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 Evaluating coffee quality through sensory cupping is essential 

but inherently subjective, as scoring depends on the consistency 

and expertise of professional panelists. To improve objectivity, 

this study applies the Light Gradient Boosting Machine 

(LightGBM) algorithm to predict the Total Cup Points of 

Arabica coffee using sensory evaluation data. The dataset, 

obtained from the Coffee Quality Institute Arabica Reviews 

(May 2023), contains 1,509 cupping records assessed according 

to the Specialty Coffee Association (SCA) protocol. Nine 

sensory attributes aroma, flavor, aftertaste, acidity, body, 

balance, uniformity, clean cup, and sweetness were used as 

predictors. The modeling process included data preprocessing, 

feature selection, hyperparameter tuning using 

RandomizedSearchCV, and performance evaluation through 5-

Fold and 10 Fold Cross-Validation. The tuned LightGBM model 

achieved an R² of 0.9634 and an RMSE of 0.4673 under the 10-

Fold scheme. Comparative analysis showed that LightGBM 

produced lower prediction error than XGBoost, Random Forest, 

and Support Vector Regression (SVR) when evaluated under 

identical default parameter settings. Feature importance 

indicated that flavor, balance, clean cup, and aftertaste were the 

most influential contributors to total cup points. The findings 

provide a reliable computational framework to support more 

objective, consistent, and efficient coffee cupping assessments. 

 

 

INTRODUCTION 

Coffee is one of Indonesia’s most strategic plantation commodities, with high economic 

value and a significant role in international trade. According to data from Statistics Indonesia 

(BPS) [1], the volume and value of Indonesian coffee exports continue to show an increasing 

trend despite annual fluctuations. This indicates that global demand for Indonesian coffee, 

particularly Arabica, remains strong, and therefore maintaining product quality is crucial for 

sustaining export competitiveness. Arabica coffee has a higher market value and a more 

complex sensory profile than Robusta [2], [3], making quality consistency essential. Several 

factors influence Arabica quality, including altitude, which correlates with flavor complexity 

[4], as well as physicochemical characteristics that differentiate Arabica, Robusta, and Liberica 

beans [5], [6].  

Coffee quality assessment is commonly conducted through the cupping test 

standardized by the Specialty Coffee Association (SCA) [7]. This procedure evaluates attributes 

such as aroma, flavor, acidity, body, aftertaste, and overall impression [8], [9]. However, 

because cupping relies on human perception, the results are vulnerable to subjectivity and inter-
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evaluator variability [10]. Consequently, a computational model capable of learning patterns 

from existing cupping data and generating more consistent, objective, and reproducible Total 

Cup Points estimations is needed. Alternative analytical techniques such as GC/MS-based 

metabolomics [11] and UV/Vis/NIR spectroscopy [12] have been explored, but these 

approaches require specialized equipment and are less practical for routine evaluations. 

Previous studies have applied various machine learning approaches in the coffee and 

food domains; however, most of them have focused on classification tasks or defect detection 

rather than quantitative prediction of sensory scores such as Total Cup Points (TCP). Beyond 

coffee-focused studies, related research in Indonesia has also demonstrated advancements in 

predictive analysis and image classification using machine learning. For example, a study on 

coffee bean defect classification using transfer learning showed that deep learning techniques 

can effectively extract visual features and improve recognition performance [13]. Another study 

developed a classification model for herbal leaf images using Convolutional Neural Networks 

(CNN) combined with K-Nearest Neighbor, demonstrating that CNN-based feature extraction 

enhances predictive accuracy in multicategory datasets [14]. From a methodological 

perspective, cross-validation has also been applied to strengthen model reliability, as shown in 

a study on prostate cancer classification using MRI images with a hierarchical validation 

scheme [15]. However, despite these advancements, research focusing specifically on 

numerical TCP prediction and systematic optimization of LightGBM for quantitative sensory 

modeling remains limited. 

