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 Food insecurity remains a strategic multidimensional issue in Indonesia, requiring 

precise and transparent predictive frameworks for evidence-based policy. This study 

develops an explainable machine learning framework to predict interregional food 

vulnerability using data from the Food Security Index (IKP) and the Food Security 

and Vulnerability Atlas (FSVA) for the 2022–2024 period, encompassing 514 

districts. To ensure model optimality and respond to the need for robust comparison, 

seven algorithms were evaluated, including ensemble-boosting and neural network 

techniques. The Gradient Boosting model demonstrated the most superior and stable 

performance, achieving an R² of 0.9770, MAE of 1.5621, and RMSE of 2.1534, 
outperforming Random Forest and XGBoost. Model reliability was further validated 

through K-fold Cross-Validation (CV R² = 0.966), confirming high generalizability 

and the absence of significant overfitting. Model interpretability was achieved 

through SHapley Additive exPlanations (SHAP), identifying the Net Consumption 

to Production Ratio (NCPR) as the dominant global driver, followed by clean water 

access and poverty levels. Localized analysis reveals that in high-risk regions like 

Papua, infrastructure gaps and food supply dependence are the primary catalysts for 

vulnerability. This study provides a high-precision, validated predictive model that 

enables policymakers to implement targeted mitigation strategies according to 

regional disparities, supporting national goals for sustainable food sovereignty. 

Keyword: 

Food Vulnerability,  

Indonesia,  

Machine Learning,  
Random Forest,  

SHAP. 

 

 

    
This is an open access article under the CC–BY-SA license. 

I. INTRODUCTION 

  Food security stands as a strategic pillar of Indonesia's 

national sovereignty, legally mandated to ensure public 
access to safe and nutritious food. As an archipelagic nation, 

Indonesia faces complex challenges in production and 

logistical disparities. Despite achieving a historic milestone 

in 2025 with rice self-sufficiency and a surplus of 3.52 

million tons, regional food vulnerability remains a serious 

threat due to climate change and global economic instability 

[1]. Phenomena such as agricultural land degradation and the 

urgent need for climate change adaptation strategies 

necessitate a more adaptive and precise monitoring system to 

achieve Zero Hunger targets under the Sustainable 

Development Goals (SDGs) [2]. The need for a more 

advanced framework has driven the application of big data 

and data mining techniques to deepen national food security 

analysis [3]. Previous studies have identified that regional 
vulnerability is heavily influenced by an area's adaptive 

capacity [4] and have utilized clustering methods to group 

food security indicators across the archipelago [5]. 

  At the local level, resilience is built through diverse 

interventions. Recent evaluations have analyzed the 

effectiveness of social cash assistance in maintaining food 
access during disasters [6], while community empowerment 

through village-level programs significantly increases 

grassroots resilience [7]. In regions like Papua, strengthening 

local commodities such as sago and sweet potatoes is 

identified as a key driver for sustainability [8]. From a 

technological perspective, machine learning is increasingly 
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used to predict the impact of food insecurity on nutrient 

consumption and the risk of malnutrition in children [9], as 

well as analyzing how recall periods affect prediction 

accuracy [10]. 

  In the context of algorithm selection, model stability and 

accuracy are top priorities. While previous technical 

benchmarks often highlighted Random Forest for its 

competitive performance in handling complex data variances 

[11], [12], recent studies suggest that boosting-based 

ensembles can offer superior precision for socio-economic 

indicators [13]. To ensure the selection of the most robust 

framework, this study expands the scope of evaluation by 

comparing seven different algorithms, including bagging, 

ensemble-boosting (XGBoost, Gradient Boosting, 
LightGBM), and neural networks [14]. Such performance is 

crucial for predicting indicators like poverty and economic 

status, which are fundamental to food access [15], [16]. 

