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Abstract. Food insecurity is a multidimensional phenomenon strongly associ-
ated with socioeconomic, household, and territorial factors. This study pro-
poses a machine learning pipeline to predict food insecurity risk using adminis-
trative microdata from Brazil’s Cadastro Unico (CadUnico) from the state of
Alagoas. The approach integrates feature engineering, predictive modeling,
temporal evaluation, SHAP-based interpretability, and spatial aggregation of
predictions. We evaluate both linear and tree-based models, including Logistic
Regression, Random Forest, LightGBM, and CatBoost. A temporal evaluation
protocol is adopted, using 2024 data for training/validation and 2025 data for
testing, improving temporal generalization and evaluation realism. The final
LightGBM model achieved an ROC-AUC of 0.91 and PR-AUC of 0.72 on the
temporal test set, with a recall of 0.78, indicating strong capability in identi-
fying at-risk households. Interpretability analysis highlights the importance of
territorial and socioeconomic variables, while spatial aggregation reveals clear
geographic patterns of vulnerability. The results demonstrate the potential of
combining administrative data and machine learning to support early warning
systems and inform data-driven public policies.

1. Introduction

Food insecurity remains a major social challenge, particularly in developing
countries, where structural inequalities directly affect access to adequate food
[UNICEF et al. 2021]]. In Brazil, this issue persists in a heterogeneous manner across
the territory, disproportionately affecting low-income populations.

Traditional measurement approaches based solely on income are limited, as they
fail to capture the multidimensional nature of food insecurity, which involves house-
hold characteristics, access to services, cost of living, and territorial factors [Sen 1982,
Alkire et al. 2015]. In this context, large-scale administrative data, such as Cadastro
Unico (CadUnico), enable more comprehensive analyses by providing detailed informa-
tion on millions of families.

When combined with machine learning techniques, these data enable predictive
approaches that identify populations at risk. Tree-based models, such as Light Gra-
dient Boosting Machine (LightGBM), have shown strong performance in tabular data
by capturing nonlinear relationships and complex interactions [Chen and Guestrin 2016,
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Ke et al. 2017, |Grinsztajn et al. 2022]. However, there is still a lack of studies that in-
tegrate predictive modeling, interpretability, and spatial analysis within a unified frame-
work, particularly under temporal evaluation settings.

To address these gaps, this work proposes an integrated pipeline for predicting
food insecurity risk using CadUnico administrative microdata. The approach combines
feature engineering, machine learning modeling, interpretability via Shapley Additive
Explanations (SHAP), and spatial analysis, and is evaluated under a temporal protocol
(training on 2024 data and testing on 2025 data).

Specifically, this study aims to answer the following research questions:

* QP1 - Risk prediction: Can food insecurity risk be accurately predicted using
multidimensional administrative data from CadUnico?

¢ QP2 - Risk determinants: Which household, socioeconomic, and territorial
characteristics most contribute to food insecurity risk?

* QP3 — Model comparison: Do machine learning models outperform traditional
statistical approaches in this context?

The main contributions of this work include the proposal of an integrated pipeline
that combines predictive modeling, interpretability, and spatial analysis using large-scale
administrative data; the adoption of a temporal evaluation protocol that provides a more
realistic assessment of model generalization; empirical evidence highlighting the central
role of territorial variables in predicting food insecurity; and the demonstration of the
potential of machine learning-based early warning systems to support data-driven public
policy design.

The results show that tree-based models, particularly LightGBM, achieve high
predictive performance and strong temporal generalization, while also providing mean-
ingful insights into the determinants and spatial distribution of food insecurity risk.

2. Related Work

Food insecurity is a multidimensional phenomenon shaped by economic, social, and ter-
ritorial factors, not fully explained by income alone [Sen 1982]]. Multidimensional frame-
works emphasize the interplay among housing, household structure, and access to services
[Alkire et al. 2015, [UNICEF et al. 2021]].

The growing availability of administrative data enables granular analysis of so-
cial vulnerability, particularly in public policy contexts [Einav and Levin2014]]. In
parallel, tree-based machine learning models (e.g., Random Forest, XGBoost, Light-
GBM) have shown strong performance in tabular data by capturing nonlinear interactions
[Chen and Guestrin 2016, Ke et al. 2017, \Grinsztajn et al. 2022].

