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Abstract. Accurately measuring household welfare, particularly among 

poor and agricultural populations, is essential for effective and inclusive 

policy formulation. Per capita expenditure serves as a key welfare indicator, 

yet direct estimates at small-area levels are often unreliable due to limited 

sample sizes. Small Area Estimation (SAE) offers a cost-efficient alternative 

by leveraging auxiliary data, but standard models such as Fay-Herriot (FH) 

assume linearity and may perform poorly under nonlinear data structures. 

This study introduces a novel modification to the FH model by incorporating 

Random Forest (RF), a machine learning method, into the fixed effect 

estimation stage, following initial parameter estimation via the Expectation-

Maximization (EM) algorithm. The resulting FH-RF model is designed to 

capture complex nonlinear patterns while maintaining compatibility with 

area-level auxiliary data. When applied to estimate per capita expenditure 

among agricultural households, the FH-RF model outperforms the FH-EM 

model in predictive accuracy. Results further reveal that agricultural 

households exhibit spending patterns more closely aligned with the general 

population than with poor households, indicating distinct welfare dynamics. 

The proposed model highlights the potential of machine learning to enhance 

SAE methodology and inform data-driven poverty and agricultural policy 

interventions. 

1 Introduction 

Measuring household welfare is a fundamental aspect of formulating inclusive and equitable 

development policies. In particular, assessing the welfare of households that depend on the 

agricultural sector is highly relevant for Indonesia, given its agrarian characteristics. The 

agricultural sector not only contributes significantly to national food security but also absorbs 

a large portion of the labor force [1, 2]. Thus, having accurate information on the 
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socioeconomic conditions of agricultural households is essential for designing effective 

social protection programs and improving rural welfare. 

Per capita expenditure is widely used as a proxy for household welfare due to its relative 

stability and measurability compared to income, which is often underreported and volatile. 

This indicator has been central in poverty and inequality analysis, as well as in setting 

national poverty lines [3]. In Indonesia, per capita expenditure data is collected through the 

National Socioeconomic Survey (Susenas), which provides reliable estimates at national and 

provincial levels. However, for smaller domains—such as agricultural or poor households at 

the district/city level—direct estimates often suffer from high sampling errors due to limited 

sample sizes [4]. 

To overcome this challenge, Small Area Estimation (SAE) offers a cost-efficient 

alternative by combining survey data with auxiliary information from censuses or 

administrative sources  [3-5]. SAE methods have been widely adopted for improving the 

precision of estimates at lower geographic levels and have been utilized in Indonesia to 

improve policy targeting, especially in poverty mapping and related applications [3, 5]. A 

well-known SAE model is the Fay-Herriot model, which enhances direct estimates using 

area-level covariates under a linear mixed model framework [6]. While this model is 

statistically efficient, it assumes linearity between covariates and the response variable—an 

assumption that may not hold in the complex socioeconomic and geographic context of rural 

Indonesia. Misspecification of such relationships can reduce the reliability of the estimates 

and hinder effective policy targeting. 

To overcome these limitations, recent studies have proposed the integration of machine 

learning techniques—particularly Random Forest (RF)—into the SAE framework. However, 

the existing models remain largely limited to unit-level SAE applications. RF itself is an 

ensemble tree-based method capable of capturing nonlinear relationships and complex 

interactions among variables [7], making it especially suitable for small area contexts where 

traditional assumptions may not apply. As noted by Tzavidis et al. (2020) [8], integrating 

machine learning into SAE models can enhance flexibility and prediction accuracy. 

This study compares the classical Fay-Herriot model estimated using the Expectation-

Maximization (EM) algorithm with a modified version in which the linear predictor is 

replaced by a Random Forest algorithm (FH-RF). The comparison is based on the resulting 

Mean Squared Error (MSE), aiming to identify the model that provides more accurate 

estimates to support better-informed decisions in statistical modeling. This is particularly 

relevant for improving the targeting accuracy of social programs, especially in identifying 

welfare disparities between agricultural and poor households at the sub-provincial level. 

A key contribution of this study is its potential use as a supporting indicator for the 

implementation of Agrarian Reform policies, as outlined in Presidential Regulation No. 62 

of 2023 [9]. The FH-RF model enables more detailed estimation of household expenditure 

or welfare at the district or municipal level, which can be considered in mapping priority 

areas for land redistribution or farmer empowerment programs. By offering a data-driven 

foundation, the findings of this study may assist in enhancing the precision and effectiveness 

of Agrarian Reform and related social protection strategies in Indonesia. 

