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Abstract. The need for data-driven analysis to understand socio-
economic vulnerability, particularly in relation to food security, has
intensified due to the pandemic. The growing volume of survey data
demands analytical methods that can capture multidimensional
relationships. Over time, food security evolves into the concept of food
resilience, reflecting a household's capacity to withstand or recover
from adverse conditions. This study uses machine learning techniques
to categorize household food resilience, based on data from the World
Bank's High Frequency Phone Survey (HFPS), covered 2,868
households in Indonesia. A comparative evaluation of gradient
boosting algorithms (XGBoost, LightGBM and CatBoost) was
conducted. Model performance was evaluated using accuracy,
sensitivity, specificity, and AUC across ten repeated train-test splits,
with statistical significance assessed using Friedman and Wilcoxon
tests. The results show that CatBoost performed best and most
consistently, achieving mean accuracy of 0.7592 and mean AUC of
0.8331, which is significantly higher than that of competing models.
SHAP analysis further indicates that baseline vulnerability, financial
concerns, income capacity, food price shocks and unmet healthcare
needs are important features for identifying resilient households.
These findings demonstrate that gradient boosting, particularly
CatBoost, provides strong predictive power and interpretability to
support data-driven decision-making in classifying food resilience.
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1. Introduction

Food security is a major global concern and is explicitly emphasized in the Sustainable Development
Goals (SDG 2: Zero Hunger) [1-2]. However, food security is highly vulnerable to external factors,
like climate change, political conflicts, economic disruptions, health crises, and pandemics [3-4]. One
of the recent global shocks is COVID-19, represented the most disruptive and impacting food systems,
with Indonesia experiencing significant consequences [5-6]. National statistic shows that Prevalence
of Undernourishment (PoU) had been decreased trend from 10.73% in 2015 to 7.63% in 2019, but
increased sharply to 8.34% in 2020, highlighting the negative impact of the pandemic on food security
[7-8].

In crisis situation, monitoring socio-economic vulnerability requires a shift from static measures
of food security to the concept of food resilience. Resilience is defined as the capacity to anticipate,
absorb, recover from, and adapt to disruptions [9]. While traditional food security focuses on a
snapshot in time, resilience emphasizes the capacity to recover and maintain stability despite ongoing
shocks [10]. In Indonesia, although food security has been widely studied, the concept of food
resilience has received comparatively less attention, despite its increasing relevance during the
pandemic period [11].

Analyzing food resilience is an inherently complex task, as it involves multidimensional and
dynamic factors [12]. Conventional statistical approaches often rely on linear assumption that may
inadequately capture nonlinear relationships and interactions among variables[13-14]. In recent years,
machine learning approaches have been increasingly applied in socio-economic research due to their
flexibility in modelling complex patterns and handling high-dimensional data [15-16]. Among these
methods, gradient boosting algorithms have demonstrated strong predictive performance by
effectively capturing nonlinear relationships and feature interactions [17]. Algorithms such as eXtreme
Gradient Boosting (XGBoost), Light Gradient Boosting (LightGBM), and Categorical Boosting
(CatBoost) have demonstrated superior predictive performance across various classification problems,
making them suitable for identifying resilient and non-resilient households.

Previous studies in Indonesia have applied machine learning techniques primarily to classify food
security status using cross-sectional dataset such as SUSENAS. For instance, Dharmawan et al [18]
conducted research on classifying food insecurity using Random Forest, SVM, ANN and XGBoost,
reporting Random Forest as the best model with of accuracy of 79%. Similarly, Khikmah et al [19]
evaluated several ensemble methods, including Random Forest, Gradient Boosting, Extra Trees, and
Rotation Forest, and found random Forest as the best performance with balanced accuracy of 65.79%.
Fransiska et al [20] extended this line of research by comparing Random Forest and Generalized
Random Forest (GRF) to predict household food insecurity, demonstrating that GRF achieved better
performance in with balanced accuracy of 55%.

