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Abstract: Food security remains a persistent national concern in the Philippines, driven by rapid population growth, climate
variability, geopolitical disruptions, and fluctuating agricultural productivity. To support early interventions and strategic planning,
it is essential to develop reliable forecasting tools capable of predicting food shortages and surpluses. This study presents a
comprehensive time series forecasting model employing multi-decadal historical data (1961-2024) sourced from government
agencies and international bodies, covering key indicators related to food production, supply, and consumption. The research
focuses on the top 15 major agricultural crops in the Philippines, which collectively represent a significant portion of the national
food system and economy. Multiple forecasting algorithms were implemented to identify optimal predictive models for each crop.
These include Gradient Boosting Regressor, Decision Tree Regressor, K-Nearest Neighbors, Exponential Smoothing, Grand Means
Forecaster, Naive Forecaster, Theta Forecaster, Auto ARIMA, and Prophet. Model performance was rigorously evaluated using
statistical metrics such as RMSE, MAE, MAPE, and R? to determine accuracy, consistency, and analytical robustness. Results show
that several models—particularly Gradient Boosting, Prophet, Theta, and Auto ARIMA, successfully captured seasonal patterns,
long-term trends, and production shocks. Their forecasting outputs demonstrate strong predictive capability for future crop
production and availability. The findings reinforce the importance of data-driven approaches in agricultural planning, especially
for countries highly vulnerable to climate and market instability. The proposed forecasting framework serves as a decision-support
tool for policymakers, local government units, agricultural agencies, and food industry stakeholders. By accurately predicting
potential shortages and surpluses, the model can assist in resource allocation, importation strategies, crop diversification, farm
support programs, and long-term food security planning. Ultimately, this research contributes to sustainable agricultural
development, improved food resilience, and the broader national goal of ensuring stable and affordable food for all Filipinos.
Keywords: Crop yield prediction, Auto ARIMA, Prophet forecasting, Predictive analytics, Sustainable agriculture

1. Introduction

The study explores the crucial concept of food security, emphasizing its significance and the challenges it
presents, particularly focusing on the situation in the Philippines. With a population exceeding 110 million [1] and a
high poverty rate, the country faces difficulties in providing access to sufficient quantities of affordable, nutritious
food [2]. This predicament is exacerbated by the Philippines' dependence on imported food, leaving it vulnerable to
price fluctuations and external factors that affect food availability and affordability [3][4].

This research provides an overview of time series forecasting methods that can be used for food security
applications. We first review the different types of time series data that are relevant for food security forecasting. We
then describe various time series forecasting methods, including traditional statistical methods [5] and more recent
machine learning approaches [6]. Finally, we discuss some challenges and future directions in time series forecasting
for food security. Time series forecasting is a powerful tool that can be used to predict future trends and patterns in a
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wide range of applications, including finance, economics, marketing, and healthcare [7]. In recent years, machine
learning algorithms such as XGBoost have gained significant attention for time series forecasting due to their ability
to handle large and complex datasets smoothing, and Moving Average are examples of traditional methods
[8][9], however models as diverse as XGBoost [7], RNN [10], Transformer [11] can also be used.

This research applies time series forecasting methods to the Philippines to predict future trends in food
production and consumption. We find that the Philippines is facing a number of challenges to food security, including
a growing population, a high level of poverty, dependence on imported food, and vulnerability to natural disasters
[12][13][14]. However, we also find that there are a number of opportunities to improve food security in the
Philippines, including investing in agricultural infrastructure and technology, promoting the development of local food
systems, and implementing programs to support small-scale farmers and rural communities [15][16][17][18].

2. Data Preprocessing

Data Preparation Data Transformation Train-Test Split

Column pruning Differencing
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A

Train Test Split
Data formatting Decomposition

Figure 1. Data Processing.

Data preprocessing plays a crucial role in the success of forecasting models by ensuring the quality,
relevance, and compatibility of the data. In this section, we present our data preprocessing approach using Google
Colab and the Pycaret library for creating and comparing various forecasting models [19]. The data preprocessing
pipeline [20][21] is a series of steps that are used to prepare data for analysis. The steps in the pipeline include:

Data preparation:

e  Column pruning: This step involves removing columns from the data that are not relevant to the analysis.
o Data formatting: This step involves ensuring that the data is in a format that is suitable for analysis.