  However, the primary challenge in implementing AI for 

public policy is the "black-box" nature of machine learning. 
To bridge this gap, Explainable AI (XAI) through the 

SHapley Additive exPlanations (SHAP) method has become 

urgent. SHAP has proven effective in providing transparency 

for global food price models [17], interpreting the Global 

Food Security Index [18], and identifying household-level 

food insecurity drivers in West Kalimantan [19]. 

Furthermore, to address concerns regarding high-

performance metrics, this research emphasizes rigorous 

validation through K-fold cross-validation and residual 

analysis to ensure the model’s generalizability and 

transparency for evidence-based policy [20]. 

  Environmental factors, particularly critical soil moisture 

thresholds that trigger plant water stress, are also essential 

for improving ini projections [21]. The application of the 

SHAP analytical framework uncovers underlying driving 

mechanisms and improves resilience measurement precision 

[22]. This comprehensive modeling provides a scientific 

foundation for evidence-based food crisis mitigation, 
supported by analyses of government performance and fiscal 

policy [23] and strategic analysis of food demand [24]. 

II. METHODOLOGY 

This research was conducted through several main stages, 

namely data collection, data preprocessing, model 

development or analysis, and model performance evaluation. 

The entire process was carried out using the Google Colab 

platform as the computing environment.  

A. Research Framework 

  The research framework was designed to provide a high-

precision and transparently interpretable analysis of food 

vulnerability in Indonesia. The research process was divided 

into four integrated main phases, as illustrated in Figure 1. 

The first phase began with the acquisition and synthesis of 

secondary data, combining regional indicators from the Food 

Security Index (IKP) and the Food Security and 

Vulnerability Atlas (FSVA) for the 2022–2024 period, 

covering 514 districts/cities. This longitudinal approach was 

selected to capture the post-pandemic food security 

dynamics across the archipelago. Subsequently, in the 

second phase, advanced data cleaning was performed, 

including the use of Median Imputation to handle missing 

data and Standard Scaling to ensure feature scale uniformity. 
Furthermore, a multicollinearity test was conducted via a 

correlation heatmap to guarantee the integrity of the 

predictive variables before proceeding to the modeling stage. 

In the third phase, model optimization and comparative 

analysis were conducted by evaluating seven different 

algorithms, ranging from bagging methods such as Random 

Forest and Extra Trees, to more complex ensemble-boosting 

algorithms such as Gradient Boosting, XGBoost, and 

LightGBM, as well as artificial neural networks via the 

Multi-Layer Perceptron (MLP). This step was taken to 

ensure the selection of the most robust model architecture for 
this multidimensional dataset. Finally, in the fourth phase, a 

rigorous validation strategy was applied using K-fold cross-

validation and learning curve analysis to mitigate the risk of 

overfitting and guarantee the model's generalizability to new 

data. The best-performing model was then interpreted using 

the SHapley Additive exPlanations (SHAP) method to 

provide a profound understanding of feature contributions 

both globally and locally, particularly in priority regions 

such as Papua. The entire framework was implemented using 

the Python ecosystem within the Google Colab environment, 

resulting in a transparent and reproducible pipeline to 

support evidence-based policy interventions. 

 
 

Figure 1. Research Framework Flowchart 
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B.      Data Acquisition and Preparation 

  The primary dataset for this study was synthesized from 

the Food Security Index (IKP) and the Food Security and 
Vulnerability Atlas (FSVA) issued by the National Food 

Agency (BAPANAS). To ensure model transparency, nine 

independent variables representing three pillars of food 

security (availability, access, and utilization) were defined, 

as summarized in Table I. 

 
TABLE I 

OPERATIONAL DEFINITIONS OF FSVA INDICATORS 

Food 

Security 

Pillar 

Indicator Brief Definition Unit 

 

Availability 

NCPR Ratio of total cereal 
consumption to total 
local cereal production. 

Ratio 

 

 

 

 

 

Access 

Poverty Percentage of the 
population whose 
expenditure is below 
the poverty line. 

Percent 
(%) 

No Electricity Percentage of 

households without 
access to electricity. 

