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Abstract This study addresses breast cancer clinical trial eligibility classification from free-text criteria
under severe class imbalance, a condition that biases learning toward the majority class and complicates
screening decisions when false positives and false negatives carry different operational costs. The study
evaluates whether semantic plausibility control and optimization improve classification performance and
screening-oriented error trade-offs under imbalanced conditions. The main contribution of this study is the
proposed BEACON framework, which integrates semantic-filtered augmentation and PSO-guided
optimization within a unified screening-oriented eligibility classification setting. Four BioBERT-BIiLSTM
variants were evaluated using fixed train-validation-test partitions across three random seeds: a baseline
model (M1), SMOTE augmentation (M2), SMOTE with cosine filtering (M2.5), and the proposed BEACoN
framework (M3). Performance was evaluated using Precision, Recall, F1, AUROC, and AUPRC with pooled
multi-seed statistical analysis to improve robustness and reduce single-seed bias. The evaluated
augmentation-based configurations achieved pooled F1 scores up to 0.9381 * 0.0005, AUROC up to 0.9976
* 0.0001, and AUPRC up to 0.9808 * 0.0004, indicating improved screening-oriented classification
performance relative to the baseline. However, SMOTE with cosine filtering behaved broadly similarly to
standard SMOTE under the evaluated embedding setting, indicating that the selected cosine threshold
functioned largely as a permissive constraint, although modest seed-dependent prediction differences
were still observed. Although BEACoN did not demonstrate statistically significant superiority over SMOTE
in aggregate performance, it provided a more balanced false-positive and false-negative trade-off under
comparable classification performance. Overall, the findings suggest that plausibility-controlled
augmentation may provide practical value for screening-oriented eligibility classification under severe
class imbalance.

Keywords BioBERT; clinical trial eligibility classification; class imbalance; semantic filtering; SMOTE-
PSO.

l. Introduction

Clinical trials are essential to evidence-based medicine
because they provide the basis for evaluating the
safety and effectiveness of new interventions before
clinical use [1], [2]. This role is especially important in
oncology, where delays in recruitment and screening
can slow the evaluation of potentially beneficial
therapies [3], [4]. Recent studies have shown growing
interest in the use of artificial intelligence to support trial
recruitment, retention, and eligibility design, particularly
in settings where manual screening remains time-
consuming and resource intensive [5], [3], [6]. Eligibility
criteria are central to this process because they define
who may participate in a study and help preserve both
patient safety and scientific validity [7], [8], [9]. In
practice, however, these criteria are commonly written
in free-text form and often include complex clinical

terminology [10], [11], temporal conditions, treatment
history requirements, and negated statements. Such
characteristics make them difficult to process
automatically and continue to limit the efficiency of trial
screening [12], [13]. Recent work in eligibility criteria
parsing, extraction, and query generation has improved
the automatic handling of this type of text, but the
problem is far from solved because even small
linguistic differences can alter clinical meaning and
affect downstream decisions [14], [11], [15], [16], [13].
This difficulty becomes more pronounced in screening-
oriented classification tasks. In this setting, models
must do more than separate two labels. They must
distinguish clinically meaningful differences between
inclusion and exclusion statements while preserving
the context in which those statements appear [6], [17].
Prior studies on eligibility classification and patient-to-
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trial matching suggest that performance depends not
only on representation quality, but also on whether the
model can retain medically relevant semantic cues
across heterogeneous criteria statements [18], [16],
[15]. The consequences of error are also unequal.
False negatives may exclude potentially eligible
candidates, whereas false positives can increase
reviewer workload and reduce screening efficiency
[18], [15], [3].

Another issue is class imbalance. In realistic trial
datasets, eligible cases are often much less frequent
than non-eligible cases [19], [20]. This imbalance can
bias a classifier toward the majority class and weaken
its ability to detect minority instances [21], [22]. Recent
reviews in medical machine learning identify class
imbalance as a major factor affecting predictive
performance, while recent benchmarking studies show
that oversampling can improve results but may also
alter classifier behavior in unintended ways [21], [23].
Although oversampling is widely used to address
imbalance, standard interpolation-based methods do
not explicitly consider the semantic structure of clinical
language [24], [25]. When applied to contextual
embeddings, they may generate synthetic minority
samples that are valid numerically but weak clinically
[26], [27]. This limitation matters in eligibility
classification because poorly placed synthetic samples
can increase class overlap, weaken the effective
decision boundary, and raise false positive burden in
screening-oriented settings [28], [29]. Despite recent
progress in eligibility parsing and extraction, relatively
little attention has been given to integrating imbalance-
aware augmentation, semantic plausibility control, and
optimization within a unified screening-oriented
eligibility classification framework [13], [11], [16], [21],
[23].

To address this problem, this study proposes
BEACoN (BERT-Enhanced Augmentation with
Optimization and Semantic Filtering), a screening-
oriented augmentation-control framework for breast
cancer clinical trial eligibility classification. BEACoN
combines biomedical contextual representation with
oversampling, cosine-based semantic filtering, and
metaheuristic optimization within a unified workflow.
The framework is based on the assumption that
augmentation quality and class balancing should not be
treated as separate decisions, because both can
influence the learned decision boundary and the
resulting distribution of classification errors. This
consideration is particularly important in screening
applications, where improvements in aggregate
performance may still be undesirable if they
substantially increase false-positive burden.
Accordingly, BEACoN is evaluated not only through
aggregate classification metrics, but also through
repeated-run variability and FP/FN redistribution

behavior under class imbalance [16], [21], [23]. This
study makes four main contributions. First, it compares
a BioBERT-BILSTM baseline with three augmentation
settings, namely standard SMOTE, SMOTE with
cosine-based semantic filtering, and the full BEACoN
framework. Second, it examines variability across
repeated runs under a fixed data split. Third, it
supplements standard evaluation metrics with
uncertainty-aware statistical analysis. Fourth, it
analyzes false positives and false negatives to clarify
the practical implications of augmentation for trial
screening.

Unlike prior studies that evaluate oversampling,
semantic filtering, or hyperparameter optimization
separately, BEACoN integrates these components
within a unified screening-oriented eligibility
classification framework. Rather than introducing new
individual algorithms, the contribution of this study lies
in evaluating optimization-guided augmentation control
under clinically imbalanced screening conditions,
particularly with respect to false-positive and false-
negative trade-offs. The results further indicate that
performance differences were driven primarily by
augmentation configuration and optimization behavior,
while the fixed cosine-based plausibility filter functioned
largely as a permissive constraint with limited seed-
dependent effects.

