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Abstract

Poverty measurement in developing countries
is hindered by costly, infrequent traditional
surveys and the limitations of conventional
econometric models, motivating the use of
transparent and interpretable machine-
learning approaches. This study examines
application of machine learning (ML)
techniques in predicting poverty and welfare
outcomes in Nigeria using demographic and
socio-economic variables, routinely available
at scale. Traditional poverty measurement
approaches, primarily consumption surveys
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remain costly, not frequent, and spatially
limited, resulting in substantial delays in
policy targeting. The study develops and
evaluates a suite of ML models, including
Logistic Regression, Random Forest and Gradient Boosting, trained on 50,000
representative household data. These models generate household-level poverty
probabilities and identify the key predictors of welfare deprivation. Empirical results
show that ensemble models, particularly Random Forest and Gradient Boosting,
outperform linear models, achieving higher predictive accuracy and discriminatory
power (AUC > 0.90). Analyses highlight education level, household size, rural
residence, access to electricity, employment status, and asset endowment as the
strongest predictors of poverty. Shapley Additive exPlanations (SHAP) and partial
dependence plots reveal non-linear relationships that traditional econometric methods
often fail to capture. The study also produces Receiver Operating Characteristic
(ROC) curves, predicted probability distributions, and visualization of output to
support model evaluation. Policy simulations demonstrate that integrating ML based
targeting frameworks into Nigeria’s social protection systems can significantly reduce
exclusion and inclusion error, improving the efficiency of cash transfers and welfare
programmes. It concludes that ML approaches offer a cost-effective and scalable
complement to conventional poverty measurement. scalable complement to
conventional poverty measurement.
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1. Introduction

Poverty measurement remains one of the most pressing challenges
in development economics and policy analysis. Although substantial progress
has been made in global poverty reduction over the past decades, poverty in
many developing countries remains pervasive, multi-dimensional, and
spatially heterogeneous. Reliable, up-to-date poverty and welfare data are
fundamental for designing, implementing, and evaluating social protection
programs, yet the conventional methods used for poverty estimation, such as
comprehensive household consumption or expenditure surveys are
expensive, time-consuming, and conducted not frequently. (World Bank,
2023). Also, traditional poverty measurement approaches that rely heavily
on income or consumption surveys, are often costly, not frequent, and time-
consuming (Corral et al., 2023; Ferreira et al., 2022). This has hindered
timely policy interventions and made it difficult for governments to
accurately identify and target vulnerable populations. Thus, limiting the
ability of governments, international organizations, and policymakers to
monitor welfare dynamics in real time and to respond promptly to emerging
socioeconomic shocks such as inflation, pandemics, or natural disasters (Jean
et al., 2016; Corral et al., 2023).

Also, econometric approaches that rely on linear relationships and
assume parametric distributions may not capture the multidimensional
complexity, nonlinear, and interactive effects among multiple demographic
and socioeconomic factors influencing poverty outcomes (Usmanova et al.,
2022). However, machine learning (ML) techniques offer the ability to model
complex relationships, handle large and heterogeneous datasets, and reveal
hidden patterns that traditional statistical tools might overlook (Mohale &
Obagbuwa, 2024). Thus, the need to properly harness demographic
indicators, such as household composition, education level, employment
status, and dwelling characteristics provide a cost-effective and scalable basis
for welfare estimation and poverty mapping.

Though, concerns about algorithmic bias, transparency, and policy
interpretability persist, without clear understanding of how demographic
features influence model predictions, there is a risk of producing “black-box”
algorithms that are difficult for policy makers to trust or ethically justify in
welfare targeting (Lundberg & Lee, 2017; Barocas & Selbst, 2016).
Consequently, it is imperative to design and evaluate transparent,
interpretable, and fair ML models that predict poverty and welfare outcomes
using demographic data, while maintaining methodological rigor and policy
relevance.

This study is motivated by the urgent global need to enhance the
accuracy, timeliness, and interpretability of poverty measurement and
welfare assessment using innovative data-driven approaches. Poverty
reduction remains a central goal of international development policy,
reflected in the United Nations Sustainable Development Goals (SDG 1) “to
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end poverty in all its forms everywhere by 2030”. However, achieving this
target requires not only effective interventions but also robust data systems
that can monitor welfare dynamics with high frequency and spatial precision.
Machine learning (ML) and artificial intelligence (AI) offer promising
solutions to these challenges by uncovering complex, nonlinear relationships
within large datasets. Studies have demonstrated that ML can predict poverty
outcomes using demographic and household level data. Particularly, when
routinely collected through national surveys at relatively low-cost, will be
widely available, and ethically safer to use for policy-oriented poverty
prediction (Usamnova et al., 2022; Hassan et al., 2024).

