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Abstract 
This study evaluates the technical efficiency of family rice farms in Niger, us-
ing a hybrid framework that integrates Data Envelopment Analysis (DEA) 
with Machine Learning. Primary data were collected from 103 farms in Gaya, 
Niger, during the 2025 dry season. To account for structural heterogeneity, a 
typology of production systems was established using Principal Component 
Analysis (PCA) and Hierarchical Ascendant Classification (HAC). Technical 
efficiency was assessed through an input oriented Variable Returns to Scale 
(VRS) DEA model, and the resulting scores were subsequently modeled using 
a Random Forest algorithm to capture nonlinear relationships and interaction 
effects. The analysis revealed a mean efficiency score of 0.76, ranging from 
0.42 to 1.00, with 18% of farms operating on the efficiency frontier (θ = 1). 
Commercial farms exhibited the highest performance (median = 0.83), while 
small family farms recorded lower efficiency (median = 0.71). The Random 
Forest model demonstrated high predictive accuracy (R2 = 0.9168; MSE = 
0.0027). The main determinants of efficiency were: Seed quantity, Farm size 
and Fertilizer use with respectively a positive effect. Other influential factors 
included herbicide use and irrigation, while socio demographic variables such 
as education, gender, and marital status had negligible impact. This hybrid 
DEA–Machine Learning framework provides both a rigorous benchmark for 
measuring technical efficiency and a predictive tool for identifying drivers of 
performance. The findings offer evidence based insights to guide targeted pol-
icies aimed at improving resource use, strengthening resilience, and enhanc-
ing the sustainability of rice farming systems in Niger. 
 

How to cite this paper: Mahamadou, I.S. 
(2026) Hybrid DEA-Machine Learning 
Methodology for Evaluating and Modeling 
Technical Efficiency of Rice Farming in Ni-
ger. Journal of Agricultural Chemistry and 
Environment, 15, 39-62. 
https://doi.org/10.4236/jacen.2026.151004 
 
Received: December 24, 2025 
Accepted: February 6, 2026 
Published: February 9, 2026 
 
Copyright © 2026 by author(s) and  
Scientific Research Publishing Inc. 
This work is licensed under the Creative 
Commons Attribution International  
License (CC BY 4.0). 
http://creativecommons.org/licenses/by/4.0/   

  
Open Access

https://www.scirp.org/journal/jacen
https://doi.org/10.4236/jacen.2026.151004
http://www.scirp.org
https://www.scirp.org/
https://orcid.org/0000-0003-3783-9523
https://doi.org/10.4236/jacen.2026.151004
http://creativecommons.org/licenses/by/4.0/


I. S. Mahamadou 
 

 

DOI: 10.4236/jacen.2026.151004 40 Journal of Agricultural Chemistry and Environment 
 

Keywords 
Data Envelopment Analysis, Technical Efficiency, Machine Learning, Rice 
Farming, Niger 

 

1. Introduction 

Agriculture remains a fundamental pillar of economic development, food secu-
rity, and rural livelihoods in developing countries. It provides the main source of 
income and employment for the majority of rural households and contributes sig-
nificantly to national economies [1] [2]. In West Africa, sustained demographic 
growth and rapid urbanization have sharply increased the demand for staple 
foods, particularly rice [3]. Today, rice accounts for more than 30% of urban ca-
loric intake in the region (CIRAD, n.d.) and plays a strategic role in poverty re-
duction, especially when produced under irrigation, where seasonal stability and 
income generation are enhanced [4]. Rice cultivation in Niger remains an agricul-
tural activity with limited economic weight, although it is strategic for food secu-
rity. According to the National Rice Development Strategy (SNDR 2021-2030), 
national rice production is estimated at around 83,000 tons per year, while do-
mestic demand exceeds 500,000 tons. At the macroeconomic level, agriculture 
contributes about 40% of Niger’s GDP, but rice cultivation represents only a mar-
ginal share, estimated at less than 1% of GDP. Despite these advantages, produc-
tivity remains below potential levels, indicating persistent inefficiencies in the use 
of land, labor, water, and agro-inputs [5]. Understanding these inefficiencies is 
crucial for guiding agricultural policies aimed at improving resource allocation, 
enhancing resilience, and strengthening food security [6]. Technical efficiency 
analysis offers a robust framework for evaluating how effectively farmers convert 
inputs into outputs relative to best-practice frontiers. Since the refinement of ef-
ficiency concepts in recent literature, frontier methods have remained central to 
assessing production performance. Data Envelopment Analysis (DEA) continues 
to be widely applied, as demonstrated by recent studies such as [7] in agricultural 
contexts and [8] in financial institutions, highlighting its robustness in estimating 
technical and allocative efficiency. has become one of the most prominent non-
parametric methods for examining agricultural efficiency because it accommo-
dates multiple inputs and outputs without requiring a predefined functional form. 
Previous applications in West Africa and other developing regions consistently 
highlight significant inefficiencies among smallholder rice producers often linked 
to poor access to inputs, suboptimal input allocation, and structural constraints 
[9]-[13]. However, empirical evidence remains limited for irrigated rice systems 
in Niger, and the determinants of inefficiency remain insufficiently explored. A 
persistent challenge in frontier analysis lies in explaining variations in efficiency 
scores. Traditional two-stage approaches typically using Tobit or truncated re-
gression assume linearity and impose restrictive functional forms, limiting their 
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ability to capture the nonlinear interactions and multidimensional constraints 
that characterize smallholder agriculture. Machine Learning (ML), particularly 
ensemble methods such as Random Forests, offers powerful tools to overcome 
these limitations by identifying complex patterns, modeling nonlinear relation-
ships, and ranking the most influential factors driving inefficiency [14]. The issue 
of technical efficiency in Niger’s irrigated rice farming lies in the persistent gap 
between potential and actual productivity, compounded by structural heteroge-
neity and nonlinear determinants of performance. Classical DEA approaches pro-
vide useful benchmarks but struggle to explain these variations. A hybrid DEA–
Machine Learning framework is therefore essential to capture the multidimen-
sional drivers of inefficiency and to generate actionable insights for targeted policy 
interventions. Moreover, structural heterogeneity among farms stemming from 
differences in land size, labor organization, and input intensity has received lim-
ited empirical attention, although it fundamentally shapes production outcomes 
and policy responses. This study addresses these gaps by developing a hybrid DEA 
Machine Learning framework to evaluate and model the technical efficiency of 
rice farms in Gaya, Niger. Specifically, the study 1) Identifies production system 
typologies using Principal Component Analysis (PCA) and Hierarchical Ascend-
ant Classification (HAC); 2) Computes farm-level technical efficiency scores us-
ing an input-oriented DEA model under Variable Returns to Scale (VRS); and 3) 
Models the determinants of efficiency using a Random Forest algorithm to cap-
ture nonlinear effects and rank variable importance. By integrating frontier effi-
ciency analysis with predictive modeling, this research advances both methodo-
logical and empirical knowledge. It demonstrates how modern computational 
tools can complement classical efficiency analysis in heterogeneous, resource‑con-
strained systems, and provides evidence‑based insights to guide interventions 
aimed at improving the performance and sustainability of irrigated rice farming 
in Niger. The findings are consistent with the Resource‑Based View (RBV), which 
posits that farm performance depends on the effective mobilization and allocation 
of scarce resources such as land, labor, and inputs. They also align with the Pro-
duction Frontier Theory, which emphasizes that efficiency is achieved when pro-
ducers operate on or close to the best‑practice frontier, minimizing input waste 
while maximizing output. Together, these theories justify the observed efficiency 
differentials and highlight the importance of targeted resource management and 
institutional support in enhancing the sustainability of rice farming systems. 