The remainder of this paper is organized as follows.
Section Il describes the dataset, model architecture,
augmentation strategies, and evaluation protocol.
Section Il presents the experimental results and error
analysis. Section IV discusses the findings, practical
implications, limitations, and future work. Section V
concludes the study.

Il. Method
A. Dataset and problem formulation

This study addresses binary eligibility classification for
breast cancer clinical trial criteria. Each input consists
of a short free-text eligibility statement, and the output
indicates whether the statement supports eligibility for
a breast cancer trial. The dataset was derived from the
publicly available IlabeledEligibilitySample1000000
corpus, which contains one million labeled eligibility
statements in its original release. This corpus was
compiled from cancer-related interventional trial
protocols registered on ClinicalTrials.gov and made
available through a public Kaggle mirror [30]. In all
experiments, model inputs were restricted to free-text
eligibility statements. Structured registry fields were
used for disease-level filtering during dataset
construction and were not included as predictive
features. To reduce statement-level leakage, exact
duplicate eligibility statements were removed prior to
dataset partitioning.
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Corpus preparation follows a leakage-control
workflow. First, light text normalization is applied,
followed by cross-source deduplication using a
normalized textual key, yielding 960,424 unique
statements. Next, breast cancer records are identified
using a precision-first rule-based filter, bc_strict v3b,
yielding 75,999 breast cancer-related statements. To
resolve cross-subset duplicates, records that appear in
both eligible and not eligible subsets are reconciled by
retaining the eligible version, producing a breast cancer
core of 36,977 eligible and 38,792 not eligible breast
cancer statements. To construct a realistic screening
setting, the negative class was expanded using non-
breast-cancer statements from the deduplicated not-
eligible pool. After excluding breast-cancer-related not-
eligible instances, 200,000 not-eligible statements from
other cancer types were selected, and 60,225 not-
eligible non-cancer statements were included based on
availability. The final dataset contained 335,994
statements, with Eligible Breast Cancer as the positive
class and the composite Not Eligible class as the
negative class, yielding a positive-to-negative class
ratio of approximately 1:8.1. The dataset was
partitioned into training, validation, and test subsets
using a stratified 70-15-15 split performed after
deduplication to reduce the risk of leakage from exact
duplicates. After partitioning, we additionally verified
that no exact textual overlap existed across the
training, validation, and test sets. Table 1 summarizes
the final dataset composition. The train-validation-test
partitions were frozen after dataset preparation and

Table 1. Composition of the final breast cancer
eligibility dataset used for classification.

Class Subtype NSuarrr:);;gf
Positive eligible_bc 36,977
Negative  not_eligible _bc 38,792
Negative  not_eligible_other_cancer 200,000
Negative not_eligible_non_cancer 60,225
Total 335,994

reused across all experiments to ensure paired
comparison under identical data conditions. Because
the final split artifacts retained only statement text and
labels, strict protocol-level partitioning using trial
identifiers such as NCT IDs could not be enforced and
is therefore acknowledged as a limitation.

Fig. 1 presents the overall experimental workflow
and comparative model configurations evaluated in this
study. The framework begins with dataset preparation
and stratified train-validation-test partitioning, followed
by four model configurations ranging from the baseline
BioBERT-BILSTM model to augmentation-based

variants incorporating SMOTE, cosine-based semantic
filtering, and PSO-guided augmentation optimization.
M1 uses the original training data, whereas M2, M2.5,
and M3 employ augmentation-based training
configurations. All configurations were subsequently
evaluated using classification, calibration, and
statistical analysis metrics under the same fixed
evaluation setting.

Stratified Train /
Validation / Test Split
(70% / 15% I 15%)

v

Dataset Preparation
and Deduplication

A

Model Configurations

M1 : Baseline (no augmentation)

M2 : SMOTE (CLS embeddings + SMOTE)

M2.5 : Semantic-filtered SMOTE

M3 : BEACoN (optimized semantic-filtered augmentation)

v

Augmented Training Data

BioBERT-BILSTM
Model

l

Evaluation Framework

A 4

* F1/AUROC / AUPRC

« Calibration (ECE/Brier)

* FP/FN Analysis

* Bootstrap Cl & McNemar Test

Fig. 1. Overview of the experimental workflow,
model configurations, and evaluation framework
used in this study.

B. Text preprocessing and representation

Each eligibility criterion is processed as a single
statement-level input. During dataset curation, we
apply light normalization to reduce superficial variation
while preserving clinically meaningful content,
including numeric thresholds, medication names, units,
and common clinical abbreviations that frequently
appear in eligibility text and can influence downstream
interpretation [13], [7]. Statements are tokenized using
the BioBERT tokenizer and encoded to a fixed
maximum sequence length following standard
transformer-based preparation for biomedical eligibility
text, including truncation, padding, and attention
masking [14], [13]. For classification, the downstream
model consumes the full sequence of contextual token
embeddings produced by BioBERT, that is, the last
hidden states. For oversampling and semantic filtering,
we derive a fixed-length sentence embedding from the
final-layer CLS representation and compute cosine
similarity in this embedding space. This choice aligns
with established practice in biomedical sentence
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embedding research, where cosine similarity over
dense representations is used to capture semantic
relatedness and support downstream similarity-based
operations [31]. The CLS representation was selected
primarily to maintain computational consistency
between augmentation, semantic filtering, and
downstream classification stages, rather than as a
claim of optimal biomedical sentence embedding
quality. However, more specialized sentence-level
biomedical representations, including contrastive
embedding approaches such as BioSimCSE [31], may
provide stronger semantic separation and should be
explored in future work.