Data transformation:

o Differencing: This step involves taking the difference between consecutive values in the data. This can
be used to remove the trend from the data [22].

e Decomposition: This step involves breaking the data down into its trend, seasonality, and noise
components. This can be useful for understanding the different factors that are affecting the data [23][7].

Train-Test split:

o  Train-test split: This step involves splitting the data into a training set and a test set. The training set is
used to train the model, and the test set is used to evaluate the model's performance [24]. The training
set should be at least 70% of the total data, and the test set should be at least 20% of the total data.

Data

Table 1.Sample Rice Production Dataset

Domain Area Element Item Year Unit Value
0 Crops and  Philippines Production Rice 1961 tonnes 3910100.0
livestock
products
1 Crops and  Philippines Production Rice 1962 tonnes 3966980.0
livestock
products
2 Crops and  Philippines Production Rice 1963 tonnes 3842860.0
livestock
products
3 Crops and  Philippines Production Rice 1964 tonnes 3992400.0
livestock
products
4 Crops and  Philippines Production Rice 1965 tonnes 4072636.0
livestock
products
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The dataset used in this paper is sourced from the Food and Agriculture Organization of the United Nations
(FAO) [25] and the Philippine Statistics Authority (PSA), covering the period from 1961 to 2024. It primarily focuses
on the top 15 agricultural crops in the Philippines, as identified by the Philippine Statistics Authority in 1996 [25].
These crops include rice, corn, coconut, sugarcane, banana, pineapple, coffee, cacao, cassava, sweet potato, peanut,
onion, garlic, eggplant, and cabbage. The dataset comprises 7 features and 60 instances, all of which are univariate
annual crop production datasets.

Data Preparation

The In the data preparation phase, column pruning was performed to remove unnecessary or unwanted columns.
We utilized the pandas library to drop the columns "Domain," "Area," "Element," "Unit," and "Item," retaining only
the "Year" and "Value" columns. This step was executed to streamline the dataset and focus on the relevant variables.

Additionally, data formatting was applied to convert the "Year" column to the datetime datatype. This
conversion enables better handling and manipulation of datetime variables. The pandas function pd.to_datetime() was
used to transform the "Year" column to the desired datetime format, specified as '%Y".

Data Transformation

In the data transformation phase, we utilized the Pycaret library to automate the process of differencing and
decomposition, as well as to generate visualizations.

o Differencing: This technique involves taking differences between consecutive observations to achieve
stationarity [26].

e Decomposition: This process separates the time series into its constituent components, including trend,
seasonality, and residual [7].

Train-Test Split

For the train-test split, we employed a commonly used split ratio of 80% for the training set and 20% for the
test set [27][28][29][30]. By applying an 80-20 train-test split ratio [31], we divided our dataset into an 80% training
set and a 20% test set, allowing us to train our model on a sizable amount of the data and assess its performance on an
additional, unknown dataset.

3. Methodology
Data Gathering Procedure

The dataset is provided by two different organizations, the United Nations Food and Agriculture Organization
Corporate Statistical Database (UN FAOSTAT). The UN FAOSTAT database provides free access to food and
agriculture data for over 245 countries and territories and covers all FAO regional groupings from 1961 to the most
recent year available 2024 [32]. The Philippine Statistics Authority OPENSTAT (PSA OPENSTAT). The PSA
OPENSTAT database is presented in the statistics generated and compiled by the PSA at the national and sub-national
levels. These are limited to summarized and/or aggregated data which are organized into three (3) major domains,
namely, (1) Demographic and Social Statistics, (2) Economic Statistics, and (3) Environment and Multi-domain
Statistics.

Exploratory Data Analysis. Preprocessing Forecasting Models Model Selection and Evaluation
ADF plot Decomposition Classic models: Backtest
Seasonality/trend checks Differencing L, ARIMA, ETS, Theta... L, Grid Search
Visualizations Autocorrelation Facebook Prophet Residual Analysis
Stationarity Normalization XGBoost Evaluation Metrics

Figure 2. Time Series Forecasting process flow
Time Series Forecasting process flow

Exploratory Data Analysis
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Exploratory Data Analysis (EDA), which entails a number of crucial processes, is the first step in the time series
forecasting process [33][34][35][36]. First, stationarity is evaluated using an ADF plot [37]. To test whether a time
series is steady, ADF charts are utilized. EDA also involves tests for trends and seasonality in the data. This stage is
crucial for carrying out stationarity tests and comprehending the underlying patterns and properties of the time series.
The remaining steps of the forecasting process are guided by these EDA-derived insights.

