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ABSTRACT

Wheat, the most vital strategic crop in Egypt, has been dramatically subject to international economic and political
fluctuations because Egypt is the world's largest wheat importer. Despite the efforts exerted to release early maturing and
high-yielding varieties as a substitute for horizontal expansion, their diffusion remains slow in some rural areas. No prior
studies have quantified the drivers of improved wheat varieties adoption, considering Egyptian small-scale farmers. In this
work, logit and probit models are applied using primary data gathered from 143 wheat-growing farmers in Moshtohor
village, Al Qalyubia Governorate, in 2021. Although the logistic model fits the data better, both models yield similar results.
The findings confirm that education, farm size, extension service accessibility, credit accessibility, and off-farm income
positively affect the adoption decision; however, it is negatively affected by the farmer's age. In particular, extension service
accessibility and credit accessibility appear to be the most influential factors within the Egyptian context. Policymakers
should put in place effective extension programs, make credit easier to get, promote private sector investment in input
acquisition and distribution, encourage young farmers to join in exploring new technology and best practices, and preserve
the key traits of wheat cultivars that farmers and consumers want. Future work will refine the model by extending the
survey nationwide and including other explanatory variables.
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1. INTRODUCTION due to a rise in European and white flatbread (non-
subsidized) prices and baked items such as cakes,
biscuits, wafers, croissants, and pastries, among other
things.

Wheat imports totaled 62.6 million tonnes during
the preceding five years, with 59.7 percent coming
from Russia and 22.3 percent from Ukraine (82
percent combined), both key suppliers to the Egyptian
market. In 2021, private sector imports accounted for
60% of overall imports, while government imports
accounted for 40%. During the last five years, the
private sector has emerged as a prominent participant
in Egypt's wheat market, increasing market share year
after year.

Given the challenges of the horizontal expansion
strategy, efforts are being made to create breeding and
cultivation techniques (Abdelmageed et al., 2019).
Before planting, the Ministry of Agriculture and Land
Reclamation (MALR) established a wheat varietal
policy that considers each geographical area's climate,
water, and land resources. This includes nine varieties
in the Delta, thirty in Middle Egypt, and seventeen in

Technology adoption is simply the decision to
select, acquire, and use innovation. However,
diffusion is how it spreads. Understanding the driving
factors of choice is essential for economists,
producers, and creators of these technologies (Hall &
Khan, 2003).

Egypt’s wheat production in 2022/23 (July—June)
is forecasted to reach 9.8 million tonnes, up by 8.9
percent compared to 9 tonnes in 2021/22. The rise is
attributed to an increase in the total area harvested,
which is expected to rise to 3.64 million feddans from
3.33 million feddans last year. Before the planting
season, the government established its wheat purchase
prices, and the government intends to increase wheat
harvested areas by about one million Feddans in the
coming three years (Wally & Akingbe, 2022).

Wheat consumption is predicted to be 20 million
tonnes in 2022/23, a 2.43 percent decline from the
2021/22 forecast of 20.5 million tonnes. The decrease
is due to a 2.6 percent decrease in consumption of
Food, Seed, and Industrial usage (FSI). This drop is
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Upper Egypt (Wally & Akingbe, 2022). The
Agricultural Research Center (ARC) successfully
developed new wheat varieties, including Sakha 95,
Beni Suef 7, and Misr 3. The new varieties were
supplied to farmers ahead of the planting season,
generally in November.

Over the last six years, the use of early maturing
as well as high yielding seed varieties, increasing the
number of certified seeds distributed to farmers, ideal
sowing time, laser leveling techniques, and boosting
the area of wheat raised bed cultivation to more than
1.24 million feddans have all made significant
contributions to substantial vertical expansion (Wally
& Akingbe, 2022). Despite the superiority of the new
varieties of wheat, small-scale farmers are still slow
to make adoption decisions (Selim &
Eltarabily,2022). International relations' risk and
uncertainty have further accentuated the problem.

Egypt's extension organization is aged and
deteriorating. The extension employees are
unspecialized and unsatisfied with their jobs. Some
impediments to extension work are connected to
centralization, authority delegation, institutional
work, funding, training opportunities, and the link
with scientific research institutions (Mansour et
al.,2002).

While the official agricultural policy has long
given subsidized access to agricultural finance, most
farmers have been unable to get formal loans.
Reforms implemented in 2016 may boost the number
of farmers who may obtain loans, although the impact
of these reforms is unknown (Kassim et al., 2018).
The tendency of rural families to pursue non-farm
activities in their survival among their strategies for
survival and diversifying their income sources
(Dontsop-Nguezet et al., 2016).

