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Abstract: To address the need for sustainable aquaculture practices in Egypt, this study evaluates the technical 
efficiency of tilapia pond farming using Stochastic Frontier Analysis (SFA) with cross-sectional data at the farm 
level. The objective is to estimate technical efficiency and identify factors influencing sustainable productivity. 
Data was collected from 317 tilapia farms in Kafr El-Sheikh governorate. The findings highlight opportunities 
to enhance the sustainability and productivity of tilapia farming, with an average technical efficiency of 0.80. 
Key determinants of efficiency include the number of species cultured and the age of farming facilities. The 
results indicate that farms managed by older farmers tend to operate more efficiently. However, older facilities, 
higher levels of farmer education, and greater species diversity are associated with lower efficiency. These 
insights provide valuable guidance for improving aquaculture sustainability through targeted interventions in 
farm management and infrastructure development. 
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1. Introduction 
Aquaculture practices in Egypt date back to ancient times, and have evolved significantly over 

time, with continuous advancement since the establishment of the first commercial farm in 1954 [1]. 
In recent years, aquaculture has accounted for about 80 percent of the country's total fish production 
[2,3].  

Although both extensive and intensive aquaculture production systems exist in Egypt, the semi-
intensive system prevails, accounting for 86% of the total aquaculture production. Additionally, some 
specialized, less common practices-such as the raceway system introduced in 2018, aquaponics, and 
rice field aquaculture-are also present [2,4]. The majority of aquaculture production comes from 
inland farming, with tilapia, mullets, carp, and catfish comprising 60%, 20%, 13% and 1% of the total 
aquaculture production, respectively. On the other hand, marine species such as seabass, seabream 
and others are cultured in coastal areas representing about 6% of the production [2].  

Further growth in Egyptian aquaculture production is anticipated, contingent upon the 
adoption of the latest production technologies and the relaxation of certain regulations. For instance, 
as noted by [4], aquaculture farmers are currently prohibited from using fresh water directly from 
the Nile River for fish farming. This restriction can lead to inefficiencies in production and could limit 
export opportunities. 

Aquaculture production in Egypt has experienced a substantial growth over the past few 
decades, establishing the country as the leading producer in Africa and the sixth-largest globally with 
total production of 1.6 million tonnes recorded in 2020, projected to increase by approximately 20%, 
reaching 1.9 million tonnes by 2030 [5]. This growth can be attributed to the increase in fish demand 
amidst stable fisheries production, increased government investment in research and development 
to produce more productive and disease-resistant breeds, and the adoption of more efficient, modern 
technology [6–8]. 
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 The fish sector contributed in Egypt’s national agriculture income by 11% in 2019, with 79% of 
that production coming from aquaculture [2]. Nile tilapia, the third most farmed aquaculture species 
globally according to [5], is the predominant species in Egypt, accounting for 55% of the total 
domestic fish production, 86% of which is sourced from aquaculture [2].  

In spite of these figures, the aquaculture industry has been facing several challenges that render 
its growth. [9] and [7] identified some of these challenges such as the prohibition on using irrigation 
water for fish farming, a lack of training for aquaculture personnel, the poor control of aquaculture 
diseases, low-quality feed, and the continuous increase in feed prices due to reliance on imports. 
additionally, the industry is contending with some broader challenges that necessitate changes in the 
production system of aquaculture such as climate change and global shifts in food production 
systems and markets [10] . 

All these challenges may have played a role in the decline in production observed in 2020 
compared to 2019 [5], and pose a major threat to the sustainability of Egyptian aquaculture 
production. Furthermore, they have adverse effects on the livelihood of aquaculture farmers and fish 
consumers. Given that aquaculture production in Egypt is largely dominated by smallholder farm 
and fish is one of the most affordable sources of protein, these challenges make poverty alleviation 
increasingly difficult to achieve. 

The changes in Egyptian aquaculture production from 2000-2022, measured in thousand tonnes, 
are presented in Figure 1. The figure shows the substantial growth of aquaculture industry over the 
presented period until 2019 after which a slight decline in production is observed, which can be 
attributed to the challenges discussed earlier.  

 

 

Figure 1. Changes in Egyptian aquaculture production over time [11]. 