2 Materials and methods 

This section describes the methods and materials used in the study. It provides an overview 

of the Fay-Herriot (FH) model, including its implementation using the Expectation-

Maximization (EM) algorithm (referred to as FH-EM), as well as a modified version in which 

the linear predictor is replaced with a Random Forest algorithm (referred to as FH-RF). The 

section also discusses the approach used to assess estimation precision, namely the bootstrap 
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method for Mean Squared Error (MSE) estimation. Finally, it presents a detailed description 

of the data sources and variables used in the analysis. 

2.1 Fay-Herriot model 

The Fay-Herriot model (FH model) [6] is the most widely used area-level model in small 

area estimation (SAE), particularly when only aggregate data are available, such as average 

per capita expenditure at the district level. The model consists of two main components: fixed 

effects and area-specific random effects. The core idea of the proposed extension is to 

separate the fixed effect component (𝑿𝒊
𝑻𝜷) from the random effect (𝑧𝑖𝑣𝑖). The FH model is 

generally expressed as follows [4]: 

 

𝜃̂𝑖 = 𝑿𝒊
𝑻𝜷 +  𝑧𝑖𝑣𝑖 + 𝑒𝑖 (1) 

 

where 𝜃̂𝑖 is the direct estimator for area, 𝑿𝑖 = (𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑝)𝑇 is the vector of auxiliary 

variables, and 𝜷 = (𝛽1, 𝛽2, … , 𝛽𝑝)𝑇  is a 𝑝 𝑥 1 vector of fixed effect coefficients. The term 𝑧𝑖 

is a known positive constant, 𝑣𝑖 ~ 𝑁(0, 𝜎𝑣
2) represents the area-specific random effect, and 

𝑒𝑖~𝑁(0, 𝜎𝑒𝑖
2 ) is the sampling error with known variance 𝜎𝑒𝑖

2 . The covariance matrix of 𝜃̂𝑖 is 

given by Ω = 𝒁𝑮𝒁𝑇 + 𝑺, where 𝑮 = 𝑰𝒎𝜎𝑣
2 and 𝑺 = 𝑰𝒎𝝈𝒆

𝟐 with 𝑰𝒎 is an 𝑚 × 𝑚 identity 

matrix. 

2.2 Fay-Herriot model based on the Expectation-Maximization algorithm (FH-
EM) 

Luisávila-Valdez et al. (2020) formulated an EM algorithm for the Fay-Herriot model to 

obtain stable parameter estimates and overcome inadmissibility issues in random effect 

variance estimation [10]. The implementation of this algorithm, as follows: 

1) Initialization: Set initial parameters 𝜷(0), area-specific random effect varians (𝜎̂(0)
2 ), and 

iteration 𝑟 = 0. 

2) E-step: Compute the expected value of the random effects 𝒗̂(1) at iteration 𝑟 = 0: 

𝒗̂(𝑟+1) = (
1

𝜎̂(0)
2 𝑰𝒎 + 𝑺−1)

−1

𝑺−1(𝜽̂ − 𝑿𝜷(0)) (2) 

3) M-step: Update the parameter estimates 𝛽 and the random effect variance 𝜎2 using the 

results from the E-step. 

𝛽̂(𝑟+1) = (𝑿𝑇𝑺−1𝑿)−1𝑿𝑇𝑺−1(𝜽̂ − 𝒗̂(𝑟+1)) (3) 

 

𝜎̂2(𝑟+1)
=

1

𝑚
(𝒗̂(𝑟+1)𝑇

𝒗̂(𝑟+1) + 𝑡𝑟 (
1

𝜎̂2(𝑟)
𝑰𝒎 + 𝑺−1)

−1

) 

 

(4) 

 

4) Iteration: Repeat the E-step and M-step until convergence is achieved, i.e., when the 

difference in parameter estimates between iterations falls below a certain threshold 

(e.g., 10⁻⁵) 

2.3 Proposed Fay-Herriot with Random Forest (FHRF) SAE Model 

The Fay-Herriot Random Forest (FHRF) model extends the classical Fay-Herriot framework 

by replacing the linear fixed effect component with a nonparametric function estimated using 

Random Forest (RF). The general form of the FHRF model is: 
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𝜃̂𝑖 = 𝒇(𝑿𝒊) +  𝑧𝑖𝑣𝑖 + 𝑒𝑖 (5) 

 

The key distinction from the standard EM-based Fay-Herriot (FH-EM) model is the 

substitution of the linear predictor 𝑿𝒊
𝑻𝜷 with a non-linear function 𝒇(𝑿𝒊), which is estimated 

using out-of-bag predictions from a Random Forest. The area-level random effect 𝑣𝑖 is 

retained as a linear Gaussian component. 

