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Summarizing clinical notes is pivotal to supporting medical decision-making by presenting
relevant information concisely and efficiently. However, the complexity of clinical
language, the unstructured nature of the text, and the inherent class imbalance pose major
challenges for the development of automatic summarization systems. This study develops a
framework for extractive clinical notes summarization and compares the performance of
single-model machine learning, simple ensembles, and stacking. A synthetic dataset
comprising 2,000 clinical notes was segmented into 22,000 sentences, each labeled as
important or not important according to a reference extractive summary. The methodology
includes text preprocessing (normalization, expansion of medical abbreviations,
tokenization, and stopword removal), feature extraction (TF-IDF, Named Entity
Recognition, and structural features), and implementation of multiple models. Evaluation
relies on Accuracy, Precision, Recall, and Fl-score, complemented by FEntity-FI,
redundancy analysis, and latency per document. Experimental results show that the best
single model, XGBoost, achieves an F1-score of 0.76, reflecting its ability to capture non-
linear interactions among heterogeneous clinical text features under class imbalance, while
simple ensembles further improve performance to 0.78. The most substantial gains are
obtained with stacking, which reaches an F1-score of 0.80, precision of 0.83, and recall of
0.78. The confusion matrix indicates low false negatives, and the Precision—Recall curve
(AP = 0.73) demonstrates consistent behavior under imbalanced data conditions. Overall,
the findings establish stacking as the most effective approach for extractive summarization
of clinical notes. Beyond theoretical relevance, the results carry practical implications for
developing clinical decision support systems that are safe, efficient, and readily integrable
into digital health services.
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1. INTRODUCTION

The volume of clinical documentation, including progress notes, discharge summaries, and
consultation notes, continues to grow as electronic health records (EHRs) rapidly digitize. This expansion
increases clinicians’ cognitive load, as they must often sift through lengthy notes to locate essential
information. Automatic summarization can alleviate this burden by providing key information quickly and
efficiently, allowing clinicians to devote more time to direct patient care. In clinical settings, extractive
methods are often preferable to abstractive ones because they preserve the original wording of the medical
record, thereby improving factual faithfulness and reducing the risk of content distortion. Recent reviews
highlight these advantages of extractive strategies in high-stakes domains [ 1], [2].

Clinical language, however, presents domain-specific challenges: notes are frequently unstructured,
contain numerous abbreviations, vary in style across authors, and may include typographical errors. These
characteristics complicate sentence salience estimation and call for domain-aware methods evaluated beyond
simple n-gram overlap, emphasizing relevance, completeness, and factual consistency. Prior work on
faithfulness further shows that conventional evaluation metrics may overlook clinically critical errors [3], [4].

Recent advances in clinical natural language processing have been driven by Transformer-based
models such as BERT, BioBERT, and Clinical BERT, which achieve strong performance across a range of
NLP tasks. Despite their effectiveness, these models often require substantial computational resources, large
annotated datasets, and specialized hardware, which may limit their practicality in resource-constrained or
privacy-sensitive healthcare environments. Consequently, there remains a need to investigate efficient and
interpretable alternatives that can be realistically deployed in clinical systems [5], [6].

Prior studies on clinical summarization have explored rule-based, statistical, classical machine
learning, and neural approaches. However, performance can be fragile when faced with heterogeneous
clinical notes and class imbalance. Evidence across biomedical and machine-learning literature suggests that
ensemble learning—particularly stacking—can improve robustness and accuracy by exploiting
complementary strengths of multiple models [7], [8], [9]. Rank-based fusion methods, such as Reciprocal
Rank Fusion (RRF), further stabilize sentence selection by aggregating consistent signals across models [9],
[10].

Meanwhile, large language models have demonstrated impressive summarization capabilities but also
raise concerns related to hallucination and omission, which are unacceptable in safety-critical clinical
contexts [11], [12], [13], [14]. These risks further motivate the use of extractive, evidence-preserving
approaches. This study addresses a research gap by systematically investigating the effectiveness of classical
machine learning models, ensemble methods, and stacking for extractive clinical note summarization. We
propose a pipeline that begins with single learners (Logistic Regression, Naive Bayes, Random Forest, and
XGBoost), progresses to voting-based and rank-fusion ensembles, and culminates in a stacking architecture
with a meta-learner. Rather than competing directly with large Transformer-based models in terms of absolute
performance, our objective is to evaluate whether stacking can provide a favorable performance—efficiency
trade-off using lightweight features and models [15], [16].

