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Abstract

Accurate demand forecasting significantly benefits the food and beverage industry — minimizing waste, optimizing
inventory, and meeting market demands. Traditional forecasting methods fail to capture non-linear relationships and
external factors such as holidays, weather conditions, and macroeconomic factors. This study developed a machine
learning-based forecasting framework by working on alcoholic beverages as a representative product category, given
their growing per capita consumer spending and consumption. The research aimed to evaluate the performance of
different ML models in comparison to one another and other traditional forecasting techniques. The models also
incorporated feature selection and hyperparameter tuning to optimize predictions and were assessed through different
accuracy metrics. Results demonstrated that XGBoost excelled in both accuracy and computational efficiency. Feature
selection using correlation enhanced computational efficiency, but led to a slight reduction in forecast accuracy.
Additionally, hyperparameter tuning methods of Random Search outperformed Grid Search in both accuracy and
execution time. Overall, the study recommended adding more factors, leveraging algorithms for other applications,
incorporating hyperparameter tuning, and investing in data.
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1. Introduction

The Philippine food and beverage (F&B) industry plays a critical role in satisfying national food requirements, yet it
faces numerous challenges, particularly in supply chain efficiency and demand forecasting. This sector is rapidly
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evolving, increasing investments and shifting consumer preferences toward processed and ready-to-eat foods. Retail
F&B sales in the Philippines were projected to grow by 10% annually starting in 2021, highlighting the urgent need
for better alignment between industry operations and customer demand.

However, the industry struggles with implementing sophisticated supply chain practices, particularly in forecasting
demand. The tropical climate exacerbates the challenge by accelerating the spoilage of perishable goods, emphasizing
the need for accurate forecasting to ensure efficient resource allocation, inventory management, and production
planning. Many establishments lack the tools and models to anticipate demand effectively, leading to inefficiencies
such as overstocking, understocking, and increased operational costs.

In the alcoholic beverage segment, which forms a significant part of the F&B industry, these challenges are even more
pronounced. Alcohol consumption patterns are influenced by seasonality, public holidays, and socio-economic
conditions. Warmer weather and cultural events drive higher consumption, while preferences vary across
demographics. With consumer spending on alcoholic beverages expected to grow substantially in the coming years,
understanding and predicting demand in this sector is more critical than ever. Despite its economic significance,
research on demand forecasting for alcoholic beverages, especially in the Philippine context, remains limited. Current
practices often overlook crucial external factors such as regional weather patterns, macroeconomic indicators, and
cultural nuances. These gaps lead to suboptimal decisions, resulting in waste and lost revenue opportunities.

This study focused on developing a machine learning-based framework that integrated external variables to improve
demand forecasting accuracy. Unlike traditional methods, this approach captured complex and non-linear relationships
in data, enabling more precise predictions. The framework was designed to address the specific needs of the alcoholic
beverage sector while also being adaptable to other categories within the F&B industry. This research sought to
revolutionize supply chain practices in the Philippine F&B industry by addressing critical gaps in forecasting accuracy
and enhancing its resilience and adaptability to meet consumer demands.

1.1 Objectives

This study aimed to quantify the performance and accuracy of a proposed forecasting framework utilizing different
machine learning algorithms, basic hyperparameter tuning models, and feature selection or a lack thereof. Machine
learning algorithms, namely Random Forest Regression and Boosted Regression Trees (e.g., Gradient-Boosted,
XGBoost, AdaBoost), were evaluated. The study also aimed to evaluate the performance of forecasting algorithms
with grid search and random search hyperparameter tuning. The presence of feature selection is also assessed. The
best framework is determined by comparing the computational efficiency and forecasting accuracy using a range of
metrics.

2. Literature Review

Accurately forecasting demand is crucial in effectively managing a food and beverage (F&B) outlet. It allows for
precise inventory ordering that minimizes pre-consumer waste and is a key input for revenue, operations, and product
management (Lasek et al. 2016). However, most F&B outlets are small businesses with limited access to advanced
forecasting technologies, prompting experience- and intuition-based forecasting heuristics. This results in inaccurate
predictions as such techniques exclude external factors such as weather conditions, holidays, and events (Groene and
Zakharov 2024; Posch et al. 2022).