Among various machine learning algorithms, LightGBM is known for its computational 

efficiency and strong predictive performance on structured data [16]. Its accuracy is highly 

influenced by hyperparameter configurations such as num leaves, max depth, learning_rate, and 

regularization parameters, which collectively control the model's generalization capability [17], 

[18]. With these advantages, LightGBM presents strong potential for predicting Total Cup 

Points based on standardized cupping data. This study aims to develop a predictive model for 

Total Cup Points using the LightGBM algorithm based on nine primary sensory attributes: 

aroma, flavor, aftertaste, acidity, body, balance, uniformity, clean cup, and sweetness.  

The study further compares LightGBM with three regression algorithms, XGBoost, 

Random Forest, and Support Vector Regression (SVR) and applies hyperparameter tuning to 

obtain the optimal configuration. The findings are expected to support the development of a 

more objective, consistent, and efficient digital system for evaluating Arabica coffee quality. 

This paper is organized into four main sections. Section 1 presents the research background. 

Section 2 describes the research methodology, including data collection, preprocessing, and 

model development. Section 3 discusses the experimental results and analysis. Finally, Section 

4 concludes the study and provides recommendations for future research. 

 

METHODS 

Research Flow 

This research began with the collection of data from the Coffee Quality Institute (CQI) 

Arabica Reviews dataset published in May 2023 [19] as the primary data source. The collected 

data underwent several preprocessing steps, including the removal of outliers, selection of 

relevant sensory attributes, and data formatting adjustments. LightGBM model was then 

developed using default parameters to establish baseline performance, followed by 

hyperparameter tuning to obtain the optimal configuration. Model performance was evaluated 

using 5-fold and 10Fold Cross-Validation schemes with R² and RMSE metrics to assess 

prediction accuracy and stability in estimating the total cup points of Arabica coffee. Figure 1 

shows the overall illustration of the workflow. 
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Figure 1. Research Design Flowchart 

Dataset Description 

The dataset used in this study was obtained from the CQI Arabica Reviews published 

in May 2023 [19], which is publicly available on the Kaggle platform. It consists of 1,509 

Arabica coffee records evaluated by professional panelists following the SCA cupping protocol. 

Each record contains nine primary sensory attributes used in quality assessment, namely 

Aroma, Flavor, Aftertaste, Acidity, Body, Balance, Uniformity, Clean Cup, and Sweetness. In 

addition to sensory attributes, the dataset also includes supplementary information such as the 

country of origin, producer name, altitude, coffee variety, and processing method. This diversity 

makes the dataset representative of Arabica coffee quality variations across major producing 

regions worldwide. In this research, the nine sensory attributes were used as predictor variables 

(input features), while the TCP served as the target variable predicted by the LightGBM model. 

 

Data Preprocessing 

The preprocessing stage was conducted to ensure the quality and consistency of the data 

before model development. The Coffee Quality Institute Arabica Reviews May 2023 dataset 

[19] was imported from Kaggle into the Python environment. An initial examination was 

performed to identify missing values and duplicate records. No missing values were found in 

the nine sensory attributes or the Total Cup Points variable, and a full-row duplication check 

confirmed that the dataset contained no duplicate entries; therefore, no imputation or duplicate 

removal procedures were required. 

Records that did not comply with the SCA standard, particularly Total Cup Points values 

outside the 70–100 range, were identified as outliers and removed to maintain a representative 

distribution. Feature selection was then carried out using a domain knowledge–based approach 

following the evaluation guidelines of the CQI and SCA. Nine sensory attributes Aroma, 

Flavor, Aftertaste, Acidity, Body, Balance, Uniformity, Clean Cup, and Sweetness were used 

as predictor variables, while total cup points served as the target variable. 

Since all sensory attributes used as predictor variables share the same scoring scale (0–

10) according to the SCA cupping protocol, no normalization or standardization was applied. 

The uniform scale ensures that no feature disproportionately influences the learning process, 

allowing the LightGBM model to process all variables without requiring additional feature 

scaling. The cleaned dataset was then utilized for model training and evaluation using the k-

Fold Cross-Validation technique with two configurations, 5-Fold and 10-Fold. To maintain 

result consistency and ensure experimental reproducibility, a fixed random_state value of 42 

was applied throughout all data splitting, training, and validation procedures. 

