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Introduction  

Blumea balsamifera, commonly known as sembung, is an indigenous medicinal plant from Indonesia that grows 

optimally in tropical climates [1]. The part of the plant most commonly used for medicinal purposes is its leaves [2]. 

This plant is known for its various therapeutic properties, such as relieving rheumatism, flu, and bronchitis [3]. Despite 

the existence of tens of thousands of medicinal plant species worldwide, only a small proportion has been extensively 

utilized or scientifically investigated as ingredients in traditional medicine [4], [5]. The high costs and lengthy duration 

of clinical trials remain major challenges in the development of herbal medicines [6]. Liquid Chromatography–Mass 

Spectrometry (LC–MS) is widely employed to analyze the chemical constituents of medicinal plants [7]. However, it 

presents significant challenges due to high data dimensionality, complexity, and extended analysis time [8]. Therefore, 

the integration of artificial intelligence is essential to automate the identification process of active compounds with 

improved efficiency and accuracy. A Hybrid Deep Learning–Machine Learning method can serve as an effective 

solution to identify the active compounds in Blumea balsamifera leaves using LC–MS data. This method combines 

Deep Learning algorithms (Long Short-Term Memory, LSTM) with Machine Learning techniques (Extreme Gradient 

Boosting, XGBoost). Such a hybrid approach enables deeper feature extraction from LC–MS spectra, thereby 

enhancing the model’s performance in identifying and classifying active compounds with greater precision and 
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Abstract 

Blumea balsamifera (sembung) is a medicinal plant with well-documented antibacterial, anti-inflammatory, and analgesic 

properties. However, the systematic identification of its bioactive compounds remains a significant challenge due to the 

complexity and high dimensionality of LC–MS (Liquid Chromatography–Mass Spectrometry) data. This study aims to develop 

a robust computational framework for automated compound identification using a hybrid modeling approach.A hybrid model 

integrating Long Short-Term Memory (LSTM) and Extreme Gradient Boosting (XGBoost) was employed to enhance feature 

extraction and classification performance. The LSTM component was utilized to capture sequential dependencies in spectral 

data, while XGBoost performed optimized classification through gradient boosting. This integration enables efficient handling 

of complex spectral patterns and improves predictive accuracy.The proposed model achieved an accuracy of 91%, 

demonstrating strong performance in classifying and identifying bioactive compounds. Feature importance analysis identified 

several key compounds contributing to the model predictions, including Luteolin-7-methyl-ether, Umbelliferone, Blumeatin, 

Dihydroquercetin-7,4′-dimethylether, Chrysosplenol C, Blumealactone B, and Blumeaene E. These compounds are associated 

with known pharmacological activities, supporting the therapeutic relevance of B. balsamifera.The proposed hybrid LSTM–

XGBoost framework provides an effective and scalable approach for LC–MS-based compound identification. This method 

reduces analytical complexity, enhances classification reliability, and offers a data-driven strategy for accelerating 

phytochemical research and bioactive compound validation. 

https://jurnal.fikom.umi.ac.id/index.php/ILKOM/article/view/1455
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efficiency [9]. Moreover, it improves identification accuracy, reduces computational time in big data LC–MS analysis, 

and enhances result interpretability, especially in highlighting the most influential compounds. 

Previous studies on the identification of active compounds in Blumea balsamifera leaves have predominantly 

employed variable selection and spectroscopic approaches, particularly FTIR-based wavelength analysis [10]–[12]. 

While effective for feature reduction, these methods are inherently limited in structural elucidation because vibrational 

spectra do not provide direct molecular confirmation. In contrast, recent advances in LC–MS-based metabolomics 

integrated with machine learning have significantly enhanced compound annotation accuracy and structural 

discrimination. For example, Alanazi (2025) developed a machine learning-driven LC–MS database that improved 

phytochemical identification and isomer resolution [13], while Brittin et al. (2025) achieved high predictive 

performance (>93%) in LC–MS/MS-based bioactivity classification [14]. Moreover, Jin et al. (2025) highlighted the 

growing role of deep learning and hybrid ML models in non-targeted LC–MS analysis for high-dimensional feature 

extraction and spectral interpretation [15].Despite these developments, hybrid Deep Learning–Machine Learning (DL–

ML) frameworks have been largely applied to general medicinal plant datasets rather than species-specific 

investigations [16]–[20]. To date, no study has implemented a hybrid DL–ML approach for identifying active 

compounds in Blumea balsamifera leaves using LC–MS data. Considering the superior sensitivity and structural 

resolution of LC–MS compared to conventional spectroscopic techniques [21], this absence represents a clear 

methodological gap. Accordingly, this study addresses this gap by developing a hybrid DL–ML framework tailored to 

LC–MS metabolomic data of Blumea balsamifera, aiming to enhance identification accuracy while improving model 

interpretability. 

