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Abstract 
Accurate prediction of coffee shelf-life is essential for maintaining product quality and supporting storage 

management. However, comparative studies evaluating interpretable statistical models and ensemble 

learning algorithms for coffee shelf-life prediction remain limited, particularly using simulation-based 

datasets. This study compared the predictive performance of Multiple Linear Regression (MLR), Random 

Forest Regression (RFR), and Gradient Boosting Regression (GBR) using a simulation-based dataset of 400 

observations representing realistic storage conditions. Model performance was evaluated using Mean 

Absolute Error (MAE), Root Mean Square Error (RMSE), and the coefficient of determination (R²). MLR 

achieved the best performance with the lowest MAE (10.01 days), the lowest RMSE (12.55 days), and the 

highest R² (0.8649), outperforming both ensemble learning models. Feature importance analysis consistently 

identified storage temperature as the most influential predictor of coffee shelf-life. These findings 

demonstrate that increased model complexity does not necessarily improve predictive accuracy and support 

the use of simulation-based datasets for developing predictive models prior to validation with experimental 

data. 

Keywords: Coffee shelf-life; mathematical modeling; multiple linear regression; random forest regression; 

gradient boosting regression 

 

Abstrak 
Prediksi umur simpan kopi yang akurat penting untuk menjaga mutu produk dan mendukung pengelolaan 

penyimpanan. Namun, penelitian yang membandingkan model statistik yang mudah diinterpretasikan 

dengan algoritma ensemble learning untuk prediksi umur simpan kopi masih terbatas, terutama 

menggunakan dataset berbasis simulasi. Penelitian ini membandingkan kinerja Multiple Linear Regression 

(MLR), Random Forest Regression (RFR), dan Gradient Boosting Regression (GBR) menggunakan dataset 

simulasi sebanyak 400 observasi yang merepresentasikan kondisi penyimpanan kopi yang realistis. Kinerja 

model dievaluasi menggunakan Mean Absolute Error (MAE), Root Mean Square Error (RMSE), dan koefisien 

determinasi (R²). Hasil penelitian menunjukkan bahwa MLR memberikan performa terbaik dengan MAE 

terendah (10,01 hari), RMSE terendah (12,55 hari), dan R² tertinggi (0,8649), melampaui kedua model 

ensemble learning. Analisis feature importance menunjukkan bahwa suhu penyimpanan merupakan faktor 

paling berpengaruh terhadap umur simpan kopi. Temuan ini menunjukkan bahwa kompleksitas model yang 

lebih tinggi tidak selalu meningkatkan akurasi prediksi serta mendukung penggunaan dataset simulasi 

sebagai tahap awal pengembangan model sebelum divalidasi menggunakan data eksperimen.  

Kata Kunci: Gradient boosting regression; multiple linear regression; pemodelan matematika; random forest 

regression; umur simpan kopi 
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1. INTRODUCTION 

Coffee is one of the most widely consumed beverages in the world and represents an 

important commodity in the global food industry (Angeloni et al., 2023). In addition to 

contributing to economic development and international trade, the coffee sector supports 

the livelihoods of millions of farmers and plays a significant role in food processing 

activities (Sachs et al., 2019). As consumer expectations continue to increase, maintaining 

product quality throughout storage and distribution has become essential. Consumers 

increasingly demand coffee products that retain their characteristic aroma, flavor, 

freshness, and overall acceptability until the end of their shelf-life. 

After processing and packaging, coffee products continue to undergo physical and 

chemical changes that gradually reduce their quality (Smrke et al., 2022). Oxidation of 

volatile compounds, moisture migration, and degradation of flavor constituents may alter 

sensory characteristics and eventually decrease consumer acceptance (Kam et al., 2026). 

Therefore, accurate estimation of shelf-life is crucial for determining expiration dates, 

optimizing inventory management, minimizing product losses, and supporting decision-

making throughout the coffee supply chain. 