I Preprocessing

Next in the forecasting process is Data Preprocessing, which encompasses several important techniques such
as decomposition, differencing, and normalization [38]. Time series decomposition has been employed to separate a
time series into its constituent components: trend, seasonality, and residual [24][27].

1. Forecasting models

Moving forward in the time series forecasting process, PyCaret can be employed to train and compare the most
suitable forecasting models for the given task. While PyCaret is predominantly intended for general machine learning,
it can be adapted to handle time series forecasting by incorporating relevant methodologies [39][40].

III.  Model Selection and Evaluation

In the model selection and evaluation process, PyCaret utilizes various techniques to enhance the effectiveness of this
stage. It employs backtesting for the train and validation split, grid search for hyperparameter tuning, and leverages
available evaluation metrics to improve the performance of the models. During the train and validation split, PyCaret
applies backtesting, which involves dividing the available data into training and validation sets[41]. This approach
allows for the evaluation of the models on unseen data, providing insights into their generalization capabilities and
performance on new observations. For hyperparameter tuning, PyCaret employs grid search. Grid search
systematically explores a predefined grid of hyperparameter values to find the combination that yields the best
performance. By optimizing the model's hyperparameters, PyCaret fine-tunes the models, enhancing their ability to
accurately forecast future values.

In the final stage of the process, PyCaret leverages the available evaluation metrics to assess the performance of the
forecasting models. It offers a variety of metrics, such as mean squared error (MSE), mean absolute error (MAE), root
mean squared error (RMSE)[41][42], and others. By carefully selecting the appropriate evaluation metric based on
the specific requirements of the forecasting task, PyCaret enables effective comparison and evaluation of the models
[43].

From the datasets obtained from the FAO Statistics and PSA, this study employed a data gathering procedure
to collect crop production values from 1961 to 2024, crop utilization per capita from 1990 to 2024, and the population
dataset of the Philippines. These datasets are essential for estimating crop consumption.

The researchers utilized two forecasting models, namely ARIMA and Prophet, which can handle both seasonal
and non-seasonal data. Auto ARIMA was employed to determine the optimal values for the parameters (AR)p, (I)d,
and (MA)q. The mathematical expressions for AR, I, and MA are as follows:

Autoregression (AR): This model shows a changing variable that regresses on its own lagged, or prior, values
[44].
Yt =C+ PrYi—1 + QY2 + -+ Pplt—p + € D

Integrated (I): This represents the differencing of raw observations to make the time series stationary [44].

yr = Adzy = (1 — L)%y @
Moving average (MA): This model incorporates the dependency between an observation and a residual error
from a moving average model applied to lagged observations [44].

Yyr=c+ e+ 016+ o+ -+ 064 O

To select the best model between ARIMA and Prophet, the researchers evaluated the Mean Absolute Percentage
Error (MAPE), a commonly used metric for forecast accuracy. If the MAPE exceeds 10% (0.1) [45], the researchers
fine-tuned the auto ARIMA parameters such as max_p, max_q, and max_order values. The use of MAPE as an
evaluation metric is advantageous when comparing the performance of a model on train and test datasets since it

486



provides a relative measure of the error in percentage terms, making it suitable for comparing different datasets with
varying scales and magnitudes [46].

~_ 100 Ai—Fi| ()
MAPE =105 | |Ach

The forecasted values were saved in a CSV format and transferred to a spreadsheet for further analysis of the
expected deficit or surplus production of crops.

For determining the forecasted values of production, per capita consumption, and population using ARIMA,
the following steps were followed:

1) Load the dataset.

2) Preprocess the data.

3) Split the data into 80% for training and 20% for testing.
4) Plot the data to identify any seasonality.

5) Check if the data is stationary by visualization or using statistical tests like the Augmented Dickey Fuller Test
(ADF). If the data is non-stationary, perform differencing to make it stationary and determine the order of
differencing.

6) Use auto ARIMA to find the best-fit model, adjusting the default parameters if necessary.
7) Create and fit the auto ARIMA model.

8) Evaluate the forecast accuracy using MAPE. If MAPE exceeds 10%, adjust the auto ARIMA parameters for
a more optimized search.

9) Save the forecasted values in a CSV format.
Similarly, for determining the forecasted values using Prophet, the following steps were taken:
1) Load the dataset.
2) Preprocess the data.
3) Create and fit the Prophet model.
4) Save the forecasted values in a CSV format.