Method  

A. Data 

The data used in this study were obtained from an experiment conducted by the Center for Biopharmaca Research, 

Institute for Research and Community Service (LPPM), IPB University, in collaboration with the Department of 

Statistics, IPB University. The dataset was generated through Liquid Chromatography–Mass Spectrometry (LC–MS) 

analysis, aimed at identifying compounds that significantly contribute to antioxidant activity in Blumea balsamifera 

(sembung) extract. The dataset comprises 35 observations and 2,098 explanatory variables. In this study, the 

explanatory variables (X) represent mass spectrometry intensity values at specific m/z ratios, while the response 

variable (Y) corresponds to the antioxidant level of the extract, categorized as either "Strong" or "Weak". Additional 

metadata include molecular mass, chemical formula, and predicted compound identities. The structure of the dataset is 

presented in Table 1. 

Table 1. Data Structure 

Observation Predicted compound Formula RT [Min] 
IC₅₀ Value 

(µg/mL) 

Antioxidant 

content level 

Water replicates 1 

⋮ 

Water replicate 7 

Lutelion 

⋮ 

Blumeaene E 

C15 H10 O6 

⋮ 

C20 H30 O6 

11.175 

⋮ 

15.009 

372.34 

⋮ 

344.1 

Weak 

⋮ 

Weak 

30% ethanol 

replicate 1 

⋮ 

30% ethanol 

replicate 5 

Aromadendrene oxide 

⋮ 

5,7-Dihydroxychromone 

C15 H24 O 

⋮ 

C9 H6 O4 

14.589 

⋮ 

8.979 

143.97 

⋮ 

146.37 

 

Strong 

⋮ 

Strong 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 

70% ethanol 

replicate 1 

3,5-Dihydroxy-3',4', 

7-trimethoxyflavone 
C18 H16 O7 15.351 52.96 

 

Strong 

B. LSTM 

The Long Short-Term Memory (LSTM) network was first introduced by Sepp Hochreiter and Jürgen Schmidhuber 

in 1997 as a solution to the limitations faced by conventional Recurrent Neural Networks (RNNs) [22], particularly the 

vanishing and exploding gradient problems that occur during backpropagation through time (BPTT). The LSTM 

architecture was specifically designed to store and utilize information over long time intervals, making it highly suitable 

for time series forecasting and dynamic system modeling [23]. These issues have hindered standard RNNs in learning 
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and retaining long-term dependencies, which are crucial in sequential data processing. The key innovation of LSTM 

lies in the presence of memory cells [24] that are capable of maintaining their states over time, along with gate 

mechanisms that regulate the flow of information. This design enables LSTM networks to overcome gradient-related 

challenges by ensuring more stable and efficient information propagation across long sequences [25]. 

The Long Short-Term Memory (LSTM) network was first introduced by Sepp Hochreiter and Jürgen Schmidhuber 

in 1997 as a solution to the limitations faced by conventional Recurrent Neural Networks (RNNs) [22], particularly the 

vanishing and exploding gradient problems that occur during backpropagation through time (BPTT). The LSTM 

architecture was specifically designed to store and utilize information over long time intervals, making it highly suitable 

for time series forecasting and dynamic system modeling [23]. These issues have hindered standard RNNs in learning 

and retaining long-term dependencies, which are crucial in sequential data processing. The key innovation of LSTM 

lies in the presence of memory cells [24] that are capable of maintaining their states over time, along with gate 

mechanisms that regulate the flow of information. This design enables LSTM networks to overcome gradient-related 

challenges by ensuring more stable and efficient information propagation across long sequences [25]. 