Coffee shelf-life is influenced by several interacting factors. Storage temperature can 

accelerate deterioration reactions, while relative humidity affects moisture exchange 

between the product and its surrounding environment (Lopriore et al., 2025). Product 

characteristics such as moisture content and water activity also influence 

physicochemical stability and susceptibility to quality changes (Ibrahim Garba, 2023). 

Furthermore, storage duration reflects the cumulative effects of these conditions. Because 

these variables interact simultaneously, predicting shelf-life is often challenging and may 

not be adequately represented by simple relationships. 

Conventional approaches to shelf-life estimation in food products have largely relied on 

experimental procedures and kinetic models (Cui et al., 2023). Although these methods 

provide valuable insights into deterioration mechanisms, they often require extensive 

experimentation, considerable time, and substantial resources (X. Guo et al., 2026). 

Moreover, the assumptions underlying traditional models may not fully capture the 

complexity of food deterioration processes involving multiple interacting factors. 

Recent advances in computational methods have introduced data-driven approaches that 

offer greater flexibility in predictive modeling (X. Guo et al., 2026). Machine learning 

techniques have been increasingly applied in food science because of their ability to 

identify complex patterns and model nonlinear relationships without strict assumptions 

regarding data structure (Lin et al., 2023). Among statistical approaches, Multiple Linear 

Regression remains widely used due to its simplicity and interpretability, allowing 

researchers to explicitly quantify the influence of predictor variables on the response 

(Miller et al., 2022). However, its predictive performance may be limited when the 

underlying relationships are nonlinear. 
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Ensemble learning algorithms provide promising alternatives for addressing these 

limitations. Random Forest Regression improves prediction robustness by aggregating 

multiple decision trees, whereas Gradient Boosting Regression sequentially refines 

predictions by minimizing errors from previous learners (Kalule et al., 2023). Both 

methods have demonstrated strong predictive capabilities across various applications 

involving complex datasets (Jain et al., 2023). 

Despite the growing application of predictive analytics in food research, studies 

specifically focusing on coffee shelf-life prediction remain limited. Existing investigations 

predominantly emphasize experimental shelf-life determination, kinetic analyses, or the 

use of a single predictive approach (Rosillo et al., 2023). Comparative studies evaluating 

interpretable statistical models alongside ensemble learning techniques in the context of 

coffee storage are still scarce. To the best of our knowledge, no previous study has 

comparatively evaluated MLR, RFR, and GBR for coffee shelf-life prediction using 

simulation-based datasets representing diverse storage conditions. In addition, 

generating extensive experimental datasets under multiple storage scenarios is often 

costly and time-consuming, limiting opportunities for methodological exploration (Aung 

Moon et al., 2024). 

Although several studies have applied statistical models or machine learning techniques 

to food quality prediction, most investigations have focused on evaluating a single 

predictive approach or optimizing model accuracy within specific experimental datasets 

(X. Wang et al., 2022). Comparative analyses involving interpretable statistical models 

and ensemble learning algorithms under identical storage scenarios remain limited, 

particularly for coffee shelf-life prediction (Collazos-Escobar, Gutiérrez-Guzmán, et al., 

2025). Moreover, the scarcity of large experimental datasets covering diverse storage 

conditions has constrained systematic evaluation of predictive methodologies and limited 

the reproducibility of comparative studies (Bahamón-Monje et al., 2026). These 

limitations highlight the need for a standardized framework that enables fair comparison 

of predictive models under controlled yet realistic storage scenarios. 

Simulation based approaches offer an efficient alternative for addressing these challenges 

(Crowell et al., 2023). By generating datasets that represent realistic storage conditions 

and natural variability in deterioration processes, simulations enable researchers to 

evaluate predictive methodologies in a controlled environment before applying them to 

empirical observations (W. Guo et al., 2022). Such approaches are particularly useful for 

comparing model performance and investigating the influence of storage variables under 

diverse scenarios. 