Given this complex and uncertain environment surrounding the industry, it is imperative to 
evaluate the performance of aquaculture farms and their capacity to overcome various challenges. 
Measuring the technical efficiency of aquaculture farms is crucial for evaluating their performance 
and identifying factors that can either promote or hinder the industry's growth. Such evaluations not 
only help characterize the aquaculture sector in Egypt and other developing countries but also 
contribute to the industry's growth and alignment with sustainable food systems. However, to the 
best of our knowledge, the technical efficiency of aquaculture farms in Egypt, including tilapia farms, 
has not been evaluated. This gap can be attributed to the lack of comprehensive characterization of 
the aquaculture industry in Egypt. Such characterization is vital, as it provides valuable insights for 
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stakeholders, including farmers and policy makers, enabling them to enhance their understanding of 
the industry. Hence, this evaluation could improve the performance and sustainability of the 
industry.  

Technical efficiency analysis has been used as a tool to assess the performance of the aquaculture 
sector and identify key factors impacting its growth. The main findings from this analysis that help 
researchers evaluate and compare the performance of the industry are 1) average technical efficiency, 
representing the overall efficiency of farms within the sector 2) distribution of the efficiency scores, 
illustrating the variations in efficiency levels among farms ,and 3) the impacts of various factors on 
efficiency, which show how different factors, such as input use, management practices, or 
environmental conditions, influence efficiency scores.   

Average technical efficiency (ATE) can range from 0 to 1 where an efficiency score of 1 indicates 
that the decision-making unit (e.g., a farm) operates at maximum efficiency compared to other units. 
A score below 1 suggests that the production of this unit can be increased using the same level of 
inputs. Scholars have reported various scores of ATE for tilapia aquaculture farms across different 
countries, with values ranging from 0.47 to 0.97 [12–20]. For instance, in Malawi, [18] and [20] 
estimated ATE of tilapia aquaculture farms at 0.66 and 0.47 respectively. In Malaysia, [12] found that 
ATE freshwater aquaculture and tilapia aquaculture farms were 0.80 and 0.74 respectively. On the 
other hand, higher scores were reported in China, where [18] and [19] estimated ATE at 0.91 and 0.97, 
respectively. 

The frequency distribution of technical efficiency scores reported in the literature shows 
significant variations among the decision-making units. Identifying the sources of these variations, 
referred to as inefficiency factors, is critical for improving the aquaculture industry by managing 
these factors properly. Numerous inefficiency factors have been examined in the literature for their 
impact on inefficiency in the aquaculture industry, with results often varying across farms and 
countries. Common examples include farmer demographics (age, education, experience, gender) , 
household characteristics, farm management practices, access to resources (credit, extension 
services), and farm infrastructure(size, facility age, culture system) [12,14,17,19,21–23]. 

In Malaysia, [12] found that education level , experience, household size positively influence 
technical efficiency while farmers’ age has a negative impact. On the other hand, [21] examined the 
technical efficiency of small-scale aquaculture farms in Myanmar and found that women’s 
empowerment, polyculture practices, and climate change adaptation strategies enhance technical 
efficiency.  

In China, factors such as farmers’ age and culture system were found to positively associated 
with efficiency while experience and family size reduced efficiency [19]. In the Philippines, [17] found 
that farms with a larger farm area, older farmers, and higher education level tended to be more 
efficient, while [22] found that higher mortality rates, more schooling years and longer culture 
periods decreased efficiency, whereas increased fingerlings price improved it.  

In Ghana,[23] found that older and more experienced farmers were less technically efficient than 
the younger ones, and male decision-makers outperformed female in efficiency. Interestingly, 
farmers with higher education levels and part-time fish farmers were found to be less efficient. 
Additionally, tenant-operated lands, earthen pond system, and farms receiving extension services 
demonstrated higher technical efficiency. 

Due to variations in estimation methodologies, data availability, and country-specific 
conditions, the relationship between efficiency and its drivers is inconsistent across studies. In this 
study, four factors are considered due to data restrictions: farmer age and level of education, age of 
farm facility, and the number of species cultured. These factors have been widely studied in literature 
with conflicting findings. For instance, farmer age is often used as a proxy for experience and is 
positively linked to efficiency [17]. However, some studies show that younger farmers may adopt 
technologies more readily, invest in innovation, and benefit from available extension services, 
resulting in higher efficiency [12,14,23]. Similarly, while education is generally expected to improve 
efficiency [12] by enhancing knowledge and managerial skills, some studies report negative 
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associations [23]. Furthermore, the number of fish species cultured on the farm has been reported as 
positively associated with efficiency [12,21], however, [10] found the opposite.  