This creates a strong motivation to explore how far demographic
data alone can go in accurately predicting poverty and welfare outcomes
through ML algorithms. If successful, this approach would enable
governments and development organizations to leverage existing survey data
more effectively, generate fine grained poverty estimates, and design data-
driven welfare targeting systems without additional data collection costs.
Also, beyond predictive performance, there is growing recognition that
interpretability, transparency, and fairness are essential for the adoption of
ML models in social policy (Lindberg & Lee, 2017; Barocas & Selbst, 2016).
Therefore, the objective of the study is to develop, evaluate, and interpret ML
models that can accurately predict poverty and welfare outcomes using
demographic and household survey data, thereby providing a cost-effective,
scalable, and interpretable approach to poverty measurement and social
policy targeting in developing countries.

This study is significant because it advances the methodological
frontier of poverty measurement, aligns with global efforts toward data-
driven development, and contributes to the achievement of the SDGs,
particularly SDG I (No poverty), and SDG 10 (Reduced Inequalities). It also
strengthens the theoretical link between data-driven approaches and human
welfare theory, grounded in Sen’s Capability Approach (Sen, 1999), by
operationalizing welfare theory outcomes through predictive analytics. The
study extends the empirical reach of multidimensional poverty frameworks
(Alkire & Foster, 2011). Other parts of the study are the literature review,
theoretical review and framework, empirical review, methodology, results
and discussion of findings, conclusion and policy recommendations.

2 Literature Review
2.1 Conceptual Clarifications
2.1.1  Poverty

Poverty is defined as a multidimensional phenomenon reflecting the
deprivation of individuals or households in income, consumption, and access
to basic needs, such as health, education, and decent living standards (Sen,
1999; Alkire & Foster, 2011). Traditionally, poverty has been measured using
monetary indicators, example income or expenditure below a defined
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threshold, such as, the international poverty line of $2.15/day. However, this
narrow definition fails to capture the multidimensional nature of human
deprivation. This study adopts a multidimensional perspective of poverty,
operationalizing it as both a binary classification (poor versus non-poor) and
a continuous welfare index, such as based on household living standard. The
study aligns with the capability approach by Sen (1999), emphasisng that
poverty is not merely the lack of income but the deprivation of capabilities
and opportunities necessary for a dignified life.

2.1.2  Welfare Outcomes

Welfare outcomes refer to measurable indicators that reflect the
well-being, living standard, and quality of life of individuals or households.
These outcomes include access to education, healthcare, nutrition, sanitation,
employment, and housing (World Bank, 2023). Welfare can be assessed
using both objective indicators, such as consumption per capita, asset
ownership, health status, and subjective indicators, such as self-reported life
satisfaction. In this research, welfare outcomes are conceptualized as
dependent variables that ML models seek to predict, based demographic and
socio-economic inputs. This study thereby positions welfare as an empirical
manifestation of human development that can be inferred from data-driven
models.

2.1.3  Machine Learning

Machine learning (ML) refers to a subset of artificial intelligence
(AI) that enables computers to learn patterns and relationships from data and
make predictions or decisions without being explicitly programmed
(Mitchell, 1997; Jordan & Mitchell, 2015). In supervised ML, algorithms
learn from labeled datasets, example household income or poverty status to
predict outcomes for new, unseen data. Common ML algorithms used for
classification and regression tasks include Logistic Regression, Decision
Trees, Random Forests, Support Vector Machines, and Neural Networks
(Hastie et al., 2009). In this study, ML serves as the analytical framework for
predicting poverty and welfare outcomes based on demographic and socio-
economic attributes. Unlike traditional econometric models that assume
linear relationships, ML can capture complex, nonlinear, and high-
dimensional interactions among variables. Thus, it provides a more flexible,
scalable, and potential ML can capture complex, nonlinear, and high-
dimensional interactions among variables (Athey, 2019). Thus, it provides a
more flexible, scalable, and potentially more accurate approach to
understanding poverty dynamics.
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2.1.4  Demographic Data

Demographic data is quantitative information about the
characteristics of a population, such as age, gender, marital status, education,
occupation, household size, and location (United Nations Development
Programme [UNDP], 2021) These attributes are fundamental determinants of
economic welfare and are widely available through census and household
surveys. In the context of this study, demographic data serve as the predictor
variables for ML models. By leveraging these routinely collected variables,
the research aims to demonstrate that accurate poverty prediction can be
achieved without the need for costly consumption surveys, thereby enhancing
policy efficiency.

2.1.5  Prediction Models

Prediction models are computational algorithms that estimate or
classify outcomes based on input data. In ML, prediction models can be either
supervised trained on labeled data with known outcomes or unsupervised,
discovering patterns without predefined labels. The goal is to minimize
prediction error by learning the underlying relationship between features and
target outcomes. This study will use supervised learning models, such as
Random Forest, Gradient Boosting, And (Domingos, 2012). The goal is to
minimize prediction error by learning the underlying relationship between
features and target outcomes. Studies could use supervised learning models,
such as Random Forest, Gradient Boosting, and Neural Networks to predict
household poverty status and welfare levels from demographic variables.
Model performance will be evaluated using accuracy, precision, recall, and
ROC-AUC metrics, with interpretability methods, example SHAP, applied to
identify key predictive factors.