Percent 

(%) 

Food 
Expenditure 

Ratio of food 
expenditure to total 

household expenditure. 

Ratio 

 

Utilization 

No Clean 
Water 

Percentage of 
households without 
access to safe drinking 

water sources. 

Percent 
(%) 

Health Worker 
Ratio 

Number of health 
workers per certain 
population density. 

Ratio 

Stunting Prevalence of children 
under five whose 
height-for-age is below 
the standard. 

Percent 
(%) 

 

  Based on the definitions provided in Table 1, the Net 

Consumption to Production Ratio (NCPR) is identified as a 
critical predictor for the availability pillar. The NCPR 

formula used to measure regional cereal self-sufficiency is as 

follows: 

 

𝑁𝐶𝑃𝑅 = 
𝑇𝑜𝑡𝑎𝑙 𝐶𝑒𝑟𝑒𝑎𝑙 𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 𝑝𝑒𝑟 𝐶𝑎𝑝𝑖𝑡𝑎

𝑇𝑜𝑡𝑎𝑙 𝐿𝑜𝑐𝑎𝑙 𝐶𝑒𝑟𝑒𝑎𝑙 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛
 

 

  A higher NCPR value indicates that a region's 

consumption exceeds its local production, signifying a 

dependency on food inflows from other regions. Other key 

variables include the percentage of the population living 

below the poverty line, the percentage of households without 
access to clean water, the percentage of households without 

electricity, and the ratio of health practitioners per 1,000 

population as a proxy for utilization capacity. All variables 

were verified for consistency across the multi-year 

observation period to ensure longitudinal reliability. 

C. Data Preprocessing and Cleaning 

  Since the indicators have different units (percentages, 

ratios, and years), preprocessing is required to ensure 

comparability. The steps include cleaning data, handling 
missing values, data standardization, and feature selection, 

while the results of the high correlation analysis are 

presented in Table II.  

 
TABLE II 

RESULTS OF HIGH CORRELATION ANALYSIS  

Features With High Correlation (> 0.8) 

Ikp 1.000000 

Komposit 0.950851 

NCPR -0.805384 

Ikp_ranking -0.822056 

 

  The data preprocessing phase was conducted rigorously 

to ensure model integrity and prevent data leakage, which is 

critical given the high precision of the resulting models. 

Initially, a preliminary correlation analysis was performed 

using the abs() function to identify relationships between 

variables and detect potential redundancies. During this 
screening, it was identified that variables such as IKP, 

Komposit, and ikp_ranking exhibited near-perfect 

correlation with the target variable because they are 

derivative metrics. To eliminate information redundancy and 

prevent biased modeling, these three variables were removed 

from the dataset using the df.drop function. 

  Following feature selection, the dataset was partitioned 

into a training set (80%) and a testing set (20%) using 

train_test_split with a random_state=42 to ensure 

reproducibility. To handle missing values while mitigating 

the influence of regional outliers, median imputation was 

applied to maintain data continuity. Subsequently, feature 
scaling was performed using StandardScaler to achieve a 

mean of 0 and a standard deviation of 1. Crucially, the 

fit_transform process was applied exclusively to the training 

set, while the test set was only transformed using parameters 

derived from the training data. This specific procedure was 

implemented to strictly prevent data leakage and ensure that 

the model evaluation remains objective. 
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Figure 2. FSVA Indicator Correlation Heatmap 

 

  Based on the correlation matrix analysis shown in Figure 

2, all FSVA indicators were retained in this study. The 
highest correlation coefficient value recorded was 0.57, 

indicating no multicollinearity between variables (below the 

critical threshold of 0.80). Therefore, all indicators are 

considered to provide unique and complementary 

information in comprehensively describing the food 

vulnerability profile of the region. 

 
Figure 3. Final Correlation Analysis 

 

 Next, a final correlation analysis was conducted, as 

illustrated in Figure 3. The results of the final correlation 

analysis showed that after removing variables with high 
correlations (|r| > 0.80), the analysis results show that NCPR 

has the strongest negative correlation with the IKP, followed 

by poverty and limited access to clean water and electricity. 

