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This study provides empirical evidence on the
applicability of selected statistical and
machine‑learning approaches to small area estimation
for predicting poverty incidence at more
disaggregated geographic levels, specifically the
regional and provincial levels.
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Small Area Estimation (SAE) provides estimates for geographic
domains where direct survey estimates may be unavailable or

insufficiently reliable.
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Provided household-level auxiliary
variables for predicting income and
poverty in smaller geographic domains.

2020 CPH — Barangay
Characteristics, Infrastructure,

and Local Facilities

Additionally used to incorporate
barangay-level characteristics.

2021 Official Poverty Threshold

Used to adjust and calibrate the model
estimates.

Used as reference benchmarks when
calculating the absolute difference
between estimates and official results.
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Natural Logarithm of Household Per Capita Income, 
Yᵢ = log(PERCAPITAᵢ)

GEOGRAPHIC DOMAINS

Regional and Provincial Levels

Linear Regression

Two alternative
specifications of the same
linear modeling
framework:

LM-AIC: backward stepAIC,
followed by removal of
predictors with p > 0.05

LM-CP: minimum Mallows'
CP subset, followed by
removal of predictors with
p > 0.05

LASSO

Penalized linear
regression; 10-fold cross-
validation; λ₁ₛₑ

XGBoost

Gradient-boosted
regression trees; 200
rounds; depth = 6;
learning rate = 0.1;
subsample = 0.8;
column subsampling
= 0.8

Random Forest

Ensemble of
regression trees;
1,000 trees; mtry =
[p/3]; minimum node
size = 10

Permutation-based
variable importance
and out-of-bag error
retained

Empirical Bayes

Linear mixed-effects
model; province-level
random intercept;
REML estimation.
Statistically
insignificant fixed
effects iteratively
removed
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Permutation-based
variable importance
and out-of-bag error
retained

Linear mixed-effects
model; province-level
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insignificant fixed
effects iteratively
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Modelling in 2023 FIES Predict PERCAPITA
in 2020 CPH

Adjust based on the 2021
Official Poverty Threshold

Abs Difference of predicted
poverty incidence with

official 2021 poverty
estimates

PROCESS

Modelling Approaches

Compute Poverty Incidence
based on the Estimates

Linear Regression LASSO XGBoost Random Forest Empirical Bayes



Car, AC, Computer, prop_OFW, and prop_Work_Private.
These variables were repeatedly selected or identified as important across modeling approaches and regions.

The variables shown below are the top 10 variables selected or identified as important for each method only; they are not a complete list of predictors.
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Regional-Level Estimates

Tree-Based Models Lead:

11 of 17 Regional Domains
XGBoost and Random Forest
together account for 11 of 17
regional domains.

RESULTS ACROSS 17 REGIONS

excluding Negros Island Region

6
XGBOOST

5
RANDOM FOREST

4
LASSO

2
LINEAR REGRESSION

EMPIRICAL BAYES

TAKEAWAY
Nonlinear tree-based algorithms (XGBoost & Random Forest) captured complex macro-level interactions
best, producing closest estimates in 11 out of 17 regional domains.
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RESULTS



COUNT OF WITH CLOSEST PREDICTION BY METHOD PROVINCES

EMPIRICAL BAYES 26
LASSO 21
XGBOOST 14
RANDOM FOREST 14
LINEAR REGRESSION 11

RESULTS

Provincial-Level Estimates

TAKEAWAY
At fine spatial resolution, Empirical Bayes (province-level random intercepts) and LASSO shrinkage performed
best by effectively controlling sampling variation in smaller samples.



No Single Superior SAE Model
Model performance varies fundamentally by geographic scale. The most appropriate approach depends on
whether the target is regional or provincial estimation.

However,  the results  show which methods stand out in predict ing poverty
incidence at  the regional  and provincial  levels  using the f ive models .

REGIONAL SCALE PROVINCIAL SCALE

XGBoost and Random Forest together
produced the closest estimates in 11 of 17
regional domains.

Empirical Bayes performed best in 26 of 82
domains, followed by LASSO in 21 of 82
domains.

CONCLUSION
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Develop and evaluate the modelingDevelop and evaluate the modeling
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These extensions aim to strengthen small-area poverty estimation across geographic scales.These extensions aim to strengthen small-area poverty estimation across geographic scales.These extensions aim to strengthen small-area poverty estimation across geographic scales.
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