In summary, the contribution of this work is twofold. Theoretically, we extend stacking to the task of
extractive clinical summarization. In practice, we present a computationally efficient and interpretable
framework suitable for deployment in resource-constrained healthcare environments, while maintaining
factual fidelity to support clinical decision-making [7].

2. RESEARCH METHODS

This section outlines the study workflow as illustrated in Fig. 1, beginning with data engineering
(preprocessing and feature extraction) to obtain a clean and reliable text representation. The next stage adopts
a tiered modeling strategy: starting with single models (Logistic Regression, Naive Bayes, Random Forest,
XGBoost), proceeding to ensemble methods (Voting and Rank Fusion) to improve stability, and culminating
in stacking as the principal contribution, which leverages base-model outputs as meta-features. Finally, all
approaches are evaluated using Accuracy, Precision, Recall, F1-score, and ROC/PR curves, enabling a fair
comparison across stages and empirical validation of the research hypothesis.
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Figure 1. Proposed Research Design

2.1 Dataset

The dataset used in this study is a synthetic, controlled dataset developed for experimental purposes. It
comprises 2,000 clinical notes generated using a medical terminology lexicon (diagnoses, procedures,
medications, symptoms, laboratory items, and care plans) commonly encountered in clinical practice. Each
note consists of 10—14 sentences representing key sections of the medical record, including chief complaint,
history of present illness, physical examination, laboratory findings, assessment, plan, medication, and
disposition. Dataset construction follows a synthetic data generation approach, in which each sentence is
composed according to common documentation patterns observed in clinical notes and enriched with
terminological variation to approximate real-world clinical narratives. However, it is acknowledged that
synthetically generated text may not fully capture certain characteristics of authentic electronic health records,
such as typographical errors, irregular grammar, stylistic heterogeneity across clinicians, and complex long-
range syntactic dependencies. From each note, 3—5 sentences are selected as the reference summary (gold
extractive summary), prioritizing the assessment, plan, medication, and laboratory sections, which clinically
contain the most decision-relevant information. Selected sentences are labeled “1” (important), while the
remaining sentences are labeled “0” (not important). In addition to the binary labels, the dataset includes
auxiliary features, such as counts of medical entities per sentence (ner_dx, ner rx, ner proc) and sentence
length in tokens.

The dataset is partitioned into training, validation, and test sets using a 70:15:15 split at the note level
(by note_id) to prevent information leakage across sets. The use of a synthetic dataset serves two primary
objectives: (i) ensuring ethical compliance and avoiding patient-privacy constraints that commonly limit
access to real clinical data; and (ii) enabling controlled methodological comparison of single models,
ensemble methods, and stacking architectures under standardized conditions. While absolute performance
values may differ when applied to real-world hospital data, the dataset is sufficient for evaluating the relative
effectiveness and robustness of the proposed modeling strategies. This approach aligns with recent trends
advocating synthetic data as a viable testbed for machine-learning—based clinical research, particularly during
early-stage methodological development [17].

2.2 Preprocessing

The preprocessing stage primarily enhances text quality before feature extraction and model training.
Clinical notes exhibit unique characteristics—such as inconsistent structure, pervasive medical abbreviations,
and terminological variation—that can introduce ambiguity. Accordingly, preprocessing is designed to ensure
that the text used in the experiments is more uniform, informative, and optimally processable by machine
learning algorithms. The first step is text normalization, which includes case folding to standardize letter case
and removing irrelevant non-alphabetic characters. The goal is to reduce representational variance among
words that carry the same meaning. Next, the text is segmented into sentences, as the unit of analysis in this
study is at the sentence level rather than the full document. The next step involves expanding medical
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abbreviations. Clinical documentation frequently employs abbreviations for efficiency, for example, “HT”
for hypertension or “DM?” for diabetes mellitus. Abbreviation expansion makes information more explicit,
thereby reducing the model's risk of misinterpretation. In addition, tokenization splits sentences into word
tokens for further analysis. The final step is stopword removal, in which function words and other common
tokens that do not contribute meaningfully to the analysis are excluded. The objective is to reduce noise and
emphasize clinically informative terms, such as diagnoses, procedures, medications, and laboratory findings.
Overall, preprocessing aims to produce a clean, well-structured representation of clinical text that is ready for
feature extraction, thereby maximizing the classification model's performance in identifying salient sentences
for extractive summarization [ 18], [19], [20].