Conversely, life expectancy and years of schooling for 

women are positively correlated with the IKP. Other 

variables show more moderate negative correlations. These 

results are more representative and show no indication of 

data leakage because the variables are independent. 

D. Model Development and Comparative Analysis 

     This study benchmarks seven machine learning models to 

identify the most robust architecture for socio-economic 

data. These models encompass Bagging Ensembles, 

Boosting Ensembles, and Neural Networks. To ensure 

mathematical precision in evaluating these models, four 

primary metrics were employed: 

1. Mean Absolute Error (MAE):  

Represents the average of the absolute errors 

between predicted and actual values. 

𝑀𝐴𝐸 =  
1

𝑛
∑

𝑛

𝑖 = 1

|𝑦𝑖  −  𝑦𝑖̂| 

2. Root Mean Square Error (RMSE):  

Measures the square root of the average of squared 
differences between prediction and actual 

observation. 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑

𝑛

𝑖 = 1

 (𝑦𝑖 − 𝑦𝑖̂)
2  

 

3. Coefficient of Determination (R²):  

Measures the proportion of variance in the 

dependent variable that is predictable from the 
independent variables. 

𝑅2  =  1 − 
∑𝑛

𝑖 = 1 (𝑦𝑖  −   𝑦𝑖̂)
2

∑𝑛
𝑖 = 1 (𝑦𝑖  −  𝑦)2

 

4. Cross-Validation R-squared (CV_R²): 

Measures the average R² score obtained across 

multiple folds in cross-validation, reflecting how 

well the model generalizes to unseen data. 

𝐶𝑉_𝑅² =  
1

𝑘
∑

𝑘

𝑖 = 1

 𝑅𝑖
2 

E. Hyperparameter Configuration 

  To ensure stability and reproducibility, several key 

hyperparameters were configured for each algorithm. The 

specific values used to balance predictive accuracy and 
computational efficiency are detailed in Table III. 

 
TABLE III 

MACHINE LEARNING MODEL HYPERPARAMETERS 

Parameter Value Description 

n_estimators 100 Number of trees to balance bias and 
variance. 

max_depth None Nodes expanded until all leaves are 
pure. 

random_state 42 Ensures consistency across 
executions. 

learning_rate 0.1 Adjusting the learning rate (GB, 
XGBoost, LightGBM) 

max_iter 500 Maximum training iterations (MLP) 

hidden_layer_
sizes 

100,50 The structure of hidden layers in an 
MLP 
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  To ensure optimal performance and model stability, 

several key hyperparameters for the Machine Learning 

regressor were configured as shown in Table 3. The number 

of estimators (n_estimators) was set to 100, which was 

determined through preliminary testing to balance predictive 

accuracy and computational efficiency. Additionally, a 

random_state of 42 was applied to ensure the reproducibility 

of the experimental results across different executions. These 

configurations are essential for capturing the complex non-
linear relationships within the FSVA indicators while 

maintaining model robustness. 

F. Validation and Anti-Overfitting Strategy 

  To ensure the reliability and generalizability of the 

predictive models, a rigorous validation framework was 

implemented. The primary validation strategy involved K-

fold Cross-Validation, where the training dataset was 

partitioned into ten equal subsets. The model was trained on 

nine subsets and validated on the remaining one in ten 
iterative cycles, ensuring that every data point was utilized 

for both training and validation. This method provides a 

more stable estimate of model performance and significantly 

reduces the risk of overfitting compared to a single train-test 

split. Furthermore, Learning Curve analysis was conducted 

to monitor the convergence between training and validation 

scores. By observing the gap between these scores as the 

training set size increased, the study could objectively 

confirm that the model was not suffering from high variance 

(overfitting) or high bias (underfitting), thereby validating 

the robustness of the high-accuracy results achieved in this 
research. 