However, gaps remain in integrating administrative data, predictive modeling, in-
terpretability, and spatial analysis within a realistic temporal evaluation framework. Inter-
pretability methods such as SHAP [Lundberg and Lee 2017] and spatial techniques like
LISA [Anselin 1993] are often used separately.

This work addresses these gaps by combining large-scale administrative data, ma-
chine learning, interpretability, and spatial analysis within a realistic temporal evaluation
framework.
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3. Methodology

The methodological workflow is illustrated in Figure The process begins with raw
administrative microdata, followed by data cleaning, harmonization, and transformation.
Derived features are then constructed to capture structural dimensions of social vulnera-
bility.

Next, the dataset is partitioned temporally into training/validation and test sets,
simulating a real-world deployment scenario. Models are trained and evaluated, and their
predictions are analyzed using interpretability techniques. Finally, predicted probabilities
are aggregated at the municipal level.

This approach follows established best practices for leveraging administrative data
in large-scale inference and prediction tasks [Einav and Levin 2014].

Input: Administrative microdata with more
than 6 million records, including socioeconomic,
household, and territorial attributes.

[ CadUnico Microdata }

A

Data Cleaning and Processing: Missing-value treatment, type co-

Harmonization ercion, removal of inconsistencies, and schema
harmonization across years.

A

Derived features: household density, dependency
ratio, income-related indicators, and food expendi-
ture ratio.

{ Feature Engineering }

A
[ Train/Test Split } Tempqral .design: data from 2024 used for train-

ing/validation, and data from 2025 reserved for
temporal testing.

Y
[ Model Training } Models: Logistic Regression, Random Forest,
LightGBM, and CatBoost.

Y

[ Model Evaluation }

Metrics: ROC-AUC, PR-AUC, precision, recall,
and F1-score; threshold selected with emphasis on
recall.

A
[ Model Interpretability } Explainability: SHAP is psed to quanFify glqbal

and local feature contributions to food insecurity
risk.

Y
[ Risk Mapping } Outpqt: predicted probabiliticts aggregateq at the

municipal level to support territorial targeting and
early-warning strategies.

Figure 1. Detailed methodological pipeline adopted to build the food insecurity
early-warning system using CadUnico administrative microdata.

3.1. Analytical dataset construction

The dataset was built from Cadastro Unico (CadUnico) microdata for the state of Alagoas,
covering the period from 2023 to 2025, with an initial volume exceeding 6 million records.
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Preprocessing steps included: (i) filtering records with valid target labels, (ii) re-
moving inconsistencies and duplicates, (iii) standardizing data types, (iv) handling miss-
ing values, (v) aligning variables across years, and (vi) removing attributes with potential
data leakage.

After preprocessing, the final dataset comprised approximately 880 thousand valid
records. Two versions were defined: a full dataset with 334 features and a reduced dataset
with 255 features, to ensure a fair comparison of models.

Table m summarizes the main characteristics of the dataset, including size, dimen-
sionality, and temporal split.

Table 1. Summary of the analytical dataset after preprocessing

Metric Value
Total records (raw) 6,038,705
Valid records 880,359
Number of features (full dataset) 334
Number of features (modeling set) 255
Training set (2024) 449,323
Test set (2025) 431,036
Positive class prevalence 8.28%

3.2. Feature engineering

Based on the multidimensional poverty framework [Alkire et al. 20135]], feature engineer-
ing was performed to capture structural aspects of social vulnerability not directly repre-
sented in the original variables.

Derived features were created to reflect household composition, economic pres-
sure, and living conditions, improving the representation of the problem and enhancing
predictive performance.

The main transformations include:

Household density:

qtd_pessoas_domic_fam

density =
4 qtd_comodos_dormitorio_fam

A proxy for overcrowding, often associated with poor housing conditions.

Dependency ratio:

qtd_pessoas_0 — 17 + qtd_pessoas_65+

dependents =
p qtd_pessoas_domic_fam

Measures the proportion of economically dependent individuals in the household.

Food expenditure ratio:

val_desp_alimentacao_fam

d_ratio =
food-ratio vlr_renda_total_fam
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Represents the share of income spent on food, indicating economic vulnerability.