2.3 Feature Extraction

The feature extraction stage aims to transform preprocessed clinical text into numerical representations
that can be ingested by machine learning algorithms. In this study, the choice of feature representation is
crucial because it determines how effectively the model can distinguish important from non-important
sentences. To capture statistical, semantic, and domain-specific clinical signals, we adopt a combination of
complementary yet lightweight feature representations. First, we employ Term Frequency—Inverse Document
Frequency (TF-IDF). This technique emphasizes terms that occur infrequently yet carry high informational
value within a document. With TF-IDF, the model can recognize that specific medical terms such as
“pneumonia” or “hemodialysis” contribute more strongly to sentence importance than generic words. This
representation is particularly well suited to linear models such as Logistic Regression and Naive Bayes, which
are sensitive to term-distribution patterns. Second, we incorporate Named Entity Recognition (NER)-based
features to identify clinically salient entities, including diagnoses, procedures, and medications. The presence
of such entities is often a strong indicator that a sentence contains decision-relevant clinical information.
Accordingly, counts of medical entities (ner_dx, ner_rx, ner_proc) are included as auxiliary features, enabling
tree-based models such as Random Forest and XGBoost to better discriminate between relevant and non-
relevant sentences.

With respect to semantic information, this study does not employ dense word- or sentence-level
embedding vectors as explicit numerical input features. Instead, semantic relationships are handled implicitly
through preprocessing and feature normalization, particularly by ensuring consistent lexical representations
for clinically equivalent expressions (e.g., “hypertension” and “high blood pressure’). This allows TF-IDF
features to capture semantic equivalence without introducing high-dimensional embedding vectors.
Consequently, the final feature set used for all models consists of TF-IDF representations, NER-based entity
counts, and sentence-length features, as summarized in Table 3. This design prioritizes interpretability,
computational efficiency, and methodological clarity while remaining effective for comparing single models,
ensemble methods, and stacking architectures [21], [17], [22].

2.4 Single Machine Learning Model

This study implements a set of single machine learning models selected for their characteristics and
strengths in text classification. These models span simple linear approaches, probabilistic algorithms, and
tree- and boosting-based methods. The single-model baseline is intended to provide an initial performance
benchmark before comparison with more complex ensemble techniques. Specifically, we employ Logistic
Regression, which is effective for handling sparse representations such as TF-IDF; Naive Bayes, known for
its efficiency in probabilistic text classification; Random Forest, which mitigates overfitting through bagging;
and XGBoost, which excels at capturing non-linear patterns via gradient-boosted trees. Evaluation of these
single models provides a critical foundation for assessing the extent to which ensemble methods can deliver
significant performance gains.

2.4.1 Logistic Regression

Logistic Regression is a classical machine learning algorithm widely used for binary classification,
including the extraction of salient sentences in clinical notes. The model estimates the probability that a
sentence is important (label = 1) versus not important (label = 0) via the logistic (sigmoid) function. Its key
advantages are simplicity, efficiency, and interpretability, particularly when paired with sparse
representations such as TF-IDF. In this study, Logistic Regression leverages TF-IDF term weights as
predictors, enabling the model to identify medical terms or keywords that strongly contribute to the positive



BAREKENG: J. Math. & App., vol. 20(3), pp. 2461- 2474, Sept, 2026. 2465

label. In addition, the model supports class-weight balancing, which is essential for addressing class
imbalance in clinical datasets [23], [24].

1
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where x is the feature vector, w the parameter weight, and b the bias. Class prediction is done based on
probability:

y={g Py=1l027 }, )
where 7 is the decision threshold (default = 0.5).

2.4.2 Naive Bayes

Naive Bayes is a simple yet effective probabilistic classification algorithm, particularly for text data.
It operates under Bayes’ theorem with the conditional independence assumption—that individual features
(words) contribute to the target class independently of one another. Although this assumption is rarely fully
satisfied in clinical text rich with collocations, Naive Bayes remains relevant due to its computational
efficiency and strong scalability, making it a common baseline for text classification tasks. In this study,
Naive Bayes consumes Bag-of-Words or TF-IDF representations to estimate the probability that a sentence
belongs to the important class (label = 1) versus not important (label = 0) [25].
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where y € {0,1}, x; is the word feature to-j and d is the number of features. For text, Multinomial Naive
Bayes is used.
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where Nj,, = number of words j in class y, N),= total words in class y, and @ = smoothing parameter.