G. Model Interpretation using SHAP (XAI)   

  This study employs SHapley Additive exPlanations 

(SHAP) as an Explainable AI (XAI) method to interpret the 

machine learning model. SHAP quantifies the contribution 

of each feature to the prediction by computing its marginal 

contribution across all possible feature combinations. 

 

𝜙𝑖 = 𝛴𝑠⊆𝑁\{𝑖} 
|𝑆|!(|𝑁|− |𝑆|− 1)! 

|𝑁|!
 [𝑓(𝑆 ∪ {𝑖} −  𝑓(𝑆)] 

 

  Where 𝜙𝑖 represents the contribution of feature 𝑖, 𝑆 is a 

subset of features, and 𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆) denotes the 

marginal impact of including feature ii in the model. SHAP 

values indicate both the magnitude and direction of feature 

influence, where positive values increase and negative values 

decrease the predicted outcome. The results are visualized 

using SHAP summary (beeswarm) plots to present global 

feature importance and the direction of their effects across 

observations. This approach enables both global and local 

interpretation of the model. 

 

 
 

III. RESULTS AND DISCUSSION 

A. Algorithm Performance Comparison 

  Based on the evaluation of seven machine learning 

algorithms, tree-based ensemble models demonstrated 

significant advantages over conventional linear and kernel-

based models in predicting the Food Security Index (IKP). 

The results of the comprehensive evaluation, summarized in 

Table IV, indicate that Gradient Boosting achieved the most 

superior performance with an R² of 0.97708, followed by 
Random Forest and XGBoost. 

TABLE IV 

COMPARISON OF MODEL PERFORMANCE  

Model MAE RSME R² CV_R² 

Gradient Boosting 1.56214
0 

2.15347
6 

0.9770
82 

0.9667
36 

Random Forest 1.64153
5 

2.30291
3 

0.9737
91 

0.9561
43 

LightGBM 1.49702
4 

2.33656
9 

0.9730
19 

0.9620
87 

XGBoost  1.52668
0 

2.39182
6 

0.9717
28 

0.9607
59 

ANN (MLP) 2.87735
3 

4.31058
0 

0.9081
74 

0.9098
84 

Linear Regression 3.31440
3 

4.70953
0 

0.8903
90 

0.8681
71 

SVR 3.22441
4 

7.44727
0 

0.7259
12 

0.6633
81 

 

  The data in Table IV proves that boosting-based models 

successfully increased the variance explanation (R²) by 

approximately 9% compared to Linear Regression as a 

baseline. Furthermore, these models achieved up to a 14% 

reduction in prediction error (MAE and RMSE), confirming 

that the ensemble learning approach is more effective in 

capturing the complex, non-linear relationships inherent in 
Indonesia's food security indicators. The high consistency 

between the R² and CV_R² scores, particularly for Gradient 

Boosting, demonstrates the model's exceptional stability and 

robustness, effectively addressing concerns regarding 

potential overfitting in high-accuracy modeling. 

B. Evaluation Model 

  Based on the evaluation results, the three best models 

were identified based on their R² values: Gradient Boosting, 

Random Forest, and XGBoost. All three models 

demonstrated excellent performance, with R² values above 

0.95 and relatively low MAE and RMSE values. Among the 

three, Gradient Boosting performed best, achieving the 

highest R² value and the smallest error. 
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Figure 4. Results Overfitting Model 

 

  Additionally, an analysis was conducted to detect 

potential overfitting by comparing the R² values on the test 

data and the cross-validation results (CV_R²), as illustrated 
in Figure 5. The results showed that the gap between R² and 

CV_R² for all three models was relatively small (< 0.01), 

indicating that the models have good generalization and do 

not exhibit significant overfitting. 

 

C. Sensitivity and Residual Analysis 

  To further ensure the robustness and reliability of the 

proposed model, sensitivity and residual analyses were 

conducted. These analyses aim to evaluate how variations in 

input variables affect model predictions and to examine the 

distribution of prediction errors, ensuring that the model does 

not suffer from bias or instability. 