The primary objective of this paper is to evaluate the sustainability and performance of the 
Egyptian aquaculture sector, using tilapia pond farms as a proxy due to tilapia's dominance as the 
primary cultured species in the country. This study is the first to estimate the technical efficiency of 
aquaculture in Egypt, providing a novel analysis of tilapia pond farms using stochastic frontier 
analysis (SFA). The evaluation focuses on understanding the factors influencing efficiency and their 
implications for sustainable practices. By addressing efficiency dynamics, this study aims to 
contribute valuable insights toward improving the sustainability and productivity of Egypt's 
aquaculture sector 

2. Materials and Methods 
2.1. Efficiency Estimation 

Technical efficiency is a measure of the ability of a firm to maximize its output using a fixed 
number of inputs. [24]vdeveloped Farrell’s measure of technical efficiency where the performance of 
a specific decision-making unit (DMU) is compared to other DMUs within the same industry. Two 
widely used methods for estimating technical efficiency are Data Envelopment Analysis (DEA) and 
SFA. Despite their different methodologies, both SFA and DEA are still prevalent in research due to 
advancements in computational techniques that have addressed many of their limitations.  

DEA, introduced by [25], is a nonparametric approach for estimating technical efficiency using 
linear programming [26]. One of DEA strengths is its nonparametric nature, which means it does not 
require any assumptions about the functional form of the production technology or the distribution 
of the efficiency scores. However, the deterministic nature of DEA limits its ability to provide 
statistical inference through hypothesis testing and confidence interval construction. 

SFA, on the other hand, is a parametric approach that typically uses maximum likelihood 
estimation to jointly estimate the efficiency scores and the efficiency effects model. Introduced by 
[27,28], SFA was recommended for assessing technical efficiency in various agricultural activities 
including fish farming [29]. While SFA allows for statistical inference, it requires assumptions about 
the functional form of production technology and the distribution of the inefficiency term. The 
challenge with these requirements is that misspecifications of the assumptions can lead to estimation 
errors. Based on the characteristics of DEA and SFA shown above, we chose SFA to estimate the 
technical efficiency. 

Figure 2 shows the concept of SFA estimation. The deterministic frontier is the result of the 
production function used for estimation such as Cobb-Douglas and trans-log function assumes no 
random errors or inefficiency. The figure shows that firms 1 and 2, use X and X’ levels of input to 
produce the observed outputs A and A’ respectively. 

SFA assumes that the distance between the observed value and the deterministic frontier can be 
decomposed into two components. The first component is the distance from A to F (and similarly 
from A’ and F’), which represents the inefficiency score of firms 1 and 2. The second component, from 
F to the deterministic frontier (and similarly from F’ to the deterministic frontier), represents the 
unobserved random error that is not included in the model. Points F and F’ are the estimated points 
assuming that there is no inefficiency, where all firms operate at the best practice and any deviation 
from the deterministic frontier is attributed solely to the random error. 
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Figure 2. Stochastic production frontier, modified from [30]. 

2.2. Inefficiency Effects Estimation 

Using SFA, inefficiency effects are estimated jointly with the efficiency scores using the model 
developed by [31]. This model allows for simultaneous estimation of the inefficiency effects and the 
efficiency scores, providing an integrated analysis of the factors influencing inefficiency.  

2.3. Stochastic Frontier Model 

To evaluate the efficiency of the aquaculture farms, we employed the stochastic production 
frontier methodology. Following the framework outlined by [27] and using a trans-log specification, 
the stochastic production frontier model can be expressed as follows: 𝑙𝑛 𝑦௜ = 𝛽଴ + ∑ 𝛽௞ 𝑙𝑛 𝑥௞௜ସ௞ୀଵ + ଵଶ ∑ ∑ 𝛽௞௝ସ௝ୀଵ 𝑙𝑛𝑥௞௜𝑙𝑛𝑥௝௜ +ସ௞ୀଵ 𝑣௜ െ 𝑢௜  (1)