The FHRF estimation procedure involves the following steps: 

1) Initial FH-EM estimation: begin by estimating the model parameters 𝜷, 𝜎𝑣
2, and 𝑣𝑖 using 

the classical FH-EM algorithm. In particular, obtain the estimates of the area-specific 

random effects 𝑣̂𝑖 using the EM E-step formula (2). 

2) Update Fixed Effect via Random Forest: define the adjusted response variable for each 

area 𝑖 as: 

𝜃̂𝑖
∗ = 𝜃̂𝑖 − 𝑣̂𝑖 ,  𝑖 = 1, ⋯ , 𝑚 (6) 

 

3) Train the Random Forest Model: fit a Random Forest using the pairs (𝜃̂𝑖
∗, 𝑿(𝒊)), 

constructed via Simple Random Sampling with Replacement (SRS-WR). Use standard 

RF procedures to build the forest and predict 𝑓(𝑿(𝒊)). To reduce overfitting and preserve 

unbiasedness, use only out-of-bag (OOB) predictions to estimate 𝑓(𝑿(𝒊)): 

 

𝑓(𝑿) = [𝑓(𝑿(𝟏)), ⋯ , 𝑓(𝑿(𝒎))]
𝑇
 (7) 

 

4) Small Area Estimation via EBLUP: Using the updated estimates 𝜎𝑣
2, 𝑓(𝒙(𝒊)), and 𝑣̂𝑖, 

calculate the Empirical Best Linear Unbiased Predictor (EBLUP) for each area as: 

 

(𝑇(𝜃̂𝑖)) (𝜎𝑣
2) = 𝑓(𝒙(𝒊)) +

𝜎𝑣
2

(𝜎𝑣
2 + 𝜎𝑒𝑖

2 )
(𝜃̂𝑖 − 𝑓(𝒙(𝒊))) (8) 

 

 

The final output is a small area estimate that combines the flexibility of machine learning 

with the robustness of model-based SAE FH-ME. 

2.4 Bootstrap Mean Squared Error (MSE) as a measure of precision 

In small area estimation (SAE), quantifying the uncertainty of model-based predictors is 

essential. While analytical MSE formulas exist for linear models like the classical Fay-

Herriot, such expressions are often inapplicable for models with nonparametric components. 

To address this, bootstrap methods offer a flexible alternative, particularly for models like 

the Fay-Herriot with Random Forest (FHRF). 

Following the approach of Rao and Molina (2015) [4], a parametric bootstrap can be 

adapted to estimate the MSE of the FHRF model, which replaces the linear fixed effect with 

a nonparametric function 𝑓(𝒙(𝒊)) while retaining the Gaussian random effect structure. The 

procedure includes the following steps: 

1) Estimate Model Parameters: Fit the FHRF model to obtain 𝑓(𝒙(𝒊)) and 𝜎̂𝑣
2 

2) Bootstrap Replication (𝑏 =  1, … , 𝐵): 

a. Simulate “true” area values: 𝑦𝑖∗
(𝑏)

~𝑁(𝑓(𝒙(𝒊)), 𝜎̂(𝑟)
2 ) 

b. Simulate direct estimates: 𝑦̂𝑖∗
(𝑏)

~𝑁(𝑦𝑖∗
(𝑏)

 , 𝜎𝑒𝑖
2 ) 

     

BIO Web of Conferences 186, 02012 (2025) https://doi.org/10.1051/bioconf/202518602012

ISOTOBAT 2025

4



c. Fit the FHRF model to obtain predicted values  𝑦̂𝑖∗
𝐻(𝑏)

 is estimated using the SAE 

FHRF model with the same auxiliary variables 𝒙𝑖, the response variable 𝑦̂𝑖∗
(𝑏)

, and the 

variance of the direct estimator 𝜎𝑒𝑖
2 . 