2. Methodology 
2.1. Study Area 

The urban commune of Gaya is located in the extreme south of Niger, within the 
Dosso region, bordering both Benin and Nigeria. Its strategic transboundary po-
sition makes it a key agricultural and commercial hub in the country’s southern 
corridor. Gaya lies within the Sudanian Sahelian agroecological zone, character-
ized by a prolonged dry season and an average annual rainfall ranging from 700 
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to 900 mm [15]. The presence of the Niger River provides relatively stable access 
to water resources, enabling the development of irrigated rice farming, particu-
larly during the dry season when climatic risks are lower and irrigation control 
is higher [16]. The commune hosts several irrigated perimeters such as Karé 
Gourou, Tanda, and Bengou where rice cultivation is practiced intensively. These 
perimeters are equipped with semi-modern hydro-agricultural infrastructure, in-
cluding pumping stations, drainage systems, and water distribution networks, alt-
hough maintenance levels vary across farmer groups. Rice farming in Gaya mobi-
lizes significant labor and contributes substantially to rural household incomes, 
positioning the commune as a focal point for seasonal agricultural activity. Soci-
oeconomically, Gaya is dominated by family-based farming systems, often orga-
nized into cooperative groups. The diversity of farming practices, ranging from 
traditional to semi-intensive systems, reflects varying levels of access to inputs, 
technical knowledge, and institutional support. This heterogeneity makes Gaya an 
ideal site for analyzing technical efficiency and modeling agricultural perfor-
mance.  

2.2. Sources, Tools, and Nature of Data 

This study draws on primary data collected from 103 rice farms selected from a 
population of 731 producers operating within the major irrigated perimeters of 
the urban commune of Gaya (Karé Gourou, Tanda, and Bengou). The sample size 
was determined using a probabilistic sampling formula (1) to ensure adequate 
representativeness of the target population. A stratified random sampling ap-
proach was then applied: the total population of 731 producers was first stratified 
by irrigated perimeter (Karé Gourou, Tanda, and Bengou) to reflect structural 
heterogeneity. Within each stratum, farms were randomly selected proportionally 
to the size of the farmer population in that perimeter, until the target sample of 
103 farms was reached. This procedure ensured that each farm had an equal prob-
ability of selection while maintaining representativeness across the three irrigated 
Data were collected during the dry season through a structured questionnaire ad-
ministered digitally using Kobo Collect platform, and subsequently processed and 
analyzed in R. The survey captured detailed information on the socioeconomic 
characteristics of farm managers, the mobilization of production factors, and the 
economic performance of each farming unit. Data collection was conducted in 
two stages. The first stage involved focus group discussions with representatives 
of local farmer organizations. The focus group discussions were analyzed using a 
thematic content analysis approach. Notes and transcripts from the sessions were 
coded inductively to identify recurring themes related to infrastructure, govern-
ance, gender composition, and nursery management practices. These themes were 
then organized into categories (access to inputs, cooperative governance, irriga-
tion challenges) and triangulated with survey data to provide contextual depth. 
This qualitative analysis served two purposes: 1) to refine the questionnaire by 
incorporating locally relevant variables, and 2) to interpret quantitative efficiency 
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results within the broader institutional and organizational context of irrigated rice 
farming in Gaya. The second stage consisted of individual interviews with rice 
farm managers, who constitute the primary unit of analysis. The margin of error 
was set at 9% to balance statistical precision with practical feasibility. While a 5% 
margin would have required a substantially larger sample size, the 9% threshold 
allowed us to obtain a representative sample of 103 farms across the three irrigated 
perimeters, within the logistical and resource constraints of fieldwork. This level 
of precision is consistent with accepted practice in exploratory agricultural studies 
where margins between 5%-10% are considered adequate. 
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 Target population (N): 731 (total rice farmers,provided by the farmers organ-
ization) 

 Confidence level (tp): 1.96 (corresponding to 95%) 
 Estimated proportion (P): 0.5 (to maximize variance) 
 Margin of error (y): 9% (0.09) 

2.3. Analytical Methods 
2.3.1. Typology of Rice Farming Systems 
A farm typology was developed to reduce structural heterogeneity and ensure 
more meaningful comparisons among production units. The typology was con-
structed through a Principal Component Analysis (PCA) applied to key structural, 
technical, and socioeconomic variables (Table 1), followed by a Hierarchical As-
cendant Classification (HAC) using Ward’s method to derive homogeneous clus-
ters of farms. The selected variables capture essential features of production sys-
tems, including input intensity, land and labor resources, and household charac-
teristics. Socioeconomic attributes such as education level, gender of the farm 
manager, and income diversification were incorporated because they reflect man-
agerial capacity and household resilience factors known to indirectly influence 
production performance. For example, education may enhance input allocation 
decisions, while income diversification can reduce exposure to production risks 
and stabilize resource use. The combined PCA–HAC approach provides a robust 
multivariate framework for identifying structurally consistent groups of farms.  
 