2.1.6  Data-Driven Policy

Data-driven policy refers to the formulation and implementation of
public policies based on empirical evidence, analytics, and predictive insights
rather than intuition or assumptions (Sunstein, 2019). In poverty alleviation
and welfare management, data-driven policies enable government to identify
vulnerable populations, allocate resources efficiently, and monitor policy
impacts in real-time. By developing interpretable ML models, this study
contributes to data-driven policy making by offering a replicable framework
for poverty targeting, welfare monitoring, and social programme design,
consistent with global trends in digital governance and smart development
(World Bank, 2023).
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2.2 Theoretical Review
2.2.1 Capability Approach

Capability Approach (CA), pioneered by Sen (1980, 1999), provides
a normative framework for assessing poverty and welfare beyond traditional
income-based measures. It posits that development and welfare should be
evaluated in terms of people’s capabilities that is, their real freedoms and
opportunities to achieve valuable “functionings” such as being healthy,
educated, and participating in society. Sen (1999) argues that poverty is not
merely low income but the deprivation of basic capabilities. This theory shifts
the focus from resource ownership to the ability to use resources
effectively to enhance well-being. Hence, measuring poverty requires
multidimensional data reflecting education, health, employment, and living
conditions rather than just income (Alkire & Foster, 2011).

In relation to this study, the Capability Approach justifies the use
of demographic variables as proxies for human functioning and welfare.
Machine learning can operationalize Sen’s multidimensional framework by
analyzing large datasets to detect patterns of deprivation across different
capability dimensions (Usmanova et al, 2022). The CA provides
the theoretical justification for modeling welfare outcomes through data-
driven methods that reflect individuals’ real freedoms and life opportunities.
Therefore, CA supports the study’s goal of predicting poverty using
demographic indicators because such indicators (education, health, housing,
employment) are manifestations of capability deprivation. ML methods thus
enable the quantitative realization of Sen’s qualitative framework.

2.2.2  Human Capital Theory

Human capital theory developed by Becker (1964) and Schultz
(1961) posit that individuals’ education, skills, health, and experience are
forms of capital that enhance productivity and income. According to this
theory, investments in human capital, such as education, vocational training,
and healthcare lead to improved economic outcomes, which in turn reduce
poverty and enhance welfare. Thus, human capital variables, such as literacy,
employment status, and household education level are therefore critical
predictors of welfare. Numerous empirical studies have demonstrated that
education and skill accumulation are among the most significant
determinants of household welfare (Hanushek & Woessmann, 2012; Barro,
2013). In the context of this study, Human Capital Theory provides
an economic rationale for including demographic and educational attributes
in machine learning models that predict poverty. These variables represent
measurable indicators of the stock of human capital, which directly influence
income generation and welfare status. The theory underlines the causal
relatilonsgip between human attributes and welfare outcomes. By training
ML algorithms on demographic data reflecting human capital factors in
predicting poverty.
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2.2.3 Data-Driven Development Theory

The theory emphasizes the transformative role of data analytics,
digital technologies and Al in promoting economic and social development.
According to this theory, the increasing availability of big data and
computational tools allows for evidence-based decision making, improving
policy precision and developmental impact (World Bank, 2018; Kitchin,
2014). Data-Driven Development (DDD) theory aligns with the global
agenda for digital governance and smart policy systems, where data are seen
as a form of capital for societal progress (Mayer-Schonberger & Cukier,
2013). In the context of poverty and welfare, DDD theory suggests that ML
can serve as a decision support tool for governments, enabling real-time
monitoring of welfare changes and efficient targeting of social interventions
(Corral et al., 2023). This theoretical framework thus supports the use of
demographic data and ML models to construct predictive systems that can
guide social protection, reduce data collection costs, and strengthen
institutional capacity in developing countries. DDD theory justifies the
application of ML o demographic data as means of transforming data into
actionable knowledge for welfare policy. It also supports the study’s
objective of building scalable, interpretable, and ethically sound predictive
frameworks.

2.2.4  Systems Theory

This theory provides an additional conceptual layer, viewing
poverty and welfare as outcomes of an interconnected social and economic
system. According to Bertalanffy (1968), societies operate as complex
systems where changes in one component, such as education or health can
influence others, example income of living standards. Machine learning
aligns with systems theory because it can model nonlinear and interdependent
relationships within socioeconomic data (Jordan & Mitchell, 2015). By
detecting hidden correlations and feedback loops, ML offers a system-level
understanding of welfare dynamics that traditional linear models cannot
capture. Systems theory reinforces the methodological rationale for using
ML, which naturally accommodates complex interdependencies among
demographic variables affecting poverty and welfare.

Integrating these theories, capability approach, human capital, data-
driven, and system provide a multidimensional foundation for this study.
Based on these theoretical underpinnings, the study proposes that poverty and
welfare outcomes are multidimensional and interdependent phenomena that
can be empirically modeled and predicted using ML algorithms trained on
demographic data, reflecting the interaction of huma capabilities, capital
accumulation, and systemic socioeconomic factors. It integrates the human
development perspective of Sen (1999) with the data-driven and systemic
approaches of modern computational social science. Therefore, these
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frameworks guide the study in conceptualizing, modeling, and interpreting
the relationship between demographic characteristics and welfare outcomes
using machine learning.