3) Compute Bootstrap MSE and RSE: 

𝑚𝑠𝑒̂ (𝑦𝑖) = 𝑚𝑠𝑒𝐵(𝑦̂𝑖) =
1

𝐵
∑ (𝑦̂𝑖∗

𝐻(𝑏)
− 𝑦𝑖∗

(𝑏)
)

2
𝐵

𝑏=1

 (9) 

The relative standard error (RSE) can be derived from MSE using the following formula: 

𝑅𝑆𝐸̂(𝑦𝑖) =
𝑚𝑠𝑒̂ (𝑦𝑖)

𝑦̂𝑖∗
𝐻(𝑏) × 100% (10) 

 

This approach captures both model-based and sampling variability and has been widely 

applied in parametric SAE models such as the classical Fay-Herriot model. While the FHRF 

model involves nonparametric estimation of fixed effects using Random Forests, bootstrap-

based MSE remains a useful framework for assessing estimation precision. 

2.5 Data and variables 

This study uses data compiled by Statistics Indonesia (BPS). The primary variable—per 

capita expenditure—was sourced from the 2019 National Socioeconomic Survey (Susenas), 

serving as the basis for direct estimation at the domain level. Auxiliary variables for the Small 

Area Estimation (SAE) models were drawn from the 2018 Village Potential Census (Podes). 

Two distinct sets of area-level covariates were constructed: 35 for modeling poor households 

and 45 for agricultural households. The selection of independent variables was guided by the 

presence of a significant relationship with the response variable, as observed through scatter 

plots. For poor households, the covariates include: 

• Infrastructure and utilities: number of villages where the majority of residents use state 

electricity company (PLN), mobile phones, and LPG; 

• Health and education indicators: number of villages with reported malnutrition cases, and 

the number of primary schools (SD), community health centers (puskesmas), village 

maternity clinics (polindes), and mobile phone operators; 

• Access and services: number of villages with schools, health facilities, health workers, 

road access, public transportation, strong mobile signal, shops and markets, food stalls or 

restaurants, access to financial institutions such as People's Business Credit (KUR), Micro 

Business Credit (KUK), Joint Business Groups (KUBE), Islamic microfinance 

institutions (BMT), pawnshops, and ATMs; 

• Disability-related data: number of villages reporting residents with visual, hearing, 

speech, mobility, cognitive, multiple, or general disabilities; 

• Social protection and production: number of villages issuing health insurance (BPJS-BPI) 

or certificate of poverty (SKTM), and number of villages engaged in timber production. 

For agricultural households, additional covariates were added to capture rural and 

productive contexts—such as the number of early childhood education (PAUD), midwives, 

disease outbreaks, emotional disabilities, pottery production, and the presence of village unit 

cooperative (KUD), supermarkets, banks, repair shops, travel agents, and proportional 

indicators on digital and economic access. Some variables used in the poor households 

model—such as puskesmas, health workers, KUK, and KUBE—were excluded to improve 

model relevance. This integration of Susenas and Podes reflects best practices in SAE, where 

survey data are enriched with administrative records to improve estimation accuracy [4]. 
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3 Result and discussion 

Per capita expenditure estimates at the general population level are derived using direct 

estimation methods, aligning with Statistics Indonesia (BPS) practices that regularly publish 

these figures down to the district/city level, owing to acceptable Relative Standard Error 

(RSE) values. However, for specific subgroups such as poor households and agricultural 

households, direct estimates are not officially released due to smaller sample sizes and higher 

uncertainty. Consequently, this study employs Small Area Estimation (SAE) techniques to 

estimate these subgroups. In this research, SAE model results are preferred when they yield 

better accuracy, indicated by lower RSE values. 

3.1 Estimating per capita expenditure for agricultural households 

This section aims to evaluate and compare the precision of different estimation approaches 

for per capita expenditure among households whose heads are engaged in the agricultural 

sector. Accurate estimation in this domain is especially critical due to the limited sample 

sizes in several districts, which can lead to high variability in direct estimates.  

Three estimation methods were compared: (1) Design-based direct estimation, utilizing 

survey sampling weights; (2) Fay-Herriot model with Expectation-Maximization (FH-EM); 

and (3) Fay-Herriot model incorporating Random Forest (FH-RF). The study aims to evaluate 

whether integrating non-parametric machine learning techniques into small area estimation 

models enhances accuracy, particularly in contexts with nonlinear relationships between 

variables. 