Although these studies demonstrate the potential of machine learning in food security analysis,
they predominantly focus on cross-sectional data and emphasize broad comparisons across ensemble
learning families, particularly between bagging and boosting approaches. As a result, they tend to
capture static aspects of food insecurity and may not adequately represent the dynamic nature of
household resilience under prolonged shocks. In contrast, this study focuses on an internal comparison
among gradient boosting algorithms—XGBoost, LightGBM, and CatBoost—to provide a more
detailed understanding of how different boosting strategies perform in modelling complex
socioeconomic data. This narrower focus enables a more precise evaluation of algorithmic behavior
within the same learning paradigm, which remains limited in the existing literature.

Beyond predictive performance, interpretability is crucial in this context because decision makers
require transparent information regarding the classification results to design effective intervention
programs [21-22]. Explainable Artificial Intelligence (XAI) methods address this need by clarifying
how models generate predictions [23]. One widely used is SHAP (SHapley Additive Explanations),
which quantifies the contribution of each predictor to a model’s output based on cooperative game
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theory [24]. Unlike conventional feature importance, SHAP indicates whether each predictor has a
positive or negative association with model output [25]. This approach enhancing the practical
usability of complex gradient boosting models in policy context.

This study is among the first to explicitly compare gradient boosting algorithms within a unified
framework using high-frequency panel data for food resilience classification, addressing the limited
evidence on boosting-based approaches in longitudinal socio-economic analysis. The key research
problem addressed in this study is to determine which gradient boosting algorithm provides the most
accurate and reliable classification of household food resilience, while maintaining interpretability for
policy-relevant insights. Thus, this study contributes to the literature by providing a comprehensive
framework that combines predictive modelling, feature engineering, and explainable machine learning
to better capture the dynamic nature of household food resilience.

2. Research Method

2.1. Materials

This study adopts a quantitative approach using a machine learning workflow to classify household
food resilience. The overall research framework consists of data preprocessing, model development,
and explainable analysis utilizing SHAP to the best-performing model. Gradient boosting was selected
in developing the models due to their ability to handle complex data efficiently, and capture non-linear
relationships and interaction among predictors, which are commonly present in socio-economic data
[26]. The workflow of the study is illustrated in Figure 1.
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Figure 1. Research Workflow

2.2. Data Source
The dataset was obtained from the High Frequency Phone Survey (HFPS) conducted by World Bank
in Indonesia during the COVID-19 pandemic [27]. The survey consists of eight rounds and includes
eleven thematic modules covering household demographic, employment and income, food security,
access to health service, education, concern and subjective welfare, knowledge about COVID-19, and
social safety nets. The baseline survey interviewed 4,371 households which were subsequently re-
contacted in the following rounds to monitor socioeconomic conditions during the pandemic.
Several survey questions were repeated across rounds, allowing the analysis of household
dynamics over time. These repeated observations were later transformed into summary features during
the feature engineering stage. In addition to structured questionnaire responses, the survey also
includes open-ended questions describing household perception. These responses were recorded in
textual format and were processed as text variables in the feature engineering stage.
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2.3. Data Acquisition and Data Cleaning

The initial step of data preprocessing involved merging datasets from the eight survey rounds using a
unique household identifier. Since some households did not participate in all rounds, observations
with incomplete records were excluded from the analysis to ensure data consistency. Restricting the
sample to a balanced panel inevitably raises concerns about potential selection bias due to household
attrition [28]. To address this, an attrition check using baseline household characteristics with logistic
regression model show limited predictive performance (accuracy ~ 53.89, AUC = 55.62%), indicating
that dropout is not systematically driven by observable factors [29]. This provides reassurance that the
balanced panel used in this study is unlikely to introduce substantial bias, thereby supporting the
validity of the predictive framework.

Following sample acquisition, data validation was performed to detect anomalies and
inconsistent entries. Certain placeholder values, such as 999.99, were used in the survey to indicate
“do not know” responses. These were treated as missing and imputed using the median of non-missing
observations within each feature. Median imputation was chosen because it is robust to outliers and
preserves the sample size [30]. The final dataset thus comprised 2,868 households, complete and
consistent for predictive modeling.

2.4. Response Variable

In supervised classification tasks, defining the response variable is essential. The response variable in
this study is household food resilience, which is categorized into two classes: resilient (1) and non-
resilient (0). The classification was derived from the trajectory of household food security status
measured using the Food Insecurity Experience Scale (FIES) across eight survey rounds. Households
are considered food secure when they do not experience food shortages and do not reduce their food
consumption. An illustration of the construction of the food resilience status is provided in Figure 2.