Mathematically, consider a traditional RNN, where the hidden state 𝒉𝒕 at time step 𝒕 is given by Equation (1): 

ℎ𝑡 = tanh(𝑊ℎℎ𝑡−1 +  𝑊𝑥𝑥𝑡 + 𝑏) (1) 

During the backpropagation process, the gradient 
𝝏𝑳

𝝏𝒉𝒕
, where 𝑳 denotes the loss function, is computed to update the 

model parameters [26]. However, in long data sequences, repeated multiplication of gradients can lead to two major 

issues: vanishing gradients (where the values approach zero) or exploding gradients (where the values grow 

uncontrollably) [27]. Both conditions result in unstable and inefficient model training. LSTM addresses these challenges 

by introducing the cell state 𝑪𝒕, which functions like a conveyor belt, allowing gradients to flow with minimal 

modification [28]. The update of the cell state is mathematically expressed in Equation (2): 

𝐶𝑡 = 𝑓𝑡 . 𝐶𝑡−1 + 𝑖𝑡 . 𝐶𝑡̃ (2) 

In this context, 𝒇𝒕, 𝒊𝒕, and 𝑪𝒕̃ refer to the forget gate, input gate, and candidate cell state, respectively, as previously 

described. The forget gate f_tdetermines the extent to which information from the previous cell state 𝑪𝒕−𝟏 should be 

retained, while the input gatei_tregulates the proportion of the candidate cell state 𝑪𝒕̃ to be added to memory. This 

selective update mechanism allows the LSTM to preserve relevant information over long sequences while gradually 

discarding less important details [29]. 

C. XGBoost 

XGBoost (Extreme Gradient Boosting) is a scalable tree boosting algorithm that has been proven effective and 

widely adopted for various predictive data tasks. This algorithm utilizes decision trees as base learners and applies 

boosting techniques to enhance prediction accuracy [30]. XGBoost is equipped with features such as regularization, 

parallel processing, and the ability to handle missing values. Additionally, the system is optimized through cache-aware 

access patterns, data compression, and data sharding, forming an efficient and scalable boosting framework [31]. Due 

to the combination of these techniques, XGBoost is capable of handling large-scale data with more efficient resource 

utilization compared to previous methods [32]. 

Traditional tree boosting models generally rely only on the first-order derivative information of the loss function 

[33]. During the training process of the nth tree, this approach complicates the implementation of distributed training 

because the residuals from the previous tree 𝑘(𝑛 − 1) must be used. XGBoost addresses this limitation by applying a 

second-order Taylor expansion to the loss function, thereby enabling the use of second-order derivative information for 

more precise model updates [34]. Mathematically, the XGBoost model represents the prediction as the sum of 𝐾 

regression trees, as shown in Equation (3), where 𝐹 denotes the space of base learners: 

𝑦𝑖̂ = ∑ 𝑓𝑘(𝑥𝑖), 𝑓𝑘 ∈ 𝐹
𝐾

𝑘=1
 

(3) 

The corresponding objective function, which consists of the training loss and a regularization term, is defined in 

Equation (4): 
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𝐿 = ∑ 𝑙(𝑦𝑖,̂
𝑖

𝑦𝑖) + ∑ Ω(𝑓𝑘)
𝑘

 (4) 

Here, lll represents the loss function measuring the discrepancy between predicted and actual values, while Ω denotes 

the regularization function used to control model complexity. The regularization term is formulated in Equation (5): 

Ω(𝑓) = 𝛾𝑇 +
1

2
𝜆‖𝑊‖2 

(5) 

where 𝑇 is the number of leaves in the tree and 𝑊 denotes the leaf weights. 

After applying the second-order Taylor expansion to the objective function, the information gain obtained from 

splitting a node during tree construction is calculated as shown in Equation (6): 

𝑔𝑎𝑖𝑛 =
1

2
[

(∑ 𝑔𝑖𝑖=𝐼𝐿
)

2

∑ ℎ𝑖𝑖=𝐼𝐿
+ 𝜆

+
(∑ 𝑔𝑖𝑖=𝐼𝑅

)
2

∑ ℎ𝑖𝑖=𝐼𝑅
+ 𝜆

+
(∑ 𝑔𝑖𝑖=𝐼 )2

∑ ℎ𝑖𝑖=𝐼 + 𝜆
] − 𝛾 

(6) 

 

The information gain in Equation (6) quantifies the improvement obtained from a candidate split. A node is split 

only when the gain exceeds the threshold  𝛾, ensuring controlled tree growth and preventing overfitting. 

𝑔𝑎𝑖𝑛 : The information gain calculated after each split during the tree construction process. Information 

gain indicates how much information is obtained from a given split. 

∑ 𝑔𝑖
𝑖=𝐼𝐿

 
: Total gradien dari data yang masuk ke node kiri setelah pemisahan.  