C. Baseline model architecture (M1)

The baseline classifier combines BioBERT
representations with a bidirectional long short-term
memory network and a feedforward classification head.
The BILSTM processes token-level embeddings to
capture bidirectional dependencies common in
eligibility phrasing, including conditional constraints,
negation cues, and dispersed clinical qualifiers. The
final hidden representation is passed through dropout
and a dense layer to produce a single logit. Because
the task is formulated as binary classification, the logit
is converted into a positive-class probability using the
sigmoid function, and the model is optimized using
binary cross-entropy with logits. The single-logit output
was computed using Eq. (1), following the standard
linear formulation commonly used in neural binary
classification models [32]. The corresponding positive-
class probability was obtained through the sigmoid
activation function in Eq. (2) [32], while the final binary
prediction was determined using the threshold rule in
Eq. (3), following standard binary decision thresholding
in neural classification models [32]. Model optimization
employed the binary cross-entropy loss defined in Eq.
(4), a standard objective function for deep neural binary
classification [33].

z; = Wyh; + b, (1)

1
Pi=o)= 1+ exp(—2z;) (2)
¥, = 1if p; = 0.5, otherwise 0 (3)

Lpcg = —mean[y; log(®,) + (1 — y;) log(1 — p,)]
(4)

where z; is the output logit, h; is the final hidden
representation, W, and b, are trainable output-layer
parameters, p; is the predicted positive-class
probability, y; denotes the predicted binary class label,
and y; is the true binary label.

D. Imbalance handling via oversampling (M2)

To mitigate class imbalance during training, we applied
the Synthetic Minority Over-sampling Technique

(SMOTE) to increase the effective density of minority-
class training instances. SMOTE synthesizes new
minority samples by interpolating between a minority
instance and its nearest minority neighbors, thereby
expanding coverage of the minority region without
simple replication [34]. In this study, oversampling was
performed in the BioBERT CLS embedding space
because eligibility statements often exhibit substantial
surface variation, and proximity in contextual
embedding space is more likely to reflect semantic
relatedness than interpolation over sparse lexical
features [31], [17]. The minority embedding set is

denoted as E* :{ei"}’ivjl, where e; represents the
BioBERT CLS embedding of the i-th positive-class
training statement. In SMOTE, a synthetic minority
embedding is generated by interpolating between a
minority embedding and one of its nearest minority

neighbors, as shown in Eq. (5) [34].
& =¢f +A(ef —¢f),2€[0,1] (5)

Because the downstream BioBERT-BILSTM classifier
was trained on textual inputs rather than synthetic
vectors, each generated synthetic embedding was
mapped back to the nearest original minority-class
statement using cosine distance, as shown in Eq. (6)
[31].
ma . ~

X; P =arg rpel)r(l+ dcos(el, ej'") ©)
where ¢&; is the synthetic minority embedding, e;" is the
selected minority embedding, ej+ is one of its nearest
minority neighbors, Ais a random interpolation
coefficient, X* is the set of original positive-class
training statements, and x;"“” is the nearest textual
statement used to construct the oversampled training
set.

Although SMOTE can improve sensitivity to minority
cases, interpolation in embedding space can still
introduce semantically weak samples, particularly in
clinical eligibility text where labels may hinge on
negation, temporal qualifiers, or multi-constraint
phrasing. Such drift can increase overlap near decision
boundaries and may raise false-positive burden in
screening-oriented settings [34], [35]. These limitations
motivate the plausibility control and optimization
extensions evaluated in subsequent configurations.
Because the downstream classifier operated on textual
eligibility statements, the mapping stage was designed
to preserve valid clinical text inputs while allowing
augmentation decisions to be guided by embedding-
space interpolation. Consequently, the proposed
augmentation strategy should be interpreted as
representation-guided augmentation rather than
generation of entirely novel synthetic eligibility text.

E. Cosine-based semantic filtering (M2.5)
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The M2.5 configuration extends SMOTE by applying a
cosine-based semantic filtering step in the BioBERT
CLS embedding space. After synthetic minority
embeddings were generated, each synthetic vector
was compared with the original minority embedding set
using cosine similarity. The cosine similarity between a

synthetic embedding & and an original minority
embedding e]-+ is defined in Eq. (7) [31].
5 .ot
- el * ej
cos(&,e) = ————
T2 @l | (7)

For each synthetic embedding, the top-m nearest
minority neighbors were retrieved based on cosine
similarity. The semantic plausibility score was then
calculated as the mean similarity between the synthetic
embedding and its top-m minority neighbors, as shown
in Eq. (8) [31].

m
1
s; = Ez cos(&;, e]-+)
j=1 (8)

A synthetic embedding was retained only when its
mean top-m cosine similarity reached the predefined

threshold t. The binary acceptance indicator is
expressed in Eq. (9) [35].
a; = 1ifs; = 1, otherwise 0 9)

The acceptance rate of the cosine-based filter was
computed as the proportion of generated synthetic
embeddings that satisfied the semantic plausibility
criterion, as shown in Eq. (10) [35].

Nsyn

1
RycCC = Z a;
Neyn &4 (10)

where ¢é; is the i-th synthetic minority embedding, e]-+ is
an original minority embedding, eiﬁ- denotes the j-th
nearest minority neighbor of é;, m denotes the number
of nearest minority neighbors used in the cosine-based
semantic plausibility calculation, s; is the mean top-m
cosine similarity score, a; is the binary acceptance
indicator, 7 is the semantic plausibility threshold, and
N,y is the number of generated synthetic embeddings.

In this study, the top-neighbor parameter m was set
to 5 and the cosine threshold T was set to 0.85.
Synthetic embeddings that satisfied the filtering
criterion were mapped back to valid textual inputs by
selecting the nearest original minority statement
associated with the closest minority embedding. This
mapping ensured that the downstream BioBERT-
BIiLSTM classifier remained trained on textual eligibility
statements rather than on synthetic embedding
vectors. M2.5 was included as an ablation setting to
isolate the effect of cosine-based plausibility filtering

from PSO-guided optimization. Under the evaluated
configuration, the filter was largely non-restrictive: all
183,427 generated synthetic embeddings satisfied the
filtering criterion, yielding an acceptance rate of 1.0.
The minimum observed mean top-5 cosine similarity
was 0.942, indicating that the selected threshold did not
exclude any synthetic embeddings under the current
CLS representation and mapping procedure. The
observed behavior indicates that the selected threshold
operated within a permissive region of the embedding
space, such that stronger cosine constraints would
likely be required before semantic filtering meaningfully
alters the augmentation set. However, permissive
augmentation acceptance does not necessarily imply
identical downstream classifier behavior across all
random seeds, because stochastic training dynamics
may still produce modest prediction-level differences.