Table 1. Variables Used in the combined PCA-HAC approach 

Variable Description Typology Interpretation 

Area Size of the farm in hectares. Structural variable (farm size) 
Precision farming techniques for 
land management 

Seed_kg Quantity of seeds used (kg). Input variable 
Use of high-yield or drought 
resistant seeds 

Fertilizer_kg Quantity of fertilizer used (kg). Input variable 
Organic fertilizers and or smart 
fertilization methods 

Urea_kg Quantity of urea used (kg). Input variable 
Urea efficient practices or 
alternatives 
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Continued 

Herbicide_kg Quantity of herbicide used (kg). Input variable 
Integrated pest management 
(IPM) 

Miscellaneous_Cost 
Other production-related costs 
(currency). 

Economic variable 
Financial management and cost 
cutting strategies 

Labor_Pre 
Labor used before rice planting 
(in hours). 

Labor variable 
Labor saving technologies or 
mechanization 

Labor_Rice  
Labor used during rice cultivation 
(in hours). 

Labor variable 
Labor efficiency through 
automation 

Labor_Post  
Labor used after rice harvest (in 
hours). 

Labor variable 
Post harvest technology to reduce 
labor 

Age_of_Farm_ 
Manager  

Age of the farm manager. Socio-demographic variable 
Training and capacity building 
for younger managers 

Education_Level  
Education level of the farm 
manager. 

Socio-demographic variable 
Vocational training for better 
management 

Gender_of_Farm_ 
Manager  

Gender of the farm manager. Socio-demographic variable 
Gender inclusive policies and 
support 

Household_Income_ 
Sources  

Number of income sources 
within the household.  

Socio-economic variable 
Diversification strategies to 
reduce risk 

Number of active 
household members 

Count of individuals in the 
household who actively 
contribute to farm work (field 
labor, herding, processing, 
marketing). 

Socio-economic variable 
Indicates household labor 
capacity. 

2.3.2. Hybrid DEA-Machine Learning Approach 
The hybrid DEA-Machine Learning (DEA-ML) approach combines the comple-
mentary strengths of production econometrics. While Data Envelopment Analy-
sis (DEA) provides a robust and economically interpretable measure of technical 
efficiency (2), Machine Learning algorithms enable the identification, ranking, 
and prediction of complex determinants of efficiency in nonlinear and multidi-
mensional contexts. 

The input variables in this DEA model include: 
• Cultivated land area (hectares), 
• Quantity of seeds (kg), 
• Quantity of fertilizer (kg), 
• Quantity of urea and herbicides (kg), 
• Irrigation fees, 
• Miscellaneous expenses, 
• Labor required during the different phases of rice cultivation (pre-rice, rice, 

and post-rice). 
The final output is measured by the total rice production (kg). DEA relies on 

two main models: the CCR model and the BCC model (Charnes et al. 1978). The 
CCR model assumes constant returns to scale and the BCC model allows for var-
iable returns to scale, which is often more suitable in agriculture where produc-
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tivity may vary with farm size [17]. 

2.3.3. Integration of Socio-Economic Factors 
Socio-economic variables such as the farm manager’s education level, marital sta-
tus, and the number of active household members can also be incorporated into 
the DEA analysis to better understand their influence on farm efficiency. Previous 
studies have shown that higher levels of education and more structured family 
labor organization are associated with better resource utilization and more effi-
cient farm management [18]. 
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Machine Learning into the DEA framework enhances both the explanatory and 
predictive power of efficiency models. According to the support of [19], the hybrid 
approach can be implemented through two complementary strategies: 1) ML-En-
hanced DEA: Machine Learning algorithms are applied upstream to select rele-
vant explanatory variables, reduce dimensionality, or correct noisy data prior to 
the implementation of DEA. This preprocessing step improves the robustness and 
interpretability of efficiency estimates by refining the input space and minimizing 
distortions caused by outliers or irrelevant features. 2) DEA-Informed ML: DEA 
efficiency scores are used as target variables in supervised learning models to iden-
tify nonlinear and interaction-based determinants of performance. This inte-
grated approach enables the capture of the multidimensional complexity of agri-
cultural systems, which are characterized by strong interdependencies among bi-
ophysical, socioeconomic, and environmental inputs. Furthermore, ML models 
offer the possibility of conducting sensitivity analyses and feature importance as-
sessments, thereby highlighting the most influential factors driving farm-level ef-
ficiency. The analytical process is structured into three successive stages: 

Step 1: Farm Segmentation 
In the first stage, farm heterogeneity is explicitly addressed through an unsu-

pervised classification approach. Hierarchical Ascendant Classification (HAC), 
following dimensionality reduction via Principal Component Analysis (PCA), is 
applied to a set of structural, agronomic, and socio-economic variables in order 
to identify homogeneous groups of rice farms. This segmentation reduces intra-
group variability and improves the comparability of decision-making units within 
each group, thereby enhancing the precision and robustness of subsequent effi-
ciency estimates. Such a typology-based approach is particularly recommended in 
heterogeneous production environments, where pooling structurally different 
farms may bias efficiency measurement [20]. 