Historical Period (Round 1-7)
evaluated by Majority Vote

Period 1 Period 2

Food Secure Resilient Food Secure

Food Insecure Food Insecure

Figure 2. Resilience Concept

Following the resilience framework proposed by Villacis et al. [10], households are classified as
resilient if they are able to maintain food security or recover from food insecurity to a food-secure
condition. While the original framework was designed for two periods, this study extends the concept
to eight survey rounds, thereby generating seven consecutive transitions that capture household
dynamics throughout the pandemic.

To operationalize resilience in this multi-round setting, a majority voting rule was applied across
the transitions. Households were classified as resilient (coded 1) if food security was the dominant
state across transitions and they remained food secure in the final observation (Round 8). This criterion
reflects the household’s ability to sustain or regain food security after pandemic. Majority voting
across transitions is consistent with ensemble decision theory, ensuring that classifications reflect
dominant rather than temporary states. Conversely, households were classified as non-resilient (coded
0) if food insecurity dominated across transitions or if they were food insecure in the final observation,
regardless of earlier conditions. The detailed classification criteria are summarized in Table 1.
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Table 1. The Description of Response Variable
Label Description
1 = Resilient Households that maintained food security as the dominant state across
transitions and remained food secure in the final observation (Round 8)
0 = Non resilient Households that were food insecure in the final period (Round 8), or
households with food insecurity dominating transitions regardless of their final
condition

2.5. Feature Engineering

Feature engineering was conducted to transform the raw survey data into informative predictor
variables suitable for machine learning algorithms [31]. Since the HFPS dataset consists of repeated
observations across multiple survey rounds, the raw data inherently contains temporal dynamics that
cannot be directly utilized by standard classification algorithms. To address this, feature engineering
was designed to represent household dynamics over time by summarizing repeated observations into
fixed-length predictors. This transformation enables the model to capture not only the level of
household conditions but also their stability, variability, and exposure to shocks throughout the
pandemic period. The selection of predictor variables was guided by both domain knowledge and
data-driven considerations. The process focused on two primary areas: the conversion of unstructured
text into numerical indicators and the aggregation of temporal data into stationary summary features.

2.5.1 Preprocessing Text Variable

One of the survey questions asked household to mention three commodities that they perceived as
experiencing price increases during the pandemic. This question was designed as an open-ended
response, allowing respondents to freely report commodities. Consequently, the responses were
recorded in textual form and contained variations in spelling and wording. To make these responses
consistent to machine learning model, the textual variables were transformed into numerical
representations [32]. The preprocessing steps include case folding and standardization (for example,
“cabe,” “cabai merah,” and “lombok” were standardized into “cabai”). Figure 3a presents the word
cloud before cleaning, while Figure 3b displays the fifteen most frequently reported commodities
experiencing price increases.

BERAS 15.2%
TELUR 13.4%
GULA 12.3%

B A W BAWANG MERAH 118%
M DAGING AYAM 74%
MINYAK GORENG 7.2%
IKAN 6
i/
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IKAN LAUT
GULA PASIR
IKAN LAUT

Commodity
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savorar [N 1 9%
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TOMAT - 1.1%
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10 15
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Figure 3. Preprocessing Text
The bar plot in Figure 3b illustrates the distribution of various commodities that households reported

as experiencing price increases. To ensure model parsimony while retaining explanatory relevance,
only the most influential commodities were selected as predictors. The four most frequently reported
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items—rice (beras), eggs (telur), sugar (gula), and shallots (bawang merah)—were included due to
their central role in household consumption patterns. In addition, chili (cabai) was incorporated as a
predictor despite not ranking among the top five commodities. This inclusion is theoretically justified
by its historically high price volatility during the COVID-19 period, making it a sensitive indicator of
food-related economic pressure [33].

2.5.2 Summary Features

The aggregation of repeated variables was performed using summary statistics such as mean, mode,
count, and coefficient of variation. These statistics were selected to capture complementary aspects of
household dynamics [34]. Mean values represent the average condition of households, reflecting their
general socioeconomic status during the observation period, coefficient of variation (CV) captures
instability and fluctuations. Mode represents the dominant state experienced by households, aligning
with the concept of resilience as a sustained condition rather than a temporary state. Meanwhile, count
capture the frequency of adverse events or disruptions, reflecting the intensity of shocks experienced
during the pandemic.

