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 The rapid growth of healthcare information systems has led to an increase in the volume of 
clinical data stored in electronic medical record systems. This data contains valuable infor-
mation such as patient demographics, vital signs, diagnoses, and medical procedures, which can 
be used to support clinical decision-making. Determining the appropriate clinical procedure re-
mains a challenge due to the complexity of patient conditions and the potential need for multiple 
procedures simultaneously. This study aims to develop a robust model for predicting clinical 
procedures using a multi-label classification approach based on electronic medical record data. 
The proposed methodology integrates data preprocessing, feature engineering, followed by the 
implementation of several Machine Learning methods such as LightGBM, XGBoost, CatBoost, 
Deep Learning Models and combined using an Ensemble Learning method. Various Ensemble 
Learning techniques, including Simple Average, Machine Learning Average, and Optimized 
Weight-based combinations, are applied to improve predictive performance. Evaluation is per-
formed using the Micro F1 score and Macro F1 score to assess overall performance. Experi-
mental results show that individual models achieve competitive performance, with LightGBM, 
XGBoost, CatBoost outperforming the deep learning approach on tabular clinical data. The En-
semble Learning approach further improved performance, with the Optimized Weight with Grid 
Search Optimization ensemble achieving the highest Micro F1 score of 0.7788 and Macro F1 
score of 0.7674. These results also demonstrate that combining multiple models effectively re-
duces bias and variance while improving generalization. The small difference between Micro 
and Macro F1 scores indicates balanced performance across labels. In conclusion, the proposed 
Ensemble Learning-based multi-label prediction model demonstrates robust capabilities in han-
dling complex clinical data and improving prediction accuracy. This study highlights the im-
portance of model combination strategies rather than increasing model complexity. These find-
ings have practical implications for supporting clinical decision-making systems in healthcare 
settings. 
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1. Introduction 

The rapid advancement of information technology in the healthcare sector has led to an exponential growth in clinical data 
stored in electronic medical record systems (Tabish, 2024). This data encompasses a wide range of attributes, including 
patient demographics, vital signs, diagnostic history, and clinical procedures performed during medical visits (Jackson et 
al., 2023). Effectively utilizing this data has significant potential to improve the quality of healthcare by enabling faster, 
more accurate, and data-driven clinical decision-making (Olabiyi et al., 2025). 
 
One of the key challenges in modern healthcare systems is determining the appropriate clinical procedure based on a pa-
tient's condition (Almalawi et al., 2023). In many cases, this decision-making process relies heavily on the experience and 
subjective interpretation of healthcare professionals, which can lead to variability and inconsistency in clinical practice 
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(Nouis et al., 2025). Consequently, there is a growing need for automated, data-driven approaches that can assist healthcare 
providers in predicting appropriate clinical procedures in a more objective and consistent manner (Ibrahim Adedeji 
Adeniran et al., 2024). 
 
This problem becomes even more complex in real-world clinical settings, where a patient may require multiple procedures 
simultaneously (Anderson et al., 2023). Prediction tasks naturally fall into the category of multi-label classification, where 
a single input instance can be associated with multiple output labels (Ghasemkhani et al., 2024). Clinical data often exhibits 
unique characteristics such as imbalanced label distributions, missing values, high-dimensional categorical features, and 
non-linear relationships between variables, further increasing modeling complexity (Chen et al., 2023). 
 
In recent years, various machine learning and deep learning approaches have been proposed to address prediction tasks in 
healthcare data (W. Li, 2023). Tree-based models such as Light Gradient Boosting Machine, Extreme Gradient Boosting, 
and Categorical Boosting have demonstrated strong performance in handling structured tabular data due to their ability to 
capture complex feature interactions and handle heterogeneous data types (Sibindi et al., 2023). On the other hand, deep 
learning models, particularly those using embedding layers, have demonstrated the ability to learn latent representations 
from high-cardinality categorical features (Khadija, Harjito, et al., 2025). Despite these advances, existing studies still face 
several limitations. 
 