Model and Evaluation 

LightGBM Model 

The LightGBM is a gradient boosting decision tree algorithm designed for efficient 

predictive modeling on large and imbalanced datasets [20]. In this study, the model was first 

trained using default parameters, followed by hyperparameter tuning to obtain the optimal 

configuration. 

1. Number of Terminal Leaves defines the maximum number of leaf nodes in each 

decision tree [21]. The general range for this parameter is 10–256 [22], while this study 

used a range of 10–300 to explore a broader level of model complexity. 

2. Maximum Tree Depth limits the hierarchical depth of each tree to control overfitting 

and underfitting [21]. The typical range for this parameter is 2–15 [22], whereas this 
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study employed a range of −1 to 20 to allow greater flexibility in determining the 

optimal tree depth 

3. Learning Rate determines the contribution of each new tree to the overall model update 

[21]. The common range for this parameter is 0.01–0.3 [22] and in this study a range of 

0.01–0.2 was used to balance training speed and learning stability. 

4. Number of Boosting Iterations represents the total number of trees or boosting rounds 

during model training [21]. The general range is 50–1000 [22], and in this study the 

range of 1–2000 was used to examine the effect of iteration count on prediction 

accuracy. 

5. Sampling Ratio per Iteration controls the proportion of training data used in each 

boosting round to enhance generalization and reduce overfitting [21]. The 

recommended range is 0.5–1.0 [22], and this study used 0.1–1.0 to analyze the effect of 

sample size variation on prediction results. 

6. Feature Sampling Ratio per Tree specifies the proportion of features utilized when 

building each tree [21]. The general range is 0.5–1.0 [22], while this study used 0.1–1.0 

to observe how feature sampling affects model performance. 

7. L1 Regularization Strength adds a penalty based on the absolute value of leaf weights 

to improve sparsity and model simplicity [21]. The common range is 0–5 [22], and this 

study 0–10 was used to assess its influence on model stability. 

8. L2 Regularization Strength introduces a penalty on squared weights to balance bias and 

variance [21]. The general range is 0–10 [22], and this study 0–20 was used to evaluate 

its impact on the overall model performance. Model Evaluation and Validation 

 

Model Evaluation and Validation 

The model performance was evaluated using two primary metrics, namely the 

coefficient of determination (R²) and the Root mean Square Error (RMSE). The R² value 

measures how much variance in the data can be explained by the model, while RMSE indicates 

the average magnitude of prediction errors. The mathematical formulations of R² and RMSE 

used in this study are presented in Equation (1) and Equation (2), respectively. To obtain stable 

and unbiased results, the k-Fold Cross-Validation technique was implemented with two 

configurations, 5-Fold and 10-Fold. This technique allows all data to be alternately used as 

training and testing sets, providing a more representative estimation of the model’s 

generalization ability. 

 The use of both 5-Fold and 10-Fold configurations was chosen because they can 

balance bias and variance during the evaluation process [23]. The mean and standard deviation 

values of R² and RMSE from each validation scheme were used to examine model consistency 

and to identify the most reliable configuration for subsequent analysis. 
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Research Design 

The research began with the collection of data from the CQI Arabica Reviews published 

in May 2023, which served as the primary data source. The obtained dataset then underwent a 

series of preprocessing procedures to ensure data quality and consistency. These procedures 

included identifying and removing outliers based on the SCA standard, selecting relevant 
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sensory attributes used in professional cupping evaluations, and adjusting data formats to ensure 

compatibility with the model training pipeline. 

In this study, model evaluation did not rely on a fixed train–test split. Instead, the 

performance and generalization capability of the model were assessed using the k-Fold Cross-

Validation technique. This approach divides the dataset into k equally sized subsets, where one 

fold is used as the testing set while the remaining k−1 folds serve as the training set. This 

iterative process was applied using both 5 fold and 10 fold configurations to obtain a more 

comprehensive assessment of the model’s stability and predictive reliability under different data 

partitioning settings. 