F. BEACON framework with optimization and
semantic filtering (M3)

BEACON, short for BERT-Enhanced Augmentation
with Optimization and Semantic Filtering, is the
complete augmentation framework proposed in this
study. The framework integrates SMOTE-style minority
oversampling in the BioBERT CLS embedding space,
cosine-based semantic plausibility filtering, and
Particle Swarm Optimization (PSO) to tune the
augmentation configuration [35], [36], [37]. In contrast
to M2.5, which applies a fixed filtering threshold,
BEACON jointly optimizes the balancing strength and
plausibility constraint so that oversampling is guided by
validation performance rather than by a manually fixed
configuration. The PSO search space is defined by
three augmentation hyperparameters: the SMOTE
neighbor parameter kg1, the sampling ratio r, and the
semantic filtering threshold 7,,,. The PSO candidate
solution vector formulation is expressed in Eq. (11),
following the standard particle swarm optimization
representation proposed in prior optimization studies
[36].

0; = (ksmote,ir T Tsyn,i) (11)

In this study, the search bounds were defined as
ksmote € [3,15], r € [0.25,1.00], and T, € [0.70,0.95].
During optimization, each particle updated its velocity
based on the current velocity, personal best position,
and global best position, as shown in Eq. (12) [36], [37].

vith = wvf + i (pf = 0f) + cara(9° = 6f) (12)

The particle position was then updated using Eq. (13)
[36], [37].

of*t = 0f + v (13)

where 6! represents the position of the i-th particle at
iteration t, v} denotes the particle velocity, p} indicates
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the personal best solution obtained by the i-th particle,
and g¢ corresponds to the global best solution identified
by the swarm. Furthermore, w is the inertia coefficient
controlling momentum preservation, while ¢; and c,
denote the cognitive and social acceleration
coefficients, respectively. The variables r; and r, are
uniformly distributed random values sampled from
U(0,1). To reduce computational cost, candidate
configurations were first evaluated using a CLS-based
surrogate classifier. For each candidate 8;, SMOTE and
cosine filtering were applied according to the candidate
parameters, and the resulting augmented BioBERT
CLS embedding representation was evaluated on the
validation set using a Logistic Regression surrogate
classifier. The optimization fitness was defined as
validation AUPRC because AUPRC is informative for
assessing minority-positive ranking quality under class
imbalance, as shown in Eq. (14) [32]. The surrogate
stage was intended to provide a computationally
efficient proxy for ranking augmentation configurations
during PSO search rather than to replace the final
BioBERT-BILSTM classifier. After optimization, the
selected augmentation configuration was used to
retrain and evaluate the full downstream BioBERT-
BiLSTM model.

F(6;) = AUPRCy,(6;) (14)

The optimal augmentation configuration was selected
as the candidate that maximized validation AUPRC, as
shown in Eq. (15) [32].

0" =arg rrbaile(Hl) (15)
where F(68,) is the validation fitness of candidate 6;,
and 6~ is the selected BEACoON configuration. After
PSO identified 6*, the final BioBERT-BILSTM model
was retrained using the optimized augmentation
setting. Thus, the surrogate stage was used only for
configuration screening, whereas the final reported
results were produced by the same BioBERT-BIiLSTM
evaluation protocol used for the other model variants.
To improve methodological reproducibility and provide
a clearer overview of the operational sequence
underlying the proposed augmentation strategy,
Algorithm 1 summarizes the augmentation, semantic
filtering, surrogate-based evaluation, and optimization
workflow associated with the BEACoN configuration
within the broader experimental pipeline used
throughout this study. The pseudocode was designed
to highlight the interaction between augmentation
control, filtering consistency, and optimization-guided
configuration  selection across the evaluated
experimental settings.

G. Experimental protocol and reproducibility

All model variants were evaluated on the same fixed
train-validation-test split to enable paired comparison

Algorithm 1. BEACoN
optimization workflow.

augmentation and

Input:
Output:

D_train, D_val, BioBERT encoder

Optimized augmentation configuration
theta_star

1: Extract CLS embeddings from minority-class
statements

Initialize PSO particles theta_i = (k_i, r_i, 7_i)
for each PSO iteration:
Generate SMOTE embeddings using theta_i

Apply cosine-based semantic filtering

Map retained embeddings to nearest minority
statements

Construct augmented training set
8: Evaluate validation AUPRC using LR surrogate

classifier
9: Update particle fitness and global best solution
10: end for

11: Select optimal configuration theta_star
12: Retrain BioBERT-BILSTM using optimized setting
13: Evaluate final model on the fixed test set

on an identical test set. To assess variability across
random initialization, each configuration was trained
and evaluated using three random seeds, 42, 100, and
2024. For each seed, library and framework random
states were initialized before training to support
reproducibility.

The downstream classifier used the BioBERT
checkpoint dmis-lab/biobert-base-cased-v1.1 with a
maximum sequence length of 128 tokens. The
contextual token embeddings produced by BioBERT
were processed using a single-layer BiLSTM with a
hidden size of 128, followed by a dropout layer with
dropout probability 0.2 and a dense output layer for
binary classification. Model optimization was
performed using AdamW with a learning rate of 2x107?,
batch size 32, and maximum ftraining length of 5
epochs. Early stopping with patience 2 based on
validation F1 score was applied to reduce overfitting.
For PSO-based augmentation optimization, the swarm
size and maximum iteration count were both set to 10.
The inertia coefficient w was set to 0.7, while the
cognitive and social acceleration coefficients ¢1 and c2
were both set to 1.4. To reduce computational cost
during configuration search, candidate augmentation
settings were first evaluated using a Logistic
Regression surrogate classifier trained on augmented
BioBERT CLS embedding representations before
retraining the final BioBERT-BILSTM model using the
selected augmentation configuration. The surrogate
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classifier was used only for computationally efficient
configuration screening during PSO optimization,
whereas all final reported performance results were
obtained using the full BioBERT-BIiLSTM evaluation
pipeline. All experiments were conducted in a Google
Colab environment using NVIDIA Tesla T4 GPU
acceleration with  CUDA 13.0 support and
approximately 15 GB GPU memory. The
implementation environment used Python 3.12.13,
PyTorch 2.10.0, Transformers 5.0.0, Scikit-learn 1.6.1,
and Imbalanced-learn 0.14.1.