Many previous studies rely on a single-model approach, which may not adequately capture the full complexity of hetero-
geneous clinical data (Lipkovich et al., 2023). A significant number of studies formulate the problem as a single-label 
classification task, even though multiple procedures may occur within a single patient visit (Sajid et al., 2023). Cross-
paradigm ensemble approaches integrating machine learning and deep learning models remain relatively underexplored in 
the context of clinical procedure prediction, especially in multi-label settings (Khadija et al., 2023). Based on this research 
gap, this study proposes a comprehensive approach for multi-label clinical procedure prediction using electronic medical 
record data. The proposed method integrates multiple components in a unified workflow to improve predictive performance 
and model generalization. Specifically, this study introduces a hybrid modeling framework that combines tree-based ma-
chine learning models and deep learning models in an ensemble strategy (Agal et al., 2023). Feature engineering and en-
coding approach also used to improve the representation of high-cardinality categorical features, including label encoding, 
target encoding using the K-Fold out-of-fold technique, and frequency encoding (Hong & Lee, 2025). A multi-model en-
semble approach is used to combine probabilistic outputs from different models, resulting in more stable and accurate 
predictions (Jiang et al., 2024). 
 
The main contributions of this study can be summarized as follows.  
 

1. This study proposes a hybrid ensemble framework that integrates machine learning and deep learning models for 
multi-label clinical procedure prediction. This study demonstrates multi-model ensemble approach in improving 
predictive performance and generalization on complex clinical datasets 

2. This study introduces a feature engineering technique and multi encoding to improve feature representation on high-
dimensional categorical data.   

 
Through these contributions, this study aims to provide a robust and practical solution to support clinical procedure predic-
tion to help decision-making in healthcare systems. 
 
2. Material and Methods 
 

Recent studies have demonstrated the growing importance of multi-label classification approaches in healthcare applica-
tions, particularly when dealing with complex clinical data where multiple conditions or outcomes may co-occur. One 
notable study proposed a hybrid multi-label classification model that integrates adaptive synthetic data generation and en-
semble learning techniques to address the problem of imbalanced datasets.  

In the context of clinical decision support, multi-label prediction has also been applied to intensive care settings, where 
patient conditions are often complex and multifactorial. A recent study on early prediction of escalation triggers in the 
Intensive Care Unit used electronic medical record data to simultaneously predict multiple clinical outcomes, including 
respiratory failure, hemodynamic instability, renal impairment, and neurologic decline. The study utilized structured clinical 
features such as vital signs, laboratory values, and patient demographics collected within the first 24 hours of admission 
(Priyadharshini et al., 2023). Among the models evaluated, Extreme Gradient Boosting achieved the best performance 
across multiple labels, demonstrating the effectiveness of tree-based algorithms in handling tabular clinical data. Further 
findings revealed that clinically relevant physiological indicators play a significant role in prediction, aligning with medical 
knowledge. This study underscores the practical application of multi-label classification models in real-time clinical set-
tings, particularly for early warning systems that require interpretable and reliable predictions (Bukhari et al., 2025). 
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Fig. 1. Proposed Method 

Multi-label classification has been widely recognized as a suitable approach for modeling biomedical data due to its ability 
to assign multiple outcomes to a single instance. Biomedical datasets are inherently complex, often characterized by missing 
values, imbalanced distributions, and high-dimensional features. In clinical scenarios such as myocardial infarction, patients 
can experience multiple complications simultaneously, making multi-label classification highly relevant for predicting dis-
ease outcomes. Previous research has shown that machine learning models trained on patient records can effectively capture 
these relationships and provide valuable insights for clinical decision-making (Khadija, Permana Yudha, et al., 2025). Such 
predictive systems have the potential to support personalized treatment strategies and improve patient management by iden-
tifying high-risk cases early. The scalability of these models with larger datasets and their adaptability to different patient 
populations further highlight their importance in modern healthcare analytics (Diakou et al., 2024). The proposed method 
is described in Fig. 1.  