∑ ℎ𝑖
𝑖=𝐼𝐿

 
: The total hessian of the data that flows into the left node after the split. The hessian is used to 

adjust the gradient and assign greater weight to more significant observations. 

∑ 𝑔𝑖
𝑖=𝐼𝑅

 
: The total gradient of the data that flows into the right node after the split. 

∑ ℎ𝑖
𝑖=𝐼𝑅

 
: The total hessian of the data that flows into the right node after the split. 

∑ 𝑔𝑖
𝑖=𝐼

 : To The total gradient of the data at the node before the split. 

∑ ℎ𝑖
𝑖=𝐼

 : The total hessian of the data at the node before the split. 

𝜆 : A regularization parameter used to control model complexity and prevent overfitting. 

𝛾  A threshold that controls tree growth. A node will only be split if the information gain is greater 

than the threshold value 𝛾 . 

D. Data Processing Procedure 

To efficiently identify active compounds in Blumea balsamifera (sembung), this study adopts a hybrid approach 

by integrating deep learning and machine learning models. The data processing steps are outlined as follows: 

1. Data Acquisition and Preparation 

LC–MS analysis produced retention time–intensity spectra for each sample, stored as numerical arrays of 

size 𝑁 × 𝑇, where 𝑁 is the number of samples and 𝑇 represents spectral time points. Samples were labeled as 

Strong or Weak antioxidant activity. Data were split using an 80:20 stratified train–test ratio with a fixed 

random seed to ensure reproducibility. 

2. Data Preprocessing 

Several preprocessing steps were performed to ensure the data were in optimal condition for modeling: 

• Exploratory Data Analysis (EDA):  Inspection of distribution and class imbalance. 
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• Data standardization: Z-score normalization based on training data statistics. 

• Data balancing: SMOTE (𝑘 = 5) applied only to the training set to prevent data leakage. 

3. Pattern Extraction Using LSTM 

The preprocessed sequential data were fed into an LSTM architecture: 

• The input layer received spectral data as time-series sequences. 

• One or more LSTM layers were used to capture temporal patterns and correlations among spectral points. 

• The output from the LSTM layers was processed through dense layers and flattened into representative 

feature vectors for each sample. 

           The training configuration of the LSTM model is summarized in Table 2. 

Table 2. Hyperparameter of LSTM 

Parameter Value 

Optimizer Adam 

Learning rate 0.001 

Activation tanh 

Batch size 32 

Epochs 100 

Early stopping Patience = 10 

4. Classification Using XGBoost 

Feature vectors extracted by the LSTM model were then used as inputs to the XGBoost algorithm: 

• The XGBoost model was trained using labeled training data (Strong/Weak antioxidant activity). 

• Model hyperparameters such as learning_rate, max_depth, and n_estimators were optimized using grid 

search or random search techniques. 

• The training process continued until the model achieved optimal performance on the validation data. 

The training configuration of the XGBoost model is summarized in Table 3. 

Table 3. Hyperparameter of XGBoost 

Parameter Value 

n_estimators 200 

max_depth 6 

learning_rate 0.1 

Subsample 0.8 

colsample_bytree 0.8 

𝝀 1 

5. Model Performance Evaluation 

The trained model was tested on an independent test set to assess prediction accuracy: 

• Evaluation metrics included accuracy, precision, recall, and F1-score. 

• Class-wise performance (Strong vs. Weak) was analyzed. 

• A confusion matrix was constructed to provide detailed insights into correct and incorrect classifications. 

Despite the promising performance of the proposed hybrid DL–ML framework, several limitations should be 

acknowledged. First, the model was trained and evaluated using data derived solely from Blumea balsamifera, which 

may limit generalizability to other plant species. Second, while LSTM improves feature representation, its internal 

feature learning process remains partially opaque, potentially limiting interpretability. Third, model performance may 
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be influenced by dataset size and preprocessing quality. Future work should validate the framework on external 

datasets and explore explainable AI techniques to enhance interpretability and robustness. 

Results and Discussion  

A. Exploration Data Analysis 

Preliminary data exploration in this study aimed to understand the characteristics and distribution patterns of the 

data before modeling was conducted. This stage involved visualizing several relevant variables to obtain a general 

overview and to detect potential issues such as data imbalance, outliers, or inter-feature correlations. Various 

visualization techniques were employed, including distribution plots of individual variables, boxplots to identify 

extreme values and data dispersion, heatmaps to illustrate correlations among variables, and scatterplots to visually 

evaluate relationships between pairs of variables. The results of this exploratory analysis served as a critical foundation 

for the pre-modeling process and guided the selection of the most relevant features to be used during model training. 