In addition to manual forecasting and related heuristics, studies also discuss applying other traditional forecasting
models in the F&B industry. Jiang et al. (2020) also used a multiple regression model to study the demand for vodka
products and compared the results with an autoregressive integrated moving average (ARIMA) model. A Box-Jenkins
method has been further applied in forecasting overall alcohol consumption and consumption by alcohol type (e.g.
wine, beer, spirits) concerning socio and economic factors (Slovackova et al. 2016). Hallak et al. (2022) employed
Poisson regression in predicting the demand for healthy beverages through the willingness to pay a premium; the data
about motivational, demographic, and behavioral variables was also analyzed. Tirkes et al. (2017) employed
exponential smoothing and Holt-Winters in forecasting the demand for jam and sherbet products, exhibiting low
reliance on historical data by assigning increasing weights to recent observations.

Forecasting in the F&B industry is further characterized by its complexity and is influenced not just by historical sales
data. Demand tends to peak particularly on Fridays and Saturdays, holidays, summer months, and even specific meal
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times such as lunch or dinner (Lasek et al. 2016) Meanwhile, variations in weather can support seasonality trends
(Buyjisic et al. 2016). Hirche et al. (2021), using seasonal ARIMA, included the effects of holidays in analyzing the
sales of alcoholic beverages, in addition to considering day temperature and geographical locations. Public holidays
generally boost sales, especially in locales with warmer temperatures. Regarding the macro perspective, Sadik-Zada
and Niklas (2021) state that alcohol consumption volume is significantly influenced by economic expansion and
contraction. This is further supported by Collins (2016), with increasing alcohol consumption being triggered by
periods of recessions and unemployment. Unemployment can generally decrease food spending (Restrepo et al., 2021)
as consumers would have lower disposable income; overall, demand for F&B products would decline, particularly in
restaurants and premium food segments (Kumar 2021). Location-related factors, on the other hand, such as city sales
and geographic distribution, can determine where most demand occurs (Nassibi et al. 2023).

Over time, machine learning (ML) models have been used; by leveraging ML, food companies can better adapt to
market fluctuations and optimize their supply chains (Falatouri et al. 2022). ML models outperform traditional linear
models, often affected by human error; ML techniques provide higher predictive capacity and can handle big datasets
(Tsoumakas 2019). ML models recursively look for statistical regularities and adapt to evolving patterns to reduce
error and increase accuracy, even without pre-defined assumptions (Chan et al. 2022). Priyadarshi et al. (2019)
compared random forest regression, gradient-boosted regression, and extreme gradient-boosting (XGBoost)
regression models in determining the optimal daily quantity of fresh produce. XGBoost regression best performs in
terms of accuracy (Yerragudipadu et al. 2023); the model is further applied by related studies in hourly sales data of
a fast-food outlet (Groene and Zakharov 2024) and daily customer sales and POS data (Tanizaki et al. 2019). ML
models outperform heuristic forecasts, reducing prediction errors by 22% to 33% in root mean squared error and 19%
to 31% in mean average error (Groene and Zakharov 2024).

Other ML algorithms include random forest regression, which breaks down the best prediction into sub-decisions
(Gianey and Choudary 2017). The model is easily interpretable but prone to overfitting. Boosted decision trees
combine multiple decision trees and iteratively focus on the learning times of incorrectly forecasted instances by
increasing the weight allocation of those cases to improve predictive accuracy (Prajwala 2015; Tanizaki et al. 2019).
Adaptive boosting is the first application to update the dataset incrementally and adjust coefficients, focusing on those
with higher inaccuracies (Azmi and Baliga 2020).

To improve the accuracy of ML models and save computational resources, irrelevant factors are removed, and
dimensions are reduced through feature selection (FS). FS allows the removal of irrelevant and noisy predictors
(Zebarri et al. 2020). The most widely used FS method is the Pearson correlation coefficient, which is computationally
simple and efficient (Venkatesh and Anuradha 2019). In machine learning, hyperparameters exist outside the model
itself and are not directly learned from the data. Different techniques have been developed to tune hyperparameters
and avoid manual selection. The most used and simplest ones to implement include Grid Search and Random Search
(Mantovani 2016; Aguiar and Cano 2023). Grid search assesses all combinations of hyperparameters to determine
which produces the best-performing model but is subject to the curse of dimensionality. Random search is more
practical as it searches for combinations strategically and randomly (Liashchynskyi and Liashchynskyi 2021).
Evaluation metrics, on the other hand, assess forecasting performance and how well the models can capture trends
(Rodrigues et al. 2024):

e Mean Squared Error (MSE). MSE quantifies the mean squared differences between the predicted and true
values, penalizing larger errors (Aci and Yergok 2023). Generally, an MSE closer to zero is favorable.

