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Abstract

Rice (Oryza sativa L.) production is a cornerstone of Ecuador's economy. This research evaluates the efficiency of 609 production units
during 2019, addressing the need for statistical robustness in agricultural efficiency estimators. Using a national representative survey, Data
Envelopment Analysis (DEA) was applied under Variable Returns Scale (VRS) and Constant Returns to Scale (CRS). To account for sampling
noise, the Simar and Wilson (2007) bootstrap procedure (2,000 replications) was implemented to provide bias-corrected scores and 95%
confidence intervals. The bootstrap-corrected analysis revealed a mean technical efficiency of 0.632 (95% Cl: 0.596 — 0.668), suggesting a
potential 36.8% input reduction without output loss. Significant provincial heterogeneity was observed: Manabi led in technical efficiency
(0.743), while EI Oro achieved the highest cost efficiency (0.435) due to superior allocative performance. Conversely, Loja showed high
technical proficiency (0.645) but the lowest allocative efficiency (0.197). Findings underscore that "one-size-fits-all" policies are inadequate;
instead, province-specific interventions, focusing on scale optimization and financial training, are required to enhance the sustainability of
Ecuador's rice bioeconomy.
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1. Introduction varies significantly across regions and producers,

Rice is one of the most important staple crops for
food security in Ecuador, both for its contribution to
the basic diet of the population and its economic
significance in various regions of the country
(Zaniga-Gonzalez et al., 2024b; Christopher et al,,
2020; Seck et al., 2012). However, rice producers
face several challenges that impact their
productivity and competitiveness (Castro-Alvarez et
al., 2025; Zuiniga-Gonzélez, 2024a; Antriyandarti,
2015). These challenges include inefficiencies in
resource use, limited access to appropriate
technology, and the threats posed by climate
change, which disrupt optimal growing conditions
(Pérez et al,, 2026; Gregory et al., 2005). Despite rice
being a strategic crop, productivity in Ecuador

raising concerns about the sustainability and future
of rice production (Portalanza et al., 2022).

In recent years, efficiency in agricultural production
has become a critical issue for improving profitabil-
ity and competitiveness among farmers. Economic
efficiency in rice production refers to optimizing the
use of available resources (such as land, labor,
inputs, and water) to achieve the highest possible
output at the lowest cost (ZUniga-Gonzalez, 2024a;
Medina-Litardo et al., 2022). Meanwhile, technical
efficiency concerns the ability of producers to
maximize rice yields with the same set of inputs. On
the other hand, allocative efficiency refers to the ca-
pacity of farmers to allocate resources in proportion
to their relative prices, ensuring that resources are
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used in the most economically optimal way (Cai et
al.,, 2026; jasim & Zanzal, 2022).

Climate variability and limited access to advanced
farming technologies are factors contributing to
inefficiencies in rice production (Sarker et al., 2026).
In many regions of Ecuador, farmers lack the
knowledge or tools needed to adapt their agricul-
tural practices to changing climatic conditions or to
implement technologies that could boost produc-
tivity (Portalanza et al., 2024). This results in ineffi-
cient resource use and often suboptimal vyields.
Additionally, limited market access or a lack of infor-
mation about best management practices further
exacerbates the situation.

To address these issues, this study employs Data
Envelopment Analysis (DEA), a technique that
allows for the evaluation of the efficiency of produc-
tion units (in this case, rice producers) by measuring
the relationship between their inputs (such as labor,
land, seeds, and fertilizers) and outputs (such as rice
yield and revenue) (Zuniga-Gonzalez, 2024a;
Castro et al.,, 2023). Through DEA, it can assess
three key types of efficiency: technical efficiency,
economic efficiency, and allocative efficiency (Abdul
Wadud, 2003). The analysis will focus on identifying
the efficiency levels among rice producers in Loja
province, one of the most productive regions in
Ecuador, and will provide recommendations for
improving  resource-use  efficiency  (Zuniga-
Gonzalez et al., 2024a).

For policymakers, this study offers a solid data foun-
dation to design public policies that support rice
producers in adopting more efficient technologies,
improving crop management practices, and miti-
gating the effects of climate change. The findings
will help identify efficiency gaps within the sector
and provide an evidence-based approach for the
implementation of agricultural extension programs
and technology adoption strategies (Marc Jim et al.,
2012).