2.1 Data Sources 

The dataset used in this study consists of electronic medical record data collected from XYZ Hospital over a six-month 
period in 2024. The dataset contains a total of 153,066 records with 20 variables representing patient demographics, clinical 
measurements, diagnostic information, and medical procedures. These attributes provide a comprehensive picture of patient 
conditions and clinical activities during hospital visits. The variables included in the dataset are described in Table 1.  
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Table 1  
Detail Description of Clinical Variables of the Dataset 

No Variable Name Description 
1 Usia Patient age 
2 Gender Patient gender 
3 Kunjungan Visit number 
4 Pembayaran Payment type 
5 jenis_perawatan Type of care 
6 riwayat_ruang Room during visit 
7 sistole Systolic blood pressure 
8 diastole Diastolic blood pressure 
9 frekuensi_nadi Heart rate 
10 frekuensi_nafas Respiratory rate 
11 suhu Body temperature 
12 BB Body weight 
13 TB Body height 
14 lingkar_kepala Head circumference 
15 kategori_imt Body mass index category 
16 diagnosa_primer Primary diagnosis (ICD-10 code) 
17 diagnosa_sekunder Secondary diagnosis (ICD-10 code) 
18 nama_prosedur Medical procedure (ICD-9-CM code) 
19 dokter_spesialisasi Doctor specialization 

 

The dataset contains diagnosa_primer and diagnosa_sekunder data, which are disease diagnosis codes derived from ICD-
10 code. Meanwhile, nama_prosedur represents the medical procedure performed by the hospital, derived from ICD-9-CM 
code data. This procedure name will be the label for each patient diagnosis. ICD-10 is the international classification code 
for disease diagnoses, while ICD-9-CM is the classification code for medical procedures/actions (Kusumawardani & 
Kusumawati, 2024). The example of the dataset are described in Table 2.  

Table 2  
Example of the Dataset 

No Variable Name Medical Data  
1 usia 83 
2 gender L (male) 
3 kunjungan 5 
4 pembayaran TUNAI (cash) 
5 jenis_perawatan Rawat Jalan (outpatient care) 
6 riwayat_ruang KLINIK PENYAKIT DALAM (Internal Medicine Specialist) 
7 sistole 139 
8 diastole 58 
9 frekuensi_nadi 65 
10 frekuensi_nafas 20 
11 suhu 36.5 
12 BB 49 
13 TB 155 
14 lingkar_kepala 0 
15 kategori_imt Normal 
16 diagnosa_primer H61.2 
17 diagnosa_sekunder H60.3 
18 nama_prosedur Microscopic examination of blood, Other microscopic examination 
19 dokter_spesialisasi Dokter Spesialis Penyakit Dalam (Sp.PD) (Internist) 

 

2.2 Data Preprocessing 

Data preprocessing was performed to ensure data quality and prepare the dataset for modeling (Miah & Islam, 2024). The 
initial step involved cleaning the data by removing records with missing values, particularly for the target variable 
nama_prosedur. After this process, 106,157 valid records remained. Further analysis revealed that the distribution of med-
ical procedures followed a long-tail pattern, where a small number of procedures dominated the dataset while many other 
procedures occurred less frequently (Côté et al., 2024). To address this issue, only the 20 most frequently occurring proce-
dures were selected, which accounted for approximately 77.1% of the valid data. It shows in the Fig. 2. After filtering, the 
dataset was reduced to 81,878 records. To construct a multi-label classification problem, the dataset was grouped by patient 
visit (Veeranki et al., 2024). This grouping resulted in 81,807 unique visits, where each visit could contain one or more 
procedures. Statistical analysis showed that the average number of procedures per visit was 1.00, with a maximum of two 
procedures. Specifically, 62,023 visits contained one procedure, while only 19,784 visits contained two procedures. This 
distribution shows that the dataset is dominated by cases with one label, with a small proportion of cases with two labels.  
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Fig. 2. Top 20 Medical Procedures Label 