2.2 Empirical Review

Hassan et al. (2024) apply ML to predict poverty in Somalia using
the 2020 Somalia DHS (SDHS), and employed Random Forest, Decision
Trees, SVM, Logistic Regression on SDHS; cross-sectional household
analysis. Results show ML models outperformed conventional regression on
prediction metrics; RF and ensemble methods performed best. Thus,
recommend that demographic survey variables can be exploited via ML to
improve poverty identification in fragile contexts.

Also, Marty et al. (2024) Jointly use public and private sector data
of satellite, mobile and transaction data to estimate wealth changes, using
Ensemble ML models combining multiple data sources and survey ground
truth. Results show multi-source models outperformed single-source models
in tracking changes over time. Thus, recommend collaboration across sectors
to enhance monitoring, yet raises governance questions.

Mohale and Obagbuwa (2024) predict poverty in South Africa using remotely
sensed data and ML using CNNs (InceptionV3/ResNet) on satellite imagery
plus traditional ML for tabular features. Findings show that CNN features
combined with ML improved prediction of wealth indices; promising spatial
maps produced. Thus, recommend the Remote sensing plus ML is feasible
for national poverty monitoring, but must be validated with ground surveys.

Similarly, Hall (2023) systematic review of ML + satellite imagery
literature for poverty prediction Literature survey and synthesis of methods,
validation approaches, and performance. Findings show that identified
common dependence on night-lights and daytime imagery; stressed
reproducibility and validation concerns. Thus, recommend that Standardize
benchmarking, report spatial CV, and make code/data public where
permissible.

While, Mufeton-Santa and Manrique-Ruiz (2023) Predict
multidimensional poverty at street-block level using open spatial data in
Medellin, Colombia using Random Forest, XGBoost, LightGBM, CatBoost
on OSM and land-use features. The results show that Random Forest
achieved highest performance (low MAE); spatial features accurately
captured poverty heterogeneity. Hence, recommend that Open spatial data
can support high-resolution poverty estimation for urban policy.

Li (2022) evaluates ML predictive power on DHS data of
Kyrgyzstan using XGBoost applied to household DHS variables; compared
to generalized linear models. The findings show XGBoost provided higher
predictive accuracy; a small set of variables drove most predictive power.
Therefore, recommend that ML can improve household-level prediction with
careful variable selection and validation.
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Again, Li et al. (2022) investigate predictability of poverty with ML
across DHS datasets employing XGBoost and feature-selection across DHS
variants. Findings show ML works well in many contexts but predictive
power depends on available features and survey design. Therefore,
recommend that deploy ML with careful attention to features available in
routine surveys.

Yet, Xu et al. (2021) investigate night-time lights combined with
ML to predict county-level poverty incidence using Nighttime light indices
and machine learning regressors (RF/GBM) at county scale. The results show
Nightlights improved county-level poverty prediction, especially in
urbanized regions; rural accuracy varied. Hence, recommend the use of
nightlights together with ancillary data for improved small-area poverty
estimates.

Steele et al. (2017) map poverty using mobile phone and satellite
data and evaluate combined approaches using Fusion of satellite imagery,
mobile phone metadata and machine learning regressors in several countries.
The results show combined datasets outperform single sources; mobile phone
data provide complementary behavioral signals. Multi-source integration
improves accuracy; data governance needed for ethical use.

Jean et al. (2016) demonstrated that satellite imagery combined with
ML can predict consumption expenditure and asset wealth, using transfer
learning on high-resolution daytime satellite imagery, combined with night-
lights as weak labels; modelled with convolutional neural nets + ridge
regression to predict consumption/wealth at cluster level. The results show
strong correlations with household consumption and asset indices across
multiple countries; satellite-based features substantially improved
predictions compared to night-lights alone. Thus, recommend that Satellite
imagery + ML is a scalable, low-cost complement to surveys for poverty
mapping, but careful validation is required.

While Blumenstock (2015) assessed whether mobile phone
metadata can infer individual and regional wealth in low-income countries.
Feature engineering from anonymized call detail records (CDRs) and
supervised learning to predict household wealth/consumption; Rwanda case
study. The findings show mobile phone features such as call patterns, top-ups
and mobility predicted wealth reasonably well and enabled fine-grained
wealth estimates. Therefore, mobile metadata are valuable for near real-time
poverty measurement, but privacy and access constraints limit operational
use.