More broadly, this analysis will contribute to im-
proving Ecuador’s rice bioeconomy by enhancing
the competitiveness of the agricultural sector, pro-
moting more sustainable and efficient farming
practices, and ensuring food security in the country
(Torres Alava et al,, 2022). In a context of climate
change and rising food demand, improving rice
production efficiency is critical to ensure that Ecua-
dor can meet its population’s needs and remain a
key player in global rice production (Zuniga-
Gonzalez et al, 2024b; Zuniga-Gonzalez, 2023;
Ortega-Pacheco et al.,, 2021).

This study aims to provide valuable insights for rice
producers in Ecuador, helping them understand
how they can improve their technical efficiency to
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achieve higher yields with the same resources. By
analyzing economic efficiency, the study seeks to
identify ways in which farmers can reduce produc-
tion costs and increase profitability by optimizing
input use and agricultural practices (Tey & Brindal,
2014; de Wit, 1992). Moreover, by addressing al-
locative efficiency, this research will enable farmers
to make more informed decisions about resource
allocation based on relative costs and benefits, thus
contributing to the sustainability of their farming
operations (Mivumbi & Yuan, 2023).

2. Methodology

2.1. Data collection

Data for this study were collected from 612 rice-
producing farms across Ecuador during the 2019-
2020 production cycle. The final sample consisted
of 609 rice production units, after removing 2
outliers during the data cleaning process. The prov-
inces studied included Guayas (located in the
southwest of Ecuador), Los Rios (in the center-west),
Loja (in the south), Manabi (on the central coast),
and El Oro (in the south of Ecuador) (Castro Alvarez
et al., 2025).

The variables considered for analysis include Area
(Area x Ha), Output from Rice Sale, Wages for Fer-
tilization (Input 1), Price for Fertilization (Input 1),
Wages for Weed Control (Input 2), Price for Weed
Control (Input 2), Wages for Pest and Disease
Control (Input 3), Price for Pest and Disease Control
(Input 3), Wages for Planting (Input 4), and Price for
Planting (Input 4).

These variables, along with other characteristics like
Planting Method, were included based on their rel-
evance to understanding the economic efficiency of
rice production, covering aspects such as technical
efficiency, allocative efficiency, and cost efficiency.

2.2. Descriptive statistics and data distribution

Table 1 summarizes the descriptive statistics for the
data, including the key variables related to
agricultural production and input costs for 609
observations. Area x Ha ranges from 0.50 to 120
hectares, with a median of 3 hectares and a mean
of 6.05 hectares, suggesting a relatively small
average plot size with some larger outliers. Output
rice sales show a wide variation, from 0 to 529,018,
with a median of 6,541 and a mean of 13,444. This
indicates significant variability in rice sales across
the sample, with some higher-value sales skewing
the mean. Input 1 wage for fertilization ranges from
0 to 360, with a mean of 13.25, and most values fall
between 3 and 14, indicating that most wages for
fertilization are on the lower end. Price for Input 1
has a narrow range, from 5 to 30, with a mean of
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$11.57, suggesting a relatively stable cost for this
input. Input 2 wage for weed control ranges from 1
to 120, with a mean of 5.80, indicating that wages
for weed control also vary, but most fall on the
lower side. Price for Input 2 ranges from 5 to 20,
with a mean of 11.91, showing a similar distribution
to Input 1 price. Input 3 wage for pest and disease
control ranges from 0 to 240, with a mean of 12.06.
There is a wide range of wages, but most values are
concentrated around lower amounts. Price for Input
3 ranges from 10 to 60, with a mean of 12.00,
reflecting a consistent price point for this input.
Input 4 wage varies dramatically from $0 to 2,400,
with a mean of 81.03. This indicates that wages for
planting vary significantly, with some extreme
values skewing the distribution. Price for Input 4 is
relatively stable, ranging from 10 to 60, with a mean
of 12.00.

These descriptive  statistics reveal significant
variability across inputs, both in terms of wages and
prices, with some extreme values for certain inputs.
This may suggest the presence of outliers or diverse
farming practices across the observations (Castro
Alvarez et al., 2025).