2.4.3 Random Forest

Random Forest is an ensemble bagging classifier composed of many decision trees. Each tree is trained
on a bootstrap sample of the training set, with feature subsampling at each split; predictions are then
aggregated typically by majority voting to produce the final class. This design yields greater stability,
resistance to overfitting, and an improved ability to capture non-linear feature interactions compared with a
single decision tree. In this study, Random Forest consumes a heterogeneous feature set comprising TF-IDF
terms, counts of clinical entities (diagnosis, medication, procedure), and sentence length, to discriminate
important from non-important sentences [26], [27].
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where P;(y = 1 |x) is the probability of the to-t.

2.4.4 Extreme Gradient Boosting (XGBoost)

XGBoost is a gradient-boosted decision tree algorithm designed to achieve high predictive accuracy
via stage-wise learning. Each tree is trained to correct the residual errors of the preceding ensemble, enabling
the model to capture non-linear patterns and feature interactions more effectively than linear methods or
bagging. In this study, XGBoost consumes a heterogeneous feature set TF-IDF terms, counts of clinical
entities (diagnosis, medication, procedure), and sentence length to identify important sentences in clinical
notes [28].
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where ¢ is the sigmoid function, f, is a decision tree, and F is the function space of the tree.
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2.5 Ensemble Machine Learning Model

To enhance stability, this study adopts an ensemble approach. Two techniques are employed: Voting
Ensemble and Rank Fusion Ensemble. The Voting Ensemble aggregates the predictions of multiple base
models using either hard voting (majority rule) or soft voting (averaging predicted probabilities). In contrast,
the Rank Fusion Ensemble combines sentence importance rankings produced by different models, thereby
prioritizing sentences that are consistently predicted as important across models [29], [30].

2.6 Stacking Ensemble

The principal stage of this study is the implementation of a stacking ensemble. Unlike simple
ensembles, stacking leverages the predicted probabilities from base models as meta-features, which are then
used to train a meta-learner. In this work, both Logistic Regression and XGBoost are employed as meta-
learners, enabling the integration of strengths from linear, probabilistic, and tree-based models. Consequently,
stacking yields predictions that are more accurate, stable, and better able to adapt to the heterogeneity of
clinical notes [31], [32].

2.7 Evaluation Model

The final stage involves model evaluation to assess overall system performance. Evaluation is
conducted using standard metrics: accuracy, precision, recall, and F1-score. In addition, this study includes
domain-relevant measures, such as Entity-F1, to assess the extent to which clinically important entities are
preserved in the summary [31]. We also consider redundancy across sentences and inference time (latency
per document) as indicators of computational efficiency. This comprehensive evaluation is designed to ensure
that the stacking approach demonstrably outperforms both single-model and simple ensemble baselines in
terms of accuracy and clinical relevance.

3. RESULTS AND DISCUSSION

3.1 Dataset

The dataset comprises synthetic clinical notes segmented into sentence-level units of analysis. Each
sentence is accompanied by metadata, including the note identifier (note id), sentence order (sentence id),
clinical section (section), and the sentence text (sentence_text). In addition, a binary label (0 = not important,
1 = important) indicates whether the sentence was selected as part of the reference extractive summary. The
dataset also includes auxiliary features, namely the counts of detected medical entities diagnosis (ner_dx),
medication (ner rx), and procedure (ner proc)—as well as sentence length in tokens (len tokens). These
attributes provide the foundation for feature extraction and for training the classification models in subsequent
stages. The dataset used is presented in Table 1 below.

Table 1. Synthetic Clinical Notes Dataset

note_id sentence id section sentence text label ner dx ner rx ner _proc len_tokens
273 9 Plan Plan: Daily 1 0 0 0 12
physiotherapy and
regular blood sugar
checks.
591 1 Plan Plan: Thromboembolism 1 0 0 0 13

prophylaxis and a one-
week follow-up.

708 11 Laboratory ~ Laboratory results show 0 0 0 0 8
an elevated CRP and
leukocytosis.

397 5 Plan Plan: A one-week 0 0 0 0 16
outpatient follow-up and
supportive therapy.