 

Figure 1. Visualization of the Distribution of Variables X1, X2, and X3 

Figure 1 illustrates the distribution of three representative features (X1, X2, and X3). Feature X1 shows a relatively 

uniform distribution, suggesting broad variability that may support discriminative learning. In contrast, X2 and X3 

exhibit right-skewed patterns dominated by low-intensity values with limited high-value peaks. Such skewness is 

typical in spectral datasets, where a few high-intensity signals may correspond to biologically relevant compounds. 

While skewed distributions can affect model stability, especially in gradient-based learning, these tail values may 

contain critical information and therefore warrant preservation through appropriate normalization rather than removal. 

 

Figure 2. Boxplot of the Distribution of Variables X1, X2, and X3 

Figure 2 shows the boxplot distributions of X1, X2, and X3. X1 appears relatively symmetric with stable variability, 

whereas X2 and X3 exhibit positive skewness and several upper outliers. Such patterns are typical in spectral data, 

where a limited number of high-intensity peaks may represent biologically relevant compounds. Although these 

extreme values can influence model behavior, especially in tree-based classifiers, their preservation is important to 

retain meaningful chemical information, justifying the use of normalization rather than removal. 

Figure 3 shows the correlation between features (X1, X2, X3) and the target variable (Y). X1 has the strongest 

positive correlation with Y (r = 0.77), followed by X3 (r = 0.52), while X2 shows weak association (r = 0.25), indicating 
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that X1 and X3 are more informative for classification. A strong inter-feature correlation between X1 and X3 (r = 0.81) 

suggests shared information and potential multicollinearity. Although this may affect linear models, tree-based methods 

such as XGBoost are relatively robust to correlated features. Thus, the correlation analysis supports the relevance of 

X1 and X3 within the proposed hybrid framework while highlighting the limited contribution of X2. 

 

Figure 3. Heatmap of the correlation matrix among three features (X1, X2, X3) and the target variable (Y). 

Figure 4 presents a scatter plot of X1 versus X2 shows partial class separation, with class 1 distributed across a 

broader range of X1 values, while class 0 is concentrated at lower X1 levels. This supports the stronger discriminative 

role of X1 identified in the correlation analysis. However, noticeable overlap between classes indicates that the 

relationship is not linearly separable. This justifies the use of nonlinear models such as LSTM and XGBoost, which can 

capture complex feature interactions. Although X2 shows limited independent separation, it may still contribute through 

interaction effects within the hybrid framework. 

 

.Figure 4. Scatter plot illustrating the relationship between features X1 and X2 and the target variable Y. 
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B. Balancing Data  

Figure 5 illustrates the class distribution of the target variable prior to balancing. The dataset exhibits class 

imbalance, with 26 samples in class 1 (strong activity) and only 9 samples in class 0 (weak activity). Such imbalance 

can bias classification models toward the majority class, potentially inflating overall accuracy while reducing minority-

class recall. This issue is well-documented in imbalanced learning theory, where classifiers may prioritize dominant 

patterns at the expense of minority representation. To mitigate this risk, SMOTE was applied to the training data to 

improve class representation. However, while oversampling can enhance minority detection, it may also introduce 

synthetic noise, necessitating careful validation through cross-validation and confusion matrix analysis to ensure robust 

generalization. 

 Figure 5. Class Distribution Before Balancing 

 Figure 6 illustrates the class distribution before and after applying SMOTE. Initially, the dataset was imbalanced, 

with the strong antioxidant class dominating the weak class, potentially biasing the model toward majority-class 

predictions. Such imbalance is known to reduce minority-class sensitivity and distort performance metrics, particularly 

accuracy. After applying SMOTE to the training data, the class distribution became balanced, allowing the model to 

learn more representative decision boundaries. While oversampling improves minority-class representation, it may also 

introduce synthetic variability; therefore, model robustness was further assessed using cross-validation and confusion 

matrix analysis. This balanced setup supports more reliable evaluation of the hybrid model’s classification performance. 