This transformation aims to simplify the complex information, reduce redundancy and
multicollinearity, also improve the ability of machine learning model to detect meaningful patterns
associated with household food resilience. The detailed summary feature construction is presented in
Table 2.

Table 2. Summary Features Construction from Repeated Survey Variables

Feature engineering Statistic Rationale
Captures the dominant state of reduced working hours relative

Reduced Work hours Mode . ..
to pre-pandemic conditions
Work hour variation cv Measures variability in household’s working hour across survey
round
Total instan f k icipation income-generatin,
Work frequency Count otal instances of work participation or income-generating
activities across round
Job change frequency Count Frequency of job transitions, reflecting labor market instability
Average monthly income Mean Represents average household income during the pandemic
Income variation Cv Quantifies income fluctuation, indicating financial instability
Income drop Mode B1nag indicator of Whether income most frequently declined
relative to pre-pandemic
. . Number of rounds where household head was unable to work
Quarantine experienced Count . C
due to quarantine restrictions
. . Frequency of irregular work, unemployment, or job changes due
di ion fr n n ’ ’
Job disruption frequency Count to COVID-19
. Number of rounds where the household reported barriers to
Unmet need for medication Count . . ..
accessing essential medicines
COVID-19 concern Mean Average. Likert score of household anxiety regarding the
pandemic
. . Average Likert score of financial stress experienced by the
Financial concern Mean
household
. Binary indicator showing whether borrowing was the dominant
Debt ownership Mode M cator showing whether borrowing was the do

coping mechanism across rounds
Frequency of social safety nets Count Number of social assistance programs received across rounds

2.5.3 List of Predictor Variables

Following the preprocessing and feature engineering procedures described in the previous section, the
variables generated from the summary feature construction (Table 2), together with other relevant
household characteristic obtained from the HFPS dataset were compiled into the final predictor set.
After combining, a total of 42 predictor variables were applied for model development. These variables
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were used as inputs for the classification models to predict household food resilience. To facilitate the
interpretation, the predictors were grouped into five categories as presented in Table 3 with the
complete list of predictor variables.

Table 3. Predictor Variables

Predictor Group Code Variables
Demographic X, —Xg  Residential location; House ownership status; Household size; Gender
Carctheristics of Household head; Age of household head; Education of household
head; Dependency ratio (%); Death status of household head
Employement and Xy — X,s  Employment type; multiple worker; business ownership; online
Income Loss business; open business during COVID-19; ability to pay electricity;

digital financial transactions; reduced work hours; work hour variation;
work frequency; job change frequency; average monthly income;
income variation; income drop; quarantine experience; job disruption

frequency
Health and Food X6 — X35 Ability to buy medicine; COVID-19 symptoms; unmet needs
Shocks medication; rice price shock; sugar price shock; shallot price shock; egg

price shock; chili price shock; cooking oil scarcity; pre-pandemic
vulnerability status.

Subjective Welfare X36 — X35 Covid-19 concern, financial concern, debt ownership

Social safety nets X539 — X4, Receiving remittance, BPJS health insurance, BPJS Employment
insurance, frequency of social safety nets

2.6 eXtreme Gradient Boosting

Gradient boosting is an ensemble technique that build predictive models by sequentially combining
multiple decision trees [35]. Each new tree is trained to correct the prediction errors made by previous
trees, thereby improving overall model accuracy. eXtreme Gradient Boosting (XGBoost) is an
advanced implementation of the gradient boosting framework. In this process, each successive tree is
designed to minimize the residual errors of the previous ones by optimizing a specific loss function. A
distinguishing feature of XGBoost is the inclusion of explicit regularization terms in its objective
function, which penalizes model complexity to effectively prevent overfitting and improve
generalization performance on unseen data [36].