2.3 Feature Engineering 

Feature engineering was performed to enhance data representation and improve model performance (Qadri et al., 2023). 
This process combined domain knowledge from the medical field with statistical transformations (Baazouzi & Kachroudi, 
2025). Medical interpretation features were built to better represent the patient's physiological state (Fan et al., 2025). Body 
Mass Index (BMI) was calculated using weight and height to reflect nutritional status. Mean Arterial Pressure (MAP) was 
derived from systolic and diastolic blood pressure to provide a measure of overall blood pressure. Additional features such 
as pulse pressure and shock index were also generated to capture cardiovascular conditions. Aggregation techniques were 
applied to demographic variables. Age was categorized into groups such as infant, child, adult, and elderly to reflect clinical 
differences between age groups. Normalization by sex and age group was also performed to account for biological varia-
bility in vital signs (Showmaker & Martin, 2025). The dataset was aggregated at the visit level, ensuring that each row 
represents a single patient visit with potentially multiple procedures. 

2.4 Encoding and Normalization 

Given that the dataset contains many categorical variables with high cardinality, encoding plays a crucial role in converting 
these features into numerical representations suitable for machine learning models (Gupta, 2024). Three encoding tech-
niques were applied. Firstly, label encoding was used to convert categorical variables into integer representations (Qadri et 
al., 2023). Secondly, target encoding with the K-Fold Out-of-Fold strategy was used to capture the relationship between 
categorical features and the target variable while minimizing data leakage (Lin & Lin, 2025). Lastly, frequency encoding 
was also applied, where each category was replaced by its frequency in the dataset, making it effective for features with 
high cardinality such as diagnosis and doctor specialization (D. Li et al., 2024). After encoding, missing values in the 
numerical features were handled using median imputation. Outlier detection and handling were performed using the Z-score 
method to ensure data stability (Yaro et al., 2024). And finally, normalization was applied to scale the numerical features 
to a consistent range for optimal model performance. 

2.5 Modeling 

The modeling approach in this study adopted an ensemble strategy that combines multiple machine learning and deep 
learning models to capture the complexity of clinical data (Buchh, 2024). Firstly, this research focus on each individual 
models. Individual models include tree-based algorithms such as Light Gradient Boosting Machine (LightGBM), Extreme 
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Gradient Boosting (XGboost), and Categorical Boosting (CatBoost), which are well-suited for structured tabular data 
(Choudhury et al., 2024). Deep learning models were implemented using feed-forward neural networks with embedding 
layers to handle categorical variables (Deep Learning Embedding + Feed-Forward Network), as well as hybrid architectures 
combining embedding and dense layers (Hybrid Deep Learning) (Singh et al., 2023). 

2.6 Ensemble Learning Method 

Hybrid ensemble method framework integrates machine learning and deep learning models from the individual models. To 
improve predictive performance, several ensemble techniques were applied (Mahajan et al., 2023). These include: 

1. Simple Average Smoothing from all 5 models (LightGBM, XGBoost, CatBoost, Deep Learning Embedding FFN, and 
Hybrid Deep Learning),  

2. Machine Learning Smoothing (only tree-based models of Machine Learning such as LightGBM, XGBoost, CatBoost),  

3. Optimized Weight with Grid Search Optimization 

4. Optimized Weight with Nelder–Mead Weights algorithm.  

5. Optimized Weight with Co-occurrence Matrix 

All ensemble learning methods was explored to capture the relationships between labels. For multi-label classification, a 
sigmoid activation function was applied to each label, followed by threshold optimization to determine the optimal decision 
boundary for each label. 