Therefore, this study proposes a comparative mathematical modeling framework for 

predicting coffee shelf-life using a simulation-based dataset representing realistic storage 

conditions. Unlike previous studies that primarily focused on a single predictive approach 

or relied solely on experimental observations, this study systematically compares 

Multiple Linear Regression, Random Forest Regression, and Gradient Boosting 
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Regression within the same simulation framework. In addition to evaluating predictive 

performance using multiple statistical metrics, this study incorporates feature 

importance analysis to identify the relative contribution of storage variables to shelf-life 

prediction. The proposed framework provides a reproducible and computationally efficient 

approach for benchmarking predictive models prior to validation with experimental shelf-

life data, thereby contributing to the development of data-driven methodologies for coffee 

storage management. 

2.  MATERIALS AND METHODS 

Research Design 

This study employed a comparative mathematical modeling approach to evaluate the 

performance of different predictive methods in estimating coffee shelf-life under 

simulated storage conditions. The proposed framework combined a classical statistical 

approach and ensemble learning techniques to investigate their predictive capabilities. 

Multiple Linear Regression (MLR) was used as the baseline model because of its 

interpretability, whereas Random Forest Regression (RFR) and Gradient Boosting 

Regression (GBR) were selected to represent ensemble learning approaches capable of 

capturing nonlinear relationships among variables (Kutty et al., 2022; Zhou et al., 2023). 

The three models were selected to represent different levels of predictive complexity while 

maintaining methodological interpretability. Multiple Linear Regression was chosen as a 

conventional statistical baseline because of its transparent mathematical formulation and 

ease of interpretation (Kurt, 2024). Random Forest Regression and Gradient Boosting 

Regression were selected as representative ensemble learning algorithms due to their 

proven ability to capture nonlinear relationships and complex interactions among 

predictor variables (Kalule et al., 2023). Comparing these models enables evaluation of 

whether increased algorithmic complexity provides meaningful improvements over a 

simpler and more interpretable mathematical model under identical storage conditions. 

The overall procedure consisted of dataset generation, data preprocessing, model 

development, model evaluation, and feature importance analysis. The workflow of the 

study is illustrated in Figure 1. 

 

Figure 1. Research Workflow 
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Simulated Dataset Generation 

Experimental datasets describing coffee shelf-life under various storage environments are 

often limited because they require prolonged observation periods and substantial 

resources. (Cueva Ríos et al., 2023; Rosillo et al., 2023) Therefore, this study utilized a 

simulation-based dataset designed to represent realistic storage conditions commonly 

encountered during coffee storage and distribution. 

The simulation ranges adopted in this study were derived from values commonly reported 

in previous coffee storage and food shelf-life studies. Storage temperature, relative 

humidity, storage duration, moisture content, and water activity were selected because 

they are consistently recognized as key factors influencing physicochemical deterioration 

during storage (Collazos-Escobar, Gutiérrez-Guzmán, et al., 2025). Rather than 

representing a specific experimental dataset, these ranges were designed to capture 

realistic variations that may occur during coffee storage, transportation, and distribution. 

This simulation strategy provides a controlled environment for systematically comparing 

predictive models while preserving plausible storage conditions reported in the literature. 

A total of 400 observations were generated by combining plausible ranges of storage-

related variables associated with coffee deterioration. The predictor variables included 

storage temperature, relative humidity, storage duration, moisture content, and water 

activity. These variables were selected because they are known to influence 

physicochemical stability and the rate of quality deterioration during storage (Alessandro 

Del Nobile & Conte, 2023; Collazos-Escobar, Hurtado-Cortés, et al., 2025). Storage 

temperature ranged from 20–40 °C, representing typical environmental conditions during 

storage and transportation. Relative humidity varied between 50–90%, storage duration 

ranged from 1–180 days, moisture content ranged from 2–8%, and water activity ranged 

from 0.30–0.70. The response variable was coffee shelf-life, expressed in days. 

Each predictor variable was generated independently using continuous uniform 

distributions within the predefined ranges. This approach ensured that all plausible 

storage conditions had equal probabilities of being represented while avoiding bias toward 

specific environmental scenarios. The simulated shelf-life values were subsequently 

generated according to predefined deterioration assumptions with an added stochastic 

error component to reproduce natural variability commonly observed in food quality 

studies. 