3.1.1 Precision comparison: direct vs SAE-FHRF 

Results indicate that SAE-FHRF significantly improves the precision of the estimates. The 

average Relative Standard Error (RSE) of direct estimates was 7.46%, which dropped to 

6.35% under SAE-FHRF, as shown in Table 1. A paired sample t-test confirms that this 

difference is statistically significant, with a t-statistic of 6.81 and a p-value of 2.79×10⁻¹¹ (p 

< 0.001). 

Table 1. Comparison of estimation precision (RSE) between direct and SAE-FHRF for agricultural 

households. 

Indicator Direct SAE FHRF 

Mean 7.46 6.35 

t-Statistic 6.81 - 

p-Value (Two-Tailed) 2.79E-11 
- 

Pearson Correlation 0.852 
- 

 

To complement the statistical analysis, a Pearson correlation coefficient of 0.852 

indicates a strong positive linear relationship between the estimates, despite differences in 

RSE magnitudes. The scatter plot (Fig 1) illustrates this relationship, with most observations 

falling below the 45-degree reference line, suggesting that the SAE-FHRF method 

consistently yields lower RSE values compared to direct estimates. This effect is particularly 

evident in districts with higher RSEs, where direct estimates exhibit greater uncertainty. 
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Fig. 1. Scatter plot of RSE for per capita expenditure estimates: direct vs FHRF (agricultural 

households). 

3.1.2 Model comparison: SAE-FHEM vs SAE-FHRF 

A second comparison was conducted between SAE-FHEM and SAE-FHRF, both of which 

leverage auxiliary information from administrative data but differ in their modeling approach. 

The SAE-EM model achieved an average RSE of 6.80%, while SAE-FHRF yielded a lower 

RSE of 6.35%, as presented in Table 2. The paired t-test again revealed a statistically 

significant difference (t = 3.37, p = 8.1×10⁻⁴), reinforcing the superiority of the Random 

Forest-based approach. The correlation between the two SAE methods is very strong (r = 

0.905), suggesting consistent estimation trends, although FHRF still outperforms in terms of 

precision. 

Table 2. Comparison of RSE between SAE-FHEM and SAE-FHRF for agricultural households. 

Indicator FH-EM FHRF 

Mean 6.80 6.35 

t-Statistic 3.37 - 

p-Value (Two-Tailed) 0.00081 
- 

Pearson Correlation 0.905 
- 

3.1.3 Diagnostic tests of model assumptions 

To further validate the findings, a series of diagnostic tests were conducted to assess the 

assumptions underlying the SAE-EM model. The Shapiro–Wilk test on residuals produced a 

p-value of 1.96×10⁻⁴⁰, indicating a severe violation of the normality assumption. One 

plausible explanation for this departure from normality is the presence of a non-linear 

relationship between the residuals and the predictor variables. 

To further investigate the functional form, both the RESET test and the GAM test were 

conducted. The results—p-values of 4.43×10⁻¹⁸ and 0.00, respectively, as shown in Table 

3—provide strong statistical evidence of non-linearity in the relationship between the 

covariates and the response variable. In contrast, non-parametric correlation tests 

(Spearman’s ρ and Kendall’s τ) between the residuals and the explanatory variables yielded 
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p-values of 0.133 and 0.222, respectively. These results suggest that there is no strong 

monotonic association between the residuals and any single predictor, implying that the non-

linearity observed is likely complex and non-monotonic in nature, rather than a simple trend. 

Table 3. Diagnostic tests for linearity and error structure in the SAE-EM model. 

Diagnostic Test p-Value 

Shapiro–Wilk Test on Model Residuals 1.96E-40 

RESET Test (Applied to X and Y) 4.43E-18 

GAM Test (Applied to X and Y) 0 

Spearman Rank Correlation (Error ~ X) 0.133 

Kendall Rank Correlation (Error ~ X) 0.222 

 

These diagnostics highlight the limitations of traditional linear SAE models when 

dealing with real-world survey data that often violate standard assumptions. The non-

parametric SAE-FHRF model, by contrast, does not rely on such assumptions and is better 

equipped to capture complex interactions and non-linear patterns. 

3.1.4 Key insights from agricultural household expenditure estimation 

The SAE-FHRF model outperformed both the design-based direct estimation and the 

classical SAE-EM approach in estimating per capita expenditure for agricultural households. 