2.7 Evaluation 

Model performance is evaluated using the Micro F1-score and Macro F1-score, which are common metrics used for multi-
label classification tasks (Huang et al., 2025). The Micro F1-score measures overall performance by aggregating true posi-
tives, false positives, and false negatives across all labels, making it suitable for evaluating performance on imbalanced 
datasets (Diallo et al., 2025). The Macro F1-score calculates the average F1-score for each label independently, providing 
insight into model performance across both frequent and infrequent labels. This metric ensures a comprehensive evaluation 
of both global performance and label-level balance in prediction results. 

3. Results  
 

This section presents the experimental results of the proposed models for multi-label clinical procedure prediction. The 
performance of each model is evaluated using Micro F1-score and Macro F1-score to assess both overall accuracy and 
label-wise balance. The experimental results of both individual models and ensemble strategies are summarized in Fig. 3. 
The results showed that tree-based Machine Learning models outperformed Deep Learning models in handling tabular 
clinical data. Among the evaluated models, LightGBM achieved the highest performance, with a Micro F1 score of 0.7721 
and a Macro F1 score of 0.7642, followed by XGBoost. These results demonstrate the strong ability of gradient boosting 
algorithms to capture complex patterns and interactions in structured medical datasets. 

The superior performance of tree-based Machine Learning models can be attributed to their ability to effectively handle 
heterogeneous features, including numeric and categorical variables, as well as their robustness to non-linear relationships. 
This makes tree-based models particularly suitable for clinical datasets, which often contain diverse feature types and com-
plex dependencies. In contrast, Deep Learning models, including embedding-based feedforward neural networks and hybrid 
neural architectures, demonstrated relatively lower performance compared to tree-based Machine Learning approaches. 
This suggests that the characteristics of the datasets, which are largely tabular and structured, are less suited to the strengths 
of neural network-based models. These findings suggest that gradient boosting methods remain a more appropriate choice 
for tabular clinical data, while deep learning approaches may require further adaptation or more complex feature represen-
tations to achieve comparable performance. 

The ensemble method demonstrated improved performance compared to most individual models, confirming the effective-
ness of combining multiple predictive approaches. A simple average smoothing strategy across all models achieved a Micro 
F1 score of 0.7717, comparable to the best-performing individual model. This demonstrates that even basic ensemble tech-
niques can improve model stability and overall performance. When the ensemble was limited to machine learning models 
only, the ML average smoothing approach slightly improved performance, achieving a Micro F1 score of 0.7734. This 
indicates that tree-based models contribute more consistently to predictive performance, particularly in the context of struc-
tured and tabular clinical data. 



M. A. Khadija et al. / Healthcare Engineering 3 (2027) 
 

77 

 

Fig. 3. Performance Comparison of Individual Models and Ensemble Learning Methods 

The best performance was achieved by the Optimized Weight with Grid Search Optimization, which achieved a Micro F1 
score of 0.7788 and a Macro F1 score of 0.7674. These results highlight the importance of assigning different weights to 
each model based on Grid Search, allowing the ensemble to leverage the most informative contributions from each compo-
nent model. This demonstrates that a well-optimized combination strategy can significantly improve predictive accuracy. 
The Optimized Weight with Nelder–Mead algorithm method produced competitive results. This method did not outperform 
the optimized weights obtained through grid search. This suggests that simpler optimization techniques can sometimes be 
more effective if properly tailored. Incorporating label co-occurrence information did not yield any additional performance 
improvements. This suggests that the baseline model already captures most of the relationships between labels, thus reduc-
ing the marginal benefit of explicitly modelling label dependencies. 

The overall results show that ensemble learning approaches effectively improves model performance by combining the 
strengths of multiple predictive models. By integrating these approaches, ensembles learning are able to capture a wider 
range of patterns in clinical data, resulting in more robust and reliable predictions. A relatively small difference between 
the Micro F1 score and the Macro F1 score was observed across all models. This indicates that predictive performance is 
balanced across labels, including those that occur less frequently. Such balance is particularly important in multi-label 
classification tasks, where imbalanced label distributions are common. These findings suggest that model combination 
strategies play a more significant role in improving predictive performance than simply increasing model complexity. In 
other words, combining well-performing models in a structured manner can yield better results than relying on a single, 
more complex model. This emphasizes the importance of selecting the right ensemble technique when dealing with multi-
label classification problems in clinical data. 