2.7 LightGBM

LightGBM is a gradient boosting framework designed for high efficiency and scalability. Unlike
traditional boosting models that grow trees level-wise, Light GBM employs a leaf-wise growth strategy,
which splits the leaf with the highest loss reduction, resulting in deeper, asymmetrical trees [37]. To
optimize computational speed, it utilizes two key techniques: Gradient-based One-Side Sampling
(GOSS) and Exclusive Feature Bundling (EFB). GOSS reduces the data size by retaining observations
with larger gradients (those with higher errors) while sampling those with smaller gradients, ensuring
the model focuses on the most informative data points. Meanwhile, EFB reduces feature
dimensionality by bundling mutually exclusive sparse features together without losing critical
information.

2.8 CatBoost

CatBoost (Categorical Boosting) is a specialized gradient boosting algorithm that excels in handling
datasets with numerous categorical features [38]. It utilizes a unique technique called ordered boosting
to overcome the gradient estimation bias (target leakage) that often occurs in traditional boosting
methods [39]. This approach enhances the robustness of the training process and allows the model to
process categorical variables directly through efficient encoding schemes, making it highly effective
for complex socio-economic datasets.

Comparative Analysis of Gradient Boosting Algorithms for Household Food
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2.9 Model Evaluation
Model performance was evaluated using several classification metrics derived from the confusion
matrix, including accuracy, sensitivity, and specificity [40]. In addition, the Area Under Curve (AUC)
was used as the primary evaluation metric because it summarizes model performance across all
possible classification thresholds [41]. The AUC values, which indicate how well the model identifies,
are presented in Table 4.
Table 4. AUC Values Category

AUC Value Category

0.9-1.00 Excellent Classification

0.80-0.89 Good Classification

0.70-0.79  Fair Classification

0.60—0.69  Poor Classification

0.50-0.59 Failure

Furthermore, to statistically assess the comparative performance among gradient boosting
models, the Friedman test was employed. As a non-parametric test, it is particularly suitable for
comparing multiple algorithms under repeated iterations [42].When the Friedman Test indicated
significant differences, the Wilcoxon signed-rank test was conducted as a post-hoc analysis to identify
which pairs of models differed significantly [43].

2.10 Shapley Additive Explanations (SHAP)
SHAP is a model-agnostic interpretability framework grounded in cooperative game theory. It
quantifies the contribution of each feature to a specific classification prediction by calculating its
Shapley value, which represents the average marginal contribution of a feature across all possible
combinations of predictors [44]. By attributing the difference between the model's actual prediction
and the average prediction to individual features, SHAP provides both local explanations for
individual households and global insights into the overall drivers of model prediction [45]. The SHAP
value for a specific feature j is calculated using the weighted average of all possible marginal
contribution across all feature coallitions. It is expressed as follows:
SI'(M — [S|—1)!
a= Y BRI EIZ D s ugn - ve)i=1,.m
SSM(j) '
Where M is the total numeber of predictor, S present a subset (coalition) of feature that exclude
feature j, v(S) denotes the model’s prediction, and the term [v(S U {j}) — v(S)] represents the
marginal contribution of feature j to the prediction. Since this study employs tree-based gradient
boosting models, TreeSHAP was implemented to compute Shapley values efficiently by
leveraging the hierarchical structure of decision trees.

3. Results and Discussion

3.1 Descriptive Analysis

The initial stage of the analysis is the exploration of the distribution of household food resilience to
obtain an overview of patterns within the HFPS sample. Presenting this distribution is essential for
identifying the proportions of resilient and non-resilient households, thereby providing necessary
context for subsequent analysis of the determinants that may influencing resilience. The proportion of
the resilience status is shown in Figure 4.
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Status
I Not Resilient
[0 Resilient

Figure 4. Proportion of Household Food Resilience Status

As shown in Figure 4, the distribution of food resilience among the 2,868 households indicates that
53.5% (1,535 household) were classified as resilient, while 46.5% (1,333 household) were classified as
non-resilient. Because the class proportions are relatively balanced, specific handling for imbalanced
data was not required for this classification case.

3.2 Classification Models

The first step for building the model is splitting the dataset into training 80% and testing 20%. Building
model is process in the training set. After that, initialize hyperparameter among the algorithms. Each
algorithm has its own set of hyperparameters, which can influence the model’s learning process and
the quality of the production it produces [46].Model training and hyperparameter optimization were
performed exclusively on the training set, while the testing set was reserved for final performance
evaluation [47]. To ensure fair comparison, hyperparameter search spaces were designed to be
comparable across models. The explored parameter ranges are presented in Table 5.