H. Evaluation metrics and statistical analysis
Performance was evaluated using Precision, Recall, F1
score, Accuracy, AUROC, and AUPRC. These metrics
were selected to provide a complementary assessment
of classifier behavior under class imbalance, where no
single metric is sufficient to capture both minority-class
detection and false-positive burden. In this setting,
Precision, Recall, and F1 score describe threshold-
dependent classification behavior, while AUROC and
AUPRC summarize discrimination across decision
thresholds. Recent studies have emphasized the
importance of using multiple evaluation measures
when assessing predictive models on imbalanced data,
particularly in medical and screening-related
applications [39]. Precision quantifies the proportion of
predicted positive statements that are truly positive, as
shown in Eq. (16) [39].
TP

TP + FP (16)
Recall quantifies the proportion of true positive

statements that are correctly identified by the classifier,
as shown in Eq. (17) [39].

Precision =

TP

TP + FN (17)
The F1 score summarizes the balance between
Precision and Recall, as shown in Eq. (18) [39].

_ 2 X Precision X Recall

Fl=
Precision + Recall (18)
Accuracy was also reported as a general measure of

the proportion of correctly classified instances, as
shown in Eq. (19) [39].

Recall =

TP+TN

TP+ TN + FP +FN (19)

where TP, TN, FP, and FN denote true positives, true
negatives, false positives, and false negatives,
respectively. In addition to threshold-dependent
metrics, AUPRC was used to summarize precision-
recall behavior across decision thresholds. AUPRC is
particularly informative under class imbalance because
it focuses on positive-class retrieval quality rather than
overall correctness alone [39]. The area under the
precision-recall curve can be expressed as the integral

Accuracy =

of precision over recall, as shown in Eq. (20), following
standard AUPRC formulation in imbalanced
classification evaluation [39].
1
AUPRC =f Precision(Recall) dRecall
0 (20)
where Precision(Recall) denotes precision as a
function of recall along the precision-recall curve.
Because all models were evaluated on the same
fixed test split and trained across multiple random
seeds, uncertainty was quantified using pooled
bootstrap 95 percent confidence intervals computed
from resampled predictions across runs. This approach
was used to complement point estimates and to reflect
variability arising from both test-set composition and

repeated model training. Reporting uncertainty
alongside aggregate metrics is increasingly
recommended in predictive modeling studies,

especially in clinical contexts where small numerical
differences may not correspond to stable performance
differences [33], [38]. For a metric value M, the
percentile-based bootstrap confidence interval was
computed from the empirical bootstrap distribution of
resampled estimates, as shown in Eq. (21), following
standard bootstrap interval estimation procedures [38].

Closy,(M) = [Qo.025(M"), Qo.975(M™)] (21)

where M* is the bootstrap distribution of the evaluated
metric, while Q4,5 and Q, 475 are the lower and upper
percentile bounds of the 95% confidence interval,
respectively. To assess whether observed
performance differences corresponded to consistent
decision changes on the same test instances, paired
comparisons between model outputs were conducted
using McNemar tests. This test is appropriate when
competing classifiers are evaluated on identical
samples because it focuses on discordant prediction
pairs rather than independent aggregate scores [39].
The McNemar test statistic used for paired prediction
comparison on identical test instances is shown in Eq.
(22) [39].

2 _ (Ingy — nyol — 1)?
Ngp + Nyo (22)

where n,; is the number of instances misclassified by
the first model but correctly classified by the second
model, and n;, is the number of instances correctly
classified by the first model but misclassified by the
second model. Statistical testing was reported together
with aggregate metrics to support a more robust
interpretation of model performance in screening-
oriented settings [39], [32].

lll. Result

The four model configurations were evaluated on the
same fixed test split across three random seeds,
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namely 42, 100, and 2024. The evaluated models
consisted of the BioBERT-BILSTM baseline (M1),
SMOTE augmentation (M2), SMOTE with cosine-
based filtering (M2.5), and the proposed BEACON
framework (M3). Across the three seeds, the
augmentation-based models mainly improved F1
performance and altered the balance between false
positives and false negatives, while AUROC and
AUPRC remained consistently high across all
configurations.

Table 2 summarizes the aggregate performance
across three random seeds. SMOTE improved the
baseline F1 from 0.9313 + 0.0024 to 0.9365 + 0.0013,
while the cosine-filtered SMOTE configuration
achieved a slightly higher F1 of 0.9381 + 0.0005.
BEACoN achieved the highest Accuracy, 0.9862 *
0.0005, with a comparable F1 score of 0.9379 %
0.0029. AUROC and AUPRC remained consistently
high across all configurations, ranging from 0.9974 to
0.9976 and from 0.9759 to 0.9808, respectively. These
results suggest that the main distinction among the
augmentation-based configurations lies less in large
changes to threshold-independent ranking
performance and more in how false-positive and false-
negative trade-offs were redistributed under
comparable aggregate metrics.

Table 2. Overall classification performance across
seeds for all evaluated model configurations.

Model Accuracy F1 AUROC AUPRC
M1 0.9849+ 0.9313+ 0.9975+ 0.9759+
0.0004 0.0024 0.0002 0.0051
M2 0.9858+ 0.9365+ 0.9974+ 09773+
0.0002 0.0013 0.0003 0.0050
M2.5 0.9861+ 0.9381+ 0.9976+ 0.9808
0.0001 0.0005 0.0001 0.0004
M3 0.9862+ 0.9379+ 0.9974+ 0.9804 +
0.0005 0.0029 0.0002 0.0021
Table 3. Pooled bootstrap 95% confidence
intervals for all evaluation metrics.
Metric M1 M2 M2.5 M3
F1 0.9287— 0.9338- 0.9354— 0.9352-
0.9341 0.9392  0.9408 0.9405
AUROC 0.9968- 0.9967— 0.9972— 0.9971-
0.9972 0.9972 0.9976  0.9974
AUPRC 0.9728- 0.9743- 0.9772—- 0.9764-
0.9766 0.9780 0.9808  0.9801

The pooled bootstrap confidence intervals in Table
3 show that augmentation produced consistent
improvements in F1 relative to the baseline
configuration, while AUROC and AUPRC remained
uniformly high across all models. The baseline F1
interval was 0.9287-0.9341, compared with 0.9338—
0.9392 for SMOTE, 0.9354-0.9408 for the cosine-
filtered SMOTE configuration, and 0.9352—-0.9405 for

BEACoN. The substantial overlap among the
augmentation-based intervals suggests that the
primary differences among these configurations lie less
in large changes to threshold-independent ranking
performance and more in how false-positive and false-
negative trade-offs were redistributed.