Shelf-life values were simulated based on realistic deterioration patterns under varying 

storage conditions, with stochastic variability incorporated to mimic experimental 

observations. The simulation assumptions were established based on general 

deterioration principles reported in food shelf-life studies, in which unfavorable storage 

conditions tend to accelerate quality degradation (Herron et al., 2022). In general, the 

simulation framework assumed that unfavorable storage conditions, such as higher 

temperature, elevated relative humidity, prolonged storage duration, increased moisture 

content, and greater water activity, were associated with shorter shelf-life values. 
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Random variation was introduced to reproduce the natural fluctuations commonly 

encountered in food quality studies and to avoid deterministic relationships among 

variables. 

The resulting dataset represented diverse storage scenarios that allowed the predictive 

performance of different modeling approaches to be evaluated under realistic conditions. 

This simulation-based strategy provided an efficient alternative to lengthy experimental 

studies and facilitated methodological exploration prior to the application of empirical 

observations obtained from actual shelf-life experiments. The simulation framework was 

intended to represent general coffee storage conditions rather than a specific coffee 

variety or product type, thereby emphasizing methodological comparison over product-

specific prediction. 

Data Preprocessing 

The generated dataset was examined to ensure completeness and consistency before 

model development. Since the observations were produced programmatically, no missing 

values were present and no imputation procedures were required. The dataset was then 

divided into training and testing subsets using an 80:20 ratio. The training data were 

used to construct predictive models, while the testing data were used to evaluate the 

predictive performance of each model on unseen observations. 

An 80:20 train-test split was selected because it provides a balanced compromise between 

model training and unbiased performance evaluation and is widely adopted in predictive 

modeling studies (Ngusie et al., 2024). The larger training subset allows robust parameter 

estimation, whereas the independent testing subset provides an objective assessment of 

model generalization to previously unseen data. 

Prior to model development, exploratory analyses were performed to ensure that the 

simulated dataset was suitable for regression modeling. Because the predictor variables 

were generated independently within predefined ranges and no missing values were 

present, the dataset did not exhibit structural inconsistencies that could adversely affect 

model estimation. The primary objective of this study was comparative predictive 

performance rather than statistical inference; therefore, emphasis was placed on 

evaluating model accuracy across different predictive approaches using the same dataset. 

Model Development 

Three predictive models were developed and compared in this study. 

Multiple Linear Regression 

Multiple Linear Regression was employed as the conventional mathematical model for 

predicting coffee shelf-life (Alessandro Del Nobile & Conte, 2023). The relationship 

between predictor variables and shelf-life was expressed as 

𝑆𝐿 = 𝛽0 + 𝛽1𝑇 + 𝛽2𝑅𝐻 + 𝛽3𝐷 + 𝛽4𝑀𝐶 + 𝛽5𝑎𝑤 + 𝜀 
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where 𝑆𝐿 represents the predicted shelf-life (days), 𝑇 denotes storage temperature (°𝐶), 

𝑅𝐻 denotes relative humidity (%), 𝐷 represents storage duration (days), 𝑀𝐶 denotes 

moisture content (%), 𝑎𝑤 represents water activity, 𝛽0 is the intercept, 𝛽1, 𝛽2, … , 𝛽5 are 

regression coefficients, and 𝜀 is the random error term. 

MLR was selected because it provides explicit mathematical relationships that facilitate 

interpretation of the effects of predictor variables on shelf-life (Alessandro Del Nobile & 

Conte, 2023; Cui et al., 2023). 

Random Forest Regression 

Random Forest Regression is an ensemble learning method that combines predictions 

from multiple decision trees constructed using bootstrap samples of the training data 

(Rosati et al., 2023; Thelen et al., 2024). The predicted shelf-life can be expressed as 

𝑆𝐿̂ =
1

𝐵
∑𝑓𝑏(𝑥)

𝐵

𝑏=1

 

where 𝑆𝐿̂ is the predicted shelf-life, 𝐵 denotes the total number of decision trees, and 𝑓𝑏(𝑥) 

represents the prediction produced by the 𝑏-th tree. 