Table 5. Hyperprameter Range

Hyperparameter XGBoost LightGBM CatBoost
Number of trees (n_estimator/iterations) 200-600 200-600 200-600
Maximum tree depth (max_depth) 3-8 - 3-8
Learning rate (eta) 0.03-0.15 0.03-0.15 0.03-0.15
Proportion of sample each tree (subsample) 0.7-1.0 0.7-1.0 -
Proportion of features each tree (colsample_bytree)  0.7-1.0 0.7-1.0 -
Number of leaves (num_leaves) - 20-100 -
Minimum sample per leaf (min_data_in_leaf) - 20-50 -

The tuning process was performed using Optuna, a Bayesian optimization framework with a Tree-
structured Parzen Estimator (TPE) approach. This optimization process employed 5-fold cross-
validation scheme, with the Area Under the Curve (AUC) as the objective metric to identify the
optimal parameter combinations. Based on tuning results, the XGBoost model achieved its best
configuration with 490 trees, a maximum depth of 3, a subsample ratio of 0.93, and proportion feature
of 0.78. LightGBM attained its optimal performance with 492 trees, 69 leaves and minimum of 34
samples per leaf. Meanwhile, CatBoost reached its best setting with 586 iterations (trees), a tree depth
of 5, and a learning rate of 0.023.

This configuration emphasizes that optimal performance of a gradient boosting algorithm
depends heavily on the distinct learning strategic. In XGBoost, the moderate number of trees with low
depth, the use of subsamples and feature proportions, suggest a stochastic gradient boosting strategy

Comparative Analysis of Gradient Boosting Algorithms for Household Food
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to maintain generalization and reduce overfitting [35]. LightGBM, with its large number of leaves,
emphasizes the flexibility of a more complex tree structure, consistent with its characteristics as the
fastest algorithm [48]. Meanwhile, CatBoost, with its low learning rate and moderate depth, exhibits
a conservative strategy that emphasizes prediction stability. In conclusion, hyperparameter selection
is not merely technical, but rather a strategy to balance accuracy, speed, and generalization ability,
where each algorithm has unique characteristics that are reflected in its optimal configuration [49].

After the best configurations were obtained, the models were initially evaluated using a confusion
matrix to visualize their predictive performance which provides a detailed summary of the
classification results by comparing predicted labels with the actual class labels. The confusion matrix
obtained from the testing dataset (20%) is presented in Figure 5.

Best XGB

Best LGBM

Best CATBOOST

True label
True label
True label

1 0 1 0
Predicted label Predicted label Predicted label

Figure 5. Confusion Matrix of XGBoost, LightGBM, and CatBoost

Figure 5 presents the confusion matrix of XGBoost, Light GBM and CatBoost evaluated on the fixed
testing set using their optimal hyperparameters. The comparative evaluation highlights that all three
algorithms reveal broadly similar predictive patterns, where the diagonal cells representing correct
classifiations appear darker than those indicating misclassifications. This consistency may be
attributed to the shared boosting framework, which iteratively build ensemble of weak learners to
minimize classification errors. Despite this identical foundation, the models exhibit nuanced
differences in their error distribution.

In terms of true positive (TP), both XGBoost (242) and CatBoost (243) demonstrate stronger
ability to correctly identify positive class (resilient households), compared to LightGBM (235). This
suggest that XGBoost and CatBoost are more effective in capturing resilience signals within the data.
The false negative (FN) reveal a critical distinction, LightGBM record the highest FN (67), meaning
it misses more resilient households by misclassifying them as non-resilient. CatBoost, with the lowest
FN (59), minimizes this risk, thereby offering a more reliable detection of resilience. Regarding true
negatives (TN), LightGBM and CatBoost (both 195) slightly outperform XGBoost (190). This
indicates that LightGBM and CatBoost are marginally better at correctly identifying non-resilient
households. In terms of false positive (FP), XGBoost produces the highest number (82), reflecting a
tendency to overestimate resilience by misclassifying non-resilient households as resilient. Meanwhile,
LightGBM and CatBoost both record fewer FP (77), showing a more conservative stance in resilience
classification.