Table 4 presents pooled McNemar significance
tests across the evaluated configurations. All
augmentation-based models demonstrated statistically
significant prediction differences relative to the baseline
configuration. The strongest difference relative to the
baseline was observed for the cosine-filtered SMOTE
configuration (M2.5), consistent with its more recall-
oriented operating-point behavior. In contrast, pairwise
comparisons among the augmentation-based
configurations were not statistically significant,
suggesting that the principal distinctions among these
models arise less from large changes in aggregate
classification accuracy and more from differences in
false-positive and false-negative redistribution.

Table 4. Pooled McNemar test results for paired
model comparisons across seeds.

Comparison n01 n10 Test p-value
statistic
M1ivsM2 796 935 11.0017 0.000910
M1vs M2.5 817 996 17.4760 0.000029
M1vs M3 727 923 23.0455 0.000002
M2vs M3 760 817 1.9886 0.158489
M2.5vs M3 782 799 0.1619 0.687392

Additional comparison between M2 and M2.5
showed highly similar overall prediction behavior, with
no statistically significant paired prediction differences
observed in the pooled evaluation (p = 0.1161). These
findings support the interpretation that the fixed cosine
threshold operated largely as a permissive constraint
under the evaluated embedding setting, although
limited seed-dependent prediction-level differences
were still observed. Table 5 summarizes the false-
positive and false-negative distributions across all
evaluated seeds, while Fig. 2 visualizes the
representative Seed 42 FP/FN behavior. Standard
SMOTE (M2) generally reduced false negatives
relative to the baseline, although the magnitude of the
FP/FN redistribution varied across seeds. Under Seed
42, the cosine-filtered configuration (M2.5) produced
the strongest reduction in false negatives (200) but also
the largest false-positive increase (500). BEACoN
moderated this imbalance by limiting false-positive
growth while maintaining lower false-negative counts
than the baseline across evaluated runs. These results
suggest that screening-oriented evaluation should
consider not only aggregate performance, but also how
augmentation changes the balance between false
positives and false negatives in practical workflows.
Precision—Recall analysis further clarified the
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operational differences among the evaluated
augmentation strategies. Standard SMOTE (M2)
improved minority-positive sensitivity primarily by
reducing false negatives, indicating a moderate shift
toward recall-oriented screening behavior. Under Seed
42, the cosine-filtered configuration (M2.5) emphasized

recall more aggressively, further lowering false
negatives at the cost of increased false-positive
500 . FP
500 N
421 404
400 363 367
336
a 302
5300*
S
200
200
100
ol
M1 M2 M2.5 M3

Model
Fig. 2. False-positive and false-negative

redistribution patterns under Seed 42 across
evaluated model configurations.

burden. In contrast, BEACoN retained much of the
sensitivity improvement while moderating false-positive
expansion, resulting in a more balanced screening
profile across the evaluated runs. These findings
indicate that augmentation strategies influence not only
aggregate discrimination performance, but also the
redistribution of clinically relevant prediction errors.
Collectively, the results suggest that practical
screening utility depends on balancing missed eligible
cases against unnecessary manual review workload
rather than optimizing global performance metrics
alone.

Table 5. False-positive and false-negative
distributions across evaluated seeds for all model
configurations.

Model Seed FP FN
M1 42 363 421
M1 100 337 419
M1 2024 404 336
M2 42 404 336
M2 100 275 422
M2 2024 252 452

M2.5 42 500 200
M2.5 100 275 422
M2.5 2024 252 452
M3 42 367 302
M3 100 344 380
M3 2024 463 228

Although M2 and M2.5 produced identical FP/FN
counts for Seeds 100 and 2024, prediction-level

analysis still showed limited stochastic divergence
under Seed 42, indicating that permissive semantic
filtering did not fully eliminate downstream variability.
To further assess probability reliability under screening-
oriented eligibility classification, calibration
performance was evaluated using pooled predictions
across the three random seeds (42, 100, and 2024).
Calibration quality was assessed using Brier Score and
Expected Calibration Error (ECE), with lower values
indicating better alignment between predicted
probabilities and observed outcomes.

Table 6 summarizes the pooled calibration results.
All models exhibited low Brier Score and ECE values,
indicating reasonably  well-calibrated probability
estimates. While the baseline model (M1) achieved the
lowest ECE value, BEACoN (M3) produced the lowest
Brier Score while preserving the screening-oriented
FP/FN trade-off advantages observed previously.
These findings indicate that augmentation-based
configurations did not substantially degrade probability
reliability under severe class imbalance conditions.
Calibration behavior was also broadly consistent with
the aggregate classification results. M2 and M2.5
demonstrated highly similar calibration characteristics,
suggesting that the selected cosine threshold operated
largely as a permissive constraint under the evaluated
embedding setting, although Seed 42 prediction-level
differences indicate that minor stochastic variations
may still emerge despite comparable aggregate
calibration behavior.

Fig. 3 further illustrates the pooled reliability behavior
across the evaluated configurations, showing that the
predicted probabilities remained broadly aligned with
observed outcomes despite  differences in
augmentation strategy.

IV. Discussion
A. Interpretation of findings

The results show that imbalance-aware augmentation
improved F1 under the evaluated breast cancer
eligibility screening setting. The baseline achieved an
F1 score of 0.9313 £ 0.0024, compared with 0.9365 +
0.0013 for SMOTE, 0.9381 + 0.0005 for the cosine-
filtered SMOTE configuration, and 0.9379 + 0.0029 for
BEACON. The pooled bootstrap intervals showed the
same pattern, supporting the view that class imbalance
remains important for minority-class detection in
medical machine learning [40]. The paired statistical
analysis suggests that augmentation altered prediction
behavior beyond small numerical differences in
aggregate metrics. Pooled McNemar tests showed
significant differences between the baseline and all
augmentation-based configurations, including M1 vs
M2 (test statistic = 11.0017, p = 0.000910), M1 vs M2.5
(test statistic = 17.4760, p = 0.000029), and M1 vs M3
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(test statistic = 23.0455, p = 0.000002), whereas the
comparison between SMOTE and BEACoN was not
statistically significant (M2 vs M3: test statistic =
1.9886, p = 0.158489). These findings suggest that
BEACoN primarily improved screening behavior
through a more balanced redistribution of false
positives and false negatives under comparable
aggregate performance.

The error-level results further clarify this distinction.