In their paper of 1985, Feder et al. argue that
farmers' adoption behavior, particularly in low-
income countries, is impacted by a complex
collection of socio-economic, demographic, technical,

institutional, and biophysical factors. The drivers of
adoption are previously unstudied in the Egyptian
context.

A challenging problem that arises in this domain is
that the introduction of improved wheat varieties has
met with partial success, as proved by rates of
adoption. It is expected that removing the barriers to
rapid adoption could further increase average farm
incomes.

Hence, the present work aims to investigate the
significant factors relevant to the adoption decisions
made by small-scale Egyptian farmers. Therefore,
143 wheat-growing farmers from Moshtohor village
were surveyed using a sampling procedure in 2021.
The main downside of the current work is that the
surveyed farmers are geographically concentrated.

This paper is organized as follows: The first
section presents the literature review. The second
section introduces the methodology, and the results
are discussed in the third section. Finally, the
conclusion is drawn in the fourth section.

2. LITERATURE REVIEW

Rogers (1962) defines the adoption process as “the
mental process an individual passes from first hearing
about an innovation to final adoption." Agricultural
technology refers to equipment, farming techniques,
genetic material, and agricultural inputs developed to
make agriculture more effective. The seminal work
provided by Feder et al. (1985) established many
classical adoption theories.

Empirical approaches to the analysis of technology
adoption include binary response models: Tobit,
Propensity Score methods, and Principal Component
Matching, in addition to descriptive statistics, are the
most widely applied models in the literature on the
adoption of new agricultural technologies.

Much work on the factors influencing adoption in
developing countries has been carried out and can be
reviewed in Table (1).

Table 1. Definition of variables and their prior expectations.

Variables Description Value Expected signs
Age Age of the farmer Years +/-

Education Number of schooling years Years +

Farm size Area of farming Feddans +/-

Extension service If the farmer has access to extension service. é ?N(gs +

Credit accessibility If the farmer has access to credit. é ?N(SS +

Off-farm income If the farmer engages in off-farm activities. é ;\\l(gs +/-

Source: authors’ compilation.
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The results are highly consistent with the adoption
theory. To date, most studies have dealt with the
situation in many developing countries and the
adoption of wvarious agricultural technologies.
Therefore, the present study focuses on the status of
wheat-growing farmers to fill the gap in the Egyptian
setting.

3. METHODOLOGY

As the present work questions the driving factors
of adoption, Moshtohor Village, in Al Qalyubia
Governorate, was chosen as a model representing the
status of small-scale farmers in Egypt. A multistage
sampling approach was used to sample the wheat
growers in the designated area in 2021. One hundred
forty-three wheat-growing farmers were selected as
the total sample size for this study after omitting the
incomplete responses and outliers. Sixty-six farmers
are classified as adopters, whereas 77 farmers are
non-adopters. The coronavirus pandemic outbreak
was the biggest challenge surrounding data collection.

Following the literature on agricultural technology
adoption, several variables were chosen as
explanatory variables, namely: age, farm size,
education, access to extension service, and credit
accessibility. The survey data was analyzed using
Statal2.

Categorical models with dependent variables
coded as “0” and “1” are called two-ended or dummy
dependent variable models. Logit and probit models
are commonly used to estimate the relationship
between response and explanatory variables. They
also belong to the generalized linear models (GLM)
family. As the response variable is binary, the normal
least squares method (OLS) cannot be used in
estimation; however, the maximum probability
estimate is the alternative. (is¢i Giineri &
Durmus,2020). To better understand the individual
steps of the chosen methodology, Figure (1) provides
the conceptual flowchart.

A general linear regression model is expressed in
Equation (1), where y; is a regressand and X; is a
regressor.

1)

In the above model, a constant term and S are
regression coefficients. If the regressand is
continuous, the traditional OLS can be employed to

yi=atfix1tfoxot -+ Prxites
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estimate this model. However, logit or probit
regression methods can be used when it is discrete.

3.1. Logit model

The logit model can be utilized to model the
probability of an event with two responses. The
dependent variable y; takes “0” and “1”; therefore, it
is called the binary logit model. Equation (2)
expresses the probability when the response variable
is"1."

P B =L1) = iy =1

Cl+e® (2)

In this model, P; represents information about the
argument x;, while the first individual signifies the
probability of making a specific choice. As OLS
cannot directly predict @« and g parameters, the logit
function can be estimated using Equation (3).