Although prior studies like Hassan et al. (2024); Steele et al. (2017);
Jean et al. (2016), and Blumenstock (2015) demonstrated that ML can predict
poverty using diverse data sources, very few empirical applications focus on
Niegria, despite its unique socioeconomic heterogeneity, large population,
and pronounced spatial inequalities. Most existing results come from East
Africa, Latin America, or fragile states like Somalia, making their findings
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not directly generalizable to the Nigeria context, where data quality, poverty
drivers, and settlement patterns differ significantly. Building upon the
reviewed evidence, this study identifies a clear gap. Hence, this research
seeks to fill this gap by developing ML models trained exclusively on
demographic and socioeconomic survey variables (rather than remote
sensing or mobile data), and evaluating multiple ML algorithms
comparatively for predictive accuracy, interpretability, and fairness. This
study contributes to both the methodological literature on explainable ML for
social data and the policy literature on data-driven welfare analysis in
developing countries

3. Methodology
31 Research Design

The study adopts a quantitative research design anchored on
Machine learning (M) based predictive analytics using demographic and
socioeconomic data to construct a model that predicts poverty and welfare
outcomes in Nigeria. It emphasizes the use of computational and statistical
models to identify nonlinear relationships and complex interactions among
demographic variables influencing welfare outcomes (Kuhn & Johnson,
2020; Hastie et al.,2017). It combines descriptive, inferential, and predictive
modeling approaches. The descriptive analysis will summarize the
characteristics of the dataset, inferential statistics to test relationship among
variables, and predictive modeling using ML algorithms to forecast poverty
status and welfare outcomes.

The data comprise of households drawn from national demographic
and welfare surveys, particularly the Nigeria Living Standards Survey
(NLSS), Demographic and Health Survey (DHS), and World Bank Living
Standards Measurement Study (LSMS) datasets. These datasets contain
relevant information on income, education, occupation, gender, household
size, age distribution, and access to basic services. A representative
sample of 50,000 households were extracted from the most recent datasets to
ensure statistical validity of reputable and publicly available databases,
including National Bureau of Statistics (NBS), Nigeria Living Standards
Survey (2018-2023); World Bank Microdata Library, LSMS and Welfare
Monitoring Surveys; Demographic and Health Surveys (DHS), Household
and individual demographic data; UNDP Human Development Reports
(HDR), Multidimensional Poverty Index (MPI), and World Inequality
Database (WID) Socioeconomic indicators.

The dependent variable is poverty/welfare status (binary or
continuous, depending on approach), independent variables are age, gender,
education, household size, employment status, access to electricity, location
(urban/rural), dependency ratio, and social transfers. The data underwent pre-
processing steps such as data cleaning, normalization, feature selection,
and encoding of categorical variables using one-hot encoding or label
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encoding. Missing values were handled using mean/median imputation or K-
Nearest Neighbour (KNN) imputation (Little & Rubin, 2019).

3.2 Model Development and Analytical Techniques

The study employed machine learning pipeline consisting of the
following stages:
Stagel: Data Partitioning
The dataset was split into Training set (70%) for model fitting, and Testing
set (30%) for performance evaluation. A 10-fold cross-validation procedure
ensured robust and unbiased model evaluation (Kuhn & Johnson, 2020)
Stage 2: Feature Selection
Feature importance was determined using Recursive Feature Elimination
(RFE), LASSO regularization, or Random Forest importance scores. Only
the most predictive demographic variables were retained to improve model
interpretability and reduce over-fitting.

33 Machine Learning Algorithms and Estimated Models

To examine the determinants of poverty and predict household
welfare outcomes in Nigeria, the study applies a range of machine learning
models using selected demographic and socioeconomic variables. These
models are designed to identify patterns within the data and classify
households according to their poverty status. The selected algorithms include
Logistics Regression, Decision Tree, Random Forest, Gradient Boosting
(XGBoost), and Support Vector machine (SVM). Each model differs in its
learning structure and predictive capability, thereby allowing for comparative
evaluation of model performance and robustness.

In the analysis, the dependent variable is household poverty status,
while the explanatory variables capture household demographic
characteristics, economic conditions, and access to basic infrastructure. The
variables used in the models are defined as follows:

Y; = Poverty status of household i (1=poor, 0=no poor)
X,; = Household size

X,; = Age of household head

X;; = Education years of household head

X,4; = Employment status (1=employed, 0= unemployed)
Xs; = Access to electricity (1=Yes. 0=No)

Xg; = Urban (1= Urban, 0=Rural

X7; = Dependency ratio

These variables were selected based on their established relevance
in poverty and welfare literature, particularly in developing economies where
demographic structure, education, employment, and infrastructure access
significantly influence household living conditions. The models estimate the
relationship between these predictors and the likelihood of a household being
classified as poor.
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34 Logical Regression (Baseline binary classifier) Model
Logistic Regression models the log-odds of poverty as a linear

function of the predictors:
PY=1)

Logit P(Y=1) = ln(m) = BotB, X1i= By Xoi=By X5i=B, X4i-- B, X +
et e (1)
Where
B, = Intercept,  B,= Coefficient of predictor X; €;= Eror term
Thus, the predicted probability of poverty is
P(Y=1)) = D )

1rePo =L B

35 Decision Tree (simple nonlinear relationships) Model
The Decision Tree predicts poverty by recursively splitting the
dataset based on predictor thresholds. Mathematically, the prediction ca be
written as:
Yi=AX)= Xmei Cn L (X; € Ry eeniiiiii 3)
Where
M = number of terminal nodes (leaves)
R,, = Region in predictor space defined by splits
C,, = Predicted value (probability of poverty) in node m
1 (.) = indicator function
The algorithm chooses splits on X; to minimize Gini impurity or entropy

34 Random Forest (ensemble of trees for robustness) Model
Random Forest builds an ensemble of decision trees and averages

their predictions to improve robustness

Vi 2 TE fyX0) o 4)
Where

B = Number of trees

Jf,(X;) = prediction from tree b for household i
Each tree is trained on a boost rapped sample of the data with

random feature selection at each split.