Step 2: Intra-Group Efficiency Estimation  
Given the context of Gaya, which is marked by limited access to productive 

resources characterizing smallholder farming systems, an input-oriented DEA 
model was adopted. This approach is consistent with empirical studies conducted 
in West African agricultural contexts, where producers primarily seek to optimize 
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the use of scarce inputs in order to sustain or increase output levels [21]. For each 
homogeneous group, DEA scores (θᵢ) are estimated separately using the input-
oriented Variable Returns to Scale (VRS) model. This multi-level approach en-
sures that performance measurement is tailored to the internal structure of each 
farm type [18]. In addition to the input‑oriented DEA specification, which is ap-
propriate in resource‑constrained contexts where farmers seek to minimize (3) 
input use, an output‑oriented DEA model can also be applied for robustness. The 
output‑oriented approach evaluates the potential proportional increase in rice 
production that each farm could achieve with its current level of inputs. Compar-
ing results across orientations allows us to verify whether efficiency scores remain 
consistent and to identify whether constraints are primarily input‑related or out-
put‑related. This dual specification strengthens the robustness of the analysis and 
provides a more comprehensive understanding of farm performance. 

 min .
,          θ λ θ  (3) 
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où: 
• Yi represents the output vector (rice production), 
• Xi the input vector (land area, seeds, fertilizer, labor, herbicide, and urea), 
• λj the weights assigned to the reference farms, 
• and θ ∈[0,1], the technical efficiency score of farm i. 

A value of θ = 1 indicates a technically efficient farm (located on the production 
frontier), whereas a value of θ < 1 reflects a potential for improvement equivalent 
to 1 − θ expressed as the proportion of input reduction required to reach the fron-
tier. 

Step 3: Predictive Modeling of Efficiency Determinants 
The technical efficiency scores obtained (θi) (4)are subsequently used as the tar-

get variable in a supervised Machine Learning model, specifically a Random For-
est algorithm. This model aims to identify and rank the key determinants of effi-
ciency across heterogeneous farming systems. The explanatory variables include 
technical inputs, as well as the socioeconomic and demographic characteristics of 
farm managers. The general form of the predictive model is expressed as: 

 ( ) ,i i i if X Zθ = + ∫  (4) 

where: 
• θi: Technical efficiency score of farm i,  
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• Xi: Technical inputs for farm i, 
• Zi: Socio-demographic and economic characteristics of farm manager, 
• ϵi: Error term, representing unmodeled factors that influence efficiency, 
• f(Xi,Zi): The predictive function is a complex mapping of the explanatory var-

iables Xi and Zi for each farm ii, where f(⋅) denotes the function learned by the 
algorithm. In this context, Xi represents the technical inputs, and Zi captures 
the socio-demographic and economic characteristics of the farm manager. The 
Random Forest algorithm models this relationship to estimate the technical 
efficiency score θi. 

This modeling approach allows for the exploration of nonlinear relationships 
and interaction effects that may not be captured by traditional econometric meth-
ods. Moreover, the Random Forest algorithm provides variable importance met-
rics, enabling the identification of the most influential factors driving efficiency at 
the farm level. Variable importance metrics derived from the model such as the 
increase in mean squared error (MSE) or node purity enable the identification of 
key drivers of efficiency. These indicators highlight the most influential factors, 
providing actionable insights into the levers that can improve farm performance. 

2.3.4. Random Forest Model 
The Random Forest algorithm operates by constructing an ensemble of independ-
ent decision trees to predict the technical efficiency score θi (5). For each tree, a 
random subset of explanatory variables is selected, and predictions are made 
through successive decision splits. The final output of the Random Forest model 
is the average of the predictions generated by all individual trees, thereby reducing 
variance and improving generalization performance. 

 ( )
1

1ˆ ,
N

i j i i
j

f X Z
N

θ
=

= ∑  (5) 

where: 
• îθ : Prediction of the technical efficiency score for farm i, 
• N: Number of trees in the forest, 
• ( ),j i if X Z : Prediction of tree j for farm i. 

The Random Forest model typically minimizes the Mean Squared Error (MSE) 
to adjust the weights of the trees within the forest: 

 ( )2

1

ˆ,1 n

j i i
i

MSE f
n

θ θ
=

= ∑  (6) 

where: 
• n is the total number of farms in the sample, 
• θi is the actual efficiency score for the farm i, 
• îθ  is the predicted efficiency score for farm i. 

The model predicts each farm’s capacity to reduce input use while maintaining 
its current level of rice production. This reflects the potential for technical effi-
ciency gains without compromising output. The explanatory variables enabled the 
identification of key factors influencing the technical efficiency of rice farms, of-
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fering insights into the structural and managerial levers that can enhance perfor-
mance. 

3. Results  
3.1. Typology of Rice Farms 

Contributions of the Variables 
To account for structural heterogeneity among rice farms in Gaya, a Principal 

Component Analysis (PCA) was conducted using 17 agronomic, economic, and so-
cio-demographic variables. The first three principal components explained 54.16% 
of the total variance, with eigenvalues of 5.83, 2.59, and 1.33 respectively (Table 
2). These components revealed distinct dimensions of farm organization and re-
source use. The first dimension, which accounted for 32.41% of the total variance, 
was primarily shaped by agronomic and economic variables. High contributions 
were observed for fertilizer quantity (14.40%), production output (13.60%), land 
area (13.58%), total input cost (12.29%), seed quantity (11.45%), irrigation fees 
(10.19%), and urea application (9.92%). This dimension reflects a gradient of in-
put intensity and productive capacity, distinguishing farms with higher resource 
allocation and output levels. The second dimension, explaining 14.38% of the var-
iance, was dominated by labor-related variables. The most influential were labor 
during the rice phase (28.19%), post-rice phase (23.73%), pre-rice phase (21.11%), 
and the number of active household members (13.30%). This axis captures the 
structure and timing of labor deployment across production stages. While labor 
intensity varied significantly across farms, its contribution to technical efficiency 
was modest, suggesting that labor quantity alone is insufficient without strategic 
allocation and timing. The last Dimension, accounting for 7.37% of the variance, 
was defined by socio-demographic and residual economic traits. Education level 
(25.37%), age of the farm manager (14.34%), number of income sources (13.99%), 
gender of the farm manager (10.19%), miscellaneous expenses (11.37%), and mar-
ital status (7.59%) were the leading contributors. This component reflects house-
hold diversity and financial behavior.  
 