1212 10 Laboratory  Laboratory results show 0 0 0 0 8
an elevated procalcitonin
level, indicating sepsis.
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3.2 Preprocessing

The preprocessing stage produces cleaner, more structured clinical text, ready for subsequent
processing. As shown in Table 2, the raw sentences still contain elements that can degrade model
performance, such as medical symbols (e.g., °C, %, and the “/minute” notation), technical abbreviations like
“RR” (respiratory rate) and “SpO.” (oxygen saturation), as well as function words that do not contribute
meaningful information. After case folding, removal of non-alphabetic characters, expansion of medical
abbreviations, tokenization, and stopword removal, the resulting sentences become simpler and more
consistent. For example, “Physical examination: temperature 38.5°C, nadi 103/ minute, RR 22/ minute, SpO-
96%” is transformed into “physical examination pulse temperature rr spo.” This comparison underscores that
preprocessing successfully reduces linguistic complexity without discarding essential clinical information. In
other words, the preprocessed text emphasizes medically salient terms such as “inspection,” “physique,”
“temperature,” and “pulse,” thereby providing a crucial foundation for feature extraction and enabling
machine learning algorithms to more readily identify sentences relevant to extractive summarization.

Table 2. Original Sentence and Preprocessing Results

Original Sentence After Preprocessing
Physical examination: temperature 38.5°C, pulse 103 Physical examination: temperature, pulse, RR, spores
beats/minute, respiration rate 22 beats/minute, SpO2 96%.
Physical examination: temperature, pulse, rr, spO2 Current medical history shows weakness, improving
Present medical history shows weakness improving after after antibiotic therapy

antibiotic therapy.

Plan: I-week outpatient follow-up and low-salt diet. Plan: One-week outpatient follow-up plan: low-salt diet
1-week outpatient follow-up and low-salt diet

3.3 Feature Extraction

The feature extraction stage successfully transforms the preprocessed clinical sentences into numerical
representations suitable for machine learning algorithms. As shown in Table 3, each sentence is presented
not only in its original and preprocessed forms, but also enriched with additional attributes. The columns
ner_dx, ner rx, and ner_proc represent the counts of medical entities detected in the sentence, while
len_tokens reflects sentence length in tokens. In addition, applying TF-IDF assigns numerical weights to
words deemed significant in context. For example, in the sentence “Pasien pulang dengan kontrol dengan
resume medis,” the word “dengan” receives a relatively high TF-IDF weight (0.85), whereas “kontrol” and
“resume” receive intermediate weights (0.32 and 0.42). This indicates that, although “dengan” is frequent, it
still contributes to the local numerical representation of the sentence. In the sentence “Plan: rencana kontrol
poliklinik 1 minggu dan monitoring saturasi,” the term “saturasi” attains a comparatively high weight (0.68),
making it a potential indicator in classification. The combination of statistical features (TF-IDF), domain-
specific features (medical entities), and structural features (sentence length) provides a stronger foundation
for distinguishing important from non-important sentences. Accordingly, the feature extraction results in
Table 3 constitute a crucial bridge from raw clinical text to numerical inputs ready for machine learning.

Table 3. Clinical Sentence Feature Extraction Results

Original After ner ner ner_ len_to . .
. and with  control resume saturation
Sentence Preprocessing _dx rx proc kens
The patient  the patient was 0 0 0 7 0.00 0.85 0.32 0.42 0.00
was discharged
discharged  with a medical
with a history and
medical follow-up.
history and
follow-up.
Laboratory laboratory 0 0 0 8 1.00 0.00 0.00 0.00 0.00
results results showed
showed high
elevated procalcitonin
procalcitonin and low
and low oxygen
oxygen saturation.

saturation.
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Original After ner ner ner_ len_to . .
. and with  control resume saturation
Sentence Preprocessing dx rx proc kens
Plan: 1-week weekly 0 0 0 14 0.52 0.00 0.52 0.00 0.68
outpatient outpatient
follow-up follow-up plan
and and oxygen
saturation saturation
monitoring. monitoring.

3.4 Single Machine Learning Model

Following the feature extraction stage described in Table 3, the next step is to build and evaluate single
machine learning models as the baseline. Five primary algorithms are employed in this study—Logistic
Regression, Naive Bayes, Decision Tree, Random Forest, and XGBoost. Each model is evaluated using
Accuracy, Precision, Recall, and F1-score, with Fl-score chosen as the principal metric given the class
imbalance present in the dataset.