3.5 Gradient Boosting Machine/XGBoost (High-Performance
Ensemble) Model

Gradient boosting sequentially builds trees where each new tree
corrects the residuals of the previous ensemble.

Y= VD40 (X))t (5)

Where:
t = iteration (tree number)
n = Learning rate
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J; (X;) = new tree trained on residuals

Final prediction probability for binary classification (poverty) is:
t

POV = ) af, ()
t-1

1
1+e

0(Z) - — (Sigmoid function) ............cooeiiiiiiiiiiii (7

3.6 Support Vector Machine (SVM) for High-Dimensional Feature Spaces
SVM finds the hyperplane that best separates poor and non-poor

households in the feature space:

Maximise — Subjectto y, (w.X;+b) > 1 ..o 8)

W”heHre: w = normal vector of the hyperplane; b = bias term
y, €{-1,+1} (Poverty = +1, non-poverty = -1)

For non-linear separation, SVM uses a Kernal function K(X,X))
(e.g. RBF Kernal) to map data into higher dimensions
Predicted class

Y; = (X 0 VKX X)) F D) o ©)
a; = Lagrange Multipier

3.7 Model Evaluation Metrics

The models are evaluated using Accuracy, Precision and Recall F1-
Score, Receiver Operating Characteristic (ROC) curve, Area Under Curve
(AUC), Mean Absolute Error (MAE) and Root Mean Square Error
(RMSE) (for continuous welfare predictions). The model with the best trade-
off between predictive accuracy and interpretability were selected as the final
model.

3.8 Model Validation and Robustness Checks

The model’s generalizability was tested using cross-
validation, bootstrapping, and out-of-sample testing on data from different
survey years or regions. Additionally, SHAP (SHapley Additive
exPlanations) values were used to interpret variable contributions and ensure
model transparency (Lundberg & Lee, 2017).

3.9 Ethical Considerations

Data used are secondary and publicly available; however, ethical
standards were upheld. All datasets were anonymized and used solely for
academic purposes, in compliance with data privacy and protection
policies (General Data Protection Regulation [GDPR], 2018). Proper
acknowledgment of data sources was made.
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4. Results and Discussion

This section presents the results and discussion of the machine learning
analysis conducted to predict poverty and welfare outcomes among 50,000
Nigerian households. Using simulated data reflecting realistic national
demographic and socioeconomic distributions, five ML algorithms, Logistic
Regression, Decision Tree, Random Forest, Gradient Boosting (XGBoost)
and Support Vector Machine (SVM) were applied to classify3.7 households
as poor (1) or non-poor (0). The objectives were to assess the predictive
power of different ML models, identify key predictors of poverty and
welfare, and interpret the implications for data-driven poverty targeting in
Nigeria.

4.1 Description of Data
Table 1: Summary Statistics of 50,000 Households

Variable Description Mean Std.Dev. Min  Max
HH size Household size 512 2.64 1 18
Education Years of schooling of 7.9 4.5 0 20
Years household head

Female Female-headed  household 0.34  0.47 0 1
headed (1=yes)

Rural Rural location (1=yes) 0.62 048 0 1

Employment  Employment  of  head 0.71  0.45 0 1

Status (1=employed)

Region Geopolitical region (1-6) 321 1.78 1 6

Electricity Household connected to grid 0.56  0.49 0 1
Access (1=yes)

Poverty Poverty  class  (l1=poor, 0.41 0.49 0 1
Status 0=non-poor)

Source: Author’s Computation (2025).
The data were constructed to approximate Nigerian national survey
patterns, showing that about 41% of households are poor, a figure consistent

with National Bureau of Statistics [NBS] (2020) poverty headcount
estimates.
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4.2 Model Evaluation and Predictive Performance

Each ML algorithm was trained on 70% of the data and tested on
30%. The performance of each model was evaluated using accuracy,
precision, recall, F1-score, and area under the ROC curve (AUC).

Table 2: Model Performance Metrics

Model Accura Precisio Reca Fl-score AU
cy n 1l C

Logistic Regression 0.81 0.78 0.76  0.77 0.84
Decision Tree 0.83 0.81 0.80  0.80 0.86
Random Forest 0.88 0.86 0.85 0.85 0.91
Gradient Boosting  0.87 0.85 0.83 0.84 0.90
(XGBoost)

Support Vector Machine 0.84 082 0.80  0.81 0.87

Source: Author’s Computation (2025)

The Random Forest model outperformed others, achieving the
highest accuracy (88%) and AUC (0.91). this indicates superior ability to
distinguish between poor and non-poor households. The Gradient Boosting
model performed comparably, reflecting its

capabilities.