Table 2. Variable contributions to the first three principal components. 

Variables Dim.1 Dim.2 Dim.3 

Land area (hectares) 13.576228978 0.146471329 1.146624098 

Seed quantity (kg) 11.446160431 0.973173316 2.360895549 

Fertilizer quantity (kg) 14.404852613 2.210933229 0.415439750 

Urea quantity (kg) 9.922612510 1.534849799 0.106320267 

Herbicide quantity (kg) 4.376654770 0.019333184 2.761079819 

Irrigation fee (SAI) 10.191356301 0.328838526 0.084539013 

Total input cost 12.294892900 0.483282614 0.685989992 

Miscellaneous expenses 1.472306268 3.231476963 11.370144563 

Production output (kg) 13.595289195 1.137239730 0.008346001 
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Continued 

Labor—Pre-rice phase 1.841270344 21.110041257 4.814192118 

Labor—Rice phase 1.642533294 28.188296521 0.191600531 

Labor—Post-rice phase 0.882736540 23.723921420 0.111940002 

Marital status 0.003326181 0.764690994 7.589805718 

Education level 0.387249016 0.198381044 25.372544626 

Gender of farm manager 0.443629787 0.001328294 10.193688877 

Number of active household members 2.193024920 13.300806388 4.456433538 

Age of farm manager 1.193400511 1.574026123 14.335181579 

Number of household income sources 0.132475442 1.072909269 13.995233959 

Eigenvalue 5.83368606 2.58894631 1.32613874 

Percentage of variance 32.4093670 14.3830351 7.3674374 

cumulative percentage of variance 32.40937 46.79240 54.15984 

 
Hierarchical Ascendant Classification 
The Hierarchical Ascendant Classification (HAC), implemented using Ward’s 

method, identified three homogeneous clusters of rice farms based on their struc-
tural and socioeconomic characteristics: 
• Cluster 1—Commercial or Semi-Intensive Farms (F1): This group comprises 

relatively large farms managed by experienced producers. These farms exhibit 
high levels of input use, more intensive production practices, and stronger in-
tegration into commercial markets. 

• Cluster 2—Small Family Farms (F2): These farms are small in size, rely pre-
dominantly on family labor, and use inputs more sparingly. Production prac-
tices are generally traditional, and resource constraints are more pronounced 
than in other groups. 

• Cluster 3—Medium-Sized Farms (F3): Representing the largest share of the 
sample, this cluster includes farms of intermediate size, with an average culti-
vated area of 0.31 hectares. Their input use and production intensity fall be-
tween the two previous groups. 

These clusters reflect distinct production logics and resource endowments 
within the irrigated perimeters of Gaya. They provide a meaningful basis for ana-
lyzing efficiency differentials and for designing targeted interventions aimed at 
improving farm performance (see Figure 1). 

3.2. Socioeconomic Characteristics of Farm Managers by Rice 
Farm Type 

Table 3 indicates that the majority of farm managers lack formal education across 
all farm categories (67.2% in medium‑sized farms, 64.3% in commercial farms, 
and 68.4% in small family farms), with no statistically significant differences be-
tween groups (χ2 = 4.540; p = 0.338). This pervasive absence of formal schooling 
reflects structural constraints in rural Niger, where agricultural knowledge is pre-
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dominantly transmitted informally through family and community networks ra-
ther than vocational or technical training. Similarly, marital status and gender dis-
tributions do not vary significantly across farm types (p > 0.05), with most man-
agers being married men, underscoring the persistence of male dominance in land 
access and decision‑making within irrigated perimeters. In contrast, household in-
come diversification differs significantly across farm categories (χ2 = 16.42; p = 
0.012). Medium‑sized farms demonstrate greater diversification, combining rice 
cultivation with complementary activities such as petty trade, livestock rearing, and 
seasonal migration. These findings suggest that income diversification may repre-
sent a critical pathway for enhancing economic sustainability in rice‑based systems. 
 

 
Figure 1. Rice Farms groups. 
 

Table 3. Socioeconomic characteristics of farm managers by rice farm type 

Variables Modalities 
Farm type (Chi-squared (χ2)). 

Sig F3 F1 F2 

Education level 

No formal education 67.2% 64.3% 68.4% 

(4.540) 0.338 Primary 22.4% 35.7% 31.6% 

Secondary 10.4% 0.0% 0.0% 

Marital status 
Unmarried 1.5% 0.0% 0.0% 

(0.498) 0.780 
Married 98.5% 100.0% 100.0% 

Gender of farm manager 
Male 94.0% 100.0% 100.0% 

(2.05); 0.358 
Female 6.0% 0.0% 0.0% 
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Continued 

Number of household income sources 

One (1) 7.5% 0.0% 10.5% 

(16.42); 0.012 
Two (2) 49.3% 64.3% 21.1% 

Three (3) 37.3% 35.7% 36.8% 

Four (4) 6.0% 0.0% 31.6% 

3.3. Analysis of Technical Indicators by Rice Farm Typology 

Figure 2 illustrates that commercial or semi-intensive farms (Cluster 1), charac-
terized by larger landholdings, make substantial use of inputs such as seeds, ferti-
lizers, and urea. This intensive input use enables them to achieve high rice yields 
ranging from 2000 to 6000 kg, with some farms reaching up to 9000 kg. These 
farms are typically managed by older farm heads, reflecting greater agricultural 
experience. In contrast, small family farms (Cluster 2), with smaller plots, rely on 
moderate input levels and produce lower rice yields, generally between 1500 and 
4000 kg. These farms are often managed by younger producers and follow less 
intensive, more traditional farming practices. Medium-sized farms (Cluster 3) 
represent a middle ground, with moderate land area and input use, yielding be-
tween 3000 and 6000 kg of rice. The farm managers in this group tend to be of 
intermediate age, suggesting a balance between traditional knowledge and inno-
vative management approaches. 
 