It is worth noting that Prophet requires less processing as it is designed to be a robust and easy-to-use forecasting
tool that automatically detects and adjusts for various types of seasonality.

After obtaining the predicted values of production, per capita consumption, and population, the estimated
consumption was calculated using the formula:

Estimated consumption = Crops per Capita * Number of Population

The estimated consumption values were tabulated in another CSV file, and the estimated deficit/surplus of the
crops was calculated using the formula:

Estimated Crops = Forecasted Production - Estimated Consumption

In addition to ARIMA and Prophet, this study also utilized Pycaret [43], a Python-based low-code machine
learning library, to streamline the machine learning workflow. Pycaret facilitated the application of various time series
forecasting models to the data, allowing for efficient model comparison and evaluation. The models considered in this
study included ARIMA, Prophet, XGBoost, Exponential Smoothing State Space Model (ETS), SARIMA, Gradient
Boosting Regressor, Exponential Smoothing, Decision Tree Regressor, K Nearest Neighbors, Grand Means
Forecaster, Theta Forecaster.

4. Results and Discussion

All of the top 15 agricultural crops show no observable seasonality based on their decomposition plots. This
indicates that production levels do not follow a consistent recurring annual pattern. However, abrupt increases or
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decreases in production values occurring at specific time periods can still influence the forecasting models, since
irregular fluctuations become part of the residual component of the time series. These sudden shifts may be attributed
to climate disturbances, pest infestation, supply chain disruptions, or policy interventions, and they can significantly
affect short-term predictive accuracy if not properly captured by the model.

Out of the 15 crops analyzed, only four—garlic, groundnuts or peanuts, onions, and sweet potatoes—showed a
deficit in projected production when compared with estimated consumption levels. This implies that domestic supply
may not be sufficient to meet national demand for these commodities in the forecasted period.

Based on the predicted results of production versus demand, the model provides a data-driven basis for
determining whether the country should engage in importation or exportation. For example, the forecast shows that
onions may experience a production deficit of approximately 150,000 tonnes in 2024. This insight allows the
government to prepare importation strategies ahead of time, mitigating potential price surges or supply shortages.
Conversely, crops predicted to produce a surplus can be allocated for export, value-adding processes, or market
stabilization activities. In this way, the forecasting model becomes a valuable tool for agricultural planning, economic
decision-making, and food security management.
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Figure 3. Sample Decomposition Plot of Rice Dataset

The decomposition plot helps in understanding the underlying patterns in the data by separating it into its individual
components and providing insights into trends, seasonality, and residuals. From the specific sample in figure 12, the
decomposition plot provides insights into the observed plot from the year 196 to 2024. The plot shows an uptrend in
the data, indicating an increasing pattern.

Differencing is a common technique used to remove trends and seasonality from a time series, making it
more stationary and suitable for modeling. The difference plot in PyCaret helps visualize the transformed time series
data after differencing and provides insights into the trends, autocorrelation, and partial autocorrelation patterns within
the series. The difference plot displays the transformed actual values of the time series in an upward or downward
trend.
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Figure 4. Sample Differencing Plot of Rice Dataset

As shown in Figure 5, the actual value exhibits both downward and upward trends. Among the forecasting
models used, the AutoARIMA model shows the closest resemblance to the actual value. It intersects with the actual
value at three points, indicating a good fit and capturing the general trend pattern.

Rice — Production History + 20-Year Forecast

Prophet 95% CI Prophet ARIMA 95% CI Auto ARIMA PyCaret (rf_cds_dt) —— Historical

Figure 5. Sample Train Validation Test Split of Rice Production Dataset

As shown in Figure 6, the graphical representation of the actual value showcases a dynamic pattern
characterized by a sequence of downtrend, uptrend, and subsequent downtrend. This variability suggests the influence
of multiple underlying factors contributing to the observed fluctuations. Among the forecasting models evaluated, the
Naive forecaster demonstrates the closest alignment with the actual value. This model captures the general trend and
exhibits a flat or horizontal trend that closely follows the direction of the actual value. Its ability to maintain proximity
to the actual value highlights its effectiveness in capturing the underlying patterns and providing reliable forecasts.
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Actual vs. Forecast (Out-of-Sample)

Figure 6. Sample Train Validation Test Split of Coconut Consumption Dataset

Actual vs. Forecast (Out of-Sample)

Figure 7. Actual vs 20 Years Forecast of Onion Production Dataset

In Figure 7, the plotted actual value of the onion production dataset against the 20-year forecasted horizon.
The plot shows that the actual values exhibit a pattern of both sudden uptrend and downtrend, followed by a
continuation of an uptrend. The Huber model's plot is near the actual value and shows a slow uptrend direction that is
still within the range of the actual values. This indicates that the Huber model provides an acceptable forecast for the
onion production dataset.