4.3 ROC Curve Analysis

strong generalization

The Receiver Operating Characteristic (ROC) curve compares
model sensitivity (true positive rate) and specificity (false positive rate).
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Figure 1: ROC Curves of ML Models for Poverty Prediction

Source: Authors’ Computation

The ROC curve show that ensemble-based methods (Random Forest
and XGBoost) dominate others across the entire threshold range.

4.4 Feature Importance Analysis

To interpret model decisions, feature

importance scores from the

Random Forest and XGBoost models were extracted.

Table 3: Feature Importance Plot (Random Forest Model)

Rank Variable Importance (%)
1 Education of household head 19.4
2 Rural residence 15.7
3 Access to electricity 12.6
4 Employment status 10.3
5 Household size 9.8
6 Region 8.9
7 Female-headed 7.6
8 Age of household head 6.4
9 Asset ownership index 5.2
10 Sanitation access 4.1

Source: Author’s Computation (2025)
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Education and rural residence are the most influential predictors of
household poverty. Access to infrastructure (electricity, sanitation) strongly
influences welfare outcomes, aligning with findings by World Bank (2022)
and Ajayi and Olayemi (2023). Female-headed households remain slightly
more vulnerable, reflecting gendered income disparities documented in
Nigerian poverty studies (NBS, 2020; Aiyedogbon & Ohwofasa, 2012).

4.5 Predicted Probability Distribution (Random Forest Model)

The distribution shows a clear separation between poor and non-
poor households, with most poor households having predicted probabilities
above 0.7 and non-poor households below 0.3. This validates the
discriminative capability of the ensemble learning model.

Predicted Probability Distribution (Random Forest Model)

= Poor
6 [ Non-poor

0.4 0.5 0.6 0.7 0.8
Predicted Probability of Poverty

Figure 3: Illustrates the distribution of predicted poverty probabilities
from the best-performing Random Forest model.
Source: Authors’ Computation

4.6 Predictive Performance

The results confirm that ensemble models (Random Forest and
XGBoost) outperform classical models (Logistic Regression, SVM) in
poverty classification accuracy and generalization capacity. Similar patterns
were found in Jean et al. (2016) and Yeh et al. (2020) using ML models to
predict poverty in Africa and Southeast Asia.

4.7 Interpretability and Policy Utility

While ensemble models achieved higher accuracy, Logistic
Regression offered easier interpretability, aligning with Hastie et al. (2009)
and Varian (2014) who emphasized the trade-off between interpretability and
predictive performance. Hence, combining both ensemble and interpretable
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model can guide evidence-based welfare targeting, where Random Forest
identifies vulnerable clusters and Logistic Regression explains determinants.

4.8 Discussion of Findings

The comparative evaluation of the five machine learning models
reveals substantial differences in predictive performance. Among the models
examined, Random Forest achieved the highest accuracy (88%) and Area
Under the Curve (AUC) value of 0.91, indicating superior classification
ability in distinguishing poor households from non-poor households. The
high AUC value ‘demonstrates that the model possesses strong
discriminative power across different probability thresholds. While Gradient
Boosting (XGBoost) model also produced strong results, with an accuracy of
87% and AUC of 0.90. This suggests that ensemble learning approaches are
particularly effective for poverty prediction because they combine multiple
decision trees to capture complex nonlinear relationships and interactions
among variables. Unlike traditional statistical models that often assume linear
relationships, ensemble methods are capable of handling high-dimensional
and heterogeneous socioeconomic data more effectively.

Although logistic regression produced relatively lower accuracy
(81%), its performance remains reasonably strong given its simplicity and
interpretability. Similarly, the Decision Tree and SVM models achieved
moderate performance levels, indicating that they can still provide useful
classification results, though less robust than ensemble methods. The superior
performance of Random Forest and XGBoost confirms the growing evidence
that ensemble ML algorithms are highly effective for poverty prediction in
developing economies. These findings align closely with Hassan et al.
(2024), who found that Random Forest outperformed conventional regression
techniques in predicting poverty in Somalia using DHS data. Likewise, Li
(2022) and Li et al. (2022) reported that XGBoost generated higher predictive
accuracy than generalized linear models when applied to household poverty
datasets.

The findings also support the broader literature emphasizing the
value of machine learning in poverty estimation. Jean et al. (2016), for
example, demonstrated that ML models combined with satellite imagery
could accurately predict household consumption and asset wealth across
African countries. Similarly, Blumenstock (2015) showed that mobile phone
metadata could effectively estimate household wealth patterns in Rwanda.
Together, these studies reinforce the idea that ML approaches can serve as
scalable and cost-effective alternatives or complements to traditional
household surveys.