1 1

1-P.=1- —1-
' 1+ (@A) 1+e™”

3)

If Equations (2) and (3) are proportional, Equation
four is obtained.
Pi —eZ

1-p,

It is also the odds or odds ratio (OR). The natural
logarithm of this model in the "e" base can be
represented as Equation 5.

Li: In[%] :Zi:a_'_ﬂxi

The parameters in the L; function can be estimated
by the maximum likelihood model (ML) instead of
the OLS method. The coefficients in such models
cannot be interpreted as the effect of changing the
independent variables on the expected value of the
response variable. Consequently, OR values or
marginal effects must be calculated.

3.2.Probit Model

The weakness of the linear probability model
comes from the fact that the predicted probability
values are not in the range between "0" and "1".
However, the probit model is considered one of the
models used to solve this problem, keeping the
probabilities between “0” and “1”. As the dependent
variable y; is binary, P; is expressed in Equation (6).

P=E(y=1|x:) =¢(x:) (6)

(4)
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Logit, Nested Logit, and
Probit Methodology

y

Fostulate functional relationships from theory and past research

¥

Estimate choice models

¥

Refine model: assess goodness of fit,
variables selection, check for multi-collinearity problems

Are choice model
assumptions met?
Identicially and independently

distributed errors?
Uncarrelated errors?
Cigtlier analysis?

Try alternative
specifications to multi-
normial Logit: Mested
Lagit, and multi-nomial
Frobit

External validation of model

Conduct statistical inference,
document model, and implement if appropriate

Figure 1. Logit and Probit Methodology

Source: Washington et al. (2002).

Where ¢ refers to the cumulative distribution
function and B maximum likelihood coefficients of
the standard normal distribution.

If adopted as a model with a latent variable, the
probit probability model based on the normal
cumulative distribution function can be expressed by
Equation (7).

yi*:Ii:O_"l',BXi (7)
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Where x; is observable, but y;* is not observable.
Considering that y; has a threshold value that cannot
be observed (y:*), it can be said that if y; exceeds the
value y;*, the event will occur, and if it does not, the
event will not occur (Equation (8)).

1
0

yim >0
otherwise

(8)

Yi



Scientific Journal of Agricultural Sciences 4 (2): 24-33, 2022

In case y;* is less than or equal to y;, calculated predicted and observed frequency should match
from standardized cumulative distribution functions  closely. That is, the more closely they match, the
under the assumption of normality. If $(Z) cumulative better the fit. The Akaike Information Criterion (AIC)
normal distribution  function is defined as  and Bayesian Information Criterion (BIC) are applied
®(Z)=P(Z<z) for the normal standard variable Z. to compare models; the model that always gives the
Then, Z here is a standardized normal variable, i.e., N lowest values is preferred.

(0,2). Thus, the model can be expressed by Equation

(9). The linear predicted value ‘“hat” and linear
predicted value squared “hatsq” test whether all the
FY(P)=F (I)=a+pBx: 9) relevant predictors are included in the model and if

the linear combination is sufficient. Accordingly, if

In this model, F-1 is the inverse of the normal  <«hat” is statistically significant, the model is well

cumulative distribution function. The parameter Speciﬁed' However’ if “hatsq” is Significant’ the
estimates must be modified to obtain estimates of the model is not correctly specified.

marginal  effects, interpreted as the change in Multicollinearity appears in the model when there
predicted probability due to changes in the jsa strong interrelationship among the variables. The
explanatory variables (Greene, 2003). variance Inflation Factor (VIF) can be estimated to

_ Although logit and probit models generally give  measure the strength of the interrelationships. Most
similar results, many researchers choose the logit over  research papers regard a VIF greater than 10 as a sign
the probit due to its comparative mathematical of multicollinearity; however, some are more

simplicity. conservative.
3.3. Diagnostic tests 4. RESULTS AND DISCUSSION
There are many ways to calculate R”. However, The survey data support the aim of the present

there is no consensus on which one is the best.  work to determine the relevant factors influencing the
Specifically, the one proposed by McFadden (1974) is  adoption of the improved wheat varieties. Having
often the reported method in statistical software. On been developed by ARC, the common varieties in the
the other hand, Pearson's chi-squared test can evaluate research area are Benisuif 5, Gizal71, Misrl, Misr2,
how likely any difference observed between the sets and Sids14. Some of which are high in productivity,

arose by chance. _ resistant to disease, and tolerant of various
The Hosmer and Lemeshow test is another environmental stresses (Table (2)).

commonly used goodness-of-fit test in which the

Table 2. Improved wheat varieties cultivated in Moshtohor village.