where 𝑦௜ represents the value of fish produced by i-th aquaculture farm measured in Egyptian 
Pounds (EGP); 𝑥ଵ is the value of the fingerlings stocked, in EGP;  𝑥ଶ is the cost of labor, in EGP; 𝑥ଷ 
is the quantity of feed used, in kilograms; 𝑥ସ is the area of the ponds in the farm, in hectare; the error 
term is decomposed into 𝑣௜  and 𝑢௜ . The component 𝑣௜  is the random error term, assumed to be 
independently and identically distributed as 𝑁(0, 𝜎௩ଶ) while 𝑢௜ is a nonnegative random variable 
associated with technical inefficiency, assumed to follow a half normal distribution with variance 𝜎௨ଶ. 

Following [31], the following model was utilized:  𝑢௜ = 𝜏଴ + ∑ 𝜏௠𝑧௠௜ସ௠ୀଵ   (2)

where 𝑧௠௜ are farm-specific variables associated with technical inefficiencies. 𝑧ଵ is the age of 
the farmer; 𝑧ଶ is the number of fish species cultured on the farm; 𝑧ଷ is the education level of the 
farmer (0 = no education, 1 = elementary, 2 = middle school, 3 = high school, 4 = 2-year college degree, 
5= bachelor’s degree, 6 = master’s level); 𝑧ସ  is the age of the farm facilities; and 𝜏଴  and 𝜏௠ are 
parameters to be estimated.  

In addition to estimating the inputs parameters (𝛽𝑠), we also estimate the variance parameters 𝜎ଶ =  𝜎௩ଶ + 𝜎௨ଶ , representing the total variance of the error term and 𝛾 = ఙೠమఙమ, indicating the proportion 
of the variance attributable to inefficiency. The value of  𝛾 ranges from zero to one, with values 
closer to one indicating that a greater proportion of variation can be attributed to inefficiency [31]. 

The stochastic production frontier model with inefficiency effects was estimated using “sfaR” 
package developed by [32]in R software [33]. 
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2.4. Data  

This study utilized data from a cross-sectional survey conducted on aquaculture farms in Kafr 
El-Sheikh governorate, Egypt. Kafr El-Sheikh is the leading aquaculture-producing region in the 
country contributing 43.55% of the total aquaculture output [2]. The governorate is marked red in 
Figure 1.  

The survey was designed to gather comprehensive data on both production and demographic 
variables. The production-related variables collected include output value, as well as inputs such as 
labour, feed, seeds, land where output value is measured in Egyptian pounds (EGP), the value of the 
seeds and labour is measured in EGP as well while feed input is measured in kilogram (kg) and land 
in measured in hectare. 

Additionally, farm-specific data were collected such as the age of facilities measured in years 
from the facility establishment till the year of the survey collection (2017), farmers’ years of experience 
measured by the number of years from starting fish farming till 2017 and age, the number of species 
cultured taking values from 1 to 4, and education level of the farmers taking values from zero to 6 
where zero indicates no education while 6 indicates having Master’s degree . 

The original sample comprised 402 tilapia farms practicing both monoculture and polyculture. 
After cleaning the data to remove observations with missing or erroneous values, the final dataset 
used for analysis contained 317 observations. For further details on the data and the survey process, 
please refer to [34,35].  

Table 1 presents the descriptive statistics for the variables included in the analysis, highlighting 
the variability among farms. The average production value was approximately 1 million EGP, with 
a wide range from 65 thousand to nearly 9 million EGP and a standard deviation slightly exceeding 
the mean, indicating substantial variability across farms. The average farm size was 5 hectares, with 
typical expenditures of around 50 thousand EGP on fingerlings and 30 thousand EGP on labor. On 
average, farms used approximately 46 tonnes of fish feed. For farm-specific variables, the farmers’ 
ages ranged from 18 to 75 years, with a mean age of 43 years. The number of fish species cultured on 
farms varied from 1 to 4, with an average of 2 species. Farmers’ education levels averaged 2, 
indicating that most had completed elementary-level education. Farm ages exhibited notable 
diversity, spanning from 1 to 50 years, with an average age of 12 years.       

Table 1. Summarized descriptive statistics of the variables used for the analysis. 