Table 4. Single Machine Learning Model Evaluation Results

Model Accuracy Precision Recall F1-score
Logistic Regression 0.82 0.74 0.69 0.71
Naive Bayes 0.80 0.70 0.67 0.68
Decision Tree 0.78 0.68 0.65 0.66
Random Forest 0.84 0.76 0.72 0.74
XGBoost 0.85 0.78 0.74 0.76

The results in Table 4 indicate that Logistic Regression and Naive Bayes provide reasonably strong
baselines, with F1-scores of 0.71 and 0.68, respectively. Logistic Regression outperforms Naive Bayes due
to its aptitude for handling sparse TF-IDF representations, whereas Naive Bayes is limited by the feature
independence assumption, which is seldom satisfied in clinically rich text. The Decision Tree yields the
lowest performance (F1-score of 0.66), suggesting a tendency to overfit in high-dimensional settings. In
contrast, Random Forest mitigates this weakness through bagging, improving performance to an F1-score of
0.74. The best single-model performance is achieved by XGBoost (F1-score 0.76), underscoring the ability
of boosting to model non-linear feature interactions. XGBoost also attains the highest recall among the
models, indicating that a greater proportion of important sentences are correctly identified. Overall, these
findings corroborate that tree-based ensembles (Random Forest and XGBoost) better accommodate the
complexity of clinical text than linear or simple probabilistic models. Nevertheless, the single-model results
also reveal room for improvement via ensemble integration and stacking, which are examined in the
subsequent section.

3.5 Ensemble Machine Learning Model

After evaluating the single models, the study proceeds with an ensemble learning approach to enhance
the stability and accuracy of predictions. Two methods are implemented: Voting Ensemble and Rank Fusion
Ensemble. The Voting Ensemble aggregates the probability outputs of multiple base models via soft voting,
whereas Rank Fusion integrates sentence-importance rankings from different models, giving sentences
consistently predicted as important a higher priority. The evaluation results for both ensemble methods are
presented in Table 5.

Table 5. Ensemble Models Evaluation Results

Model Accuracy Precision Recall F1-score
Voting Ensemble 0.86 0.79 0.75 0.77
Rank Fusion Ensemble 0.87 0.80 0.76 0.78

The results in Table 5 show that both ensemble approaches outperform the single models reported in
Table 4. The Voting Ensemble increases the F1-score to 0.77, exceeding Logistic Regression (0.71) and even
surpassing Random Forest (0.74). This finding underscores that combining predictions from multiple models
can mitigate the weaknesses of individual learners. Moreover, the Rank Fusion Ensemble yields a slightly
higher F1-score of 0.78. This improvement is attributable to rank-based aggregation, which more consistently
preserves relevant sentences across models. Collectively, these results reinforce that ensemble strategies can
effectively enhance the quality of extractive clinical summarization, while also laying a stronger foundation
for the stacking ensemble introduced in the subsequent stage.



BAREKENG: J. Math. & App., vol. 20(3), pp. 2461- 2474, Sept, 2026. 2469

3.6 Stacking Ensemble

The final stage of the experiments is the application of a stacking ensemble, wherein the predicted
probabilities from the base models, Logistic Regression, Random Forest, and XGBoost, are used as meta-
features to train a meta-learner. In this study, Logistic Regression is chosen as the meta-learner due to its
effectiveness in combining probabilistic predictions and its adequate interpretability. The evaluation results
for the stacking model are presented in Table 6.

Table 6. Stacking Ensemble Evaluation Results
Model Accuracy Precision Recall F1-score
Stacking Ensemble 0.89 0.83 0.78 0.80

The results in Table 6 show that the stacking ensemble achieves the best performance relative to both
the single models (Table 4) and the simple ensembles (Table 5). With an F1-score of 0.80, stacking surpasses
XGBoost (0.76) and the Rank Fusion Ensemble (0.78). This improvement stems from stacking’s ability to
exploit the complementary strengths of its base learners: Logistic Regression captures simple linear
relationships, Random Forest contributes stability through bagging, and XGBoost models non-linear
interactions via boosting. The combined predictions yield more informative meta-features, enabling the meta-
learner to make more accurate and balanced decisions. Moreover, the Precision—Recall curve for stacking
exhibits a higher average precision (AP) than the competing models, indicating more consistent identification
of important sentences despite their minority proportion. The confusion matrix likewise shows a substantial
reduction in false negatives, which is critical in clinical settings because it lowers the risk of omitting
clinically important information in the final summary.