 
Figure 5. Sensitivity Analysis 

 

  Figure 5 presents the sensitivity analysis results by 

applying a ±10% change to each input variable. The findings 

indicate that life expectancy has the strongest positive 

influence on the predicted values, followed by years and 

female school duration. In contrast, NCPR, poverty, and lack 

of clean water show negative contributions, meaning that 

increases in these variables lead to higher food vulnerability. 

This result supports the multidimensional concept of food 

security, where both socio-economic and food availability 

factors significantly influence vulnerability. 

 

Figure 6. Residual Plot of Predicted Values vs Errors  

 

 Figure 6 illustrates the residual plot between predicted 

values and prediction errors. The residuals are randomly 

distributed around the zero line without forming a specific 

pattern, indicating that the model does not exhibit systematic 
bias and is able to capture the underlying relationships 

effectively. However, slightly larger deviations are observed 

in extreme values, suggesting that prediction accuracy may 

decrease in certain regions. 

 

Figure 7. Distribution of Residuals   

 

Figure 7 shows the distribution of residuals in the form of a 

histogram The results indicate an approximately normal 
distribution centered around zero, suggesting that the 

prediction errors are random and unbiased. Minor deviations 

at the tails indicate the presence of outliers, which is common 

in real-world socio-economic data. Overall, these results 

confirm that the model is stable and reliable for predicting 

food vulnerability. 

D. Global and Local SHAP Analysis for Food 
Vulnerability Prediction 

  To bridge the complexity of the Gradient Boosting 

model with the need for transparency in policy-making, this 

study implements the SHapley Additive exPlanations 

(SHAP) framework. The analysis is conducted 

comprehensively, ranging from a global perspective to map 
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national food vulnerability drivers to a local perspective 

serving as a region-specific diagnostic tool. The global 

influence of each FSVA indicator is visualized through a 

SHAP Summary (Beeswarm) Plot, which ranks each feature 

based on its average contribution to the IKP score predictions 

across all 514 districts and cities in Indonesia. 

 

 
Figure 8. Global SHAP Feature Importance for Food Security Index 

Prediction 

 

  Based on the visualization in Figure 8, the Net 

Consumption to Production Ratio (NCPR) emerges as the 

most influential feature in determining a region's 
vulnerability. The distribution of red dots (indicating high 

values) on the right side of the SHAP axis suggests that a 

high dependency on food supplies from outside the region 

consistently increases the predicted food vulnerability. 
Beyond availability factors, economic and infrastructural 

dimensions such as poverty levels and limited access to clean 

water also show a significant positive impact on vulnerability 
scores. This proves that food insecurity in Indonesia is 

heavily influenced by public purchasing power and 

environmental health quality. Conversely, health indicators 

such as life expectancy and the ratio of health workers act as 
protective factors, where regions with better healthcare 

services tend to exhibit more stable food security. 

  In addition to national trends, the primary advantage of 
the SHAP method lies in its ability to perform individual 

audits through the SHAP Waterfall Plot. This analysis 

provides an overview of how the model accumulates 

prediction scores from the base value to the final output for 
a specific region. For instance, an analysis was conducted on 

a district in the Papua region, which historically has high 

vulnerability levels, to provide a more granular diagnostic 
overview

 
Figure 9. Local SHAP Waterfall Plot for a Selected District in Papua 

 
The diagram in Figure 19 clearly illustrates the 

interaction between the drivers and inhibitors of 

vulnerability in that region. Extreme NCPR values and high 

stunting rates are the primary contributors pushing the score 
toward deeper vulnerability. This signals that food issues in 

Papua are not only caused by logistics and distribution 

bottlenecks but are also closely linked to chronic nutritional 
problems. Although several variables support resilience, 

their strength is insufficient to offset the pressure from 

poverty and supply dependency. This local diagnostic 

capacity is crucial for local governments, as it enables the 
design of highly specific interventions, such as focusing on 

food price stabilization and specific nutritional programs, 

rather than relying on generalized aid approaches. 

