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ABSTRACT ARTICLE HISTORY
Farming is more than just a job of Ethiopia’s smallholder farm- Received 7 February 2022
ers, who live in a low productivity environment. This study  Revised 24 March 2022
employed stochastic frontier approach agricultural efficiency Accepted 1 April 2022
in Ethiopia. Furthermore, Tobit model results show that loss

due to wild animals had a negative impact on technical effi-

ciency, while slope of the land and off-farm income had a

positive impact. Regarding to the determinants of allocative

efficiency, uses of mobile have positive impacts and the off-/

non-farm income have negative impacts. In terms of economic

efficiency determinants, land slope has a positive influence,

while loss due to wild animals and off-farm income have a

negative influence. According to the study findings, farmers in

the study area kill wild animals, such as monkeys, pigs, and apes,

because the loss of wild animals has a high impact on agricul-

tural production during the pre-harvest season. Thus to increase

efficiency of farmers and boosting agricultural output, Ethiopian

governments policies and strategies should be directed toward

providing tourism, construction of soil bunds, tree planting,

planting grass, fencing and use of natural fertilizer to maintain

the fertility of steep slopes, and supporting farmers by providing

network facilities for mobile users that boost farmers’ maize

productive efficiency.

Introduction

Globally, the impact of the COVID-19 pandemic on cereal surge in prices
contributed to higher food inflation in many countries, especially those
adversely affected by the pandemic-driven economic hardship, further redu-
cing access to food (FAO, 2021). Due to increase in demand for food, motivat-
ing farmers for sustainable agricultural production and development play an
important role in reduction of poverty and food insecurity (Zakari et al. 2022).
The surge in prices contributed to higher food inflation in many countries,
especially those adversely affected by the pandemic-driven economic hardship,
further reducing access to food. However, the risk of reverting to poverty and
food insecurity remains high, particularly for rural livelihoods that rely on
rained agriculture (World Bank 2016). Farming techniques in rain-based
agricultural country including Ethiopia have largely remained unchanged
over the centuries, resulting in low outputs and making farmers vulnerable
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to the effects of erratic weather patterns (Tefaye and Beshir 2014). As a result
of inefficient farm production and rising population growth, agriculture has
become increasingly stagnant (Nandeeswara and Bealutukela 2015). However,
in the country, farmers cultivate 1 hectare or less of land, and farming
techniques have changed little over the centuries, yielding low outputs and
leaving farmers vulnerable to the effects of unpredictable weather patterns
(ATA 2018). In cognizant challenges over the last decade, the Ethiopian
government has increased agricultural productivity by implementing yield-
enhancing agricultural technologies. However, it is insufficient to meet the
country’s production needs, so the country continues to rely on food aid from
western countries (Tura et al. 2010; Sorsie et al. 2015; Kitila and Alemu 2014).
Hence, increments of technological-based output capacity and investments
research based boost the productive efficiency (Abdulrasheed et al. 2021).
However, the efficiency difference is due to heterogeneities in conditions,
and the diversity of environments in which farmers operate does not have to
be unique (Mechri et al. 2017). The major food crops are grown in almost
every region of the country, with variations in volume due to the amount of
land devoted to each crop type, weather change, and a shift in crop preference
(CSA 2019). Despite the fact that maize is an important food crop in the
Gudeya Bila districts of western Ethiopia, its productivity remains below its
potential despite efforts to develop and disseminate improved technologies. As
a result of food insecurity and an increase in commodity prices, the commu-
nity may be unable to educate their children; there will be no health improve-
ments, no means of subsistence, and the presence of social conflicts, resulting
in severe underdevelopment. In Ethiopia, since social developments are
dynamic and geographically diverse. Hence, increase in farming inefficiency
affects yield. The depletion of soil fertility, landlessness, climate change,
deforestation, and degradation of natural resources are serious problems of
farm productivity improvements (Rafael et al., 2021). Optimization of input
resources for the agricultural production can sustain yield with application of
reduced quantity of family labor and size of land (Dagar et al. 2021).
Moreover, the technological input like synthetic chemical fertilizers has
increased the acidity of soil from time to time (Gebissa 2021). Thus, it is
critical to update current information and knowledge gap on the level and
determinants of the smallholder farmer’s technical, allocative, and economic
efficiency for maize in the study area is believed to be instrumental for policy
design and formulation. Thus, this study investigates efficient technical, allo-
cative, and economic efficiency and identifies efficiency determinants by
incorporating new variables such as loss due to wild animals and the use of
mobile devices for information transmission between farmers and govern-
ment agencies that increase productive efficiency.
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Review of Literature