By aggregating multiple trees, Random Forest can improve prediction stability, reduce 

overfitting, and accommodate nonlinear interactions among predictor variables (Camur 

et al., 2024). This aggregation strategy reduces variance and improves generalization 

performance (Che et al., 2023). 

For model implementation, the Random Forest Regression model was constructed using 

100 decision trees with the default Scikit-learn settings. Bootstrap sampling was enabled, 

and the random state was fixed to ensure reproducibility of the simulation results. 

Gradient Boosting Regression 

Gradient Boosting Regression constructs predictive models sequentially by minimizing 

the prediction errors generated by previous learners (Mandal et al., 2021). The model can 

be formulated as 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝛾𝑚ℎ𝑚(𝑥) 

where 𝐹𝑚(𝑥) is the prediction function at iteration 𝑚, 𝐹𝑚−1(𝑥) is the prediction obtained 

from the previous iteration, ℎ𝑚(𝑥) represents the weak learner fitted at iteration 𝑚, and 

𝛾𝑚 is the shrinkage parameter (learning rate). 

This iterative approach enables the model to capture complex patterns and nonlinear 

relationships within the data (Ayinde et al., 2023). 

Gradient Boosting Regression was implemented using 100 estimators, a learning rate of 

0.1, and the default maximum tree depth provided by Scikit-learn. A fixed random state 

was also specified to ensure reproducibility throughout the model development process. 
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Model Evaluation 

The predictive performances of the developed models were evaluated using Mean 

Absolute Error (MAE), Root Mean Square Error (RMSE), and the coefficient of 

determination (𝑅2). 

Mean Absolute Error was calculated as 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦̂𝑖

𝑛

𝑖=1

| 

where 𝑦𝑖 and 𝑦̂𝑖 denote the observed and predicted shelf-life values, respectively. 

Root Mean Square Error was computed as 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖

𝑛

𝑖=1

)2 

which gives greater penalties to larger prediction errors (Terven et al., 2025). 

The coefficient of determination was calculated as 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖
𝑛
𝑖=1 )2

∑ (𝑦𝑖 − 𝑦̅𝑖
𝑛
𝑖=1 )2

 

where 𝑦̅ is the mean of the observed shelf-life values. 

Lower MAE and RMSE values indicate better predictive performance, whereas higher 𝑅2 

values indicate that a larger proportion of the variability in shelf-life can be explained by 

the model (S. Wang et al., 2022). 

The three evaluation metrics were selected because they provide complementary 

perspectives on predictive performance. MAE measures the average magnitude of 

prediction errors and is easily interpretable in the original measurement unit. RMSE 

assigns greater penalties to larger prediction errors, making it more sensitive to 

substantial deviations between observed and predicted values. Meanwhile, the coefficient 

of determination (R²) quantifies the proportion of variability explained by the model, 

allowing comprehensive comparison of predictive capability across different modeling 

approaches (X. Wang et al., 2022). 

Feature Importance Analysis 

Feature importance analysis was conducted for the ensemble learning models to quantify 

the relative contribution of each predictor variable to shelf-life estimation. The resulting 

importance scores were used to identify which storage factors exerted the greatest 

influence on coffee shelf-life predictions. Higher importance scores indicated stronger 

contributions of predictor variables to the predictive process. Understanding the 
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contribution of individual variables may provide practical insights for quality control and 

support decision-making related to coffee storage management. 

Computational Environment 

All simulations, model development procedures, and statistical analyses were performed 

using Python 3 within the Google Colab environment. Several open-source libraries were 

utilized, including NumPy for numerical computation, Pandas for data management, 

Scikit-learn for predictive modeling, and Matplotlib for data visualization. 

3.  RESULTS AND DISCUSSIONS 

Descriptive Statistics of the Simulated Dataset 

The descriptive statistics of the simulated dataset are presented in Table 1. A total of 400 

observations representing diverse coffee storage scenarios were successfully generated. 