2.3. Data Envelopment Analysis (DEA) models

In this study, Data Envelopment Analysis (DEA) is
used to measure the economic efficiency of rice
production across the farms. DEA is a non-
parametric method that evaluates the efficiency of
decision-making units (DMUs) in terms of their
input-output relationships (Figure 1). The efficiency
analysis is conducted using Constant Returns to
Scale (CRS) and Variable Returns to Scale (VRS)
models to assess the technical efficiency, allocative
efficiency, and cost efficiency of each farm. In the
VRS model under Banker, Charnes, and Cooper
(BCC) (Banker, Charnes & Cooper, 1984)
assumptions, the focus is on minimizing the cost to
achieve a given level of output (income or vyield),
while considering the variable returns to scale. The
CRS model under Charnes, Cooper, and Rhodes

Table 1
Descriptive statistics of rice farm data
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(CCR) (Charnes, Cooper & Rhodes, 1978) assumes
constant returns to scale in the relationship
between inputs and outputs (Farrell, 1957).

a. Technical Efficiency (TE): This refers to the ability
of a farm to produce the maximum output
(yield in tons per hectare) from a given set of
inputs (land, water, seed, etc.). It measures how
well the farm uses its resources to produce
output.

b. Allocative Efficiency (AE): This measures the
farm’s ability to allocate resources optimally
according to their prices, minimizing costs. It
assesses whether the farm is wusing the
appropriate mix of inputs in line with input
prices to maximize output.

c. Cost Efficiency (CE): This examines whether the
farm is achieving the lowest cost for producing
a given level of output, considering the prices
of inputs.

d. Economy Efficiency (EE): Represents the overall
ability to produce at the lowest cost,
incorporating both technical and allocative
efficiencies (Coelli, 1997; Battese & Coelli, 1992).

e. The DEA models are applied to evaluate the
efficiency of 609 rice-producing farms.
Specifically, the following variables are used in
the analysis:

e Inputs: Wages for Fertilization (Input 1), Price
for Fertilization (Input 1), Wages for Weed
Control (Input 2), Price for Weed Control
(Input 2), Wages for Pest and Disease
Control (Input 3), Price for Pest and Disease
Control (Input 3), Wages for Planting (Input
4), and Price for Planting (Input 4).

e Outputs: Total income by Rice Sale (ti),
reflecting the financial performance of the
farm.

The input-oriented DEA models will calculate the

efficiency of each farm using the following formulas

for CRS and VRS models.

Variable Min. 1st Qu. Median Mean 3rd Qu. Max. N

Area x Ha 0.5 2 3 6.05 7 120 609
Output § rice sale 0 3194 6541 13444 13585 529018 609
Input 1 wage for fertilization 0 3 6 13.25 14.75 360 609
Price for Input 1 5 10 10 11.57 12 30 609
Input 2 wage for weed control 1 2 3 5.8 7 120 609
Price for Input 2 5 10 10 11.91 14 20 609
Input 3 wage for pest and disease control 0 4 6 12.06 14 240 609
Price for Input 3 10 10 10 12 14 60 609
Input 4 wage for planting 0 10 30.5 81.03 80 2400 609
Price for Input 4 10 10 10 12 14 60 609
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1. Data Collection
(1,140 Surveys)
v

2. DEA Model
(Input-Oriented)
/
3. Bootstrap Correction
(Simar & Wilson)
\/
4. Efficiency Decomposition
(TE, AE, CE, SE)
\/
5. Policy
Recommendations

Figure 1. Methodological flowchart.

2.3.1 DEA Models for Cost Minimization (with VRS-
BCC, CRS-CCR)

To evaluate the bioeconomic performance of rice
production in Ecuador, a Cost Minimization DEA
approach was utilized. This model identifies the
minimum cost at which a farm can produce a given
level of output, given the prices of input. Efficiency
scores were calculated under both Constant
Returns to Scale (CCR) and Variable Returns to
Scale (BCC) assumptions.