The stochastic frontier method allows to decompose growth into changes in
input use, changes in technology, and changes in efficiency, and deviations
from extreme represent individual inefficiencies (Belotti et al. 2013). The
stochastic frontier function model is used to utilizes the productive farm
isoquant to gauge economic efficiency and to disintegrate this measure into
technical efficiency (Sharma et al. 2021). SFA approach provides a framework,
where production relationship is estimated also as a conditional average (of
outputs given inputs and other factors, in the case of production function), but
the total deviation from the regression curve is decomposed into two terms —
statistical noise and inefficiency (Kumbhakar, Parmeter, and Zelenyuk 2020).
The stochastic frontier is the most appropriate technique for efficiency studies.
This is because of the fact that this technique accounts for measuring ineffi-
ciency factors and technical errors occurring during measurement and observa-
tion (Coelli 1998). So as to take into account effects of these errors, stochastic
frontier model was used in this study. Technical inefliciency is related to
deviations from the frontier isoquant and allocative inefficiency reflects devia-
tions from the minimum cost input ratios. Thus, economic efficiency is also
defined as the capacity of a firm to produce a predetermined quantity of output
at minimum cost for a given level of technology (Marta and Katarzyna 2020).
Government loans and tax breaks likely determine the efficiency that in turn
increases businesses production capacities (Muhammad et al. 2021).

From the above review, we can conclude that policy implications drawn
from some of the above empirical works may not allow in designing area
specific policies to be compatible with its socio-economic as well as agro-
ecologic conditions(Figure 1). Also the above researcher neither have nor
included the impacts of wild animals, use of mobile phone as determinants
of efficiency. Therefore, this study intends to fill these gaps.

Methods

Description of the Study AreaThis study was conducted in western Ethiopia, i
Gudeya Bila districts(Figure 2). The district’s farming system is primarily
based on mixed crop-livestock production, in which livestock provides man-
ure for a crop, and crop residue is used as a source of feeding for livestock.
Agriculture is distinguished primarily by a rain-fed production system used
for livelihood sustenance. Maize is one of the most important cereals grown in
the study area, where farming is mostly done by oxen, and there is no
mechanized farming system. The district is bounded on the east by the
districts of Jima Ganeti and BakoTibe, on the west by the districts of Guto
Gida and Sibu Sire, and on the north by the district of Abe Dongoro district,
and on the south by Gobbuu Sayyoo district. It is 104 kilometers from the
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Figure 1. Conceptual framework. Geographical information system output, 2021.

zonal capital and 274 kilometers from Addis Ababa, Ethiopia’s capital. It is
situated between latitudes 370 01’ 28” N and 90 17'23” The elevation varies
between 500 and 3500 meters above sea level (GBWOANR 2020). Because this
study involves human participants, the researcher obtained permission from
the Gudeya Bila office of agriculture to collect data from sample households;
however, due to the political situation at the time of data collection, consent
was verbal.