1.0

o
s
L

o
)
L

o
=
1

=== Perfect calibration
—8— M1 (Baseline}
—& M2 (SMOTE)

M2.5 (SMOTE + cosine)
A —&- M3 (BEACON)

Observed positive frequency

[=]
)
I

0.0 0.2 Dj4 DTG 0.8 1.0
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Fig. 3. Reliability diagram comparing pooled

calibration behavior across all evaluated

models using predictions aggregated across

the three random seeds.

Table 6. Calibration performance across
evaluated model configurations.
Model Brier Score ECE
M1 0.011840 0.004895
M2 0.012172 0.009914
M2.5 0.012060 0.010677
M3 0.011531 0.008699

Under Seed 42, the baseline produced 363 false
positives and 421 false negatives. Standard SMOTE
(M2) reduced false negatives to 336 while moderately
increasing false positives to 404. The cosine-filtered
configuration (M2.5) further reduced false negatives to
200 but produced substantially higher false-positive
counts (500). By comparison, BEACoN produced a
more balanced error profile, with 367 false positives
and 302 false negatives, compared with 500 false
positives and 200 false negatives under M2.5.
Compared with M2.5, BEACoN substantially reduced
false-positive burden while preserving much of the
recall improvement relative to the baseline. This
distinction matters operationally because missed
eligible statements and unnecessary downstream
review carry different screening costs.

Although Fig. 2 presents Seed 42 as a
representative FP/FN visualization, Table 5 reports the
FP/FN distributions across all evaluated seeds.
Together with the pooled F1 estimates, confidence
intervals, and McNemar analyses, these results
indicate that the augmentation-based configurations
remained broadly consistent in aggregate behavior
despite limited seed-dependent prediction differences.
Thus, the SMOTE-BEACoN comparison is better
interpreted as a difference in screening behavior rather
than as a simple ranking of aggregate performance.
The cosine-filtered configuration produced the
strongest sensitivity-oriented behavior under Seed 42,
with the lowest false-negative count but the highest
false-positive burden. BEACoN preserved part of that
sensitivity gain while keeping false positives
substantially closer to the baseline level. For workflows
with limited reviewer capacity, this more balanced error
profile may be preferable over a marginal difference in
aggregate metrics [41]. Residual classification errors
remained particularly associated with negation
patterns, temporal constraints, abbreviated biomarker
terminology, and multi-condition clinical requirements.
These characteristics can produce semantically
overlapping embeddings despite clinically different
eligibility interpretations. Collectively, these findings
suggest that screening-oriented eligibility classification
depends not only on imbalance handling, but also on
preserving fine-grained clinical context across
heterogeneous eligibility phrasing.

The comparison between standard SMOTE and
cosine-filtered SMOTE provides an informative
ablation result. Under the evaluated BioBERT CLS
embedding setting, cosine filtering functioned largely
as a permissive plausibility constraint, producing only
limited seed-dependent prediction differences.
Although Seed 42 exhibited a more recall-oriented
operating-point shift, pooled F1 estimates, calibration
behavior, and paired statistical analyses remained
broadly similar across the two configurations, indicating
limited downstream influence of the evaluated cosine
threshold. Consequently, the observed differences
between SMOTE and BEACON are better interpreted
as effects of optimization-guided augmentation control
rather than filtering selectivity alone. Under the current
embedding representation, substantially stronger
plausibility constraints would likely be required for
semantic filtering to meaningfully alter the
augmentation set. Additional inspection of the nearest-
neighbor reconstruction outputs showed that the final
augmented training set contained 261,915 samples
mapped to 235,195 unique statements. Despite the
embedding-based  reconstruction  process, the
augmentation pipeline retained substantial textual
diversity and did not collapse into repeated duplication
of minority samples. Collectively, these observations
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support interpreting the evaluated augmentation
configuration as a representation-guided expansion
strategy rather than a simple duplication mechanism.

B. Comparison with prior studies

The findings are consistent with recent work showing
that eligibility criteria text remains difficult to model
because clinical meaning often depends on interacting
constraints, including negation, temporal qualifiers, and
nested conditions [16]. The consistently high AUROC
values, ranging from 0.9974 to 0.9976, and AUPRC
values, ranging from 0.9759 to 0.9808, indicate that
BioBERT-BILSTM provided strong ranking
performance for this task. However, the F1
improvement  after augmentation shows that
representation quality alone does not fully address the
effect of class imbalance. This supports prior evidence
that domain-adapted contextual encoders are useful for
eligibility criteria processing, but they still require

careful handling of downstream classification
conditions when positive cases are sparse [14].
Related patient-trial matching studies have

emphasized that eligibility assessment is not only a text
classification problem, but also a screening task in
which different error types carry distinct practical costs
[18], [10]. Consistent with this perspective, the present
findings indicate that augmentation strategies should
be evaluated not only by sensitivity improvement, but
also by their effect on downstream review burden. In
this setting, BEACoN moderated the false-positive
increase associated with SMOTE while maintaining
improved sensitivity relative to the baseline.

Recent transformer-based and LLM-based
approaches to eligibility-related NLP have likewise
highlighted the importance of semantic alignment
between free-text criteria and model decisions [42],
[15]. The present results further show that the fixed
cosine-filtered M2.5 configuration behaved broadly
similarly to standard SMOTE, with pooled F1 scores of
0.9381 + 0.0005 and 0.9365 + 0.0013, respectively,
whereas BEACoN extended this setting through PSO-
guided augmentation selection based on validation
AUPRC. Recent studies in the imbalance-learning
literature have shown that oversampling can improve
minority-class  sensitivity  while  simultaneously
increasing false positives through decision-boundary
expansion [43]. The present findings are consistent
with that observation. Under Seed 42, standard
SMOTE (M2) moderately reduced false negatives while
maintaining a false-positive burden close to the
baseline, whereas the cosine-filtered configuration
(M2.5) produced a more recall-oriented operating point
that further reduced false negatives at the cost of
increased false positives. Relative to M2.5, BEACoN
reduced false positives from 500 to 367 while
preserving substantially fewer false negatives than the
baseline. Compared with M2, BEACoN maintained a

comparable false-positive burden while further
reducing false negatives. Overall, these findings
support evaluating augmentation quality not only
through aggregate metrics, but also through the
distribution of clinically relevant errors.

Table 7 summarizes representative prior studies
related to eligibility-focused biomedical NLP and
clinical trial screening.