1. The BCC Model (Variable Returns to Scale- VRS)
The efficiency scores were calculated using the
input-oriented BCC model (Variable Returns to
Scale), expressed as: This means that the
production  relationship between inputs and
outputs may not be linear. To account for
operational scales where production is not linear,
the BCC model (Banker et al, 1984) adds a
convexity constraint:

Objective Function (Cost Minimization):

m
MinZ, = wa *Xi
i=1
Subject to
X1 AYr; 2 Yro  (Minimum output constraint)
Y14y < xi (Maximum input constraint)

n
day=1,
j=1

Aj =0 (Convexity constraint for VRS)
(Equation 1)

Banker, Charnes, and Cooper (BCC) Adjustment for
VRS:
Where

Castro-Alvarez et al.

@y, represents the price of wage of input i (Wages
for Fertilization (Input 1), Price for Fertilization (Input
1), Wages for Weed Control (Input 2), Price for
Weed Control (Input 2), Wages for Pest and Disease
Control (Input 3), Price for Pest and Disease Control
(Input 3), Wages for Planting (Input 4), and Price for
Planting (Input 4)). Wages and Prices were treated
as separate proxies to capture different dimensions
of labor and market intensity.

yro Represents “Total Income or Output from Rice
Sale [ro]".

x;° is the cost-minimizing vector of input quantities
calculated by the model. Wages and Prices were
included to capture the economic dimension of the
bioeconomic cycle.

This additional constraint is specific to the BCC VRS
model to ensure the correct assumption of variable
returns to scale.

2. The CCR Model (Constant Returns to Scale -CRS)
The CCR model [Charnes et al., 1978] assumes that
any change in inputs leads to a proportional change
in output.

Objective Function (Cost Minimization)

Min Z, = Zwio *Xi
i=1
Subject to
E?:lﬂjyrj 2 Yro
Yiaa Ay < xi
A=0 (G=1,......... ,n)
Equation 2

In this model, the sum of weights (A) is not
constrained, assuming constant returns to scale
across the production frontier.

2.4. Statistical validation

To address the deterministic nature of DEA and the
lack of traditional statistical properties, the Simar &
Wilson (2007) double-bootstrap procedure was
implemented. This allowed for the estimation of
bias-corrected  efficiency  scores and  the
construction of 95% confidence intervals through
2,000 iterations. To validate the assumptions
underlying the DEA models, the Shapiro-Wilk
normality test was performed to check for normality
in the data distribution. Given that some data
distributions were non-normal, non-parametric
tests, including the Kruskal-Wallis test and Wilcoxon
Rank-Sum Exact Test, were employed. These tests
are robust for non-normal data and are suitable for
comparing efficiency scores across different farm
groups (Munim, 2020; Aliyu & Bello, 2018; Chegini
et al, 2016).
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2.5. Spatial analysis

A spatial analysis was conducted to explore the
geographical distribution of efficiency scores across
the rice-producing regions of Ecuador. This analysis
helps identify regional differences in efficiency and
provides insights into how factors like climate, land
availability, and input usage affect rice production
at the regional level (Simar & Wilson, 2007; Simar &
Wilson, 1998).

2.6. Software and tools

All data analysis, including DEA modeling,
Bootstrap estimation, and statistical validation, was
performed using RStudio software RStudio
2024.12.1Build 563 (Castro Alvarez et al., 2025). This
plattorm provided the necessary tools for
implementing the DEA models, performing the
statistical tests, and conducting spatial analysis to
evaluate the efficiency of rice production across
Ecuador (Pereira et al., 2021; Battese & Coelli, 1992).

3. Results and discussion

The analyzed data correspond to an efficiency
assessment of rice producers in Ecuador. Three key
efficiency indicators were considered in this
evaluation:

Technical Efficiency (TE): Measures a producer's
ability to maximize output with the available inputs.
Allocative Efficiency (AE): Evaluates whether inputs
are used in optimal proportions based on their
prices. Cost Efficiency (CE): Combines technical and
allocative efficiency to assess overall cost efficiency.
The results reveal a high degree of heterogeneity in
efficiency levels among the producers analyzed.
While some demonstrate high technical efficiency
(e.g, firm 5 with TE = 0.917), others exhibit
extremely low values (e.g., firm 42 with TE = 0.014).
This variability suggests significant differences in
production practices and overall performance
among producers.