 

Figure 6. Class Distribution After Balancing (SMOTE) 

C. Feature Extraction Using the LSTM Algorithm 

Figure 7 illustrates the LSTM-extracted features (1–5) exhibit predominantly right-skewed and sparse distributions, 

with most activations concentrated near zero and limited high-value responses. This pattern aligns with representation 

learning theory, where deep models generate sparse latent embeddings that highlight informative spectral patterns while 
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suppressing redundancy. Features 1, 2, and 4 show strong sparsity, suggesting selective activation by specific 

biochemical signals, whereas Feature 5 displays broader variability, indicating potentially greater discriminative 

capacity. Feature 3 appears more centered but with limited dispersion, implying lower separability. Although the LSTM 

successfully transformed raw spectra into structured latent representations, the dominance of near-zero activations 

suggests that only certain dimensions meaningfully contribute to prediction, justifying further evaluation through 

feature importance analysis. 

Figure 7. Distribution of five representative features extracted by the Long Short-Term Memory (LSTM) model. 

Figure 8 presents a visualization of the PCA projection of the LSTM-extracted features reveals the emergence of 

distinct clustering patterns in the reduced two-dimensional space. Several samples form relatively compact groups, 

while others appear more dispersed, indicating that the latent representations capture structured variability within the 

data. 

The observable separation suggests that the LSTM successfully encoded discriminative information from the 

original spectral sequences, supporting the effectiveness of deep sequential feature extraction. However, the clusters 

are not perfectly separated, implying that class boundaries are not strictly linear. This justifies the subsequent use of a 

nonlinear classifier such as XGBoost to model complex decision boundaries. 

From a dimensionality reduction perspective, PCA highlights that meaningful variance is concentrated along the 

first two principal components, consistent with representation learning theory where deep models compress high-

dimensional inputs into informative latent spaces. Nevertheless, partial overlap between groups indicates that additional 

nonlinear structure may exist beyond linear projections, reinforcing the need for ensemble-based classification. 

 

Figure 8. Long Short-Term Memory (LSTM) Extracted using PCA. 
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Figure 9 illustrates the t-SNE visualization of LSTM-extracted features in a two-dimensional space. The projection 

reveals clearer nonlinear grouping patterns compared to PCA, where several samples form relatively compact local 

clusters while others remain moderately dispersed, indicating preserved neighborhood structures in the latent space. 

Unlike PCA, which captures linear variance, t-SNE emphasizes nonlinear relationships. The improved cluster 

separation suggests that the LSTM features encode nonlinear discriminative information not fully observable under 

linear projection. However, partial overlap and scattered points indicate remaining inter-class similarity or intra-class 

variability. Therefore, the use of a nonlinear classifier such as XGBoost is theoretically justified to model complex 

feature interactions beyond linear decision boundaries 

 

Figure 9. LSTM Extracted Features using t-SNE 

D. Feature Importance in the XGBoost Algorithm 

Figure 10 presents the feature importance visualization of the XGBoost model applied to the representation features 

previously extracted using the Long Short-Term Memory (LSTM) algorithm. This process constitutes a downstream 

phase of the hybrid pipeline designed to identify active compounds in Blumea balsamifera leaves that contribute to 

antioxidant activity levels. The visualization reveals that LSTM_Feature_13 holds the highest predictive contribution 

to the model, followed by LSTM_Feature_4 and LSTM_Feature_38. These importance scores reflect the extent to 

which each feature influences the model’s classification decisions regarding antioxidant activity levels, categorized in 

this study as either “strong” or “weak.” The findings indicate that certain LSTM-derived features are capable of 

capturing relevant patterns from spectral data that likely correspond to the presence of bioactive compounds with 

significant antioxidant potential. Consequently, these results support the effectiveness of the hybrid deep learning 

approach in facilitating a more targeted and data-driven identification of functional compounds based on natural product 

spectral data. 
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Figure 10. XGBoost Feature Importance from LSTM Extracted Features 

Table 4 presents the selected variables along with the names and chemical formulas of the active compounds in 