Resistant to Resistant to

Variety rusts water deficit Early maturing High yield Heat tolerant
Sids 14 N N
Benisuif 5 \ \
Misr 1 \/ \ \ \
Misr 2 \ \
Gizal71 \ v
Source: Survey data 2021.

4.1.Demographic and socioeconomic experience (17 and 22 years for adopters and non-

characteristics adopters, respectively). However, the adopters have

more years of education (12 years) than non-adopters
(8 years). The farm size is larger for adopters (1.43
feddan) than non-adopters (1.10 feddan). Likewise,
the wheat area is larger for adopters (0.96 feddan)
than non-adopters (0.83 feddan). The t-test shows that
all differences between the two groups' means are
statistically significant at a 5 percent significance
level.

One hundred forty-three farmers were surveyed
after being selected through sampling procedures in
2021. Sixty-six farmers are classified as adopters,
whereas 77 farmers are non-adopters. The
characteristics of the sampled farmers can be
summarized as presented in Table (3).

On average, the adopters are younger (48 years)
than non-adopters (55 years), having less farming
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Table 3. Basic Characteristics of farmers in Moshtohor village.

Adopters Non-adopters
Characteristic Unit (n=66) (n=77) T-TEST
Mean S.D. Mean S.D.
Age Year 48.21 7.82 55.35 7.54 5.55**
Farming experience Year 16.88 9.10 22.38 11.53 3.18**
Education level Year 12.42 2.16 8.06 3.95 -8.33**
Farm size Feddan 1.43 0.84 1.10 0.63 -2.61**
Wheat area Feddan 0.96 0.43 0.83 0.31 -2.10**
Family labor Person  9.00 2.95 9.00 2.78 0.31 (NS)
Hired labor Person  5.00 3.14 4.00 2.37 -2.45%*
Livestock units Unit 3.76 5.44 3.62 4.99 -0.15(NS)
** denotes a 5% significance level.
Source: Authors' calculations.
Furthermore, the household labor is the same for (4 units). Educational status, off-farm income,
both groups (9 persons); they are slightly different  extension  service accessibility, and  credit

regarding hired labor (5 and 4 persons for adopters
and non-adopters, respectively). Adopters and non-
adopters, on average, own the same units of livestock

accessibility, on the other hand, are compared in
(Table (4)).

Table 4. Classifications of farmers in Moshtohor village.

Adopters Non-adopters

Variables (n=66) (n=77) %2
No. % No. %

Education
Iliterate 0 0.00 12 15.58 11.22 **
Literate 66 100.00 65 84.42
Off-farm income
No 8 12.12 54 70.13 48.69**
Yes 58 87.88 23 29.87
Extension service accessibility
No 6 9.09 65 84.42 80.66**
Yes 60 90.91 12 15.58
Credit accessibility
No 5 7.58 61 79.22 73.40**
Yes 61 92.42 16 20.78

** denotes a 5 percent significance level.
Source: Authors' calculations

The findings indicate that all adapters (100%) are
literate compared to non-adopters (84%). More
adopters (88%) earn off-farm income than non-
adopters (23%). Also, more adopters (91%) have
access to extension service than non-adopters (16%).
Similarly, more adopters (92%) have access to credit
compared to non-adopters (21%). Based on the chi-
squared statistic (%), the differences between the two
groups are statistically significant.

To sum up, the overall direction of the results
shows that the adopters have stronger characteristics
than non-adopters. This result is consistent with most
of the literature investigated.

29

4.2. Logit and Probit Analysis

The two binary models were applied to estimate
the impacts of the selected explanatory variables on
adoption decisions. The findings reveal that all the
regressors are statistically significant. On the other
hand, it is necessary to assess model fit and diagnose
potential problems before using the models to make
any statistical inference. In this regard, the results
confirm the validity of both models for statistical
inference; however, the logit model proves to be
better based on model selection criteria (Table (5)).
Since the coefficients obtained in both models cannot
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Table 5. logit and Probit model estimates.