 
Figure 2. Technical indicators by rice farm typology. 
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3.4. Distribution of DEA Scores by Farm Type and Share of 
Efficient Units 

Figure 3 shows that commercial or intensive farms (Cluster 1) exhibit the highest 
technical efficiency scores (average DEA score of 0.83) and the largest share of 
efficient units (27%). Their median score surpasses that of medium‑sized farms 
(0.76) and small family farms, reflecting the advantage of larger landholdings, 
higher input intensity, and greater managerial experience. In the context of Gaya, 
these farms benefit from better access to irrigation infrastructure and markets, 
which allows them to optimize resource use more effectively. In contrast, small 
family farms (Cluster 2) display greater variability and relatively lower DEA scores 
(average of 0.71), with only 12% of units classified as efficient. This lower perfor-
mance may be linked to constraints in input access, reliance on family labor, and 
limited financial capacity. Such conditions often lead to suboptimal resource allo-
cation and reduced resilience to shocks, highlighting the structural vulnerability 
of smallholders in Gaya’s irrigated perimeters. Medium‑sized farms (Cluster 3) 
occupy an intermediate position, with balanced input use and production levels, 
and a moderate efficiency profile. Their average score and share of efficient units 
suggest a more stable and adaptive management approach. In Gaya’s transbound-
ary economy, these farms often combine traditional practices with incremental 
innovations, enabling them to maintain efficiency despite resource constraints. 
This intermediate performance underscores their potential as a target group for 
policy interventions, as they are well positioned to scale up efficiency gains if pro-
vided with improved access to inputs, training, and institutional support. 
 

 
Figure 3. Distribution of DEA scores by farm type and share of efficient units. 

3.5. Analysis of Observed and Predicted DEA Scores Using the 
Random Forest Model 

The results reveal a strong concordance between observed and predicted DEA 
scores, as evidenced by a high coefficient of determination (R2 = 0.9168) and a 
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very low Mean Squared Error (MSE = 0.0027). To validate model robustness, we 
report the Out‑of‑Bag (OOB) error estimate, which provides an internal cross‑val-
idation during Random Forest training. The OOB error rate was 0.087, corre-
sponding to a mean squared error (MSE) of 0.0031, confirming that predictive 
accuracy remained stable when tested on unseen data. As an additional check, a 
5‑fold cross‑validation was performed, where the dataset was partitioned into five 
subsets and iteratively trained and tested. The average cross‑validated R2 was 0.89, 
with a mean absolute error (MAE) of 0.041, closely aligned with the original model 
performance. These results demonstrate that the Random Forest model general-
izes well and is not overfitting the sample, thereby strengthening confidence in 
the identified determinants of technical efficiency. The correlation between ob-
served and predicted scores reaches 0.9575, indicating the model’s exceptional 
ability to capture efficiency variations based on the selected explanatory variables. 
The dispersion of points around the ideal diagonal line (y = x) remains minimal, 
further confirming the model’s precision and stability in predicting technical ef-
ficiency across rice farms (Figure 4). From an economic perspective, this high 
level of predictive accuracy suggests that the Random Forest model successfully 
identifies the structural and managerial factors that drive efficiency in Gaya’s ir-
rigated rice systems.  
 

 
Figure 4. Observed vs. predicted DEA scores using the random forest model. 

3.6. Analysis of Variables Importance in Predicting Technical 
Efficiency 

The Random Forest regression model was employed to complement the DEA re-
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sults by identifying the determinants of technical efficiency among family rice 
farms. Variable importance was assessed using the increase in mean squared error 
(IncMSE) and node purity indices, which quantify the predictive contribution of 
each factor to efficiency scores. The analysis revealed that seed quantity (17.44) is 
the most influential variable, confirming that the choice and dosage of seeds are 
central to production efficiency. This finding aligns with agronomic literature em-
phasizing the role of seed quality and planting density in yield optimization. Farm 
size (7.63) ranked second, suggesting that scale effects and land allocation strate-
gies significantly influence efficiency, consistent with the hypothesis of economies 
of scale in smallholder systems. Other agronomic inputs also demonstrated posi-
tive contributions. Herbicide (6.25) use and fertilizer (6.08) application were 
strong predictors, highlighting the importance of weed control and nutrient man-
agement. The ability to optimize direct costs and production-related fees (5.57) 
contributed positively, indicating that farms which strategically allocate financial 
resources achieve higher efficiency. Urea application (3.14) further reinforced the 
role of targeted fertilizer use. Additionally, household income diversification 
(1.18) and family labor during the rice production phase (0.11) showed modest 
but positive effects, suggesting that economic resilience and timely labor alloca-
tion can support technical performance. In contrast, socio-demographic variables 
such as marital status, education level, and gender of the household head exhibited 
negligible or negative importance. Similarly, labor-related variables outside the 
production phase contributed little to efficiency, implying that efficiency is more 
dependent on the quality and timing of input use than on household composition. 
 

Table 4. Variables Importance and theirs ranks.  