<& & & ,
8 0.66
TE 1.00 0.99 1.00
56
wos
3 g
>
Q \
1" 5 064
AE 0.99 1.00 0.98 g
1 w 063
2
3 o
0.62
56
CE 1.00 0.98 1.00
]
Efficiency Correlation Matrix
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The analysis indicates that cost efficiency tends to
be low when either technical or allocative efficiency
is low (Henderson, 2015; Ajibefun & Daramola,
2003; Coelli et al, 2002). This is expected, as a
producer who does not optimize input use or has
deficiencies in production is likely to face higher
relative costs.

Additionally, some producers display low technical
efficiency but relatively high allocative efficiency. For
instance, firm 42 (TE = 0.014, AE = 1.000) effectively
allocates inputs according to market prices, yet their
production remains inefficient (Figure 2).

Only a small number of producers operate efficiently
across all dimensions. Those with TE, AE, and CE
values close to 1 can be considered highly efficient.
For example, firm 162 (TE = 0.150, AE = 1.000, CE =
0.150) allocates inputs efficiently but still has room for
improvement in technical efficiency, Table 2
(Appendix in Mendeley, Castro Alvarez et al,, 2026).
The results highlight key areas for enhancing
efficiency in rice production (Watkins et al., 2014):
Technical Efficiency: Producers with low TE could
improve their production practices by adopting
better technologies or more efficient agricultural
strategies.

Allocative Efficiency: Those with low AE could benefit
from a more rational use of inputs aligned with
market conditions.

Cost Efficiency: Since CE depends on the interaction
between TE and AE, simultaneous improvements in
both dimensions would help reduce costs and
enhance the sector’s competitiveness.

Efficiency analysis and model comparison

A comparative analysis between Constant Returns
to Scale (CCR) and Variable Returns to Scale (VRS)
models was performed to decompose total
technical efficiency. The results show a significant
gap between the two models: the average
deterministic VRS efficiency was 0.5478, while the
CCR efficiency was considerably lower at 0.1726.

Relationship between TE and CE

0675 0.700 0.725 0.750
Technical Efficiency (TE)

Figure 2. Efficiency correlation matrix and relationship between TE and CE.
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This disparity results in an average Scale Efficiency
(SE) of 0.4022, suggesting that approximately
59.8% of the observed inefficiency in the Ecuado-
rian rice sector is due to operating at an inappro-
priate scale (either too small or too large) rather
than purely managerial failures. The fact that VRS
scores are substantially higher than CCR scores
indicates that rice producers are more efficient at
managing inputs within their specific operational
constraints, but they are penalized by structural fac-
tors of the rice bioeconomy, such as land
fragmentation.

Consequently, the Simar & Wilson (2007) bootstrap
procedure was prioritized for the VRS model to
provide a robust, bias-corrected measure of "Pure
Technical  Efficiency,"  isolating  managerial
performance from the scale effects that dominate
deterministic results.

Provincial efficiency patterns and bias correction
Significant heterogeneity in efficiencies is observed
across  provinces, reflecting  differences in
production conditions, management practices, and
access to resources (Wassmann et al, 2009;
Thanawong et al., 2014; Tittonell et al., 2007). The
implementation of the bootstrap procedure with
2,000 replications provided a more robust
estimation, correcting for inherent bias and
accounting for sampling noise (Table 3).

The overall mean bias-corrected technical efficiency
(TE BC) for the rice sector was 0.6325, with a 95%
confidence interval of [0.596 — 0.668]. This result
indicates that farmers could theoretically reduce
their input consumption by approximately 36.7%
while maintaining the same level of output,
provided they adopt the best management
practices observed in the sample.

At the provincial level, Manabi stands out with the
highest average bias-corrected technical efficiency
(0.7438), followed by ElI Oro (0.6801) and Loja
(0.6459). The high performance in Manabi and El
Oro could be attributed to more optimized
agricultural  practices and  better  resource
management. However, Loja presents a unique
case: despite its high technical skill, it shows the

Castro-Alvarez et al.

lowest average allocative efficiency (0.197),
suggesting that these producers face significant
challenges in optimizing input combinations based
on market prices.