Adoption Logit Model Probit Model

Coef.  Std. Err. P>z Coef. Std. Err. P>|z]
Age -0.16 0.06 0.01 -0.08 0.03 0.02
Education 081 0.23 0.00 0.42 0.12 0.00
Farm size 1.89  0.66 0.00 1.01 0.35 0.00
Extension service 2.50 0.89 0.01 1.33 0.49 0.01
Credit accessibility 217 0091 0.02 1.13 0.49 0.02
Off-farm income 206 095 0.03 1.06 0.48 0.03
Constant -7.10 3.42 0.04 -372 181 0.04
N 143 143
Log-Lik In,t Only -98.697 -98.697
Log-Lik Full Model -20.388 -20.655
D(136) 40.776 41.309
LR(6) 156.617 156.084
Prob > LR 0.000 0.000
McFadden's R? 0.793 0.791
McFadden's Adj R? 0.723 0.720
Maximum Likelihood R? 0.666 0.664
Cragg & Uhler's R? 0.889 0.887
McKelvey and Zavoina's R 0.915 0.905
Efron's R? 0.837 0.833
Variance of y* 38.616 10.530
Variance of error 3.290 1.000
Count R? 0.951 0.951
Adj Count R? 0.894 0.894
AIC 0.383 0.387
AIC*n 54.776 55.309
BIC -634.171 -633.637
BIC' -126.840 -126.307
Pearson chi2(133) (Prob > chi2) 126.01 (0.65) 119.47(0.79)
Hosmer-Lemeshow chi2(133) (Prob > chi2) 126.01(0.65) 119.47 (0.79)
Specification Error
_hat (P>z]) 1.08 (0.000) 1.10 (0.00)
_hatsq (P>|z]) 0.05(0.151) 0.10 (0.05)
Multicollinearity (Mean VIF) 2.12 2.12

Source: Authors' calculations.

be interpreted directly, the marginal effects were
calculated in Table (6).

The two models’ outcomes are almost
identical and can be respectively compared,
considering other variables remain constant.

Age: a farmer’s age impacts adoption negatively as
younger farmers are more likely to adopt new
technologies. Accordingly, a 1-year increase in
farmer’s age is expected to decrease the probability of
adoption by 0.03 in both models.

Education: better-educated farmers are better
technology adopters. Therefore, it is possible to
increase the probability of adoption by 0.16 and 0.15,
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respectively, due to increasing the years of education
by one year.

Farm size: being unable to allocate pieces of their
lands to try improved wheat varieties, farmers with
smaller farm sizes are not likely to adopt them.
Consequently, a 1-feddan increase in the farm size is
likely to increase the probability of adoption by 0.37
and 0.36, respectively.

Extension service: receiving advisory service is vital
in farmers' adoption decisions. Accordingly, the
probability of adoption is expected to rise by 0.46 and
0.45, respectively, for farmers having access
compared to those with no access.
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Table 6. Marginal effect for logit and Probit models

Adoption Logit Model Probit Model

dy/dx Std. Err. P>|z| dy/dx Std. Err. P>|z|
Age -0.03 0.01 0.01 -0.03 0.01 0.02
Education 0.16 0.04 0.00 0.15 0.04 0.00
Farm size 0.37 0.13 0.01 0.36 0.12 0.00
Extension service * 0.46 0.16 0.00 0.45 0.15 0.01
Credit accessibility™ 0.39 0.15 0.01 0.38 0.15 0.02
Off-farm income* 0.37 0.16 0.02 0.35 0.15 0.03

(*) denotes discrete change of dummy variable.
Source: Calculated from Table (5).

Credit accessibility: credit facilitation service
enables most smallholder farmers to purchase inputs
of the improved wheat varieties. As a result, the
probability of adoption is expected to increase by 0.39
and 0.38, respectively, for farmers having access
compared to those with no access.

Off-farm income: participating in off-farm
activities would increase the family’s income. Hence,
farmers would easily adopt new technology. Hence,
the probability of adoption is expected to increase by
0.37 and 0.35, respectively, for farmers participating
in off-farm activities compared to those who do not.

These results tie well with previous studies;
however, the present work suggests that extension
service accessibility and credit accessibility are the
most influential factors within the Egyptian setting.

5. CONCLUSION

The results are significant factors impacting the
adoption decisions made by wheat-growing farmers
in Moshtohor village. This paper contributes to filling
the gap in Egyptian literature regarding innovation
adoption by small-scale farmers. The logit and probit
analysis findings indicate that education status, farm
size, extension service accessibility, credit
accessibility, and off-farm income positively affect
the adoption decision; however, the adoption decision
is negatively affected by farmers’ age. Interestingly,
access to extension service and credit has proven to
be the most prominent factors in decision-making.

These outcomes may contribute to designing
policies and programs to enhance agricultural
productivity.  Policymakers  should implement
effective extension programs, facilitate credit
accessibility, and support private sector investment in
input acquisition and distribution. Young farmers
need to be encouraged to join in exploring new
technology and best practices. More emphasis should
be placed on preserving the key traits of wheat
cultivars that farmers and consumers want.
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The main shortcoming of the present research is
that it exclusively focuses on geographically
concentrated farmers. Future work will refine the
model by extending the survey nationwide and
including other explanatory variables.
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