3.7 Evaluation Model

The evaluation model provides a comprehensive overview of the performance of all tested approaches.
The evaluation results for single, ensemble, and stacking models are presented in Table 7. This table
summarizes the Accuracy, Precision, Recall, and F1-score values of each model. This comparison allows
identification of the contribution of each approach, from the baseline model (single learner), simple
ensembles (Voting and Rank Fusion), to the multi-level approach through Stacking Ensemble.

Table 7. Evaluation Results of All Models (Single ML, Ensemble, Stacking)

Model Accuracy Precision Recall Fl-score
Logistic Regression 0.82 0.74 0.69 0.71
Naive Bayes 0.80 0.70 0.67 0.68
Decision Tree 0.78 0.68 0.65 0.66
Random Forest 0.84 0.76 0.72 0.74
XGBoost 0.85 0.78 0.74 0.76
Voting Ensemble 0.86 0.79 0.75 0.77
Rank Fusion Ensemble 0.87 0.80 0.76 0.78
Stacking Ensemble 0.89 0.83 0.78 0.80

The results in Table 7 show that single models provide a solid baseline, with XGBoost performing best
within this category (F1-score = 0.76). However, ensemble methods further improve performance: the Voting
Ensemble attains an F1-score of 0.77, and the Rank Fusion Ensemble rises to 0.78. The largest gain is
achieved by the Stacking Ensemble, which reaches the highest F1-score of 0.80. This demonstrates that
integrating cross-model predictions via a meta-learner is more effective than simple voting- or rank-based
aggregation. Overall, the evaluation confirms that Stacking Ensemble is the most effective approach for
extractive summarization of clinical notes, as it maintains a balanced trade-off between precision and recall
while minimizing the loss of clinically critical information.

The performance of all models is visualized in Fig. 1. The chart compares the four primary metrics—
Accuracy, Precision, Recall, and F1-score—for each evaluated model, spanning single models, simple
ensembles, and stacking. The visualization clearly shows an upward trend in performance when moving from
base learners to ensemble approaches, with the Stacking Ensemble achieving the highest scores across all
metrics. Accordingly, the figure not only reinforces the tabular analysis but also provides a more intuitive
view of the differential contributions of each model to the task of extractive summarization of clinical notes.
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Figure 2. Performance Comparison of Models

The results in Fig. 2 compare the performance of all models across the four primary metrics—
Accuracy, Precision, Recall, and F1-score. The plot shows substantial variability among the single models.
Decision Tree yields the lowest scores on all metrics, with an F1-score of approximately 0.66, indicating
limitations in handling high-dimensional feature spaces. In contrast, XGBoost emerges as the strongest single
model, achieving an F1-score of 0.76, underscoring the effectiveness of boosting in addressing imbalanced
data distributions. Within the simple ensemble group, both Voting Ensemble and Rank Fusion Ensemble
exhibit consistent gains across all metrics: the Voting Ensemble raises the F1-score to 0.77, while the Rank
Fusion Ensemble reaches 0.78. These improvements demonstrate that aggregating predictions from multiple
base learners enhances stability and mitigates the weaknesses of individual models.

The most substantial improvement is achieved by the Stacking Ensemble, which outperforms all
other approaches across metrics, with an F1-score of 0.80, precision of 0.83, and recall of 0.78. Stacking’s
advantage lies in its ability to leverage base-model probabilities as new features for training a meta-learner.
In doing so, it effectively balances the precision—recall trade-off while reducing false negatives, thereby
mitigating the risk of omitting clinically important information from the summary. Overall, Fig. | reinforces
the upward performance trend from single models to ensembles, with stacking achieving the highest scores.
These findings support the argument that a multi-level, integrative approach is more effective than individual
models or simple aggregation, particularly for the extractive summarization of complex, imbalanced clinical
notes.

To obtain a more fine-grained view of the model’s prediction distribution, the classification results
are presented as a confusion matrix. This visualization reports the number of sentences predicted correctly
and incorrectly with respect to their true classes, thereby revealing the model’s error patterns more clearly.
Fig. 2 displays the confusion matrix for the Lightweight Stacking model (Logistic Regression + Random
Forest), which is used to evaluate the balance between predictions of important and not important sentences
on the test dataset.