4. Discussion 
 

4.1 Interpretation of Results 

Experimental results show that the ensemble learning approach provides the best performance in predicting multi-label 
clinical procedures. The Optimized Weight with Grid Search ensemble achieved the highest performance with a Micro F1 
score of 0.7788 and a Macro F1 score of 0.7674, outperforming all individual models. This finding indicates that combining 
multiple models allows the system to capture diverse patterns in clinical data, effectively reducing bias and variance. Among 
the individual models, tree-based Machine Learning algorithms such as LightGBM and XGBoost demonstrated superior 
performance compared to deep learning models. These results suggest that structured tabular clinical data is more effectively 
modeled using gradient boosting techniques, which are capable of handling heterogeneous features and non-linear relation-
ships. In contrast, deep learning models, including embedding-based feedforward networks and hybrid architectures, 
demonstrated relatively lower performance, likely due to their sensitivity to data size, feature representation, and the tabular 
nature of the dataset. 

The results also indicate that simple ensemble strategies, such as averaging, can achieve comparable performance to the 
best individual models. Significant improvements were observed when optimized weighting using Grid Search was applied, 
where each model contributes proportionally based on its predictive power. This demonstrates that the effectiveness of 
ensemble learning lies not only in combining models, but also in appropriately weighting their contributions. The Optimized 
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The Weight with Grid Search Optimization approach is used to optimally combine predictions from multiple base models. 
Unlike simple average smoothing methods that assume equal contribution from each model, this approach formulates the 
ensemble process as a weight optimization problem. Weight optimization is performed through Grid Search, which explores 
the discrete solution space for all possible combinations of weights that satisfy the constraints. This process combines the 
probability outputs from individual models, LightGBM, XGBoost, CatBoost, Deep Learning Embedding + Feed-Forward 
Network, and Hybrid Deep Learning, to maximize the Micro F1-score on the validation data. 

The probability output of each individual model can be mathematically expressed as shown in Eq. (1): 

𝑃𝑃(𝑚𝑚) ∈ ℝ𝑁𝑁×𝐿𝐿 ,  𝑚𝑚 = 1,2, … ,𝑀𝑀 (1) 

where: 

• 𝑃𝑃(𝑚𝑚) is the probability matrix (sigmoid output) of the 𝑚𝑚-th model, 

• 𝑁𝑁 is the number of samples, 

• 𝐿𝐿 is the number of labels (procedures), 

• 𝑀𝑀 is the total number of base models. 

After obtaining the individual model probabilities, the ensemble learning method via weight optimization with Grid Search 
is implemented. The architecture can be mathematically expressed as shown in Eq. (2) and Eq. (3): 

𝑃𝑃ens = �𝑤𝑤𝑚𝑚

𝑀𝑀

𝑚𝑚=1

⋅ 𝑃𝑃(𝑚𝑚) 
 

(2) 

subject to the constraint: 

�𝑤𝑤𝑚𝑚

𝑀𝑀

𝑚𝑚=1

= 1,  𝑤𝑤𝑚𝑚 ≥ 0,  𝑚𝑚 = 1,2, … ,𝑀𝑀 
 

(3) 

The weights 𝑤𝑤𝑚𝑚 represent the contribution of each base model to the final ensemble prediction. 

To convert the ensemble probabilities into binary predictions, a threshold per label is applied, as shown in Eq. (4): 

𝑦𝑦�𝑖𝑖,𝑙𝑙 = �1, if 𝑃𝑃ens
�𝑖𝑖,𝑙𝑙� ≥ 𝜃𝜃𝑙𝑙

0, otherwise
 

(4) 

 

where: 

• 𝑦𝑦�𝑖𝑖,𝑙𝑙 is the binary prediction for sample 𝑖𝑖 and label 𝑙𝑙, 

• 𝑃𝑃ens
�𝑖𝑖,𝑙𝑙� is the ensemble probability for sample 𝑖𝑖 and label 𝑙𝑙, 

• 𝜃𝜃𝑙𝑙 is the optimal threshold for label 𝑙𝑙, obtained from the previous optimization stage. 