The baseline LightGBM model was initially constructed using default parameters to 

establish reference performance. After the baseline evaluation, a systematic hyperparameter 

tuning process was conducted to determine the most optimal configuration for the LightGBM 

model. The tuning procedure employed the RandomizedSearchCV method, which explores 

random combinations of parameters from predefined search spaces. A total of 150 candidate 

parameter configurations were evaluated using 10-Fold Cross-Validation, allowing the tuning 

process to capture potential interactions among hyperparameters that may influence overall 

model performance. 

The optimized LightGBM model was subsequently evaluated using both 5 Fold and 10 

Fold Cross-Validation schemes. Two primary evaluation metrics were employed: the 

coefficient of determination (R²) to quantify the proportion of variance explained by the model, 

and the RMSE to measure the average magnitude of prediction errors. The use of these two 

metrics provided a comprehensive understanding of the model’s predictive accuracy and 

stability across different validation scenarios. To further assess the effectiveness of the 

optimized LightGBM model, a comparative analysis was performed against three commonly 

used regression algorithms, namely XGBoost, Random Forest, and SVR. This comparison 

aimed to determine the relative performance of LightGBM in predicting Total Cup Points based 

on the nine sensory attributes evaluated by professional cuppers. 

All implementation procedures were conducted using Python 3.12.3 within the Visual 

Studio Code (VS Code) environment, supported by essential libraries such as LightGBM 4.1.0, 

scikit-learn 1.4.2, NumPy 1.26.4, Pandas 2.2.1, Seaborn 0.13.2, and Matplotlib 3.8.4. The 

experiments were executed on an ASUS TUF Gaming F15 (FX506HCB) laptop equipped with 

an Intel Core i7-11600H processor (12 CPUs, 2.9 GHz), 16 GB RAM, and the windows 11 

Home 64-bit operating system. This hardware configuration provided sufficient computational 

resources to ensure efficient data processing, model training, hyperparameter tuning, and 

evaluation. 

 

RESULTS AND DISCUSSION 

Hyperparameter Tuning 

The hyperparameter tuning process was carried out using the RandomizedSearchCV 

method, which evaluates randomly selected combinations of parameter values from predefined 

search ranges. A total of 150 candidate configurations were tested using 10 Fold Cross-

Validation. This approach enabled the evaluation of diverse combinations of tree structure, 

learning dynamics, sampling proportions, and regularization strength, while also capturing 

interactions among parameters that may influence predictive performance. 

The search space included eight key parameters that govern the behavior of the 

LightGBM model: number of terminal leaves, maximum tree depth, learning rate, number of 

boosting iterations, sampling ratio per iteration, feature sampling ratio per tree, l1 regularization 

strength, and l2 regularization strength. These ranges were defined based on theoretical 

recommendations and prior work and were aligned with the parameter descriptions provided in 

the Methods section. Evaluation results indicated that model performance varied across 

different combinations, with some parameter ranges showing broad stability and others 

displaying more pronounced sensitivity. Because each configuration was evaluated using 10-
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Fold Cross-Validation, the resulting performance metrics reflected consistent behavior across 

different data partitions. 

From the 150 evaluated configurations, RandomizedSearchCV identified the parameter 

combination that achieved the highest mean R² score. This configuration was subsequently re-

evaluated using 10 Fold Cross-Validation to ensure consistent performance and confirm that 

the selected parameters generalized well across all folds. Table 1 shows the summarized of 

optimal configuration obtained from the tuning process. 

 
                    Table 1. Optimal LightGBM Hyperparameter Configuration 

Parameter Optimal Value 

Number of Terminal Leaves 40 

Maximum Tree Depth 20 

Learning Rate 0.03 

Number of Boosting Iterations 2000 

Sampling Ratio per Iteration 0.9 

Feature Sampling Ratio per Tree 0.2 

L1 Regularization Strength 0.5 

L2 Regularization Strength 0 

 

Performance Comparison Between Baseline and Optimized LightGBM Models 

The comparison between the baseline LightGBM model and the optimized version was 

carried out to examine changes in predictive performance after hyperparameter tuning. The 

evaluation employed a 10-Fold Cross-Validation scheme, where each subset took turns as the 

testing fold while the remaining folds served as the training data. Two metrics were used: mean 

R² to indicate the proportion of variance explained by the model and mean RMSE to measure 

the average prediction deviation. 