The predictor variables covered a wide range of storage conditions that may realistically 

occur during coffee storage and distribution. The average storage temperature was 29.88 

± 5.88 °C, ranging from 20.10 to 39.81 °C. Relative humidity exhibited a mean value of 

69.99 ± 11.75%, with observations varying between 50.43% and 89.99%. Storage duration 

ranged from 1.83 to 179.63 days, with an average of 91.14 ± 53.13 days. Moisture content 

and water activity showed mean values of 4.98 ± 1.74% and 0.50 ± 0.12, respectively. 

The simulated coffee shelf-life values ranged from 15.99 to 166.55 days, with an average 

shelf-life of 83.26 ± 34.43 days. These values fall within realistic storage periods reported 

for packaged coffee products under varying environmental conditions (Rosillo et al., 2023). 

The broad distribution of shelf-life observations indicates that the generated dataset 

adequately captured variability in storage environments, thereby providing an 

appropriate basis for evaluating predictive models. 

Table 1. Descriptive Statistics of the Simulated Dataset 

Variable Mean ± SD Minimum Maximum 

Storage Temperature (°C) 29.88 ± 5.88 20.10 39.81 

Relative Humidity (%) 69.99 ± 11.75 50.43 89.99 

Storage Duration (days) 91.14 ± 53.13 1.83 179.63 

Moisture Content (%) 4.98 ± 1.74 2.03 7.99 

Water Activity 0.50 ± 0.12 0.30 0.70 

Shelf-Life (days) 83.26 ± 34.43 15.99 166.55 

Comparative Performance of Predictive Models 

The predictive performances of Multiple Linear Regression (MLR), Random Forest 

Regression (RFR), and Gradient Boosting Regression (GBR) are summarized in Table 2. 

Contrary to the common assumption that more sophisticated machine learning 

approaches necessarily provide superior predictive capabilities, the present study 

demonstrated that the conventional Multiple Linear Regression model achieved the 

highest predictive accuracy (Landschaft et al., 2025). MLR produced the lowest Mean 

Absolute Error (MAE) of 10.01 days and the lowest Root Mean Square Error (RMSE) of 
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12.55 days. In addition, MLR attained the highest coefficient of determination (R² = 

0.8649), indicating that approximately 86.49% of the variability in coffee shelf-life could 

be explained by the linear model. 

In comparison, Random Forest Regression yielded an MAE of 11.49 days, an RMSE of 

14.78 days, and an R² value of 0.8127. Similarly, Gradient Boosting Regression produced 

an MAE of 11.50 days, an RMSE of 14.39 days, and an R² value of 0.8225. Although both 

ensemble learning approaches demonstrated satisfactory predictive performance, neither 

surpassed the simpler MLR model under the simulated storage conditions considered in 

this study. These findings suggest that the relationships between storage variables and 

coffee shelf-life within the generated scenarios were sufficiently approximated by linear 

associations. Consequently, the increased complexity introduced by ensemble learning 

algorithms did not necessarily translate into improved prediction accuracy. 

The present findings are consistent with previous studies reporting that simpler 

statistical models may achieve predictive performance comparable to or even exceeding 

that of more sophisticated machine learning algorithms when the underlying 

relationships among variables are predominantly linear. Ensemble learning methods 

generally provide greater advantages for highly nonlinear datasets with complex feature 

interactions. In the present simulation framework, however, the storage variables were 

generated within realistic yet controlled ranges that preserved predominantly linear 

deterioration patterns. Consequently, the additional flexibility offered by Random Forest 

Regression and Gradient Boosting Regression did not produce substantial improvements 

in prediction accuracy over Multiple Linear Regression. 

The superior performance of Multiple Linear Regression also reflects the characteristics 

of the simulated dataset. Because the response variable was generated according to 

predefined deterioration assumptions with moderate stochastic variability, the dominant 

relationships between storage conditions and shelf-life remained largely additive and 

monotonic. Under such circumstances, the linear model was sufficiently flexible to 

describe the underlying data structure while avoiding the unnecessary complexity 

introduced by ensemble learning algorithms. This finding emphasizes that model 

selection should be guided by data characteristics rather than by algorithmic 

sophistication alone. 