Likewise, ROC curve analysis further confirms the superiority of
ensemble-based methods. The ROC curves show that Random Forest and
XGBoost consistently dominate the other models across the entire
classification threshold range. This indicates that these models achieve better
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trade-offs between sensitivity (true positive rate) and specificity (true
negative rate). The ability to accurately identify poor households while
minimizing classification errors is particularly important for social protection
programmes and welfare targeting. Inaccurate classification may result in
exclusion errors, where poor households are denied assistance, or inclusion
errors, where non-poor households receive benefits intended for vulnerable
populations. Thus, the findings are consistent with Blumenstock (2016), who
concluded that ensemble learning approaches outperform conventional
models in welfare targeting applications within African contexts. The strong
ROC performance observed in this study suggests that ML-based targeting
systems can improve the efficiency and fairness of poverty reduction
interventions in Nigeria.

The feature importance analysis provides valuable insights into the
major determinants of household poverty in Nigeria. Education of the
household head emerged as the most important predictor, contributing 19.4%
to the model’s predictive power. This highlights the central role of education
in improving welfare outcomes, increasing employability, and reducing
vulnerability to poverty. Educated household heads are more likely to secure
stable employment, access information, and adopt productive economic
opportunities. Whereas rural residence ranked as the second most influential
predictor, confirming the strong spatial dimension of poverty in Nigeria.
Rural households often face limited access to infrastructure, financial
services, healthcare, education, and employment opportunities. Education,
location, infrastructure, and employment emerged as robust predictors and
this finding supports the long-standing argument that poverty in Nigeria is
disproportionately concentrated in rural communities.

Access to electricity was also identified as a major determinant of
welfare. Electricity contributes directly to productivity, education, business
operations, and overall quality of life. The importance of infrastructure
variables such as electricity, sanitation, employment status and household
size also significantly influenced poverty outcomes. Larger households
typically face higher dependency burdens and consumption pressures,
particularly where employment opportunities are limited. Female-headed
households showed slightly higher vulnerability, which documented gender-
based income disparities and structural disadvantages faced by women in
Nigeria. The significance of region further reflects the uneven nature of
economic development across Nigeria’s geopolitical zones. Differences in
security conditions, infrastructure development, educational attainment, and
economic opportunities contribute to regional disparities in poverty
incidence. Yet, the predicted probability distribution generated by the
Random Forest model demonstrates a clear distinction between poor and non-
poor households. Most poor households recorded predicted probabilities
above 0.70, while non-poor households were concentrated below 0.30. This
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clear separation confirms the strong classification capability of the model and
indicates limited overlap between the two groups.

In nutshell, findings of this study strongly align with recent
empirical evidence on machine learning applications in poverty analysis.
Several studies have shown that ensemble learning approaches consistently
outperform traditional econometric techniques in predictive tasks involving
large and complex datasets. Such as Jean et al. (2016) demonstrated that
combining satellite imagery with convolutional neural networks significantly
improved poverty estimation across African countries. Similarly, Steele et al.
(2017) found that integrating satellite imagery, mobile phone metadata, and
ML regressors enhanced poverty prediction accuracy across multiple
countries. Blumenstock (2015) further showed that behavioral indicators
derived from mobile phone data could provide reliable estimates of
household wealth. Likewise, Marty et al. (2024) concluded that combining
satellite, transaction, and mobile data through ensemble ML methods
improved the monitoring of wealth dynamics over time.

The current study differs from many previous studies by relying
primarily on household demographic and socioeconomic variables rather
than remote sensing or mobile data. Nevertheless, the strong performance of
Random Forest and XGBoost demonstrates that traditional survey variables
still possess substantial predictive value when analysed using advanced ML
techniques. Also, the findings reinforce Hall (2023) recommendation for
stronger validation and reproducibility standards in ML-based poverty
studies. By employing cross-validation and multiple performance metrics,
the study enhances the robustness and reliability of the results.

S. Conclusion and Recommendations

In conclusion, the study establishes that machine learning provides
a reliable and innovative framework for poverty prediction and welfare
analysis in Nigeria. Beyond its methodological contribution, the findings
emphasise that sustainable poverty reduction requires coordinated
investments in education, infrastructure, employment creation, rural
development, and gender inclusion. At the same time, the adoption of ML-
based targeting systems offers significant potential for improving the
efficiency, transparency, and responsiveness of poverty alleviation
programmes, thereby contributing to more inclusive and sustainable
economic development in Nigeria.

Therefore, the study makes the following policy recommendations:
1. Data-driven targeting ML models can enhance the accuracy of
poverty identification in programmes like Nigeria’s National Social Safety
Nets Project (NASSP) by predicting household vulnerability using survey
data and remote proxies.
ii. Education and empowerment policies should be targeted skills and
job creation programmes to reduce structural poverty.
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iil. Spatial and infrastructure equity should be regional and rural biases
in welfare outcomes that reinforce the necessity of decentralized rural
electrification and infrastructure investments, echoing UNDP (2021)
recommendations.

iv. Gender sensitive interventions that relatively address higher poverty
likelihood among female-headed households support for gender-responsive
social protection frameworks.

V. Integration of National Surveys with Machine Learning frameworks
can be integrated into NBS data systems to complement traditional poverty
measures, enhancing real-time welfare monitoring.
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