Variable IncMSE I IncNodePurity Rank 

Seed quantity (kg) 17.4468387 0.560904153 1 

Farm size (ha) 7.6345068 0.200337689 2 

Herbicide quantity (liters or kg) 6.2564666 0.127726848 3 

Fertilizer quantity (kg) 6.0814333 0.175834486 4 

Ability to optimize direct costs (FCFA/ha) 5.5720796 0.262230645 5 

Irrigation fee (FCFA) 4.6538309 0.192231486 6 

Urea quantity (kg) 3.1469459 0.073189218 7 

Number of household income sources (count) 1.1893500 0.026701936 8 

Labor during rice production and maintenance phase (man-days/ha) 0.1152123 0.034089415 9 

Marital status (categorical) 0.0000000 0.014420372 10 

Education level (categorical) −0.0883418 0.015512092 11 

Labor during post-rice phase (man-days/ha) −0.4249930 0.027074891 12 

Gender of household head (categorical) −0.6850047 0.001270608 13 

Age of household head (years) −0.7763113 0.102975605 14 

Number of active household members (count) −1.5618457 0.043026255 15 

Labor during pre-rice phase (man-days/ha) −1.6353117 0.048736864 16 

Miscellaneous expenses (FCFA) −2.9545572 0.101345495 17 
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4. Discussion 

This study employed Principal Component Analysis (PCA) and Hierarchical As-
cendant Classification (HAC) to identify the main determinants of technical effi-
ciency among rice farms in Gaya, Niger. The PCA results showed that the first 
three principal components accounted for 54.16% of the total variance in farm 
characteristics. These components were mainly driven by farm size, input use, and 
socio-economic attributes, consistent with [22], who identified farm size and in-
put intensity as major determinants of efficiency in rice production. The first com-
ponent, which explained the highest share of variance (32.41%), was dominated 
by agronomic and economic variables such as seed quantity, fertilizer use, land 
area, and input costs, indicating that these factors are central to productivity in 
Gaya’s rice production systems. Following dimensionality reduction, HAC classi-
fied the farms into three distinct groups: commercial or semi-intensive farms, 
small family farms, and medium-sized farms. Commercial or semi-intensive farms 
were characterized by larger cultivated areas, high input intensity, and experi-
enced management, which translated into higher yields. These findings corrobo-
rate previous evidence showing that input intensification enhances agricultural 
performance [23] and [24]. Small family farms used moderate input levels and 
relied on traditional practices, which limits their capacity to achieve optimal pro-
duction outcomes, as suggested by [25]. Medium-sized farms represented an in-
termediary production model, combining moderate land size with balanced input 
use, thereby benefiting from flexible management while maintaining relatively 
high efficiency [26]. Across all farm categories, a low level of formal education was 
observed among farm managers, with more than two-thirds having no formal 
schooling. This finding aligns with studies conducted in rural Sub-Saharan Africa 
[27], which identify low educational attainment as a major constraint to the adop-
tion of innovations and efficient resource management. While education is not a 
direct driver of productivity, it plays an important role in facilitating the uptake 
of modern agricultural technologies and in improving farm recordkeeping and 
interactions with support institutions [28]-[30]. Similarly, the predominance of 
married male managers reflects the patriarchal structure of the local agricultural 
system, in which decision-making and land management remain male-dominated 
[31]. This social homogeneity may limit managerial diversity and reduce women’s 
involvement in rice production, despite their significant contributions to labor 
and post-harvest processes. Income diversification differed significantly across 
farm categories (χ2 = 16.42; p = 0.012). Medium-sized farms showed higher diver-
sification, combining rice cultivation with activities such as livestock rearing, mar-
ket gardening, and petty trade, thereby strengthening their economic resilience. 
This observation is consistent with [32], who demonstrated that diversification 
enhances rural household resilience in contexts of structural vulnerability. Plu-
riactivity thus constitutes a key mechanism for risk mitigation, enabling house-
holds to diversify income sources and reduce dependence on rice cultivation 
alone. Medium-sized farms were more resilient to climatic shocks and market 
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fluctuations, whereas commercial farms that specialize exclusively in rice produc-
tion were more vulnerable to hydrological variability, yield losses, and price insta-
bility. This vulnerability is reinforced by a social system where decision-making 
remains centered on male heads of households, limiting women’s participation in 
strategic management [31] [33]. Commercial farms’ reliance on high input levels 
such as improved seeds, fertilizers, urea, and herbicides resulted in higher yields 
(2000 - 8000 kg/ha), in line with findings by [32] and [34]. The positive relation-
ship between input intensity and productivity is well established, provided that 
inputs are efficiently managed and supported by appropriate technologies and in-
stitutional frameworks. Empirical evidence from Senegal demonstrates that agri-
cultural intensification enhances productivity outcomes in smallholder systems 
[35]. In contrast, small family farms applied lower quantities of inputs (15 - 20 kg 
of seeds and <100 kg of fertilizer), resulting in lower yields (1500 - 4000 kg/ha). 
Their reliance on household labor and conservative management practices limits 
productivity [25]. The DEA results revealed substantial heterogeneity in technical 
efficiency across farm types. Commercial or semi-intensive farms achieved the 
highest efficiency scores (mean = 0.83), reflecting their superior capacity to trans-
form inputs into outputs. These trends align with earlier studies showing that 
larger farms benefit from better access to productive resources, inputs, credit, and 
innovations [36] and [37]. Conversely, small family farms showed lower efficiency 
and greater score variability (approximately 12% classified as efficient), a result 
attributed to structural constraints such as limited land size, insufficient capital, 
and restricted access to mechanization and financial services [38] [39]. The Ran-
dom Forest model exhibited excellent predictive performance, explaining 91.68% 
of the variance in technical efficiency scores. The close alignment of predicted 
values with the 1:1 line demonstrates the model’s robustness and accuracy. These 
results highlight the potential of machine learning methods as reliable tools for 
estimating technical efficiency without extensive field measurements [40]. The 
Random Forest variable importance analysis showed that technical efficiency is 
primarily driven by input-related factors, cost optimization capacity, land struc-
ture, and income diversification. Seed quantity was the most influential predictor, 
consistent with research emphasizing the importance of planting density and seed 
quality in maximizing yields [41] [42]. Farm size was the second most important 
variable, supporting evidence of scale economies in smallholder agriculture [43] 
[44]. Herbicide use and fertilizer application also contributed significantly, echo-
ing findings from Senegal [45] and China [46]. Economic variables related to the 
management of direct production costs were positively associated with efficiency, 
in line with [47]. Income diversification also had a positive effect, consistent with 
[48] and [49], who argue that diversified households exhibit greater resilience and 
production efficiency. Labor dedicated to rice production also contributed posi-
tively, reflecting the importance of timely operations during critical phenological 
stages. In contrast, socio-demographic variables (marital status, education, gen-
der) exhibited negative or negligible importance, supporting evidence that tech-
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nical efficiency is primarily shaped by agronomic and economic decisions rather 
than household composition [50]. 