Variables Unit Mean SD Min Max 
Production model      
Output value (y) EGP 1,040,977 1,056,944 64,500 8,720,000 

Inputs (x)      
Seeds (x1) EGP 49,678 51,820 740 400,000 
Labor (x2) EGP 28,119 26,580 1,800 180,000 
Feed (x3) Kg 45,788 38,549 4,000 350,000 
Land (x4) Hectare 5.38 5.05 0.42 50.4 

Firm specific variables (z)      
Farmer’s age (z1) Years 43.33 10.90 18 75 

Number of species cultured (z2) Levels 2.18 0.75 1 4 
Education level (z3) Levels 2.31 1.28 0 6 

Farm age (z4) Years 11.88 8.07 1 50 

3. Results  
3.1. Hypothesis Testing 

The likelihood ratio test results, reported in Table 2, indicated that trans-log production function 
approximation is a better fit to the data than Cobb Douglas model.  

Table 2. Results of likelihood ratio test for trans-log and Cobb-Douglas specifications. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 7 January 2025 doi:10.20944/preprints202501.0441.v1

https://doi.org/10.20944/preprints202501.0441.v1


 7 of 14 

 

 Log likelihood value 𝝌𝟐 
Cobb Douglas -57.779  

Trans-log -42.907  
Test statistic  29.742*** 

Decision Reject the null hypothesis that trans log is not better than Cobb-
Douglas 

*** Significant at 1% level. 
 

The estimates of sigma squared (𝜎ଶ) and gamma (𝛾), as shown in Table 3, are statistically 
significant at the 0.01 level. The statistical significance of 𝜎ଶ confirms the adequacy of the model 
used for the analysis, demonstrating its strong goodness of fit. 

Table 3. MLE of stochastic production frontier of trans-log approximation. 

 Coefficient SE 
(Intercept) 11.78*** 3.01 
ln (Feed) -1.22** 0.63 

ln (Labor) 0.17 0.46 
ln (Seed) 0.24 0.33 
ln (Land) 0.93** 0.43 

ln (Seed) x ln (Seed) -0.03 0.04 
ln (Feed) x ln (Feed) 0.18* 0.1 
ln (Land) x ln (Land) 0.07 0.05 

ln (Labor) x ln (Labor) 0.03 0.06 
ln (Feed) x ln (Labor) -0.005*** 0.06 
ln (Feed) x ln (Seed) 0.06** 0.05 
ln (Feed) x ln (Land) -0.26 0.06 
ln (Labor) x ln (Seed) -0.05 0.03 
ln (Labor) x ln (Land) 0.1** 0.05 
ln (Seed) x ln (Land) 0.07 0.03 

Gamma (𝜸) 0.63*** 0.09 
Sigma squared (𝝈𝟐) 0.13 *** 0.02 

Average Technical efficiency (ATE) 0.80 
***, **, * Significant at 1%, 5% and 10% levels, respectively; SE: Standard error. 

 
The 𝛾 estimate, with a value of 0.63, indicates that 63% of the variation in output among the 

sample farms can be attributed to inefficiency, while the remaining 37% is due to random factors. 
This result highlights the importance of addressing inefficiency to improve farm performance. 
Additionally, the significance of 𝛾 suggests that the inefficiency effects model is a more appropriate 
choice for this analysis compared to the ordinary least squares (OLS) model. 

3.1. Efficiency estimation 

The maximum likelihood estimates, and the corresponding standard errors of the stochastic 
frontier model and the average technical efficiency (ATE) are presented in Table 3.  

Since the trans-log functional form is used for the estimation, the marginal effects of inputs on 
production cannot be deduced directly from the estimated coefficients in the model because the trans-
log functional form incorporates interaction terms between inputs. Instead, the average production 
elasticities are calculated using the individual coefficients presented in Table 3 by applying this 
formula: 𝐸௫ೖ =  𝛽௫ೖ + ∑ 𝛽௫ೖ௫ೕln (𝑥௝)௝   (3)

where 𝐸௫ೖ is the input elasticity of input k, 𝛽௫ೖ is the coefficient of 𝑥௞, and 𝛽௫ೖ௫ೕ is the coefficient 
of interaction terms involving input 𝑥௞. 

The calculated production elasticities and the corresponding standard error are presented in 
Table 4. 
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Table 4. Input elasticities of production. 