Under the baseline configuration, LightGBM produced a mean R² of 0.9547 and a mean 

RMSE of 0.5153. After the optimization procedure using RandomizedSearchCV, the tuned 

model achieved a mean R² of 0.9634 and a mean RMSE of 0.4673. These numerical differences 

describe the changes in model behavior following adjustments to tree structure, learning rate, 

sampling ratios, and regularization strengths. Table 2 shows the summarized performance 

comparison between the baseline and optimized LightGBM models. 

 
Table 2.  Performance Comparison Between Baseline and Optimized LightGBM 

Model R² mean RMSE mean 

LightGBM Default 0.9547 0.5153 

LightGBM Tuned 0.9634 0.4673 

 

Comparison Between 5-Fold and 10-Fold Validation 

The comparison between the 5-Fold and 10-Fold Cross-Validation schemes was 

performed to describe variations in LightGBM performance across different partitioning 

strategies. Both schemes were used to calculate mean R² and mean RMSE values for the 

baseline and tuned configurations. In the 5 fold setting, the baseline model produced a mean R² 

of 0.9471 and a mean RMSE of 0.5571. After tuning, the mean R² increased to 0.9555, and the 

mean RMSE was 0.5138. In the 10 fold setting, the baseline configuration resulted in a mean 

R² of 0.9547 and a mean RMSE of 0.5153. With the optimized parameters, the model obtained 

a mean R² of 0.9634 and a mean RMSE of 0.4673. Table 3 shows the presented of comparison 

of performance values across both validation schemes.  
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Table 3. Comparison of LightGBM model performance 5-Fold and 10-Fold Cross-Validation 

 

 

 

 

 

 

 

Comparison with Other Regression Algorithms 

The comparison with other regression algorithms was conducted to provide an overview 

of how the tuned LightGBM model performs relative to several commonly used regression 

methods in sensory-based prediction tasks. The evaluation was performed using a 10-Fold 

Cross-Validation scheme, employing two metrics: the mean R² value to measure the proportion 

of explained variance and the mean RMSE value to quantify the average prediction deviation. 

Four algorithms were included in this comparison: the tuned LightGBM model, 

XGBoost, Random Forest, and SVR). To maintain methodological consistency and keep the 

primary focus on LightGBM, only LightGBM was optimized using RandomizedSearchCV. 

The remaining algorithms were evaluated using their default configurations and serve as 

baseline references rather than fully optimized competitors. This approach aligns with the 

objective of the study, which is to analyze the behavior and effectiveness of LightGBM after 

hyperparameter tuning. 

The tuned LightGBM model achieved a mean R² of 0.9634 and a mean RMSE of 

0.4673. XGBoost produced a mean R² of 0.9492 and a mean RMSE of 0.5355, while Random 

Forest obtained a mean R² of 0.9333 with an RMSE of 0.6112. SVR achieved the lowest values 

with a mean R² of 0.8798 and a mean RMSE of 0.8212. These numerical differences illustrate 

variations in predictive behavior across different regression methods evaluated under identical 

validation settings. Table 4 shows a summary of the comparison results. 
 

Table 4.  Comparison of Regression Algorithms 

 

 

 

 

 

 

 

Comparison with Previous Studies 

Previous research has applied LightGBM for coffee quality prediction using sensory 

evaluation data [24]. The reported results demonstrated acceptable predictive performance; 

however, the study did not incorporate extensive hyperparameter optimization and did not 

employ a rigorous k-fold cross-validation procedure during model evaluation. 

In this work, LightGBM is developed using a broader hyperparameter search space and 

evaluated through RandomizedSearchCV across 150 candidate configurations. A 10-fold cross-

validation scheme is applied to ensure reliable performance estimation, yielding a mean R² of 

0.9634 and a mean RMSE of 0.4673. These results illustrate that systematic hyperparameter 

tuning combined with k-fold validation can enhance the robustness and predictive accuracy of 

LightGBM for estimating Total Cup Points. 