Sampling Techniques and Questionaries’ Design

Following that, multi-stage sampling techniques were used in this study.
Gudeya Bila was chosen in the first stage from western Ethiopia, because
maize was the dominant crop in the district and the researcher was close to
the study area. In the second stage, three Kebeles were purposefully chosen
from the district, namely Zangi, Gute Chancho, and Abay Dale, due to maize
being the dominant food crop grown and the option for livelihood suste-
nance in the study area. In the third stage, simple random sampling was used
to select 60, 24, and 70 sample households from three kebeles. Finally, using
a probability proportional to sample size method, 154 maize-producing
households were chosen. A cross-sectional survey with a structured ques-
tionnaire distributed to the sample households was used in this study to
collect amounts of output produced, inputs used, socioeconomic, demo-
graphic, institutional, farm-specific characteristics, and input costs, such as
labor cost, land rental cost, oxen cost, and seed and fertilizer cost.
Additionally to collect qualitative information, focus group discussion was
employed.
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Figure 2. Map of the study area Geographical information system output, 2021.

Model Specification for Efficiency and Its Determinants

A stochastic frontier model was used to estimate the parameters of the
production function as well as the level of efficiency. This is due to the
fact that this technique takes into account inefliciency factors as well as
technical errors that occur during measurement and observation (Coelli,
Rao, and Battese 1998). The stochastic frontier model was used in this
study to account for the effects of these errors. For this study, the
stochastic frontier model defined below was used, as proposed by
Aigner, Lovell, and Schmidt (1977) and Meeusen and van Den Broeck
(1977)

Yi=f(Xi; B) +vi— u (1)

where Y; measures the quantity of output of the i™ farm, X; is the vectors of
explanatory variables used by the farmer i™ The f is the vector of unknown
parameters. The functional specification f(X;; ) is Cobb-Douglas produc-
tion function. The disturbance term v; is intended to capture the effects of the
stochastic noise and it is assumed to be v; ~N (0, 8%). The disturbance, ui,
captures the technical inefficiencies.

Technical efficiency was calculated from Cobb-Douglas frontier model from
above equation. Technical efficiency levels are calculated in this study by
comparing observed output (Yi) of food maize to the corresponding frontier
output (Yi*) using available technology (Sharma, Leung, and Zalleski 1999)
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Y;

TE,’ -
Y*

(2)
In general, the estimation of cost efficiency using stochastic frontier requires
information on input prices and output quantities. Assuming that the produc-
tion function in equation (1) is self- dual (e.g. Cobb-Douglas), the dual cost
function of the Cobb-Douglas production function can be specified as: the
cost frontier function is also specified as
The farm specific economic efficiency is calculated as the ratio of the mini-
mum observed total production cost (C*) to the actual total production cost
(C) from the above dual cost
C

EE; == (3)
Following Farrell (1957), the allocative efficiency index can be derived as the
ratio of economic efficiency to technical efficiency

EE

AE = —
TE

(4)
After estimating the level of technical, allocative, and economic efficiency
from the stochastic production frontier, it was regressed on farm-specific
independent variables that showed disparity in efficiency across farms
using a censored Tobit model. The reason why we used Tobit model is
the efficiency score is bounded between 1 and 0. Tobit regression
(Gujarati 2004) is defined as follows:

Ex =80+ 8 Zim + (5)

v/z ~ normal (0, 82)

where E* — latent variable represents the technical, allocative, and economic
efficiency scores of maize producers in the study area obtained from stochastic
production frontier and dual cost methods.

0 — a vector of the unknown parameters to be estimated.

Zim — avector of explanatory variables m(m=1, 2, ... n) for maize produ-
cers such as

X1 = loss due to wild animals such as apes, pigs, and monkeys during the
pre-harvest stage

X2 = education levels of household in the year of schooling

x3 = family size in man equivalent

x4 = sex of household in dummy (1 if male zero if female heeded household)

x5 = farm size in hectare

x6 = livestock holding in tropical livestock unit

X7 = livestock in tropical livestock unit
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X8 = slope of land measured in dummy (1 if flat and 0 if steep)

X9 = fertility which is either fertile or infertile

X10 = distance to plot in minute

X11 = land conservation which is one for a plot that is conserved zero
otherwise

X12 = plowing frequency in the number

X13 = distance to the markets market in a minute

X14 = extension contacts in the frequency of contacts during the production
season