E. Spatial Analysis (West vs East Disparities) 

  The results of predictions at the provincial level show a 

clear disparity in food vulnerability between western and 

eastern Indonesia, as illustrated in Figure 10. Regions in 

eastern Indonesia (Papua) are consistently predicted to have 

a higher risk profile than regions in the west, such as Java 

and Bali. These findings reinforce that differences in 

infrastructure quality, access to basic services, and inter-
island logistics connectivity remain major challenges in 

efforts to mitigate national food insecurity evenly. 

 

 
Figure 10. Food Security Index Comparison Between the Five Most and 

Least Resilient Provinces 
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Spatial analysis shows striking disparities between 

western and eastern Indonesia. Provinces in Java and Bali, 

such as Bali (predicted score of 93.79) and Central Java 

(90.47), are classified as highly food secure (Priority 6), 

while Papua (20.07) are classified as highly vulnerable 

(Priority 1). The extreme vulnerability in Papua is not only 

due to poverty rates, but is also greatly influenced by 

geographical conditions and inter-island logistical 
challenges. Papua's mountainous topography and severely 

limited basic infrastructure make food distribution costs very 

high. Dependence on air transportation to reach mountainous 

areas makes food supplies unstable and vulnerable to 

weather fluctuations. In addition, limited access to clean 

water and health facilities in rural Papua exacerbates the food 

utilization pillar, so that the risk of stunting and malnutrition 

remains high even though food aid may be available. These 

conditions underscore that mitigation strategies for Papua 

must include the development of connectivity infrastructure 

and the strengthening of local commodities such as sago and 
sweet potatoes, which are more adaptive to the local 

ecosystem than imposing a dependence on rice that must be 

imported from outside the island. These findings are 

consistent with the SHAP analysis, where variables such as 

NCPR, access to clean water, and poverty level show strong 

contributions to increasing food vulnerability in eastern 

regions. This confirms that the model predictions are not 

only statistically driven but also supported by real-world 

structural conditions. 

F. Conclusion of Regional Disparity Analysis 

  To further explore the contrasting conditions between the 

most vulnerable and most resilient regions, a detailed 

comparison is presented using SHAP Force Plots for the 

Papua and Bali regions. This approach aims to provide a 

closer look at how various indicators interact within regions 

that possess vastly different characteristics. Through these 

visualizations, we can transparently identify the primary 

drivers and challenges unique to each area, demonstrating 

that the model provides deep contextual insights rather than 

just raw predictive figures. 

 
Figure 11. Vulnerability Factor Analysis in Papua (Most Vulnerable 

Region) 

 

The visualization in Figure 11 illustrates the dynamics of 

the indicators for the Nduga district in Papua, which resulted 

in a very low predicted IKP score of 19.17. The score is 

drastically pulled down by several negative contributors. The 

analysis shows that the Net Consumption to Production Ratio 

(NCPR) is the most significant factor, reducing the score by 

-29.64, followed by high poverty levels (-9.73) and lack of 

clean water access (-7.01). This granular view explains that 
the extreme vulnerability in Nduga is not caused by a single 

issue, but rather by an accumulation of structural deficits. In 

stark contrast, the characteristics of a region with an optimal 

resilience profile are shown in the following visualization. 

 

 
Figure 12. Vulnerability Factor Analysis in Bali (Most Resilient Region) 

 

The contrast between Figure 11 and Figure 12 highlights 

the massive regional disparity, with Bali's Kota Denpasar 

achieving a remarkably high predicted IKP score of 93.79. 

As shown in Figure 13, the score is boosted significantly 

from the base value by positive contributors (red bars), such 

as clean water access (+6.54), poverty (+4.51), and high life 

expectancy (+4.34). These findings underscore that while 

eastern regions like Papua are struggling with basic supply 
and infrastructure, western regions like Bali have built a 

robust protective buffer through infrastructure and socio-

economic development. 