 

Discussion 

Cross-validation results demonstrated that the 10 fold configuration produced slightly 

higher mean R² values and lower RMSE compared to the 5 fold scheme. This pattern reflects 

how increasing the number of partitions can provide a more stable estimation of generalization 

Model R² mean RMSE mean 

LightGBM Default (5-Fold) 0.9471 0.5571 

LightGBM Tuned (5-Fold) 0.9555 0.5138 

LightGBM Default (10-Fold) 0.9547 0.5153 

LightGBM Tuned (10-Fold) 0.9634 0.4673 

Model R2_Mean RMSE_Mean 

LightGBM (Tuned) 0.9634 0.4673 

XGBoost 0.9492 0.5355 

RandomForest 0.9333 0.6112 

SVR 0.8798 0.8212 
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performance for the cupping dataset due to more homogeneous sample representation across 

folds. The improvement observed after hyperparameter tuning in both validation settings 

further indicates the sensitivity of the model to structural and regularization adjustments. 

The evaluation of different regression algorithms under uniform experimental settings 

also showed distinct behavioral differences. XGBoost produced a mean R² of 0.9492 with an 

RMSE of 0.5355, while Random Forest and SVR yielded lower values on both metrics. 

LightGBM, after tuning, achieved the highest performance with a mean R² of 0.9634 and RMSE 

of 0.4673. These values illustrate how each algorithm responds differently to sensory-based 

input spaces. Since only LightGBM was tuned, the comparison functions as a reference point 

rather than a claim of superiority, and the close proximity between LightGBM and XGBoost 

reflects the capability of both boosting algorithms to model nonlinear sensory–quality 

relationships effectively. 

Feature importance analysis identified flavor, balance, clean cup, and aftertaste as the 

most influential predictors of Total Cup Points. These attributes align closely with the core 

sensory components emphasized in the SCA evaluation protocol, indicating that the model 

captures patterns relevant to professional cupping practices. The prominence of flavor-related 

descriptors is also consistent with findings from previous sensory modeling studies, where 

flavor complexity and harmony frequently contribute substantially to overall quality scoring. 

Beyond methodological evaluation, several practical implications arise for Indonesian 

coffee stakeholders. The tuned LightGBM model—demonstrating stable performance under 

10-Fold validation—can serve as a tool for early-stage screening of large sample batches during 

post-harvest processing. Such preliminary estimations may help cooperatives, exporters, and 

local processors identify promising lots more efficiently prior to formal sensory evaluation. 

This can be particularly beneficial in regions with limited access to certified cuppers or during 

peak harvest periods when sample volumes are high. 

The concentration of importance in attributes such as Flavor, Balance, and Clean Cup 

further provides actionable insights for producers. These attributes are often influenced by post-

harvest practices, including fermentation control, drying consistency, and defect management. 

Understanding which sensory variables carry the highest predictive weight may guide 

producers in prioritizing quality improvement interventions that most directly affect cupping 

outcomes. 

Lastly, the computational efficiency of LightGBM supports its integration into 

lightweight digital assessment tools, enabling rapid, data-driven estimations that complement 

human cuppers rather than replacing them. For Indonesia's growing specialty coffee sector—

where consistency, traceability, and efficiency are increasingly important—predictive 

modeling can serve as an additional decision-support layer to enhance competitiveness in 

domestic and international markets. 

 

CONCLUSIONS AND RECOMMENDATIONS 

This study demonstrates that LightGBM can provide an objective prediction of Arabica 

coffee Total Cup Points using standardized cupping data. After hyperparameter tuning, the 

model achieved stable performance under the 10-fold validation scheme, with an R² of 0.9634 

and an RMSE of 0.4673. In the algorithm comparison, the optimized LightGBM model 

outperformed XGBoost evaluated under default settings and also produced higher accuracy 

than Random Forest and SVR. Feature importance analysis identified flavor, balance, clean 

cup, and aftertaste as the most influential sensory attributes. Future research is recommended 

to incorporate chemical, environmental, or image-based features to improve model 

generalization, and to validate the approach in real cupping environments across different 

Arabica varieties and production regions so the model can be more broadly applied within the 

coffee industry. 
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