It demonstrated: Superior precision (lower RSE), Strong statistical significance in pairwise 

comparisons, Empirical robustness under violated linearity assumptions. 

These findings provide a strong methodological justification for adopting machine 

learning-based SAE models, particularly when estimating indicators for domains with small 

sample sizes, complex socio-economic patterns, and non-linear data structures. As 

highlighted in previous studies [7, 10, 11, 4], integrating Random Forest into the SAE 

framework offers substantial benefits for modern policy-oriented statistical modeling. This 

is consistent with recent research emphasizing the advantages of integrating machine learning 

algorithms into the SAE framework to address model misspecification and nonlinearity [13]. 

3.2 Analysis of per capita expenditure estimates for the poor population 

In contrast to the results observed for households with agricultural household heads, the 

application of the Small Area Estimation (SAE) model based on the Fay-Herriot Random 

Forest (FHRF) algorithm did not demonstrate significant advantages in estimating per capita 

expenditure for the poor population. The results of a paired-sample t-test reveal that the 

difference between the average Relative Standard Error (RSE) obtained from direct 

estimation and the FHRF model is not statistically significant, with a p-value of 0.16 (p > 

0.05). The average RSE from direct estimation was 2.70%, while the FHRF model yielded a 

nearly identical average RSE of 2.71%. 

These results are further reinforced by Table 4, where the t-statistic value of -1.41 is 

insufficient to reject the null hypothesis of no difference between the two methods. On the 

other hand, the Pearson correlation coefficient of 0.989 indicates a very strong linear 

association between the RSE estimates produced by the direct and FHRF methods. In other 

words, although the FHRF model theoretically offers the advantage of capturing nonlinear 
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patterns, such advantages did not translate into measurable gains in estimation precision for 

this particular case. 

Table 4. Paired sample t-test of per capita expenditure estimates for the poor population. 

Indicator Direct SAE FHRF 

Mean 2.70 2.71 

t-Statistic -1.41 - 

p-Value (Two-Tailed) 0.16 
- 

Pearson Correlation 0.989 
- 

 

The interpretation is visually supported by Fig 2, which displays a scatter plot of RSE 

estimates from both methods. The data points closely follow the 45-degree reference line, 

suggesting that the RSE values generated by the SAE FHRF model are almost identical to 

those obtained from direct estimation across most observation areas. 

 

 

Fig. 2. Scatter plot of RSE for per capita expenditure estimates: direct vs FHRF (poor population) 

 

Upon further analysis, it was observed that the variance of the area-level random effects 

(𝜎𝑣
2) in per capita expenditure among poor households is substantially larger than the 

sampling error variance (𝜎𝑒𝑖
2 ). This disparity causes the weight factor in the Empirical Best 

Linear Unbiased Prediction (EBLUP) formula 𝜎𝑣
2 (𝜎𝑣

2 + 𝜎𝑒𝑖
2 )⁄  to approach 1. Consequently, 

the small area estimates (𝑇(𝜃̂𝑖)) (𝜎𝑣
2) closely approximate the direct estimates (𝜃̂𝑖) , as 

indicated in Equation (8).  

This outcome aligns with the "fit-for-purpose" principle in applied statistics, which 

advocates for the use of more complex modeling techniques only when simpler methods are 

insufficient. In this context, models like the Fay-Herriot model may not yield significant 

improvements. Therefore, for estimating per capita expenditure among the poor population, 

direct estimation is utilized, as the SAE model with EBLUP produces results similar to the 

direct estimates. 
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3.3 Comparative welfare profiles: general population, poor households, and 
agricultural households 

A comparative analysis of per capita expenditure estimates across three key population 

groups—namely the general population, poor households, and agricultural households—

reveals distinct welfare profiles. Estimates for the general and poor populations were derived 

using design-based direct estimation, while estimates for agricultural households were 

obtained through a model-based approach using the Fay-Herriot with Random Forest (FHRF) 

method. 

The analysis shows that the average per capita expenditure of agricultural households 

falls between that of the poor and the general population, with a closer proximity to the latter. 

This finding suggests that households reliant on the agricultural sector do not uniformly 

belong to the most economically vulnerable group, despite commonly being associated with 

structural vulnerabilities, limited market access, and income instability. Recent data from the 

Farmer Welfare Analysis Report 2023 published by the Ministry of Agriculture of Indonesia 

highlights the heterogeneous nature of welfare among agricultural households [14]. The 

report indicates that a significant portion of farmers fall into the "moderately prosperous" and 

"prosperous" categories, based on multidimensional indicators such as income, education, 

health, and standard of living. These insights reinforce the notion that not all agricultural 

households are poor, and their welfare profile is notably more diverse compared to the poor 

population as a whole. 