X15 = use of radio measured dummy (1 if farmers use radio and 0 if not)

X16 = uses of mobile measured as a dummy (1 if farmers used mobile and 0
if not)

X17 = credit uses measured in dummy (1 if farmers received credit and 0
if not)

X18 = off-farm income dummy (1 if farmers receive in off-farm activities
and 0 if not)

p — error term that is independently and normally distributed with zero
mean and variance

Denoting E; as observed variables,

1 if Ei>=1
{O if E;‘<:0} (©)

Adopting following McDonald and Moffitt (1980) from the likelihood
function, decomposition of marginal effects’ two-limit Tobit model is:
The unconditional expected value of the dependent variable

OE(y) OBV | Olela) —e(z)] | Ot — 9]

The expected value of the dependent variable is conditional upon being
between the limits

OE(y")
o,

1+

_ pm.|1 4 120E) = Z“‘/’(Z“)}] _

{o(zu) — ¢(z1)}

The probability of being between the limits

Olo(z) — ¢(zu)] _ pm
OX; == ¢(z) — p(z)] (9)

where, ¢(.) = the cumulative normal distribution,
@&(.) = the normal density function
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Z1 = z(1) and Z, = are standardized variables that came from the likelihood
function given the limits of y* and o = standard deviation of the model.

Empirical Results and Discussion
Estimation Maximum Likelihood Estimate

Table 1 displays the best-fit maximum likelihood estimates of the para-
meters of the frontier production functions. Three variables (seed, land,
and labor) had a significant effect on maize productivity out of a total of
five variables considered in the stochastic production function. As a result,
a 1% increase in land yields a 0.34% increase in maize production,
assuming all other factors remain constant. The scale coefficient was
determined to be 1.031, indicating that the returns to scale are increasing
(Table 2). This implies that maize producers have the potential to increase
their output, because they are in stage I of the production surface, where
resource use and output are thought to be underutilized. The diagnostic
statistics of inefficiency component reveals that sigma squared (&%) 0.499
was statistically significant at 1%. This indicates goodness of fit, and the
correctness of the distributional form assumed for the composite error
term. The ratio of the standard error of u(du) to standard error v(Jv)
known as lambda (1) was 4.929. Depending on the value of lambda

gamma value is derived using the formula (y:%), the gamma (y)

was 96.04%. It also shows that about 96.04% of the variations in output of
maize farmers are caused by technical inefficiency. The remaining 3.06%
variation was due to random noise that is beyond the control of the
farmers.

Table 1. Review on determinants of efficiency differential.

Expected
Efficiency determinants Measurement unit sign Authors
Age of household head Years Positive Degefa 2017
Sex of household head (if male Dummy Positive Fantu et al. 2011
household head)
Education level of household head Years of formal Positive Mustefa et al. 2017
schooling
Total number of household members ~ Man equivalent Positive Sorsie et al. 2015
Total area of crop land held by Hectares Negative Lemessa et al. 2017
household head
Total livestock holding TLU Positive Tsegaye and Ernst
Fertility status of maize plot Dummy Positive Bati, Tilahun, and Kumar
Parabathina 2017
Distance to nearest market Kilometer Negative Tefaye and Beshir 2014
Uses of credit Dummy Positive Meja, Alemu, and Shete 2021
Frequency of extension contacts Numbers Positive Doo-Young et al. 2020
Off-/non-farm income Dummy Positive Qamar et al. 2016

Review from literature (2021).
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Table 2. Results of Cobb-Douglas stochastic frontier production function.