These findings complement previous studies demonstrating the successful application of 

machine learning techniques for food quality prediction while highlighting that predictive 

superiority is not universal across all datasets. Several studies have shown that ensemble 

learning algorithms outperform conventional regression models when nonlinear 

relationships dominate the data. In contrast, the present study demonstrates that under 

controlled simulation-based storage scenarios characterized by relatively stable 

deterioration patterns, Multiple Linear Regression remained highly competitive and 

provided superior interpretability without compromising predictive performance. 
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Table 2. Performance Comparison of Predictive Models 

Model MAE RMSE 𝑅2 

Multiple Linear Regression 10.0147 12.5522 0.8649 

Random Forest Regression 11.4913 14.7775 0.8127 

Gradient Boosting Regression 11.4990 14.3875 0.8225 

 

 

Figure 2. Actual vs Predicted: Multiple Linear Regression 

Figure 2 demonstrates that the predictions generated by Multiple Linear Regression 

closely followed the observed shelf-life values. Most observations clustered around the 1:1 

reference line, suggesting that the linear model adequately captured the relationships 

between storage conditions and coffee shelf-life. Only minor deviations were observed at 

the lower and upper ranges of shelf-life values. 

 

Figure 3. Comparison of Model Performance Based on 𝑅2 
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Figure 3 further illustrates the comparative predictive performances of the evaluated 

models. Multiple Linear Regression exhibited the highest coefficient of determination, 

indicating that the linear model explained approximately 86.49% of the variability in 

coffee shelf-life. In contrast, Random Forest Regression and Gradient Boosting Regression 

achieved R² values of 81.27% and 82.25%, respectively. These findings suggest that 

increasing model complexity did not necessarily improve prediction accuracy within the 

simulated storage scenarios considered in this study. 

Feature Importance Analysis 

Feature importance analyses derived from Random Forest Regression and Gradient 

Boosting Regression revealed highly consistent patterns regarding the relative influence 

of storage variables on coffee shelf-life prediction. For Random Forest Regression, storage 

temperature emerged as the most influential predictor, accounting for 57.88% of the total 

importance score. Relative humidity ranked second with an importance value of 21.88%, 

followed by storage duration at 11.94%. Water activity and moisture content contributed 

6.36% and 1.94%, respectively. Similarly, Gradient Boosting Regression identified storage 

temperature as the dominant predictor, contributing 55.92% of the overall importance. 

Relative humidity accounted for 21.49%, while storage duration represented 14.04% of 

the importance score. Water activity and moisture content contributed 6.29% and 2.26%, 

respectively. The consistent ranking across both ensemble models strengthens the 

reliability of these findings. Temperature appears to be the primary determinant of coffee 

shelf-life, highlighting its critical role in accelerating physicochemical deterioration 

processes (Alessandro Del Nobile & Conte, 2023; Rosillo et al., 2023). Elevated 

temperatures are generally associated with faster degradation of volatile compounds, 

increased oxidation rates, and reduced preservation of desirable sensory attributes . 

Relative humidity and storage duration also exert substantial influences because they 

affect moisture exchange and cumulative deterioration over time (Feitosa et al., 2020). 

In contrast, moisture content exhibited the smallest contribution to predictive 

performance. This observation may indicate that, within the simulated ranges considered 

in this study, moisture content had a relatively limited independent effect compared with 

broader environmental conditions. 

Table 3. Feature Importance Obtained from Random Forest Regression 

Variable Importance 

Storage Temperature 0.5788 

Relative Humidity 0.2188 

Storage Duration 0.1194 

Water Activity 0.0636 

Moisture Content 0.0194 
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Figure 4. Feature Importance: Random Forest Regression 

Figure 4 illustrates the relative importance of predictor variables obtained from Random 

Forest Regression. The results emphasize the dominant influence of storage temperature, 

followed by relative humidity and storage duration, indicating that environmental storage 

conditions exert stronger effects on shelf-life deterioration than intrinsic moisture 

characteristics within the simulated ranges considered. 