The visualization of per capita expenditure comparison (see Fig 3) clearly illustrates the 

relative position of each group. Poor households consistently exhibit the lowest levels of 

expenditure, as defined by the official poverty line. In contrast, agricultural households 

occupy an intermediate position, characterized by a relatively wide distribution but with a 

noticeable tendency to cluster closer to the median expenditure of the general population. 

 

 

Fig. 3. Comparison of average per capita expenditure across groups. 
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In this context, the application of Small Area Estimation (SAE) methods—particularly 

the Fay-Herriot Random Forest (FHRF) model—is highly relevant for agricultural 

households. As demonstrated in the previous section, the FHRF model significantly reduces 

the Mean Squared Error (MSE) compared to direct estimation, especially in areas with small 

sample sizes or high data variability, as reflected by lower Relative Standard Errors (RSE), 

as shown in Fig 4. SAE methods are especially valuable because they integrate information 

from both survey-based direct estimates and auxiliary data from aggregate or area-level 

sources, such as censuses and administrative records. This capacity makes SAE approaches 

well-suited for generating reliable and precise estimates in spatially disaggregated or data-

limited settings [4, 7]. 

 

 

Fig. 4. Comparison of relative standard errors (RSE) for per capita expenditure estimates: direct 

estimation vs. SAE FHRF model for agricultural households. 

Overall, these findings not only provide a more nuanced understanding of the welfare 

status of agricultural households but also reinforce the importance of applying SAE methods 

when direct estimation fails to deliver adequate precision. Furthermore, they emphasize the 

need for welfare-based policy targeting to account for internal heterogeneity—especially 

within sectors like agriculture that are often treated as uniformly poor in poverty alleviation 

programs. 

4 Conclusion and recommendations 

This study evaluated the performance of a Small Area Estimation (SAE) approach using the 

Fay-Herriot Random Forest (FHRF) model to estimate per capita expenditure for two target 

groups in Indonesia: poor households and agricultural households. The findings demonstrate 

that the FHRF model provides substantial improvements in estimation precision, particularly 

for agricultural households. Compared to both direct estimation and the conventional Fay-

Herriot model estimated via the Expectation-Maximization (EM) algorithm, the FHRF model 

yielded lower Relative Standard Errors (RSE), especially in areas with high data variability 

(with higher RSE). 
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The primary benefit of the SAE FHRF model is observed in domains where direct 

estimates have high uncertainty. This reinforces the added value of model-based approaches 

in data-scarce settings. Furthermore, diagnostic testing revealed that nonlinear relationships 

exist between predictors and the response variable—patterns that cannot be effectively 

captured by traditional linear models. This finding supports the use of machine learning 

methods, such as Random Forest, for modeling complex welfare indicators. However, the 

advantages of the FHRF model are not universal. For the poor population, where the 

variability of area-level random effects is very high, the FHRF model does not provide a 

statistically significant improvement. This implies that the added complexity of SAE 

modeling may not be justified in such cases. This conclusion aligns with the fit-for-purpose 

principle in applied statistics, which suggests that model-based approaches should be 

employed only when simpler methods fail to deliver adequate accuracy. 

Additionally, comparative analysis indicates that the average per capita expenditure of 

agricultural households is higher than that of poor households, suggesting that agricultural 

households should not be uniformly classified as economically vulnerable. Their welfare 

profile appears more heterogeneous, underscoring the need for more nuanced targeting in 

policy interventions. Based on these findings, direct estimation remains a valid and efficient 

method when data quality and sample size are sufficient. SAE methods, including the FHRF 

model, should be selectively applied in domains where direct estimation is inadequate due to 

high sampling error or sparse data. 

For future research, it is recommended to explore alternative methods for Mean Squared 

Error (MSE) estimation in area-level SAE models, particularly in non-parametric contexts. 

Techniques such as jackknife resampling and non-parametric bootstrap approaches may offer 

additional insight into the robustness and reliability of precision measures when using 

machine learning–based SAE models. 