Weight optimization is performed through Grid Search, which explores all possible weight combinations 𝑤𝑤 =
(𝑤𝑤1,𝑤𝑤2, … ,𝑤𝑤𝑀𝑀) that satisfy the constraints in Eq. (3). Let 𝒲𝒲 be the set of tested weight combinations, and let 𝑌𝑌�(𝑤𝑤) be the 
predicted binary matrix after thresholding using Eq. (4). The optimization objective can be mathematically expressed as 
shown in Eq. (5): 

𝑤𝑤∗ =   F1Micro �𝑌𝑌val
,𝑌𝑌�(𝑤𝑤)� (5) 

where: 

• 𝑤𝑤∗ is the optimal weight vector, 

• 𝒲𝒲 is the discrete search space of all valid weight combinations, 

• 𝑌𝑌val is the ground truth label matrix for the validation set, 
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• 𝑌𝑌�(𝑤𝑤) is the predicted label matrix after applying the threshold, 

• F1Micro is the Micro F1-score, which is the optimization metric. 

The small difference between the Micro F1-score and the Macro F1-score indicates that the models perform consistently 
across both frequent and infrequent labels. The optimized weighted ensemble achieved the best performance, with a Micro 
F1-score of 0.7788 and a Macro F1-score of 0.7674. This result is considered competitive for multi-label classification, 
particularly in imbalanced clinical tabular data, where label distribution and heterogeneous features increase prediction 
complexity. 

4.2 Comparison with Previous Studies 

Table 3 presents a comparison between this study and several relevant works in multi-label classification for healthcare 
applications. 

Table 3  
Comparison with previous studies on multi-label clinical prediction approaches 

No Study Dataset Method Result 
1 Priyadharshini et al. (2023) Pima Indians Diabetes Dataset, 

Yeast Dataset, New Thyroid Dataset 
ASDMLC (ADASYN + Ensemble + PSO) Accuracy: 80.88% 

2 Bukhari et al. (2025) MIMIC-IV ICU XGBoost F1: 0.62–0.76 
3 Diakou et al. (2024) Biomedical dataset (MI) Multi-label ML models Improved risk prediction 
4 Proposed Method EMR Data Ensemble Learning (Optimized weighting 

using Grid Search ) 
Micro F1: 0.7788 

 

Compared with (Priyadharshini et al., 2023), who focused on addressing class imbalance using adaptive synthetic data 
generation techniques such as ADASYN combined with ensemble learning, this study adopts a different approach by em-
phasizing model combination strategies without relying on synthetic data augmentation. While their study achieved high 
accuracy, the datasets used are three such as the Pima Indians Diabetes Dataset, the Yeast Dataset, and the New Thyroid 
Dataset. These datasets are numeric, structured, and tabular. In this study, our dataset is an electronic medical record dataset 
with multi-label features, but some are single-label. Furthermore, procedure labels have complex clinical relationships. In 
the proposed method, an ensemble learning model combines the probability outputs from several pre-trained models, 
namely LightGBM, XGBoost, CatBoost, Deep Learning Embedding FFN, and Hybrid Deep Learning. Each model gener-
ates a probability for each procedure label, then a grid search finds the best weight combination to maximize the Micro F1 
score. Compared with the work of (Bukhari et al., 2025),who applied multi-label classification to predict triggers for care 
escalation in intensive care units using electronic medical record data, both studies highlight the effectiveness of tree-based 
models, particularly the gradient boosting algorithm. Their approach focused on specific clinical outcomes in an ICU setting, 
while this proposed study addresses a broader prediction task involving multiple clinical procedures across general hospital 
data. This study extends their findings by integrating multiple models through ensemble learning to further improve predic-
tive performance. 