Table 4. Feature Importance Obtained from Gradient Boosting Regression 

Variable Importance 

Storage Temperature 0.5592 

Relative Humidity 0.2149 

Storage Duration 0.1404 

Water Activity 0.0629 

Moisture Content 0.0226 

 

 

Figure 5. Feature Importance: Gradient Boosting Regression 
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Figure 5 presents the feature importance scores obtained from Gradient Boosting 

Regression. The ranking pattern was consistent with the Random Forest model, 

confirming that storage temperature was the dominant predictor of coffee shelf-life, 

followed by relative humidity and storage duration. This consistency strengthens the 

finding that environmental storage conditions played a greater role than moisture-related 

intrinsic factors within the simulated dataset. 

Implications of the Finding 

An important implication of this study is that model complexity should not automatically 

be equated with superior predictive capability. While ensemble learning techniques have 

gained widespread popularity because of their ability to capture nonlinear relationships, 

the present findings demonstrate that simpler and more interpretable models may 

perform equally well or even better when the underlying relationships among variables 

are predominantly linear. 

From a practical perspective, the superior performance of Multiple Linear Regression 

offers advantages for shelf-life assessment because the model provides explicit 

mathematical relationships that facilitate interpretation and implementation. This 

characteristic may be particularly beneficial in industrial settings where transparency 

and ease of application are essential considerations. 

From an industrial perspective, the proposed Multiple Linear Regression model may 

serve as a practical decision-support tool for estimating coffee shelf-life using routinely 

measurable storage variables. Because the model is mathematically transparent and 

computationally inexpensive, it can be readily implemented by coffee producers, storage 

facilities, and supply chain managers without requiring advanced computational 

resources. This practicality may facilitate inventory planning, storage optimization, and 

expiration date estimation in small- and medium-scale coffee industries. 

Overall, this study highlights that the selection of predictive methodologies should be 

guided by the characteristics of the data rather than by assumptions regarding 

methodological sophistication. Under the simulated storage conditions evaluated herein, 

conventional linear modeling remained a competitive and effective approach for 

predicting coffee shelf-life. 

Study Limitations 

This study employed a simulation-based dataset to enable systematic comparison of 

predictive models under controlled storage scenarios. Although the simulated data were 

generated using realistic parameter ranges derived from the literature, they cannot fully 

represent the complexity and variability of experimental coffee shelf-life observations. 

Consequently, the predictive performance reported in this study should be interpreted as 

a methodological comparison rather than definitive evidence of real-world model 

superiority. Future research should validate the proposed framework using experimental 
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datasets collected under actual storage conditions and incorporate additional 

physicochemical and sensory quality indicators to further improve prediction reliability. 

4.  CONCLUSION 

This study comparatively evaluated the performance of Multiple Linear Regression 

(MLR), Random Forest Regression (RFR), and Gradient Boosting Regression (GBR) for 

predicting coffee shelf-life using a simulation-based dataset representing realistic storage 

conditions. Among the evaluated models, MLR achieved the highest predictive accuracy, 

demonstrating that a simple and interpretable statistical model can outperform more 

complex ensemble learning algorithms when the underlying relationships between 

predictor variables and shelf-life are predominantly linear. Beyond model comparison, 

this study provides a reproducible simulation-based framework for benchmarking 

predictive models prior to experimental validation. The consistent identification of 

storage temperature as the most influential predictor further highlights the importance 

of environmental storage conditions in maintaining coffee quality and supports its 

consideration in future predictive modeling studies. 

The findings should be interpreted within the scope of the simulated dataset employed in 

this research. Although the simulation ranges were derived from realistic storage 

conditions reported in the literature, experimental validation using real coffee shelf-life 

data remains necessary to confirm the generalizability of the proposed framework. Future 

studies are therefore encouraged to integrate experimental observations, additional 

physicochemical and sensory quality indicators, and more diverse predictive algorithms 

to further enhance the robustness and practical applicability of coffee shelf-life prediction 

models. 
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