Ln of output Coefficient Std. Err. z P>z
Lan seed 0.218* 0.118 1.85 0.064
Lan land 0.342%** 0.1064 3.21 0.001
Lan nitrogen phosphorous sulfur 0.073 0.079 0.93 0.354
Lan UREA 0.004 0.1005 0.04 0.965
Lan oxen 0.286%** 0.1039 2.75 0.006
Lan labor 0.107 0.0839 1.28 0.201
Cons 1419 0.489 2.90 0.004
Sigma square 0.499 0.070 0.362
Lambda 4.929 0.072 4.787

Note: *d *** refer to 10%, 5%, and 1% significance level, respectively.
Source: Stochastic frontier model result (2021).

The dual cost function derived analytically from the stochastic production
function is given as follows, which is the basis for computing allocative and
economic efficiency

ICmi = 4.27 + 0.25w; + 0.076w; + 0.0.34w3 — 0..14w4 + 0..17ws — 0.01ws
+0.14Y *

(7)

where [Cmi is the cost of producing maize; w,; refers to the price of seed; w; is
the cost of land; w; is the cost of NPS; w, is the cost of UREA; ws is the cost of
oxen; wg is the cost of labor and Y* is output adjusted for any statistical noise;
i"™ refers to the i™ sample household.

Kernel Density Estimate for Technical, Allocative, and Economic Efficiency

Kernel density function measures variations in inefficiency of individual farm-
ers. In addition, a test for normality technical, allocative, and economic
efficiency was also made using Kernel density estimate. Kernel density esti-
mate graph resembles the normally distributed curve (Figure 3).

Technical, Allocative, and Economic Efficiency Score

According to the results of the frontier model, farmers in the study area were
relatively good in terms of allocative efficiency than in terms of technical and
economic efficiency of maize production in the district’s low land. The mean
technical efficiency level was 63.86%, ranging from 4.04% to 94.44%, indicat-
ing that maize-producing farmers have the opportunity to efficiently utilize
resources and thus increase current maize output by 36.14% using existing
technology. The average allocative efficiency of farmers in the study area was
68.41%, with ranges ranging from 37.73% to 88.5%, indicating that maize
producer farmers can save 31.59% of their current input costs if resources are
used efficiently. The mean economic efficiency level of sample households was
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Figure 3. Kernel density estimate for technical, allocative, and economic efficiency.

43.65%, as shown in Table 3, with minimum and maximum efficiency scores
of 1.78% and 79.79%, respectively. This demonstrates that a producer with an
average level of economic efficiency could reduce the current average cost of
production by 56.35% in order to achieve the potential minimum cost level
without reducing output levels (Table 4). This analysis yielded a technical
efficiency result that is higher than the result of Gosa and Jema (2016). Gosa
and Jema (2016) discovered that allocating efficiency is below finding.
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Distribution of Technical, Allocative, and Economic Efficiency

In terms of efficiency distribution, 75.9%, 91.55%, and 64.28% of respon-
dents have a technical, allocative, and economic efficiency score greater
than 50%, while 24.02%, 8.44%, and 35.71% of respondents have a tech-
nical, allocative, and economic efficiency score less than 50% (Figure 4).
This result shows that the farmers in the study area are relatively efficient
more than half.

Determinants of Technical, Allocative, and Economic Efficiency of Maize and Its
Marginal Effects

In the study area, most losses are caused by wild animals, such as apes,
monkeys, and pigs, consuming the maize crop during the day and night during
the pre-harvest stage. As a result, farmers find it difficult to control such wild
animals, even if they devote more time to doing so during that time. The
coefficient of maize crop loss due to consumption by wild animals such as
apes, monkeys, and pigs for technical efficiency and economic efficiency is
negative and statistically significant at 5% significance levels, respectively. This

Table 3. Technical, allocative, and economic efficiency score.

Variable Observation Mean Std. Dev. Min Max
TE 154 0.638 0.19 0.04 0.944
AE 154 0.684 0.12 0.377 0.885
EE 154 0.436 0.14 0.0178 0.797

Source: Model result (2021).

Table 4. Determinants of technical efficiency and its marginal effects.