Actual vs. Forecast (Out-of-Sample)

Figure 8. Actual vs 20 Years Forecast of Rice Production Dataset

In Figure 8, the plotted actual value of the rice production dataset against the 20-year forecasted horizon. The
plot shows that the actual values exhibit a pattern of slow uptrend with some small downtrend, followed by a
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continuation of an uptrend. The Auto ARIMA model's plot is nearest to the actual value and merges with them,
indicating that it provides a close and accurate forecast. The Auto ARIMA model also has the lowest and acceptable
values for various evaluation metrics, including MASE (Mean Absolute Scaled Error) of 1.3772, RMSSE (Root Mean
Squared Scaled Error) of 1.3223, MAE (Mean Absolute Error) of 590365.1130, RMSE (Root Mean Squared Error) of
745660.3059, MAPE (Mean Absolute Percentage Error) of 0.0543, and SMAPE (Symmetric Mean Absolute

Percentage Error) of 0.0532.

Model MASE
auto_arima Auto ARIMA 1.3772
ada_cds_dt AdaBoost w! Cond. Deseasonalize & Datrending 1.5294
et_cds_dt Extra Trees wi Cond. Deseasonalize & Detrending 1.5400

As shown in Figure 9, The metrics demonstrate that the Auto ARIMA model performs well and provides
accurate forecasts compared to the other models considered. The second-best suitable or fit model for the rice
production dataset is AdaBoost. The third-best forecasting model for the rice production dataset is Extra Trees.

In the Production Dataset, the dataset that achieved the highest MAPE accuracy is Rice using the Auto ARIMA

1,3223

1.5188

RMSSE MAE

c

5852 7119042759

580365.1130

7T14757.3040

RMSE

Figure 9. Actual vs 20 Years Forecast of Rice Production Dataset

Table 2. Production Dataset And Forecasting Models

745660.3059

941275.3355

9712971959

Crops Dataset Best Model Rank | MAPE
Rice Auto ARIMA 1 0.0543
Pineapple Gradient Boosting 2 0.0603
Cassava Auto ARIMA 3 0.0866
Coffee Seasonal Naive 4 0.0932
Eggplant Extra Trees 5 0.0967
Banana ETS 6 0.1106
Peanut Auto ARIMA 7 0.1206
Coconut STLF 8 0.1225
Coconut Theta 8 0.1225
Corn Bayesian Ridge 9 0.1338
Sweet Potato ETS 10 0.1355
Onion Huber 11 0.1380
Tomatoes Theta 12 0.1646
Sugarcane Auto ARIMA 13 0.1852
Garlic Naive 14 0.1966
Cabbage Orthogonal Matching Pursuit 15 0.2151

R2

0.5583

0.2855

0,2462

model. Additionally, the most frequently used and best model among the 15 datasets is the Auto ARIMA model.
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Table 3. Consumption Dataset And Forecasting Models

Crops Dataset Best Model Rank | MAPE
Coconut Naive 1 0.0413
Pineapple Naive 2 0.0489
Tomatoes Naive 3 0.0527
Rice Naive 4 0.0809
Eggplant Naive 5 0.0985
Cassava Naive 6 0.1065
Banana Naive 7 0.1101
Sweet Potato Theta 8 0.1121
Comn Grand Means 9 0.1173
Coffee Grand Means 10 0.1382
Peanut ARIMA 11 0.2156
Cabbage Naive 12 0.2672
Sugar ARIMA 13 0.2794
Onion Huber 14 0.3170
Garlic Croston 15 0.3651

In the Consumption Dataset, the dataset that achieved the highest MAPE accuracy is Coconut using the Naive
model. Additionally, the most frequently used and best model among the 15 datasets is the Naive m

Figure 10. Philippine Population Projection for 2044

20-Year Surplus / Deficit Trajectory — All Crops

B 111111111 1111111

Sweet Potato Groundnut

Figure 11. 20 Years Forecast of all crops for 2025-2044

The projected trajectories of crop surplus and deficit over the 2025-2044 period must be interpreted against the
backdrop of sustained demographic expansion. According to the population projection shown in figure 10, the national
population is expected to rise from approximately 114 million in 2025 to 132.0 million by 2044, representing a net
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addition of nearly 18 million persons, or an increase of roughly 16 percent, over the two-decade horizon. Although
the annual population growth rate is projected to moderate over time, absolute population continues to climb steadily
through the terminal year of the projection, indicating that aggregate food demand will continue to expand even as
growth decelerates. This sustained demographic pressure provides critical context for interpreting the divergent
commodity-level trends observed in Figure 11.