In addition, key original variables were retained, including territorial indicators
(e.g., IBGE code), socioeconomic variables (income and expenses), household character-
istics, and temporal attributes, enabling the model to capture both structural and contex-
tual factors related to food insecurity.

3.3. Predictive modeling and Evaluation metrics

We evaluated multiple machine learning models, including Logistic Regression, Random
Forest, LightGBM, and CatBoost (Table @), enabling comparison between linear and non-
linear approaches.

Table 2. Models evaluated

Model Description

Logistic Regression Linear baseline model

Random Forest Tree-based ensemble

LightGBM Histogram-based gradient boosting
CatBoost Gradient boosting with categorical support

Tree-based models were emphasized due to their ability to capture nonlinear rela-
tionships and feature interactions in tabular socioeconomic data [Grinsztajn et al. 2022]].
All models were trained exclusively on 2024 data, following the temporal protocol, and
evaluated on the 2025 test set to ensure robustness.

LightGBM was selected as the final model based on its superior validation perfor-
mance compared to Random Forest and CatBoost.

To improve temporal generalization and avoid data leakage, a temporal split was
adopted, separating observations from different periods.

Data from 2024 were used for training and validation, while 2025 data were re-
served for testing, simulating a real-world prospective scenario.

Although temporal dependencies are not explicitly modeled, the temporal split
simulates a realistic deployment scenario.

Table 3| summarizes the dataset distribution. The class prevalence remains stable
across periods, supporting a reliable assessment of model generalization.

Table 3. Dataset distribution under the temporal protocol

Set Instances Features Positives Prevalence
Train/validation (2024) 449,323 334 36,831 0.08197
Test (2025) 431,036 334 36,039 0.08361

Due to class imbalance (approximately 8% positive cases), robust evaluation
metrics were adopted to properly assess model performance in rare-event settings
[He and Garcia 2009, |Haixiang et al. 2017]].

Table 4| summarizes the metrics used.
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Table 4. Evaluation metrics

Metric Formula Description

Precision 7555 Proportion of predicted positives
that are correct

Recall TELFN Ability to identify true positive
cases

F1-score 2- % Balance between precision and re-
call

Accuracy  FparEsTEN Overall correctness (sensitive to im-
balance)

ROC-AUC fol TPR(FPR)d(FPR) Overall class separability across
thresholds

PR-AUC fol Precision(Recall) d( Recall) Performance focused on the posi-
tive class

where T'P, F'P, T'N, and F'N denote true positives, false positives, true negatives,
and false negatives.

Recall was prioritized as the main evaluation criterion to minimize false neg-
atives, which is critical in identifying vulnerable households. PR-AUC was used
as a complementary key metric due to its higher sensitivity in imbalanced scenarios
[Saito and Rehmsmeier 2015].

Although ROC-AUC is widely used, it may yield overly optimistic results in im-
balanced settings, as it is influenced by the majority class. In contrast, PR-AUC focuses
on the trade-off between precision and recall, providing a more informative assessment of
rare-event detection [Saito and Rehmsmeier 2015, |He and Garcia 2009].

Given the application context, threshold selection was guided by recall-oriented
metrics to ensure accurate alignment and identify at-risk populations.

3.4. Interpretability, robustness analysis, and spatial aggregation

After model training and evaluation, additional analyses were conducted to interpret
model behavior, assess robustness, and examine results at the territorial level.

Interpretability was performed using Shapley Additive Explanations (SHAP)
[Lundberg and Lee 2017], enabling both global and local analysis of feature contributions
and providing insights into the main drivers of food insecurity risk.

Model robustness was evaluated through complementary experiments, including
an ablation study removing territorial variables, probability calibration to improve predic-
tion reliability, and hyperparameter optimization using Optuna.

Finally, predicted probabilities were aggregated at the municipal level as:

1 o=
Risk,, = — P,
is " Z;
where P, is the predicted probability for household 7 and NV,, is the number of
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households in municipality m.

This aggregation produces a continuous territorial risk indicator, which was linked
to municipal geographic data (IBGE code) to generate choropleth maps. This enables the
identification of spatial patterns and regional disparities in food insecurity, supporting
evidence-based public policy. Calibration and tuning experiments were used to assess
model robustness and performance sensitivity, and hyperparameter optimization informed
the final model selection.