TE Coefficients Standard error Marginal effects
OE(y) FEY) ANe(Zy—=2Z1)
X X X

Loss due to wild animals 0.011** 0.005 0.005 0.004 0.003
Educational levels -0.012* 0.020 0.019 0.017 0.010
Family size —-0.007* 0.006 0.005 0.005 0.003
Farm experience —0.0005 0.002 0.002 0.002 0.001
Sex of household 0.058 0.037 0.036 0.033 0.014
Farm size 0.004 0.014 0.014 0.012 0.007
Livestock holding —0.0009 0.006 0.006 0.005 0.003
Slope of land 0.052%*** 0.018 0.017 0.015 0.010
Fertility status 0.039 0.030 0.029 0.025 0.017
Distance to plot 0.002 0.002 0.002 0.001 0.001
Land conservation -0.013 0.030 0.028 0.025 0.015
Plowing frequency 0.00008 0.021 0.020 0.017 0.010
Distance to the markets —0.0006 0.001 0.001 0.001 0.000
Extension contacts 0.002 0.003 0.003 0.003 0.002
Use of radio —0.0089 0.031 0.030 0.026 0.015
Uses of mobile 0.0118 0.031 0.030 0.026 0.016
Credit uses —-0.024 0.030 0.029 0.025 0.015
Off-farm income —0.094*** 0.033 0.031 0.028 0.015
Constant 0.678%** 0.117

Note: *, **, and *** significant at 10%, 5%, and 1% level significance, respectively.
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Figure 4. Distribution estimates of technical allocative and economic efficiency score.

is because farmers spend more time protecting wild animals from crops than
they do on crop weeding, which increases crop yields. These marginal effect
results show that farmers are more likely to be technically and economically
efficient of 0.3% and 0.019%, respectively, with improvements in mean tech-
nical and economic efficiency of 0.4% and 0.3%, respectively, and an overall
increase in technical and economic efficiency of 0.5% and 0.4%.

At the 5% and 10% level of significance, the results also showed that using
mobile had a positive sign and statistically significant effect on allocative effi-
ciency and economic efficiency (Table 5). This implies that mobile-enabled
households have higher levels of allocative efficiency on average. This is because
the use of mobile phones allows a household to better understand production
methods and information, because Ethiopian telecom distributes production,
price, and rainfall information to farms via telephone. This outcome corre-
sponds to Sisay et al. (2015). The marginal effect results in a 1.3% and 0.94%
increase in the probability of farmers being allocatively and economically
efficient, a 1.7% and 2.3% increase in mean allocative and economic efficiency,
and a 3.8% and 1.6% increase in overall probability and mean efficiency.

At the 1% level of significance, the slope of land had a positive effect on
technical and economic efficiency. This means that farmers who plot maize on
steep slopes are more efficient than farmers who plot on flat slopes. This could
be because flat slopes are less prone to soil erosion and fertilizers are not
displaced from their sown location. This result was consistent with the find-
ings of Mustefa (2017); Kitila and Alemu (2014). Furthermore, the results of
the Tobit model’s marginal effect show that the probability of farmers being
technically and economically efficient due to the slope of the land being flat is
1% and 0.095%, and the mean technical and economic efficiency due to the
slope of the land being flat is 1.5% and 1.3%, with an overall increase in
probability and efficiency due to the slope of the land being flat being 1.8%
and 3.9%.
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Table 5. Tobit model estimates for a determinant of allocative efficiency and its marginal effects.

Allocative efficiency Coefficients Standard error Marginal effects

9EW) ) ANolZv-2)