We would like to express our sincere gratitude to the Directorate General of Higher Education, 

Research, and Technology of The Ministry of Education, Culture, Research, and Technology for 

funding this research through the 2024 Doctoral Research Scheme in accordance with Research 

Contract Number: 027/E5/PG.02.00.PL/2024 dated June 11, 2024. 

References 

1. BPS, Indikator pertanian 2021, (Badan Pusat Statistik, Jakarta, 2022). [Online]. 

Available: 

https://www.bps.go.id/id/publication/2022/10/10/6bf975b9cd623dc14c4b1bbc/indikato

r-pertanian-2021.html  

2. FAO, The future of food and agriculture trends and challenges, (Food and Agriculture 

Organization of the United Nations, Rome, 2017). [Online]. Available: 

https://openknowledge.fao.org/server/api/core/bitstreams/2e90c833-8e84-46f2-a675-

ea2d7afa4e24/content   

3. R.A. Castaneda, Aguilar et al., March 2024 global poverty update from the World Bank: 

first estimates of global poverty until 2022 from survey data, (World Bank, 2024). 

[Online]. Available: https://blogs.worldbank.org/en/opendata/march-2024-global-

poverty-update-from-the-world-bank--first-esti 

4. J.N.K. Rao and I. Molina, Small area estimation, (Wiley, New Jersey, 2015). 

https://doi.org/10.1002/9781118735855    

5. P.C. Segovia, I. Molina, A. Cojocaru, S. Segovia, The smaller, the better: the decades-

long evolution of mapping poverty, (World Bank, 2024). [Online]. Available: 

     

BIO Web of Conferences 186, 02012 (2025) https://doi.org/10.1051/bioconf/202518602012

ISOTOBAT 2025

12



https://blogs.worldbank.org/en/opendata/smaller-better-decades-long-evolution-

mapping-poverty 

6. R.E. Fay, R.A. Herriot, Estimates of income for small places: an application of james-

stein procedures to census data. J. Am. Stat. Assoc. 74, 366a, 269–277 (1979). 

https://doi.org/10.1080/01621459.1979.10482505 

7. G. Biau, E. Scornet, A random forest guided tour. TEST. 25, 2, 197–227 (2016). 

https://doi.org/10.1007/s11749-016-0481-7 

8. N. Tzavidis, Small area estimation in the era of machine learning and alternative data 

sources : opportunities , challenges and outlook. J. Off. Stat., (In Press), 1–8 (2022). 

[Online]. Available: https://eprints.soton.ac.uk/500725/2/JOS_Article_Tzavidis.pdf 

9. S.W.J. BPK, Peraturan Presiden Republik Indonesia Nomor 62 Tahun 2023 tentang 

Percepatan Pelaksanaan Reforma Agraria, (Sekretariat Negara, Jakarta, 2023). [Online]. 

Available: https://peraturan.bpk.go.id/Details/265755/perpres-no-62-tahun-2023 

10. J. Luisávila-Valdez, M. Huerta, V. Leiva, M. Riquelme, L. Trujillo, The fay–herriot 

model in small area estimation: em algorithm and application to official data. 

REVSTAT-Statistical J. 18, 5, 613–635 (2020). 

https://doi.org/10.57805/revstat.v18i5.323   

11. J.F. Schmitt, A forest for the trees: using random forests for small area estimation on us 

forest inventory data, Bachelor's thesis, Harvard University, Cambridge, 2023. [Online]. 

Available: https://dash.harvard.edu/handle/1/37378277 

12. P. Krennmair, T. Schmid, Flexible domain prediction using mixed effects random 

forests.  J. R. Stat. Soc. Ser. C Appl. Stat. 71, 5, 1865–1894 (2022). 

https://doi.org/10.1111/rssc.12600. 

13. T. Żądło, A. Chwila, A step towards the integration of machine learning and small area 

estimation. Stat. Modelling. 24, 5, 395–421 (2024). 

https://doi.org/10.1177/1471082X231210175. 

14. W.B. Komalasari et al., Analisis kesejahteraan petani tahun 2023, (Pusat Data dan 

Sistem Informasi Pertanian Sekretariat Jenderal - Kementerian Pertanian, Jakarta, 2023). 

[Online]. Available: 

https://satudata.pertanian.go.id/assets/docs/publikasi/Buku_analisis_Kestan_2023.pdf 

 

     

BIO Web of Conferences 186, 02012 (2025) https://doi.org/10.1051/bioconf/202518602012

ISOTOBAT 2025

13