Ultimately, the significant gap between the scores of 

20.07 and 93.79 confirms that national food security cannot 

be managed with a "one-size-fits-all" strategy. The analysis 

proves that the Gradient Boosting model, interpreted through 

SHAP, provides the necessary evidence for a differentiated 

policy approach. For highly vulnerable regions like Nduga, 

the priority must be on reducing supply dependency and 

building basic utilities, whereas for resilient regions like 

Denpasar, the focus should shift toward maintaining 
environmental and economic sustainability. 
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G. Model Generalization 

 
Figure 13. Accuracy Stability of Gradient Boosting 

 

 
Figure 14. Error Metrics During the Generalization Phase 

 

Based on the stability test results and error metrics shown 

in Figures 13 and 14, the Gradient Boosting model was 

selected as the primary model in this study. This decision was 
based on its ability to minimize the error rate, achieving the 

lowest RMSE value (2.157) compared to the other models. 

Furthermore, the generalization test results demonstrate 

highly consistent performance with a minimal accuracy 

difference (0.007) between the training and testing datasets. 

This proves that the model has high robustness and does not 

suffer from overfitting, meaning that the factors determining 

food vulnerability studied are universal and reliable for 

predicting conditions in regions or datasets outside the 

training data with a very high level of confidence. 

H. Mitigation and Policy Recommendations 

In high-risk regions such as Papua, interventions must 

prioritize the revitalization of local commodities. The 

transition back to sago (Metroxylon sagu) is supported by 

research demonstrating its ecological adaptability in 

peatlands, which is far superior to that of rice [25]. Sago is 

capable of growing in acidic soil without the need for land 

drainage, thereby preserving wetland ecosystems [25]. 

Regarding social safety nets, evaluations of the Family 

Hope Program (PKH) indicate that while cash transfers 
stabilize short-term consumption, the long-term impact on 

toddler nutrition is highly dependent on the presence of 

standardized health infrastructure [26]. Without adequate 

access to healthcare, cash assistance struggles to 

significantly reduce stunting rates [27]. 

In Bali, policy focus must be directed toward the 

protection of productive land. The conversion of Subak land 

into tourism areas threatens local food security [28]. A multi-

stakeholder collaboration strategy through the "Subak 

Lestari" model is required to integrate sustainable tourism 

with the preservation of traditional agriculture [29]. 

 

IV. CONCLUSION 

This study successfully fulfilled its objective of 

developing an accurate and interpretable predictive 

framework for assessing interregional food vulnerability risk 

in Indonesia. By evaluating 514 districts and cities using data 

from the 2022–2024 period, the research proved that the 

Gradient Boosting model outperformed other algorithms 

with an R² value of 0.9770, demonstrating its robustness in 

capturing complex non-linear relationships within food 

security indicators. The integration of SHapley Additive 

exPlanations (SHAP) provided critical transparency, 
identifying the Net Consumption to Production Ratio 

(NCPR), clean water access, and poverty levels as the 

primary drivers of vulnerability. Spatially, the model 

confirmed a significant score gap between western and 

eastern regions, highlighting the urgent need for 

infrastructure-based interventions in provinces like Papua. 

However, a notable limitation of this study is its reliance on 

static annual secondary data from the FSVA, which may not 

fully reflect sudden shocks caused by short-term climate 

variability or rapid food price fluctuations. To extend these 

findings, future research should incorporate Small Area 

Estimation (SAE) models to achieve village-level 
granularity, as planned for the FSVA 2025 update. 

Furthermore, integrating real-time climate monitoring and 

daily market prices into the framework could transform this 

model into a dynamic early warning system. Such 

advancements would strengthen the practical 

implementation of this interpretable framework within 

Indonesia’s national and regional food security planning, 

ensuring that resource allocation remains precise, data-

driven, and highly responsive to emerging local challenges. 
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