Meanwhile, the study by Diakou et al. (2024) emphasized the importance of multi-label classification in biomedical datasets, 
particularly for predicting various complications in diseases such as myocardial infarction. Their findings underscore the 
ability of machine learning models to support clinical decision-making by capturing the complex relationships between 
patient features and various outcomes. In their future work suggest that the study could be improved by using a larger patient 
record dataset and fine-tuning specific patient data in specific regions to improve accuracy. This is in line with our proposed 
method. This study further contributes by introducing a hybrid ensemble framework strategies to improve model generali-
zation and performance using real dataset from electronic medical record with multi-label features of XYZ Hospital. 

Compared with previous research, this study demonstrates that combining multiple models across different paradigms and 
optimizing their contributions through ensemble learning techniques can provide a more robust and balanced prediction 
system. The results confirm that ensemble learning not only improves prediction accuracy but also enhances generalization 
in complex real-world clinical datasets. 

4.3 Implications  

The findings of this study provide several important implications. From a methodological perspective, the results highlight 
that ensemble learning with Optimized Weight with Grid Search Optimization is more effective than relying on a single 
model or increasing model complexity. This suggests that understanding data characteristics and leveraging the comple-
mentary strengths of multiple models is more important than adopting a more complex architecture. From a practical per-
spective, the proposed model has strong potential for implementation in Clinical Decision Support Systems (CDSS). With 
its ability to accurately and consistently predict clinical procedures, this model can assist healthcare professionals in making 
faster and more informed decisions. This is particularly valuable in environments with high patient volumes and limited 
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resources. The observation that tree-based models machine learning outperform deep learning models in this context pro-
vides important insights for practitioners. This suggests that model selection should be driven by data characteristics rather 
than technology trends, particularly when dealing with structured tabular data. 

4.4 Limitations 

While the results are promising, several limitations should be acknowledged. The dataset exhibits an imbalanced label 
distribution, with a strong predominance of single-label instances, which may limit the ability of the model to fully learn 
complex multi-label relationships. The performance of the deep learning model is relatively lower, suggesting that the 
architecture used may not be optimal for this type of data. Although precautions were taken to prevent data leakage in the 
target encoding using an out-of-fold strategy, the risk of leakage cannot be completely eliminated, especially if the data 
distribution shifts. And the dataset comes from a single hospital, which may limit the model's generalizability to other 
healthcare settings with different patient populations or clinical practices. 

5. Conclusions 
 

This study aims to develop a robust and accurate model for predicting clinical procedures using a multi-label classification 
approach based on real electronic medical record data. By integrating multiple machine learning and deep learning models 
within an ensemble learning framework, this study addresses the complexity of clinical data and improves predictive per-
formance in healthcare applications. 

Experimental results show that the proposed ensemble-based approach achieves highest performance compared to individ-
ual models. The Optimized Weight with Grid Search Optimization ensemble model yielded the best results, with a Micro 
F1 score of 0.7788 and a Macro F1 score of 0.7674, indicating high prediction accuracy and balanced performance across 
labels. These findings also confirm that tree-based machine learning models, specifically the gradient boosting algorithm, 
are more effective than deep learning models in handling structured tabular clinical data. The results highlight that combin-
ing multiple models with an appropriate weighting strategy significantly improves generalization and reduces bias and 
variance. 

For future work, several directions can be explored to further improve the proposed approach. Advanced techniques for 
handling label imbalance in real dataset, such as adaptive resampling or cost-sensitive learning, can be integrated to improve 
performance on infrequent labels. Expanding the dataset across multiple hospitals or regions would improve the generali-
zability of the model and robustness. And integrating the proposed model into a real-world Clinical Decision Support Sys-
tem (CDSS) and evaluating its impact in clinical practice would provide valuable insights for practical implementation. 
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