Confusion Matrix - Lightweight Stacking (LR + RFJ
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Figure 3. Confusion Matrix — Lightweight Stacking (Logistic Regression + Random Forest)
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Fig. 3 presents the prediction distribution of the lightweight stacking model that combines Logistic
Regression and Random Forest. The confusion matrix indicates that the model correctly classifies the
majority of sentences: 2,252 sentences that are truly not important (label = 0) are correctly predicted, and
1,683 important sentences (label = 1) are likewise identified correctly. Nevertheless, some misclassifications
remain. There are 808 not-important sentences predicted as important (false positives), which can lower
precision by introducing less relevant content into the summary. Conversely, only 57 important sentences are
missed (false negatives). This value is relatively small compared with the total number of important
sentences, suggesting a sufficiently high recall. Overall, the pattern shows that stacking is comparatively
inclusive in selecting important sentences, thereby keeping the risk of missing critical information (false
negatives) very low. This constitutes a key advantage in clinical contexts, where failing to include a relevant
sentence is more consequential than admitting an additional descriptive one. Thus, while there is room to
further reduce false positives, the results in Fig. 2 strengthen the evidence that the stacking ensemble is a
safer and more effective approach for the task of extractive summarization of clinical notes.

In addition to the confusion matrix, evaluation is performed using the Precision—Recall (PR) Curve to
assess the balance between the model’s ability to capture important sentences (recall) and the correctness of
predicting important sentences (precision). The PR curve is chosen because the dataset is imbalanced, with
not-important sentences outnumbering important ones. Fig. 3 presents the Precision—Recall curve of the
Lightweight Stacking model (Logistic Regression + Random Forest), illustrating performance under these
conditions.

Precision-Recall Curve - Lightweight Stacking (LR + RF)
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Figure 4. Precision—Recall Curve — Lightweight Stacking (Logistic Regression + Random Forest)

Fig. 4 presents the Precision—Recall (PR) curve of the lightweight stacking model that combines
Logistic Regression and Random Forest. The curve evaluates performance under class imbalance, where not-
important sentences substantially outnumber important ones. The plot shows an average precision (AP) of
0.73, indicating that the model performs well in balancing precision and recall. Overall, precision remains
above 0.70 across a wide range of recall values, with only a modest decline as recall approaches 1.0. This
pattern suggests that even as the model attempts to capture nearly all-important sentences, precision remains
relatively stable and does not degrade sharply. These findings are consistent with the Confusion Matrix (Fig.
2), where the number of false negatives is relatively small, supporting high recall, while precision remains
acceptable despite some false positives. Accordingly, the PR curve confirms that the stacking model delivers
well-balanced performance, which is critical in clinical contexts to minimize the risk of missing critical
information while preserving the summary's relevance.

4. CONCLUSION

This study proposes and evaluates a framework for extractive summarization of clinical notes using
single-model machine learning, simple ensembles, and stacking. The dataset comprises 2,000 synthetic
clinical documents, each segmented into sentences and labeled as important or not important to support
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extractive summary construction. Results show that single models—Logistic Regression, Naive Bayes,
Decision Tree, Random Forest, and XGBoost provide competitive baselines, with XGBoost performing best
in this category (F1-score = 0.76). Subsequently, ensemble learning via Voting and Rank Fusion improves
stability and accuracy, achieving Fl-scores of 0.77 and 0.78, respectively. The most substantial gain is
delivered by the stacking ensemble, which attains the highest F1-score of 0.80, with precision = 0.83 and
recall = 0.78. These findings indicate that multi-level integration of base learners yields more informative
meta-representations, enabling the meta-learner to make more accurate decisions. Additional evaluations via
the confusion matrix reveal a low number of false negatives, while the Precision—Recall curve achieves an
average precision (AP) of 0.73, demonstrating consistent performance under class imbalance. Overall, the
study establishes stacking as the most effective approach for extractive clinical notes summarization. Beyond
quantitative superiority, the method is practically relevant in clinical contexts, as it minimizes the loss of
critical information without sacrificing readability. Future work should evaluate external validity on real-
world clinical datasets such as MIMIC-III or i2b2, and explore contextual embeddings (e.g., BERT) to further
enhance performance. In addition, integrating this framework into edge/cloud-based clinical decision support
systems represents a strategic step toward realizing tangible benefits in everyday clinical practice.
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