4. Results

This section presents the empirical evaluation of the proposed pipeline in four stages:
(1) baseline model comparison, (i1) methodological assessment (ablation, calibration, and
hyperparameter tuning), (iii) final model selection and temporal generalization, and (iv)
interpretability and spatial analysis of predicted risk.

Models were first evaluated on the validation set to identify the most competitive
approach. Subsequent experiments assessed the impact of removing territorial variables,
probability calibration, and hyperparameter optimization. The selected model was then
retrained using the full 2024 dataset and evaluated on the 2025 temporal test set.

4.1. Baseline and Initial Model Comparison

Table [5|reports the performance of baseline and initial models on the validation set. Ran-

Table 5. Baseline and initial model comparison on the validation set

Model Accuracy Precision Recall FI ROC-AUC PR-AUC
Logistic Regression 0.08 0.08 1.00 0.15 0.485 0.08
Random Forest 0.94 0.60 0.74  0.66 0.93 0.77
LightGBM (weighted) 0.71 0.18 0.70  0.29 0.78 0.26
LightGBM (unweighted) 0.71 0.18 0.69 0.28 0.78 0.31
CatBoost 0.71 0.17 0.67 0.27 0.76 0.23

dom Forest achieves the best performance among the baseline models, serving as a strong
initial benchmark. In contrast, Logistic Regression exhibits a degenerate behavior, achiev-
ing maximum recall at the expense of extremely low precision and accuracy, rendering it
impractical.

Although Random Forest achieves a slightly higher Fl-score in the baseline set-
ting, LightGBM was selected for its greater flexibility and ability to achieve substantial
performance improvements after hyperparameter optimization.

Figure [2]illustrates the ROC and Precision-Recall curves for the evaluated baseline
models.
4.2. Methodological Experiments on the Validation Set

Following the initial comparison, a focused methodological analysis was conducted on
LightGBM under four scenarios: baseline validation model, removal of territorial vari-
ables, probability calibration, and hyperparameter tuning via Optuna.
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False Positive Rate Recall
Figure 2. ROC and Precision—Recall curves for baseline models.
Table 6. Methodological experiments on the validation set
Experiment Accuracy Precision Recall FI ROC-AUC PR-AUC
Base (validation) 0.83 0.23 047 0.31 0.77 0.25
Without territorial variables 0.86 0.25 0.37 0.30 0.75 0.26
Calibrated 0.84 0.24 044 0.31 0.77 0.25
Tuned (Optuna) 0.95 0.68 0.63 0.65 0.93 0.72

Table [6] summarizes the results. Removing territorial variables leads to a clear
degradation in performance, particularly in recall and ROC-AUC, indicating that spatial
context carries substantial predictive information. Probability calibration yields negligible
improvements over the baseline.

In contrast, hyperparameter tuning produces substantial gains across all metrics,
highlighting LightGBM’s sensitivity to proper configuration. However, these results
should be interpreted cautiously, as optimization was performed on the validation set,
potentially introducing optimistic bias.

Future work should include systematic hyperparameter optimization for all mod-

els to ensure a fully controlled comparison.

4.3. Final Model and Temporal Generalization

Based on the methodological experiments, the tuned LightGBM was selected as the final
model.

A threshold of 0.09 was selected based on the precision—-recall trade-off, prioritiz-
ing high recall to minimize false negatives, a critical goal for early warning systems.

The final model was configured with a learning rate of 0.05, 63 leaves, a minimum
of 20 samples per leaf, subsampling and feature sampling rates of 0.8, no L1 regulariza-
tion, L2 regularization of 1.0, and 2000 boosting iterations.

The model was retrained on the full 2024 dataset and evaluated on the 2025 tem-
poral test set. Table /| reports its performance.

On the temporal test set, the model maintains strong discriminative performance
(ROC-AUC = 0.91, PR-AUC = 0.72) and high recall (0.78), confirming its effectiveness
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Table 7. Final model performance on the 2025 temporal test set

Model Threshold Accuracy Precision Recall FI ROC-AUC PR-AUC

LightGBM (final) 0.09 0.88 0.40 0.78 0.53 0.91 0.72

in identifying at-risk households. The lower precision (0.40) reflects an expected trade-off
driven by the recall-oriented threshold, increasing coverage of positive cases at the cost
of more false positives.

Figure [3| presents the ROC and Precision-Recall curves for the temporal test set.

