags significantly in precision, highlighting the well-
known precision-recall trade-off effect. CatBoost Native 

Figure  4. Model Matthews correlation coefficient scores for the 
distribution-shifted evaluation dataset
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Figure 5. Model performance scores of SMOTE versus no-SMOTE

and MOE_LowHi with SMOTE show improved recall, but 
this comes at the expense of lower precision and overall 
metric balance compared to the LLM. Even with SMOTE, 
the best performing non-LLM models only close the gap 
in recall, not in precision, F1 score, or MCC; metrics all of 
which are better indicators of model robustness in binary 
classification of imbalanced data.

3.3. SSI prediction

Although slightly lower than the best performing models 
in the literature, the baseline CatBoost model’s scores are 
consistent and competitive relative to most of the prior 
work. It is particularly noteworthy that the best performing 
models from the literature relied on a greater number and 

Figure 6. Normalized performance across the four model groups
Abbreviations: AUC: Area under the curve; MCC: Matthews correlation coefficient.
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more clinically specific features (such as laboratory results 
and/or observations such as swelling, fever, or purulent 
discharge); many of which are difficult to obtain in real 
(or close to real) time from EMR systems. Further, many 
published SSI prediction models lack additional validation 
and have only been tested retrospectively without 
distribution shift. The performance of ModernBERT LLM 
demonstrated superior generalization across distribution 
shifts without needing any form of data balancing.

4. Discussion
Prior works have shown that synthetic oversampling 
approaches such as SMOTE can generate clinically 
implausible examples and provide misleading performance 
gains during model development.14,15,43 Our results 
reinforce these concerns: while CatBoost with SMOTE 
performed well on balanced training and validation data, its 
performance degraded sharply under temporal distribution 
shift. This finding illustrates how reliance on synthetic 
balancing can create false confidence and underscores the 
risks of deploying resampled models in clinical practice.

Ensemble methods offered only modest robustness 
improvements. Bias-weighted voting and hybrid LLM 
ensembles reduced sensitivity to imbalance in some 
configurations, but the gains were marginal compared to 
single-model performance. These results suggest that while 
ensembles can smooth model variance, they do not address 
the fundamental vulnerability of resampled approaches to 
real-world distributional change.

Although theoretically attractive for learning from 
diverse imbalance ratios, MoE architectures consistently 
underperformed. The lack of robustness persisted 
even when experts were trained at both extremes and 
intermediate class proportions. This indicates that class-
ratio specialization alone is insufficient for complex, 
heterogeneous EMR data. The underperformance of MoE 
models likely reflects limited sample size per expert and 
unstable gating under sparse activation. In imbalanced EMR 
regimes, experts may overfit narrow distributions while 
the gate receives weak gradients when class proportions 
diverge. Prior theory suggests MoE gains depend on both 
expert diversity and calibration; our results align with that 
view, indicating a need for stronger routing and confidence 
calibration. In their current form, MoE models are not a 
reliable solution for healthcare imbalance problems, and 
future advances will likely require more sophisticated 
gating mechanisms or confidence-calibrated routing.

The most significant outcome of our study was the 
superior and consistent performance of a fine-tuned 
ModernBERT model. Unlike models trained with SMOTE 
or resampling, the LLM generalized effectively across 

temporal drift without artificial rebalancing. Several factors 
explain this resilience: transforming tabular features into 
natural language-like sequences allowed the model to 
exploit pretrained embeddings; attention mechanisms 
captured cross-feature dependencies often missed by tree-
based methods; and the model avoided the overfitting 
tendencies of synthetic oversampling.

While these results are quite promising, they are not 
without some practical considerations. The robustness 
observed here for SSI prediction likely extends to other 
low-prevalence outcomes (e.g., sepsis, adverse drug events, 
early readmission). Such tasks share extreme imbalance 
and heterogeneous feature interactions; pretrained 
language models provide a generalized path toward drift-
resilient prediction without task-specific resampling. 
From a clinical deployment perspective, the fine-tuned 
ModernBERT model can be integrated into EMR-linked 
surveillance to flag higher-risk postoperative cases in near 
real time. Operating on routinely available structured 
EMR fields rather than delayed laboratory inputs, the 
model can augment infection-control workflows with 
early alerts while preserving transparency through feature-
attribution overlays; interpretability remains essential for 
clinician trust. In practice, attention-weight visualizations 
and SHAP/Integrated Gradients can highlight factors 
(e.g., peri-operative duration, wound class, emergency 
status) that most strongly influence predictions, enabling 
auditability and review in clinical dashboards.

Considerations regarding the underlying dataset 
employed in this study also frame the orientation and 
generalization of the results. For example, our dataset 
originates from multiple health systems, and it includes 
multiple hospitals and surgical specialties, offering a 
heterogeneous sample of patient populations. This internal 
diversity provides a partial buffer against overfitting to 
institutional idiosyncrasies. It could also be argued that 
both the underlying data and models, particularly the 
LLM, have implications for fairness and bias. Although 
demographic and procedural subgroups (e.g., sex, surgery 
type, elective vs. emergency) were not explicitly rebalanced, 
ModernBERT embeddings capture cross-feature 
dependencies that may partially adjust for disparities. 
However, pretrained embeddings can also encode existing 
social or clinical biases. Although no significant subgroup-
level disparities were observed during internal validation, 
future work will pursue multi-institutional validation to 
confirm generalizability and mitigate site-specific bias. 
We also plan to quantify fairness using subgroup-specific 
MCC and equality-of-opportunity metrics to assess 
differential error rates in the context of embedding-derived 
dependencies.
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