Table 7. Comparison of the current study with
representative prior studies.

Study Focus Aug.-  Screening-
aware oriented
Bornet et al. Clustering X X
[17]
Chen et al. Trial X Partial
[44] matching
Han et al. Eligibility X X
[16] classification
Lu et al. [45] Imbalance Partial X
NLP
Peluso et al. Calibration- X v
[46] aware NLP
Current Augmentation v v
study control

As summarized in Table 7, prior studies have
demonstrated the value of biomedical transformer and
semantic representation approaches for eligibility-
related NLP tasks, including semantic clustering, trial
matching, eligibility classification, and calibration-
aware evaluation [16], [17], [44], [46]. Consistent with
these findings, the evaluated augmentation-based
configurations maintained strong AUROC and AUPRC
performance while improving minority-class detection
under severe class imbalance. However, the present
study additionally examined screening-oriented false-
positive and false-negative trade-offs, calibration-
oriented evaluation, and  optimization-guided
augmentation within a unified breast cancer eligibility
classification framework. These findings suggest that
threshold-independent ranking metrics alone may be
insufficient for screening-oriented eligibility
assessment, where false-positive and false-negative
distributions also influence practical screening utility.
Dataset construction also affects the interpretation of
augmentation results. Exact duplicate statements were
removed before dataset partitioning, and the final train-
validation-test splits were verified to contain no exact
textual overlap. This is important because duplicate
and near-duplicate registry statements can inflate
downstream performance estimates if not controlled
before screening [47]. Under this leakage-controlled
setting, the observed differences among the baseline,
SMOTE, M2.5, and BEACOoN are therefore more likely
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to reflect imbalance-related model behavior rather than
repeated statements across data splits. However,
because the final split artifacts retained only statement
text and labels, protocol-level leakage using trial
identifiers could not be fully excluded. The present
results should therefore be interpreted as leakage-
controlled at the exact statement level rather than at the
strict protocol level.

Operationally, the choice among M2, M2.5, and
BEACoN depends on screening priorities. Standard
SMOTE (M2) provided a moderate reduction in false
negatives with a relatively limited increase in false
positives, whereas M2.5 produced a more aggressive
recall-oriented operating point with substantially higher
false-positive burden. BEACoN may therefore be
preferable in screening workflows where reviewer
workload is a major constraint, because it preserved
much of the recall improvement while moderating false-
positive growth. The present results support
interpreting BEACoN as a quality-aware augmentation
strategy rather than as a method designed only to
maximize aggregate scores. In practice, such models
may be more suitable as prioritization or triage support
tools that assist reviewer workflow rather than as fully
autonomous eligibility decision systems. A deployment
strategy could therefore define an acceptable recall or
false-negative target first, then select the configuration
that minimizes false positives under that constraint.

Several limitations should be considered. First, the
experiments were conducted on a disease-focused
corpus of eligibilty statements derived from
ClinicalTrials.gov-related data and reflected statement-
level eligibility screening rather than end-to-end
patient-trial matching. Consequently, the findings do
not directly establish performance on patient-level or
multi-source clinical data. Second, semantic plausibility
control was based on BioBERT CLS embeddings and
cosine similarity, which may not fully capture fine-
grained clinical distinctions in eligibility statements
containing multiple constraints. Under the evaluated
embedding setting, the cosine-filtered M2.5
configuration behaved similarly to standard SMOTE,
suggesting that the evaluated cosine threshold
functioned largely as a permissive constraint within the
current representation space. Third, although final test
results were obtained using the full BioBERT-BILSTM
model, BEACoN employed a surrogate evaluation
stage to reduce the computational cost of PSO-based
configuration search. In addition, the study did not
include external validation across independent
datasets or broader clinical settings. Therefore, the
findings should be interpreted within a leakage-
controlled single-corpus evaluation setting rather than
as evidence of broad deployment-level generalization.

Finally, because synthetic embeddings were
mapped back to nearest minority statements, the

augmentation process may increase the reuse of
semantically similar minority samples rather than
generating fully novel textual examples. Consequently,
the introduced augmentation may provide limited
embedding-space diversity under the evaluated
representation setting.

Future work should examine utility-based
optimization objectives that more directly reflect
screening priorities under severe class imbalance. For
example, optimization strategies could incorporate
asymmetric false-positive and false-negative costs or
recall-constrained objectives to better align model
selection with screening workload and sensitivity
requirements. Further investigation is also needed for
more selective plausibility controls. In the present
study, the fixed cosine threshold used in M2.5 behaved
similarly to a permissive constraint and produced only
limited downstream differences relative to standard
SMOTE. Future approaches may benefit from
combining  positive-neighborhood  similarity  with
negative-neighborhood separation to better reduce
boundary overlap and false-positive burden. Finally,
additional validation across independent eligibility
datasets, temporal splits, protocol-level partitioning,
and broader disease settings will be important for
assessing generalization and deployment-level
robustness in screening-oriented eligibility
classification systems.

V. Conclusion

This study evaluated imbalance-aware augmentation
strategies for breast cancer clinical trial eligibility
classification using fixed-split repeated multi-seed
experiments.  Augmentation-based  configurations
consistently improved minority-class detection relative to
the BioBERT-BILSTM baseline, achieving pooled F1
scores up to 0.9381 x+ 0.0005, AUROC up to 0.9976 +
0.0001, and AUPRC up to 0.9808 + 0.0004. Pooled
statistical analyses further indicated that augmentation
influenced prediction behavior beyond small numerical
differences in aggregate metrics. Under comparable
overall performance, BEACON provided a more
balanced false-positive and false-negative trade-off
while maintaining competitive calibration behavior.
Although cosine-based semantic filtering behaved
similarly to standard SMOTE under the evaluated
embedding setting, the findings suggest that
augmentation quality in eligibility screening should be
assessed not only through aggregate classification
performance, but also through operational error
behavior and probability reliability under severe class
imbalance. Overall, the results support the potential
utility of optimization-guided augmentation for
screening-oriented eligibility classification.
Nevertheless, the findings should be interpreted within a
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leakage-controlled single-corpus evaluation setting and
do not yet establish generalization across independent
clinical trial collections or protocol-level partitions.
Additional external validation, stronger semantic filtering

constraints, and alternative biomedical sentence
representations remain important for assessing
deployment-level robustness in future eligibility

screening systems.
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