To ensure the stability of the result, the evaluation was extended by repeating the train-test
split procedure across ten different random seeds. This repetition allowed for the assessment of model
stability under varying data partitions, thereby reducing the risk of performance bias due to a single
split. The performance of the model was evaluated using Accuracy, Sensitivity, Specificity, and AUC.
In addition, statistical significance was assessed using the Friedman test. The average performance
across the ten repetitions, along with the Friedman significance test results, is summarized in Table 6,
providing a more comprehensive view of the comparative strengths and weaknesses of each algorithm
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Table 6. Model Performance and Friedman Significance Test (Mean + SD)
Metric XGBoost LightGBM CatBoost Friedman
(mean = sd) (mean = sd) (mean =+ sd) (p-value)
Accuracy  0.7531 £ 0.0023 0.7491 £ 0.0002 0.7592 + 0.0033 1.83 x 10™*
Sensitivity 0.8007 + 0.0034 0.7781 +£0.0052 0.7993 + 0.0047 4.44 x 104
Specificity 0.7004 £+ 0.0036 0.7169 + 0.0002 0.7147 + 0.0053 5.60 x 10™*
AUC 0.8304 + 0.0007 0.8142 +0.0002 0.8331 + 0.0007 4.54 x 107>

As shown in Table 6, CatBoost consistently achieves the highest average performance in terms of
Accuracy (0.7592 £ 0.0033) and AUC (0.8331 % 0.0007), indicating that approximately 75.9% of the
observations were correctly classified and that the model demonstrates superior discriminative ability.
XGBoost remains highly competitive in Sensitivity (0.8007 = 0.0034), suggesting its strength in
identifying resilient households. In contrast, LightGBM achieves the highest Specificity (0.7169 +
0.0002), indicating a stronger ability to correctly classify non-resilient households. The Friedman test
confirmed that these differences are statistically significant across all metrics (p < 0.001), necessitating
further pairwise investigation. To identify specific differences between model pairs, a post-hoc analysis
was performed using the Wilcoxon signed-rank test with Bonferroni correction, as presented in Table
7.

Table 7. Pairwise Comparison Results

Pairwise Accuracy Sensitivity Specificity AUC
XGBoost vs Light GBM  0.025" 0.017 0.016 0.006"
LightGBM vs CatBoost 0.017" 0.017 0.666 0.006"
XGBoost vs CatBoost  0.037" 1.000 0.024" 0.006"

“indicates statistical significance at the 5% level

The results reveal that CatBoost significantly outperforms LightGBM across most evaluation
metrics (p < 0.05), except for Specificity (p = 0.666), where the difference is not statistically
significant. This suggests that although LightGBM achieves slightly higher specificity than CatBoost,
the difference is not strong enough to be considered statistically meaningful. Furthermore, when
compared to XGBoost, CatBoost demonstrates significantly better performance in Accuracy,
Specificity and AUC (p < 0.05), while no significant difference is observed in Sensitivity (p >
0.05). This indicates that the higher sensitivity observed in XGBoost is not statistically significant.
These results highlight that CatBoost provides as the most consistent predictive performance across
multiple evaluation criteria.

CatBoost’s superior performance is attributed by its algorithmic design, which is particularly
well-suited for heterogeneous and noisy socio-economic survey data. CatBoost incorporates an
ordered boosting scheme that reduce prediction sift and mitigates overfitting, leading to better
generalization [50]. In addition, its ability to process categorical variables efficiently allows the model
to better utilize information [51]. The relatively low variance observed across repeated experiments
further indicates that CatBoost is more robust to sampling variability, an important property when
working with survey data characterized by heterogeneity and measurement noise [35].

Recent interdisciplinary studies have reported similar finding, where gradient boosting
consistently outperforms other machine learning algorithms in classification tasks [51]. In
socioeconomic or food security context, the obtained AUC value over 0.80 can be categorized as good
classification performance [52]. Our results fall within this benchmark, reinforcing the stability of
gradient boosting for resilience classification. Nevertheless, prior studies in food security often identify
Random Forest as the best-performing model [18-20], suggesting that model superiority is context-
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dependent, influenced by data characteristics, feature representation, and problem formulation.
Within this high-frequency dataset, CatBoost’s design appears to provide a distinct advantage.