Input Average elasticity SE 
Feed 0.85*** 0.04 
Labor 0.07*** 0.026 
Seed 0.14*** 0.024 
Land 0.03 0.042 

***, **, * Significant at 1%, 5% and 10% levels, respectively 
The calculated production elasticities of feed, labor, and seeds were statistically significant at the 

level of 0.01 while that of land was not statistically significant at 0.1 level. Feed had the highest 
elasticity with a value of 0.85 indicating that, on average, increasing feed by 10% increases the output 
value by 8.5%. On the other hand, as the labor and seed costs increase by 10%, output value increases 
by 0.7% and 1.4% respectively. Returns to scale, calculated by summing up the production elasticities, 
is estimated to be 1.10. This value indicates that tilapia aquaculture farms in Egypt operate at a 
slightly increasing returns to scale.  

ATE is estimated at 0.80 which means that the mean technical efficiency of tilapia farms in the 
study area is 80%. Therefore, tilapia production can be increased, on average, by 20% using the same 
level of inputs to reach full efficiency. The frequency distribution of the technical efficiency scores is 
presented in Table 5 and Figure 3.  

 

Figure 3. Study area (in red) in Egypt. 

Table 5. Frequency distribution of technical efficiency scores. 

Technical efficiency range Number of farms Frequency (%) 
<0.60 9 3% 

0.60-0.70 19 6% 
0.70-0.80 65 21% 
0.80-0.90 198 62% 
0.90-1.00 26 8% 
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Figure 2. Frequency distribution of technical efficiency scores. 

The frequency distribution of technical efficiency shows that the majority of farms 
(approximately 62%, 198 farms) have efficiency score between 0.80 and 0.90, while only 6% (19 farms) 
scored less than 0.60. On the other hand, only 8% (26 farms) operate very close to the frontier.  

3.3. Inefficiency Effects Model 

The estimated coefficients of the inefficiency effects model are presented in Table 5. A negative 
(positive) sign of a coefficient indicates that the corresponding farm-specific variable increases 
(decreases) the efficiency of aquaculture farms. 

Table 5. Technical inefficiency model estimates. 

Efficiency drivers Coefficient SE 
Farmer’s age (z1) -0.02 0.02 

Number of species cultured (z2) 0.55** 0.26 
Education level (z3) 0.17 0.13 

Farm age (z4) 0.04* 0.02 
**, * Significant at 5% and 10% levels, respectively; SE: Standard error 

 
Results indicated that farm age and number of cultured species negatively impact efficiency with 

significance levels of 10% and 5%, respectively. On the other hand, although not statistically 
significant, the age of the farmer might have a positive effect on efficiency, whereas the farmer’s level 
of education could have a negative impact.  

4. Discussion 
4.1. Efficiency Estimation 

Production elasticities were all positive and statistically significant, as expected, except the 
elasticity of land was statistically insignificant. Feed elasticity had the highest elasticity among all 
inputs at 0.85. This result is very close to what [36] found in salmon farms. Moreover, the value of 
returns to scale, 1.10 is in accordance with previous studies such as [17,23] indicating that 
increasing all inputs by 1% causes an increase in production value by approximately 1.10%. However, 
this result does not match some other studies such as [37,38] with estimates of0.90 and 1.42 
respectively. 

The estimated ATE of 0.80 indicates that the production can be improved by 20%. This 
improvement might be achieved by enhancing farm-specific factors such as the quality of feed and 
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seeds, as suggested by [20] and [39]. Low-quality feed and seeds might lead some farmers to overuse 
them contributing to inefficiency. Additionally, facilitating access to credits may enhance the 
efficiency as it would allow farmers to invest in more efficient production technologies [40]. This is 
particularly relevant, given that the number of farmers with access to credit in the study area is 
significantly low [10].  

The estimated ATE is consistent with findings from tilapia farms in other countries with well-
established aquaculture sectors, such as Malaysia [12], Bangladesh [13–15], China [16] and the 
Philippines [17]. The ATE in the abovementioned studies ranged from 0.73 to 0.85. However, the ATE 
in this study is lower than that of some tilapia farms in China [18,19] where values of 0.91 and 0.97 
were reported, respectively, but higher than those in Malawi [18,20] where ATE values were 0.66 and 
0.47, respectively. 