In contrast, El Oro shows the most balanced and
integrated performance, leading in both allocative
efficiency (0.640) and cost efficiency (0.435). This
indicates superior financial planning and greater
sensitivity to input costs. On the other hand, Guayas
exhibits the lowest technical efficiency (0.5413),
signaling the need for urgent interventions to
improve management and overcome technological
limitations (Figure 3).

10
[-*]
;g’o 8
g
= 0.632
[}
o 06
-t
=]
o
Bo4l  0.368 0.402
>
[}
c
2
2
E 02

00

Input Saving Scale Technical
Potential Efficiency Efficiency

Figure 3. The Efficiency Gap & Policy Path.

The statistical reliability of these findings, supported
by the bootstrap procedure across the 609
analyzed farms, confirms that the main challenge
for the Ecuadorian rice sector is the gap between
technical potential and price-based resource
allocation. It is recommended to promote the
exchange of best practices between provinces,
particularly from El Oro to other regions, to improve
the overall efficiency of the sector (Castro-Alvarez
et al, 2026). Implementing training programs
tailored to each province, with an emphasis on cost
management, remains a crucial policy implication
(Bui et al., 2018).

Table 3

Comprehensive efficiency analysis by province: decomposition of technical, allocative, and scale effects
Provincia TE (CCR) TE (VRS) TE (BO)* 95% Conf. Interval Allocative (AE) Cost (CE) Scale (SE)
EL ORO 0.092 0.229 0.680 [0.641-0.718] 0.640 0.435 0.402
GUAYAS 0.058 0.152 0.541 [0.510 - 0.572] 0.403 0.218 0.385
LOJA 0.109 0.264 0.645 [0.608 — 0.683] 0.197 0.127 0.415
LOS RIOS 0.070 0.177 0.551 [0.520 - 0.582] 0313 0.172 0.398
MANAB/ 0.084 0.204 0.743 [0.701-0.786] 0311 0.231 0.411
Mean 0.172 0.205 0.632 [0.596 - 0.668] 0.373 0.236 0.402

Note: CE=TE(BC)*AE; SE= CCR/VRS; (BC)'= Bias-Corrected (Bootstrap VRS), using the Simar & Wilson bootstrap procedure).
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Table 4 (Appendix in Mendeley, Castro Alvarez et
al., 2026) provides a detailed summary of the input
quantities (labor days) used across the 609 analyzed
firms, categorized into four key agricultural
activities: fertilization (Input 1), weed control (Input
2), pest and disease control (Input 3), and planting
(Input 4). The data reveals significant heterogeneity
in resource allocation. This variation suggests that
Ecuadorian rice producers employ diverse
production strategies and face different levels of
access to technology and resources (Minten et al.,
2013; Barrett et al., 2004). Specifically, the wide
range observed in Input 1 (fertilization) and Input 2
(weed control) indicates that these are flexible
inputs, highly sensitive to the specific management
practices of each farmer.

From an efficiency perspective, the variability in
Input 3 (pest control) and Input 4 (planting)
highlights potential areas for standardization. The
fact that some firms achieve similar output levels
with substantially lower input quantities is consistent
with the bias-corrected technical efficiency results
(mean = 0.5156) discussed in Section 3.3. This
confirms that a considerable number of firms are
operating far from the production frontier, likely
due to suboptimal input combinations or labor-
intensive traditional technologies (Serraj et al., 2011).
Furthermore, the differences in input usage
intensity across firms suggest potential input
substitution (e.g., between manual weed control
and chemical alternatives) and reflect the presence
of economies of scale, where larger-scale
producers may optimize labor more effectively
(Pokharel & Featherstone, 2018). These descriptive
insights provide the empirical basis for the technical,
allocative, and cost inefficiencies identified in the
main DEA model.