Against this backdrop of continuous population growth, the widening deficits observed for coffee, cacao,
groundnut, and particularly sweet potato take on added significance, as these trajectories imply that production growth
for these commodities is not only failing to close existing supply gaps but is doing so against a denominator of demand
that is itself expanding by nearly a sixth over the same period. The deficit in sweet potato, which nearly quintupled in
magnitude across the projection window, is therefore likely to be compounded rather than offset by population-driven
demand growth, reinforcing the urgency of productivity interventions for this crop. Conversely, the narrowing deficits
observed for rice and the transition of onion from deficit to surplus are particularly notable achievements when viewed
alongside rising population, since these improvements in self-sufficiency are occurring despite, rather than in the
absence of, an expanding consumer base. For commodities such as banana and cassava, which remain in surplus but
show a gradually eroding margin, the concurrent rise in population suggests that per capita surplus is contracting even
more sharply than the aggregate figures indicate, implying that these buffer stocks may be depleted sooner than the
raw trajectories alone would suggest once population-adjusted, or per capita, demand is taken into account. Overall,
the juxtaposition of crop-level production trends with population projections underscores that food security outcomes
for the Philippines over the next two decades will depend not merely on whether production trajectories are improving
in absolute terms, but on whether they can outpace a population base projected to grow by approximately 18 million
additional persons by 2044.

5. Conclusion

This initial study demonstrated the potential of machine learning-enhanced time series forecasting as a decision-
support tool for agricultural planning and food security management in the Philippines. By utilizing over six decades
of historical production, consumption, and demographic data (1961-2024) sourced from FAOSTAT and the Philippine
Statistics Authority, and by benchmarking a diverse suite of forecasting algorithms, including Auto ARIMA, Prophet,
Gradient Boosting Regressor, Theta Forecaster, and several tree-based and distance-based learners. The research
identified Auto ARIMA as the most consistently accurate and frequently selected model across the fifteen major crop
datasets evaluated, achieving the lowest error metrics (MAPE of 0.0543 for rice) among all candidates tested. This
finding reinforces the continued relevance of classical statistical forecasting approaches, even in an era increasingly
dominated by machine learning, particularly for univariate agricultural time series characterized by long-term trend
behavior rather than strong seasonality.

The 20-year forecasts generated through this framework, when reconciled against projected per capita
consumption and population growth, revealed that the majority of the fifteen crops examined are expected to maintain
production levels sufficient to meet domestic demand through 2044. However, garlic, groundnut, onion, and sweet
potato were identified as commodities at risk of sustained production deficits, a concern that is further compounded
when viewed against the Philippines' projected population growth from approximately 114 million in 2025 to 132
million by 2044. This near 16-percent expansion in the national population underscores that self-sufficiency for these
vulnerable crops cannot be assumed to improve passively; without targeted productivity interventions, rising demand
alone is likely to widen these existing gaps rather than close them. Conversely, crops projected to sustain healthy
surpluses provide clear opportunities for export expansion, value-adding industries, and price stabilization efforts,
illustrating the dual utility of the proposed forecasting framework in flagging both areas of vulnerability and areas of
opportunity within the national food system. Taken together, these findings affirm that data-driven, forecasting-based
approaches offer meaningful value to policymakers, local government units, and agricultural stakeholders tasked with
anticipating shortages, planning importation and exportation strategies, and allocating resources for farm support
programs. Future research should consider expanding the modeling framework to incorporate exogenous variables
such as climate indices, farm input costs, and international commodity prices, which may further improve forecast
granularity and responsiveness to short-term shocks. Moreover, extending the analysis to sub-national or regional
levels would allow for more localized food security planning, given the significant variation in agricultural
productivity and population growth rates across Philippine regions. Lastly, this research contributes a replicable,
scalable forecasting methodology that supports the broader national goal of achieving stable, resilient, and affordable
food security for all Filipinos in the decades ahead.
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