The frequency distribution of technical efficiency scores is in accordance with [16] and [14] but 
differ from those of [15] where most farms scored between 0.6 and 0.8 and [18] where most farms 
scored around 0.40 and more than 0.90 in Malawi and China, respectively. 

4.2. Inefficiency Effects Model 

The non-significant positive relationship between farmer age and technical efficiency may be 
explained by considering age as a proxy for experience; older farmers tend to have more experience 
than younger ones, which could lead to higher efficiency. This result aligns with [17] but contrasts 
with [23] and [12]. These studies argue that younger farmers are more technologically inclined, 
willing to invest in new technologies and better positioned to benefit from available extension 
services, resulting in greater efficiency through reduced input use [14]. 

Regarding the negative influence of the number of species cultured on efficiency, we initially 
anticipated a positive relationship, as suggested by several previous studies [12,19,21]. This 
expectation was based on the potential for economies of scale [12,41] or the notion that polyculture 
systems could share similar benefits with integrated multi-trophic aquaculture (IMTA) systems. In 
several African countries, including Egypt, polyculture farms have been found to be more 
economically efficient than monoculture ones [42,43]. Moreover, polyculture has been reported to 
improve growth performance [44]. Polyculture systems typically involve farming fish with diverse 
feeding habits. For example, a farm might culture bottom feeders alongside surface feeders, with 
some species consuming organic matter produced by others. This leads to more efficient use of 
resources such as feed, fertilizer, and land [21,45–47]. However, the identified negative effect in this 
study might be due to the varying requirements of fish, the lack of specialization or even improper 
stocking densities for each species. The competition between the fish may overshadow the 
complementary effect of efficient feed utilization, thereby contributing to the observed negative 
impact on efficiency. Although this result is not expected, it is in line with [10], who found that 
monoculture systems had higher production and profits compared to polyculture systems. 

Our finding of an inverse relationship between education and efficiency was unexpected. 
Typically, one would expect it to have a positive effect, as has been observed in many studies on 
aquaculture farms [12], while similar results were reported specifically for tilapia farms by [48] in 
Ghana, [14] in Bangladesh, and [49] in Philippines. The positive impact of education on efficiency can 
be attributed to the enhanced knowledge and managerial skills that education provides, exposing the 
farmers to more efficient technologies, and a broader range of relevant information which gives the 
educated farmers the advantage of being more efficient. On the other hand, the negative impact of 
education on technical efficiency, although uncommon, is documented in the literature. [23] reported 
similar findings in fish farms in Ghana while [22] found it in tilapia farms in the Philippines. The 
explanation for this negative correlation often centers on the idea that more educated farmers may 
have alternative sources of income, which could lead them to dedicate less time and attention to their 
farms compared to less educated farmers, thereby reducing efficiency. This argument could also 
apply to tilapia farms in Egypt, where competing interests among more educated farmers may result 
in lower efficiency.  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 7 January 2025 doi:10.20944/preprints202501.0441.v1

https://doi.org/10.20944/preprints202501.0441.v1


 11 of 14 

 

The negative effect of farm age on efficiency suggests that older farms tend to be less efficient 
which might be due to the depreciation of capital and outdated infrastructure. This result aligns with 
the findings of [50], who found that newer farms tend to surpass the efficiency of older ones after 3-
5 years, a phenomenon attributed to the leapfrogging effect, where new entrants adopt more 
advanced technologies and practices, giving them a competitive advantage. 

5. Conclusions 
This paper aimed to estimate the technical efficiency of tilapia pond production in Egypt, which 

has not been visited in the literature yet, by using cross sectional data from 317 farms. Using SFA, 
technical efficiency was estimated utilizing trans-log approximations. Results indicated that tilapia 
production in the sample farms can be increased by 20% using the same levels of inputs. 

The efficiency effects model indicates a positive relationship between technical efficiency and 
the age of the farmers which serves as a proxy for experience. This finding suggests that policymakers 
should focus on enhancing technical efficiency, thereby improving production levels, by investing in 
human capital within the aquaculture sector. Achieving this goal may involve implementing 
intensive training and extension programs aimed at elevating the knowledge levels of farm owners 
and managers. Conversely, the observed negative correlation between technical efficiency scores and 
the age of the farm can be addressed by facilitating access to new technology to counteract the aging 
of older farms. This might involve easing access to credit or providing support for transitioning to 
farms with more modern technology. 
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