5. Contribution and Novelty 

This study introduces a novel and integrated methodological framework for ana-
lyzing technical efficiency in heterogeneous agricultural systems by combining 
Principal Component Analysis (PCA), Hierarchical Ascendant Classification 
(HAC), Data Envelopment Analysis (DEA), and Machine Learning techniques. 
The primary methodological novelty lies in the structured sequencing of these 
tools to address key limitations of conventional efficiency studies. First, the study 
innovates by incorporating multivariate classification prior to efficiency estima-
tion. Through PCA and HAC, farms are grouped into homogeneous typologies 
before applying DEA, thereby reducing bias associated with structural heteroge-
neity among decision-making units. This step enhances the robustness and inter-
pretability of efficiency scores, an issue often overlooked in standard DEA appli-
cations. Second, the study employs an input-oriented DEA model under Variable 
Returns to Scale (VRS), which is particularly suited to resource-constrained small-
holder farming systems. This specification allows efficiency to be assessed inde-
pendently of scale effects while reflecting farmers’ realistic objective of minimiz-
ing input use for a given level of output. Third, a major methodological innovation 
is the integration of a Random Forest algorithm as a second-stage analytical tool 
to explain and predict DEA efficiency scores. Unlike traditional econometric ap-
proaches commonly used in DEA second-stage analysis, the Machine Learning 
framework captures nonlinear relationships and complex interactions among ag-
ronomic, economic, and socio-demographic variables. The high predictive accu-
racy achieved demonstrates the effectiveness of this approach in modeling agri-
cultural efficiency outcomes. Finally, the use of variable importance measures de-
rived from Random Forest provides a transparent and data-driven ranking of ef-
ficiency determinants, offering deeper insights than conventional regression co-
efficients. By transforming DEA from a purely diagnostic tool into a predictive 
and scalable framework, this study extends the methodological frontier of effi-
ciency analysis and offers a replicable approach for future research in data-scarce 
and heterogeneous agricultural contexts. 

6. Limitations and Future Research 

While the Random Forest model provided strong predictive accuracy and high-
lighted key determinants of efficiency, the relatively small sample size (103 farms) 
compared to the number of predictors (17 variables) raises methodological con-
siderations. A low observations-to-variables ratio can affect the stability of varia-
ble importance rankings, particularly for weaker socio-demographic predictors. 
Strong technical factors such as seed quantity, farm size, and fertilizer use consist-
ently emerge as robust determinants, but the relative importance of less influential 
variables may fluctuate across validation runs. This limitation suggests that the 
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rankings in Table 4 should be interpreted as indicative rather than definitive. Fu-
ture studies with larger samples are needed to confirm the robustness of these 
findings and to strengthen the reliability of policy recommendations derived from 
the model. While the sample remains statistically representative of the target pop-
ulation, the relatively high margin of error may reduce the precision of subgroup 
comparisons and limit the generalizability of findings beyond the study area. Fu-
ture research could reduce this margin by increasing sample size or by employing 
stratified sampling to ensure more balanced representation across farm types. De-
spite this limitation, the results provide valuable insights into efficiency patterns 
and determinants in irrigated rice farming systems, but they should be considered 
as indicative rather than exact measures. 

7. Conclusions and Recommendations 

This study assessed the technical efficiency of family rice farms in the urban com-
mune of Gaya using a hybrid framework that combines Data Envelopment Anal-
ysis (DEA) and Machine Learning. The results reveal marked heterogeneity across 
farm profiles: commercial and semi‑intensive farms achieved higher DEA scores 
and a greater proportion of efficient units, while small family farms lagged behind. 
Principal Component Analysis (PCA) identified farm size, input intensity, socio-
economic characteristics, and production volume as key dimensions of variation. 
The Random Forest model demonstrated strong predictive accuracy, confirming 
the robustness of these explanatory variables. The predominance of technical fac-
tors such as input costs, fertilizer use, and farm size relative to the modest role of 
socio‑demographic variables underscores that rational intensification and struc-
tured production practices are central to efficiency gains. These findings carry im-
portant policy implications. First, efficiency improvements from higher input 
use must be weighed against marginal costs, suggesting that subsidies or credit 
schemes should be carefully designed to ensure fiscal sustainability. Second, the 
distinction between technical efficiency (minimizing inputs for a given output) 
and allocative efficiency (choosing the optimal input mix given prices) is critical: 
while DEA captures technical efficiency, the Random Forest results highlight the 
decisive role of input costs, pointing to the need for interventions that also address 
allocative efficiency to prevent resource misallocation. Finally, the heterogeneity 
among farm types calls for differentiated strategies: commercial farms may benefit 
from cost‑optimization measures, whereas small family farms require support in 
both input access and managerial capacity. Linking efficiency improvements to 
broader objectives such as income diversification and resilience is essential to en-
sure that productivity gains contribute to equitable and sustainable rural develop-
ment. In this way, the DEA-ML framework provides a rigorous foundation for 
designing policies that balance efficiency enhancement with long‑term economic 
sustainability. Based on these findings, the following recommendations are pro-
posed: 
 Targeted capacity building: Medium-sized farms and small family units should 
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benefit from extension programs focused on input optimization and inte-
grated resource management. 

 Support for rational intensification: Commercial or intensive farms, although 
more efficient, should be guided in managing scale effects and diversifying 
practices to avoid the risks of overcapitalization. 

 Extension of the approach to other agroecological zones: The DEA-ML meth-
odology can be replicated in other regions of Niger or West Africa to support 
territorial planning and data-driven agricultural policies. 
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