ROC Curve - Test 2025 Precision-Recall Curve - Test 2025

1.04 1.04
g 08 0.8
T
< C
v 0.6 <)
2 w 0-61
= S
o (9]
a 0.4 o
v % 0.4]
2
Fo2

0.21
0.0 —— LightGBM_unweighted (ROC-AUC = 0.9083) —— LightGBM_unweighted (PR-AUC = 0.7232)
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate Recall

Figure 3. ROC and Precision—Recall curves on the 2025 temporal test set.

4.4. Model Interpretability

Figure [] shows the global feature importance estimated via SHAP, while Table [§] summa-
rizes the contribution by feature group.

The interpretability analysis reveals that territorial variables dominate the model’s
predictions, followed by socioeconomic and temporal factors. This pattern is consistent
with the ablation results, reinforcing the central role of spatial context in predicting food
insecurity risk.

Table 8. Relative contribution by feature group

Group Mean SHAP Percentage (%)
Territorial 1.463 45.82
Socioeconomic 0.711 22.27
Temporal 0.559 17.52
Other 0.460 14.39

4.5. Spatial Distribution of Predicted Risk

Predicted food insecurity risk corresponds to the household-level probability of vul-
nerability estimated from socioeconomic, administrative, and territorial variables in
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Figure 4. Global feature importance based on SHAP values.

CadUnico. For spatial analysis, these probabilities were aggregated to the municipal level
using the final model’s mean prediction.

Figure [5] shows the spatial distribution of predicted risk across Alagoas in 2025,
presented both as a continuous surface and by quantiles. Table [9] lists the municipalities
with the highest average predicted risk. The maps reveal pronounced territorial hetero-
geneity, with higher risk levels concentrated in specific municipalities. Combined with
the SHAP and ablation results, this pattern indicates that spatial factors are not merely
descriptive but structurally embedded in the model’s predictive capacity.

Overall, the results confirm that food insecurity is a multidimensional phe-
nomenon driven by the interaction of socioeconomic, structural, and territorial factors,
and that administrative data can effectively support large-scale predictive systems. Tree-
based models achieved strong performance (ROC-AUC ~ 0.93; PR-AUC ~ 0.77) and
maintained robust generalization in the 2025 temporal test (ROC-AUC ~ 0.91; PR-AUC
~ (.72), indicating stable predictive relationships over time.
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Figure 5. Spatial distribution of predicted risk in 2025: quantile-based map (left)
and continuous scale (right).

Table 9. Municipalities with the highest predicted risk in 2025

IBGE Code Mean Risk Observed Prevalence Number of Households

2706109 0.193 0.247 4509
2705705 0.154 0.223 2768
2706422 0.136 0.211 1865
2707909 0.123 0.163 851

2705408 0.122 0.157 2134

Territorial variables emerge as the main drivers of risk, reinforcing that vulnera-
bility is strongly context-dependent. This is further supported by ablation results showing
performance degradation when spatial features are removed. Tree-based models consis-
tently outperform linear approaches, with LightGBM providing the best balance after tun-
ing. The recall-oriented threshold reflects a deliberate trade-off in favor of early detection,
supporting the model’s use in territorialized, proactive policy interventions.

Although the spatial analysis is descriptive, it reveals clear territorial patterns that
suggest spatial dependence, motivating future work using formal spatial statistical meth-
ods.

5. Conclusion

This work proposes a unified pipeline for predicting food insecurity risk using administra-
tive data, integrating machine learning, temporal evaluation, interpretability, and spatial
analysis.

Results show that tree-based models, particularly LightGBM, achieve strong pre-
dictive performance and temporal generalization. Territorial and socioeconomic factors
emerge as the main drivers, and spatial aggregation reveals clear geographic concentration
patterns.

The proposed approach demonstrates the practical feasibility and policy relevance
of large-scale, data-driven early warning systems.

A limitation of this study is the absence of external validation using independent
food insecurity indicators, which should be addressed in future work.
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The computational artifacts are publicly available in Repository[]

5.1. Future Work

Future work includes: (i) dynamic and longitudinal modeling for change detection, (ii)
integration of external data sources (e.g., prices, climate), (iii) formal spatial econometric
modeling, (iv) external validation with established indicators, and (v) deployment and
evaluation in real policy environments.
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