Blumea balsamifera leaves that are correlated with antioxidant activity 

Table 4. Data Structure 

No 

Selected 

Explanatory 

Variable 

Name of Compound/ Formula Accuracy 

1 X13 Luteolin-7-methyl-ether/ C16 H12 O6 

0.91 

2 X4 Umberlliferone (7-hydroxycoumarin)/ C9 H6 O3 

3 X38 Blumeatin (5,3',5'-trihydroxy-methoxydihydro-flavone)/ C16 H14 O6 

4 X20 Dihydroquercetin-7,4'-dimethylether/ C17 H16 O7 

5 X14 Luteolin-7-methyl-ether/ C16 H12 O6 

6 X34 Chrysosplenol C/ C18 H16 O8 

7 X39 Blumealactone B/ C20 H28 O6 

8 X44 Blumeaene E/ C20 H30 O6 

9 X2 Umberlliferone (7-hydroxycoumarin)/ C9 H6 O3 

E. Accuracy Model 

Figure 11 presents the evaluation results of the XGBoost model using five-fold cross-validation. Each bar in the 

diagram represents the accuracy achieved by the model on a particular fold, with values ranging approximately from 

0.72 to 1.00. The overall average accuracy obtained across all five folds is 0.94, as indicated by the horizontal red line 

in the plot. These results suggest that the model demonstrates consistently high classification performance in predicting 

antioxidant activity levels based on the extracted features. Although Fold 1 exhibits slightly lower accuracy compared 

to the others, the overall variance among the folds remains relatively small. This indicates that the model does not suffer 

from significant overfitting or underfitting during the training process. Therefore, the hybrid LSTM–XGBoost approach 

employed in this study has proven effective in providing good generalization performance when applied to previously 

unseen data. 

Table 5 presents the evaluation metrics of the classification model. The model demonstrates strong performance in 

detecting class 1, achieving a precision of 0.88 and a perfect recall of 1.00. This indicates that all actual instances of 

class 1 were correctly identified, with no false negatives, and only a small number of false positives. The F1-score for 

class 1 reaches 0.93, reflecting a well-balanced trade-off between precision and recall. In contrast, for class 0, the model 

achieves perfect precision (1.00), indicating no false positives, but only manages to recall 75% of actual class 0 

instances, resulting in an F1-score of 0.86. This suggests that although the model is highly precise when predicting class 
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0, some instances of this class are misclassified as class 1. Overall, the model exhibits satisfactory performance, 

particularly in scenarios where the accurate detection of class 1 (high antioxidant activity) is prioritized. 

Table 5. Model Evaluation Results 

 Precision Recall F1-Score 

0 1.00 0.75 0.86 

1 0.88 1.00 0.93 

Figure 12 presents the confusion matrix used to evaluate the performance of the binary classification model 

implemented in this study. Based on the visualization, the model successfully classified 3 actual negative instances as 

negative (True Negatives) and 7 actual positive instances as positive (True Positives). There was one misclassification, 

where one actual negative instance was incorrectly predicted as positive (False Positive), and no positive instances were 

misclassified as negative (no False Negatives). These results demonstrate that the model exhibits strong classification 

performance, particularly in accurately identifying the positive class. Overall, the confusion matrix indicates that the 

model achieves a low error rate and high reliability, making it suitable for similar classification tasks. This study further 

shows that the application of a hybrid deep learning–machine learning method using LC–MS data from Blumea 

balsamifera extract can improve accuracy in identifying active compounds in comparison to previous studies. 

 

Figure 11. Cross-validation Acuracy Scores per Fold 

 

Figure 12.  Confusion matrix evaluation model 

Conclusion  

This study developed a hybrid LSTM–XGBoost framework to identify antioxidant-related active compounds in 

Blumea balsamifera using LC–MS spectral data. The model achieved an accuracy of 0.91, demonstrating strong 

capability in classifying bioactive compounds. The integration of sequential feature extraction through LSTM with 
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ensemble-based classification proved effective for handling high-dimensional spectral data. From a computational 

standpoint, this work highlights the value of combining deep representation learning with gradient boosting to enhance 

compound identification tasks. Several compounds, including Luteolin-7-methyl-ether, Umbelliferone (7-

hydroxycoumarin), Blumeatin (5,3',5'-trihydroxy-methoxydihydro-flavone), Dihydroquercetin-7,4'-dimethylether, 

Chrysosplenol C, Blumealactone B, and Blumeaene E, were strongly associated with antioxidant activity, supporting 

the biological relevance of the model predictions. Although the framework shows promising performance, validation 

on larger and more diverse datasets is required to ensure generalizability. Future research should incorporate explainable 

AI techniques and experimental vazlidation to strengthen interpretability and practical applicability. Overall, the 

proposed approach demonstrates the potential of hybrid deep learning models in advancing AI-driven natural product 

discovery. 
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