e Mean Absolute Error (MAE). The MAE measures the average magnitude in which the model's predictions are
incorrect, measuring maximum losses; hence, the ideal value is always zero (Wiyanti et al. 2021).

e Root Mean Squared Error (RMSE). RMSE is the mean squared error between the forecasted and true values
and is sensitive toward outliers due to squared prediction errors. A low RMSE is preferred (Yoo and Oh 2020).

e Coefficient of Determination (R?). R? explains the proportion of the variation in the dependent variable that can
be explained by the independent variable(s); a value closer to 1 indicates a more substantial relationship (Aci and
Yergok 2023).

e Execution Time. Du et al. (2013) measured execution time in seconds to quantify how long it takes for a model
to train and test a particular data set.

In the debate on which evaluation metric demonstrates superiority over the other, it is often necessary to use a
combination of metrics to assess model performance comprehensively. MSE and RMSE is optimal for normally
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distributed errors (Hodson 2022) and account for the variance of errors, resulting in the metrics being more sensitive
to outliers (Brassington 2017). MAE is preferred for Laplacian errors and is more interpretable in quantifying average
error (Robeson and Willmott 2023). On the other hand, Chicco et al. (2021) indicate that R? is more informative in
regression analysis evaluation.

The different studies highlighted the significance of demand forecasting in the F&B industry and alcoholic beverages.
Accurate demand forecasting methodologies enable organizations to align their operations with the market demand.
Traditional forecasting methods have been widely used but display reliance on time-series analysis, which is often
limited by their inability to account for complex and nonlinear relationships in demand patterns. Meanwhile, machine
learning techniques can offer significant advantages in processing larger data and capturing complex patterns,
especially when external factors are considered apart from historical patterns that further enhance forecast accuracy.
Additionally, through feature selection and hyperparameter tuning, ML methods can address overfitting and
interpretability to improve model reliability. Hence, this allows predictions to adapt to market fluctuations and demand
shifts. Additionally, common evaluation metrics were also mentioned to assess the forecasting performance of
different forecasting models. These metrics can quantify the accuracy of predictions. Overall, ML models can enhance
supply chain efficiency by demonstrating reliable forecasts, addressing current limitations, and considering external
variables.

3. Methods
Actual Data External Factors
Sales of Alcoholic Price of Alcoholic Macroeconomic Condition
Beverage Product Beverage Product Dl L B iRy (Unemployment Rate) DAyt Weck

Feature Selection

Hyperparameter Tuning

I

Supervised Regression

Relevant Factors

Random Forest RN XgBoost AdaBoost
Decision Tree Decision Tree Decision Tree
MSE MAE RMSE R? Execution

Time

Figure 1. Conceptual Framework
Historical sales data were gathered from a food and beverage company in the Philippines. These sales data were

aligned by date and combined into a single data frame with other external predictors gathered via public online data.
These external factors are measured and collected as follows:

© IEOM Society International 253



Proceedings of the 6" African International Conference on Industrial Engineering and Operations
Management Rabat, Morocco, April 7-10, 2025

Table 1. Measures of Variables

Factor Unit of Measurement

Sales Quantity sold

Macroeconomic Conditions

Unemployment Rate Percentage
Day of the week 1- Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday, 6 - Saturday, 7 - Sunday
Weather Temperature Average temperature in degF
Holiday 0 - No holiday, 1 - with holiday

After pre-processing, the data underwent feature selection. Specifically, Pearson’s Correlation Coefficient and factors
with negligible correlation (less than positive and negative 0.3) were removed. Two data sets were further processed,
one with feature selection having fewer dimensions and another without. The resulting datasets were used to train
and test the machine learning model; 80% of the data were used for training, while 20% were used for testing. Several
machine learning models were evaluated: Random Forest Regression, Gradient Boosting, Extreme Gradient Boosting,
and Adaptive Boosting. Each machine learning algorithm was sourced from Scikit Learn to Python programming.
Additionally, the hyperparameters for each machine learning algorithm were determined by grid search and random
search in separate trials. Ten folds of cross-validation were used to ensure satisfactory model training. The resulting

combinations are shown in the tree diagram below:
rramevert \

Feature Dimension Reduction (using No Dimension Reduction
Selection Pearson Correlation)
M“"‘f’“e Random Gradient Boost AdaBoost XgBoost Random Gradient Boost AdaBoost XgBoost
Learning Forest Forest -
Hyperparameter Randem Grid Random Grid Random Grid Random Grid Random Grid Random Grid Random Grid Random Grid
Tuning Search Search Search Search Search Search Search Search Search Search Search Search Search Search Search Search

Figure 2. Tree Diagram of Framework Combinations

Each combination or trial was evaluated using metrics of accuracy and computational efficiency. These metrics were
the basis of comparison for assessing the best framework.