In summary, the results indicate that while all gradient boosting algorithms provide reliable
performance, CatBoost offers the most robust and balanced predictive capability. This makes it
particularly suitable for applications where both accuracy and stability are critical. In the context of
household food resilience, this reliability is essential for policy targeting and vulnerability assessment,
where misclassification could lead to inefficient resource allocation.

3.3 Feature Importance Analysis

Following the identification of CatBoost as the best model, the next step focuses on interpreting the
model’s predictions to uncover the underlying drivers of household food resilience. This analysis is
conducted using SHAP (SHapley Additive Explanations), which provides a theoretically grounded
framework to decompose model predictions into individual feature contributions. The explainability
are presented in Figure 6, which displays the top fifteen predictors with highest important.

High
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Figure 6. SHAP Feature Importance of The CatBoost Model

Low

Figure 6 presents a dual perspective on feature importance. The left panel (barplot) illustrates the
global importance of features, calculated as mean absolute SHAP value across all observations,
thereby identifying the variables with the strongest overall influence on the model. The right panel
(beeswarm plot) provides a more detailed visualization of the direction of feature contributions. Each
point represents an individual observation, with red points indicating high feature values, and blue
representing low feature values.

The barplot results highlight three broad dimensions-structural factors, economic capacity, and
exposure to shock-that emerge as important factors. The beeswarm plot further illustrates how these
predictors affect classification outcomes. Households with higher levels of baseline vulnerability tend
to be associated with lower predicted probabilities of resilience. Similarly, higher levels of financial
concern are generally linked with lower resilience predictions. In contrast, higher household income
levels tend to increase the predicted probability of resilience. Indicators related to economic shocks
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and access to resources, such as rice price shocks and unmet medical needs, also show noticeable
contributions to the model output.

Other variable within the top-ranked predictors are derived from the feature engineering process,
particularly those capturing variability, frequency, and persistence of conditions across survey rounds.
Variables such as work hour variation, income instability, and frequency of job change consistently
appear among the top contributors. This finding provides empirical evidence of the importance of
feature engineering in this study. By transforming repeated survey observations into summary
statistics, the modelling framework is able to capture temporal dynamics that would otherwise be lost
in cross-sectional representations. The dominance of these engineered features in the SHAP ranking
suggests that incorporating repeated measures enhances the model’s ability to detect meaningful
patterns associated with resilience.

Furthermore, the SHAP results demonstrate that the model captures complex, nonlinear
relationships between predictors and the response variable. For instance, the impact of average income
and financial concern is not strictly linear, as their effects vary across different ranges of values. This
reinforces the suitability of gradient boosting models for analyzing socio-economic data, where
interactions and nonlinearities are inherent.

Overall, the SHAP analysis not only improves the interpretability of the classification model but
also provides substantive insights into the mechanisms underlying household food resilience. The
results highlight that resilience is shaped by a combination of structural factors (baseline vulnerability),
economic capacity (income and financial stress), and exposure to shocks (price and health-related
disruptions). Importantly, the findings also underscore that capturing temporal dynamics through
feature engineering is essential for accurately representing resilience in longitudinal survey data.

4. Conclusion

This study demonstrates that gradient boosting algorithms are effective for classifying household food
resilience using high-frequency survey data. Among the evaluated models, CatBoost consistently
achieves the best and most stable performance across multiple evaluation metrics, indicating its
suitability for capturing complex patterns in socio-economic data. The integration of SHAP further
extends the contribution of this study by providing interpretable insights into the drivers of household
food resilience. The analysis reveals that baseline vulnerability, financial stress, income capacity, and
exposure to economic and health-related shocks are the most influential factors. These results reinforce
the conceptual understanding of resilience as a function of both structural conditions and adaptive
capacity, while also demonstrating how explainable machine learning can bridge predictive accuracy
with substantive interpretation.

Future research may extend this framework by incorporating alternative explainability methods,
such as LIME or permutation-based approaches, as well as exploring hybrid modelling strategies that
integrate temporal modelling techniques to further enhance the representation of dynamic household
behavior.
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