The comparative analysis presented in Table 5
situates the performance of Ecuadorian rice
producers within a global technological context,
highlighting  significant gaps between local
practices and the international production frontier.
While the technical efficiency (TE) found in this
study (0.632) is statistically robust due to the
bootstrap correction, it remains considerably lower

Table 5

Castro-Alvarez et al.

than the scores reported in recent 2025 and 2026
studies from high-performing Asian systems.
Research by Yuan et al. (2026) and Tran et al. (2026)
reports efficiency scores exceeding 0.850, primarily
driven by the adoption of mechanical side-deep
fertilization and rigorous management of
conventional plots. The Ecuadorian score suggests
a potential input reduction of 36.8% if local farmers
adopted these "Best Management Practices".
Comparing the current results with those of Dey et
al. (2024) and Yuan et al. (2026) reveals that systems
integrating environmental criteria—such as SBM-
DEA and eco-efficiency models—achieve robust
scores between 0.680 and 0.950. This demonstrates
that economic efficiency and environmental
sustainability are complementary; optimizing
nitrogen and energy use is the primary pathway for
enhancing the competitiveness of Ecuador’'s rice
bioeconomy.

The work of Li et al. (2025) identifies an "inverted U-
shaped" relationship between plot scale and
efficiency, setting an optimal threshold of
approximately 0.49 hectares. Given that the present
study identified an average scale efficiency (SE) of
only 0.402 for Ecuador, international evidence
confirms that extreme land fragmentation is a
dominant structural barrier. This fragmentation
prevents local producers from reaching the meta-
frontier observed in Vietnam or China, regardless of
their individual managerial skills.

In summary, while the Ecuadorian rice sector shows
technical proficiency in certain regions, itis currently
in a technological transition phase. The evidence
suggests that closing the gap with global leaders
requires a shift toward moderate-scale operations
and the implementatioOn of precision agriculture to
address the structural and allocative shortcomings
identified in this research.

4. Conclusions

The efficiency assessment of rice producers in
Ecuador reveals a significant gap between current
practices and the production frontier, with an
overall bias-corrected technical efficiency (TE) of
0.632 (95% Cl: 0.596 - 0.668).

Comparative analysis of efficiency score in rice production across different regions and methodologies

Region / System Method

Efficiency Score Source

Ecuador (Rice) DEA-Bootstrap
China (Yangtze River Delta) DEA
Meta-Frontier DEA
DEA-BCC & Tobit
SBM-DEA

Central Vietnam (Conventional)
Li et al. (2025)
Andhra Pradesh, India

0.632 (Technical)
0.85-0.95 (Eco-Efficiency)
0.888-0.906

0.750-0.850

0.680 - 0.760 (Eco)

Current Study
Yuan et al., (2026)
Tran et al., (2026)
Li et al. (2025)
Dey et al. (2024)
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These results indicate that farmers could
theoretically reduce input consumption by 36.8%
without decreasing output levels if they adopted
best-management practices. A critical bottleneck is
the low average scale efficiency of 0.402, which,
when compared to recent findings in China,
identifies land fragmentation and sub-optimal plot
sizes as primary structural barriers to compe-
titiveness.  The striking heterogeneity across
provinces, ranging from highly efficient units in
Manabf and El Oro to lower performance in Guayas
(0.541), highlights a profound gap in technology
adoption and resource management that places
Ecuador behind  contemporary international
benchmarks in Vietnam and China.

Given these regional disparities, a "one-size-fits-all"
policy is insufficient; instead, interventions must be
province-specific and focus on both technical and
financial dimensions. Technological modernization
through precision farming and mechanical side-
deep fertilization is urgently required in provinces
like Guayas to bridge the gap between traditional
practices and  the  production  frontier.
Simultaneously, financial training programs should
target regions like Loja, which exhibits high
technical proficiency (0.645) but the lowest
allocative  efficiency (0.197), suggesting that
technically skilled farmers still struggle to optimize
input combinations in response to market price
dynamics. Promoting the exchange of best
practices from El Oro, the most balanced province
in terms of cost efficiency (0.435), can serve as a
national model for superior financial planning and
input substitution.

In conclusion, the Ecuadorian rice sector must
transition toward sustainable, technology-driven
systems to ensure long-term food security and
economic resilience. The use of robust bootstrap
methods confirms that cost competitiveness is
hindered by technical and allocative shortcomings,
further exacerbated by operational scale failures.
Future research should delve into the socio-
economic determinants, such as land tenure, credit
access, and education, that influence these
efficiency disparities. By addressing these structural
gaps through targeted modernization and energy-
optimized conservation cropping systems, Ecuador
can enhance the overall competitiveness and
sustainability of its small and medium-scale rice
producers within the global bioeconomy.
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