4. Data Collection

The research began with acquiring historical sales data from a restobar in Quezon City, Philippines, covering 2021 to
2024. The dataset, specifically focusing on alcoholic beverage sales, was categorized into three primary product
groups: Product 1 - Bucket (Beer), Product 2 - Cocktails, and Product 3 - Beer (Bottle). This internal data served as
the foundational dataset for analyzing past demand patterns.

Supplementary data was sourced from online resources to include possible external factors influencing demand. This
included macroeconomic indicators such as the unemployment rate (macroeconomic factor), weather temperature
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data, and holiday dates. Subsequently, the online and company sales data were merged, ensuring all information
aligned with the corresponding dates.

5. Results and Discussion

5.1 Numerical Results

Results of accuracy metrics and execution time were compared for models with and without feature selection and
between hyperparameter tuning methods: Grid Search and Random Search. The values were aggregated by averaging
the value across all three products tested. This approach provided a summary value, ensuring consistency.

Feature Selection

As presented in Table 2, feature selection may not always enhance model performance, significantly when the data is
already well-structured and selected features are not strongly correlated with the target variable. Models such as the
random forest have the necessary robustness to irrelevant or redundant features. Additionally, models such as
XGBoost have an inherent ability to assign important features during training due to their tree-based splitting
mechanisms and regularization capabilities, likely contributing to the minimal impact of explicit feature selection on
accuracy.

Table 2. Comparison of feature selection for machine learning algorithms

Feature Selection

Gradient-Boosted AdaBoost Decision
Averageof  Random Forest Decision Tree XGBoost Decision Tree Tree
Values Absent Present Absent Present Absent Present Absent Present
ET 207.80 199.54 62.19 53.20 12.14 6.80 9.31 9.70
MAE 5.72 5.83 5.87 5.86 5.82 5.85 6.67 5.81
MSE 86.09 87.10 86.40 88.01 85.42 85.69 111.66 87.92
R™2 0.42 0.41 0.42 0.39 0.42 0.41 0.40 0.41
RMSE 8.71 8.75 8.74 9.20 8.71 8.71 10.20 8.83

Hyperparameter Tuning

Table 3 displays minimal variability between the sets of results. In contrast, more data and dimensions can
exponentially increase the difference between the computational resources they require as per the curse of
dimensionality. Random Search resulted in an overall higher accuracy, producing models that are equally good or
better than Grid Search in less time. However, it is at the companies' discretion to consider whether the option is best
based on their trade-off analyses.
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Table 3. Comparison of hyperparameter tuning for machine learning algorithms

Hyperparameter Tuning

Gradient-Boosted AdaBoost Decision
Average of Random Forest Decision Tree XGBoost Decision Tree Tree
Values Grid Random Random Random Random

Search Search  Grid Search  Search  Grid Search  Search  Grid Search  Search

ET 390.43 16.91 88.01 27.37 10.64 8.31 11.70 7.30
MAE 5.76 5.79 5.85 5.89 5.80 5.87 5.82 6.66
MSE 86.15 87.04 86.88 87.52 85.19 85.92 88.88 110.70
R"2 0.42 0.42 0.40 0.41 0.42 0.41 0.39 0.42

RMSE 8.72 8.74 8.47 9.47 8.69 8.73 8.91 10.12

Comparison of Machine Learning Algorithms

For product 1 (bucket of beers), XGBoost is best performing in terms of the goodness of the model, while AdaBoost
minimizes absolute error and also has the quickest execution time. For product 2 (cocktails), the random forest model
best describes the model's goodness and minimizes absolute error. The model with the fastest execution time is
AdaBoost. Lastly, for product 3 (beers, by bottle), both XGBoost and AdaBoost display superior performance
regarding the model's goodness, with XGBoost also characterized by the quickest execution time. Meanwhile, random
forest minimizes absolute error. Table 4 displays such results.

Table 4. Comparison of machine learning algorithms by products

Comparison of Machine Learning Algorithms by Products

Average for Product 1 (Bucket of Beers) for Product 2 (Cocktails) for Product 3 (Beer, by bottle)
ofValues  pp GB XG AB RF GB XG AB RF GB XG AB
ET  181.04 61.14 1206 7.51 199.94 2985 636 6.14 230.03 82.08 10.00 14.86
MAE 845 856 854 833 309 312 3.15 451 578 592 581 5.89
MSE  157.46 157.09 154.93 160.81 22.65 24.22 23.18 59.40 79.68 80.30 78.57 79.16
R2 051 051 052 050 045 041 043 041 029 029 030 0.30

RMSE 1256 12.53 1245 12.68 4.69 542 481 6.96 8.93 896 8.86 8.90
Let: RF (Random Forest), GB (Gradient-Boosted), XG (XGBoosted), AB (AdaBoost)

Overall, no machine learning outperformed another significantly. The ML models with the highest accuracies mainly
varied from XgBoost and Random Forest. Regarding execution time, XgBoost and AdaBoost significantly surpassed
the other ML models, proving their computational efficiency. Considering the importance of balancing these two
considerations, time and accuracy, XgBoost is the best machine learning algorithm.

To further establish the validity of ML algorithms as a forecasting tool or their prospective to be a better predictor, the
different models were compared against traditional forecasting models: (1) Multiple Linear Regression, and (2)
Exponential Smoothing; results are displayed in Table 5. All the investigated machine learning models had a lower
error value in all metrics (MAE, MSE) and a higher accuracy in terms of r?;. However, the multi-linear regression has
a relatively adequate 12, indicating it can capture the variability of the dataset to an extent. However, it failed to
minimize the absolute error crucial in forecasting demand. Conversely, the exponential smoothing presented a
relatively low error but a very low r2. This implied an oversimplified model that may work like this dataset but cannot
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be certainly generalizable or applied to other models. In summary, machine learning algorithms outdid traditional
forecasting models in maximizing accuracy, capturing variability, and minimizing errors.

Table 5. Overall comparison of machine learning algorithms and against traditional methods

Overall Comparison of Machine Learning Algorithms Against Traditional Methods
A‘;f;ﬁ;g:s()f Rl?:lfie(;n Gradient-Boost XGBoost AdaBoost Nl[llzlgtir_;is?:zr lg’;gg:flﬁgzl
ET 203.67 57.69 9.47 9.50 - -
MAE 5.77 5.87 5.83 6.24 10.44 6.83
MSE 86.60 87.20 85.56 99.79 71.54 89.64
R"2 0.42 0.40 0.42 0.40 0.39 0.07
RMSE 9.31 9.34 9.25 9.99 8.46 9.47

5.2 Graphical Results

The figures below summarize algorithm performance, compare it with traditional methods, show the effects of feature
selection and hyperparameter tuning, and provide insights for selecting optimal machine learning strategies for
accurate and efficient modeling.

Comparison of Machine Learning Algorithms

The figure below shows the visual comparative analysis of all the machine learning algorithms regarding execution
time, MAE, MSE, and R*2. Considering the very minimal discrepancies, Figure 3 reveals that XgBoost and Random
Forest exhibited the lowest errors and highest variability, while XgBoost and AdaBoost demonstrated the lowest
execution times. Figure 3 suggests that XgBoost is the best option for high accuracy and fast execution time.

B AdaBoost [ Gradient-Boost Random Forest [l XgBoost

250.00
200.00

150.00

100.00
50.00 l I I
0.00 i =) - ————
MAE MSE RA2

Execution time

Metric

Figure 3. Comparison of Machine Learning Algorithms

Comparison of ML Algorithms Against Traditional Methods

As depicted in Figure 4, the bar graph compares various machine learning algorithms and traditional forecasting
methods across key metrics. The results indicate that machine learning models, particularly XgBoost and Random
Forest, generally exhibited lower error values (MAE and MSE) and higher predictive power (R-squared) than
traditional methods. Although multiple linear regression demonstrated a relatively high R-squared, indicating a good
fit, its error values were notably higher. Similarly, exponential smoothing showed low error but a significantly lower
R-squared, suggesting a model that may not generalize well beyond the specific dataset.
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100.000 B AdaBoost
B Gradient-Boost
Random Forest
75.000 B XgBoost
B MLR

[ Exponential Smoothing
50.000

25.000

0.000 —. ——— J L

MAE MSE R"2 RMSE

Metric

Figure 4. Comparison of ML Algorithms Against Traditional Methods

Comparison of Feature Selection for all MLs
Figure 5 illustrates the overall impact of feature selection on the performance of the machine learning models. The
results indicate that feature selection led to improvements in accuracy, as supported by lower Mean Absolute Error
(MAE) and Mean Squared Error (MSE) despite the increase in execution time. Furthermore, feature selection did not
significantly impact the model's ability to capture variability, as indicated by equal R-squared values. Feature selection
can enhance model performance and efficiency.

B Absent Total [l Present Total
100.00
75.00
50.00

25.00

0.00

Execution time MAE MSE R"2 RMSE

Metric

Figure 5. Comparison of Feature Selection for all MLs

Comparison of Hyperparameter Tuning for all MLs

Figure 6, visualizes the performance comparison of Grid Search and Random Search, two hyperparameter tuning
methods applied to the machine learning algorithms. The results indicate a significant difference in computational
cost, with Grid Search requiring significantly higher execution time than Random Search. However, Grid Search
demonstrated overall accuracy, supported by lower Mean Absolute Error (MAE) and Mean Squared Error (MSE).
These findings suggest that while Grid Search is computationally more expensive, it can potentially lead to more
optimal hyperparameter configurations and improved model performance.
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Figure 6. Comparison of Feature Selection for all MLs

5.3 Proposed Improvements

The developed model is a preliminary work that can be further expanded and adapted for general use to produce more
accurate forecasts and broaden its applicability in the dynamic market. Different machine learning algorithms can be
compared to determine the primary algorithm that shows superior accuracy and computational efficiency; the study,
however, recommends XGBoost to ensure a balance between accuracy and execution speed. Random search
hyperparameter tuning is recommended even without sufficient knowledge of the ML algorithms. Additionally, as
machine learning requires big data, data spanning at least two (2) years is suggested to train and test the model in
developing accurate predictions.

Future studies can suggest using other external factors, such as price and consumer behavior to better capture demand
variability. In expanding the model's applicability, more products can be incorporated to assess how well it generalizes
across different product categories with distinct demand patterns and seasonality. In addition to this, expanding the
sample size — a larger dataset spanning multiple years and/or diverse regions — would provide a more robust mode,
reducing overfitting and improving the model’s generalizability.

6. Conclusion

This study successfully developed and evaluated a demand forecasting framework for food and beverage products
using machine learning, meeting all research objectives and contributing uniquely to demand forecasting. To enhance
prediction accuracy, the framework incorporated non-linear factors such as macroeconomic indicators, weather
conditions, holidays, and day-of-the-week effects. The research assessed the performance of multiple machine
learning algorithms, including Random Forest, XGBoost, AdaBoost, and Gradient Boosting Machines, focusing on
forecast accuracy and computational efficiency. Additionally, it explored the impact of hyperparameter tuning
methods and feature selection techniques on model performance.

The findings revealed that XGBoost outperformed other algorithms in terms of both accuracy and computational
efficiency, making it the most effective choice overall. Random Forest also demonstrated high accuracy, presenting
itself as a viable alternative for accuracy-focused applications. Meanwhile, AdaBoost and Gradient Boosting
Machines excelled in computational efficiency, highlighting their utility in scenarios requiring rapid execution.
Feature selection using correlation analysis enhanced computational efficiency by eliminating irrelevant variables but
introducing slight forecast accuracy reductions. The study also found that hyperparameter tuning played a critical role
in optimizing algorithm performance, with Random Search outperforming Grid Search regarding accuracy and
execution time.

The research provided a structured framework for selecting the most suitable machine learning model based on
specific objectives such as maximizing accuracy, minimizing computational time, or balancing both. XGBoost and
Random Forest were identified as top performers for tasks prioritizing accuracy. Random Search further enhanced
model performance by strategically evaluating hyperparameter combinations, proving superior to traditional Grid
Search. In scenarios prioritizing computational efficiency, XGBoost and AdaBoost stood out, with AdaBoost being
particularly effective in minimizing execution time. Feature selection was shown to be beneficial for reducing
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computational overhead, making it ideal for applications where speed is critical, even at the cost of minor reductions
in precision.

Overall, the study's most significant contribution lies in identifying XGBoost combined with Random Search as the
optimal solution for achieving a balance between accuracy and computational efficiency. This comprehensive
framework addressed the challenges of demand forecasting in the Philippine food and beverage industry and
introduced a scalable, adaptable approach for improving supply chain practices in other contexts.
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