X, X, X,
Loss due to wild animals 0.0013 0.001 0.003 0.003 0.002
Educational levels —-0.00183 —0.002 0.013 0.011 0.007
Family size —0.0008 —-0.001 0.004 0.003 0.002
Farm experience 0.0005 0.001 0.001 0.001 0.001
Sex of household 0.028 0.028 0.025 0.021 0.008
Farm size -0.020 -0.020 0.010 0.008 0.006
Livestock holding 0.006* 0.006 0.004 0.003 0.002
Slope of land 0.003 0.004 0.012 0.010 0.006
Fertility status 0.009 0.010 0.020 0.017 0.011
Distance to plot —0.002 —-0.002 0.001 0.001 0.001
Land conservation 0.022 0.022 0.020 0.016 0.010
Plowing frequency 0.012 0.013 0.014 0.011 0.007
Distance to the markets —0.0002 0.0001 0.0001 0.0001 0.0001
Extension contacts —0.0028 —0.003 0.002 0.002 0.001
Use of radio —0.0266 -0.027 0.021 0.017 0.012
Uses of mobile 0.038** 0.038 0.021 0.017 0.013
Credit uses 0.0044 0.004 0.020 0.017 0.011
Off-farm income —0.0340* -0.034 0.022 0.018 0.010
Constant 0.606*** 0.606

Note: *, **, and *** significant at 10%, 5%, and 1% level significance, respectively.

The coefficient for livestock holding was positive and had a significant
influence on allocative and economic efficiency at 10% level(Table 5 and 6).
The result reveals that having largest number of livestock holding helps to shift
cash constraint, provide manure, and to satisfy all needs of farmers in the study
area. Each unit increase in the value of livestock holding would increase the
probability of a farmer being allocatively and economically by 0.2% and 0.019%
and the expected value of allocative and economic efficiency of about 0.3% and
0.4%, with an overall increase in the probability and the level of efficiencies of
0.4% and 0.5%.

In this study, the coefficient of off-farm income was statistically significant
at 5%, with the level of significant effect relating to technical, allocative, and
economic efficiency all together. Off-farm activities may have a negative
impact on efliciency, because farmers who engage in off-farm activities, such
as petty trade, handcraft, and carpentry, may shift to off-farm activities. The
outcome is consistent with the findings of Kifle (2017); Gizachew (2018).
According to the Tobit model, the probability of farmers increasing their
technical, allocative, and economic efficiency as a result of off-farm income
was 1.5%, 1%, and 0.13%, the mean increase in technical, allocative, and
economic efficiency as a result of off-farm income was 2.8%, 1.8%, and 2.4%,
and the overall increase in probability and mean efficiency was 3.3%, 2.2%,
and 6.8%.

The sign of education was negative effect on technical and economic
efficiency. This implies that more educated farmers are less technically and
economically efficient than those who have relatively less education(Table 4
and 6). This could be because educated farmers have shift from farming to
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trade or other managerial activities rather than farming. Moreover, an 1-year
increase in educational level of the household head decreases the probability of
the farmer being technically and economically efficient of 1% and 0.06% and
change in the expected value of technical and economic efficiency of 0.17%
and 0.15% with an overall increase in the probability and levels of TE and EE
of 0.19% and 0.15%, respectively. This result is consistent with finding of
Isyanto, Sudrajat, and Yusuf (2021).

Family size had a negative impact on economic efficiency(Table 6). This
suggested that small family size was more efficient than their larger counter-
parts. This is due to the reason that the large family size consumes most of the
agricultural product and difficult to manage their household expense in addi-
tion to agricultural expense. The marginal effect after Tobit model shows that
the probability of farmers being technically and economically efficient due to
decrease in household family size was 0.3% and 0.06%, the means technical
and economic efficiency increased by 0.5% and 1.5% due to decrease in
household experience, and the overall increase in probability and mean tech-
nical and economic efficiency decrease by 0.5% and 1.5% (Berhanu et al. 2021).

Managerial Implication

As information obtained from qualitative information, there is problem of
maize productivity efficiency. Thus, to solve this issues, different departments
of the country can act community problems. Community management is not
the task of a single position but needs to be accomplished jointly by employees
of different departments and hierarchical levels. First one is that there are three

Table 6. Tobit model estimates for the determinant of economic efficiency and its marginal effects.

Economic efficiency Coefficients Standard error Marginal effects

OE(y) OE(*) Ae(zy-2,)

X, X, %
Loose due to wild animals 0.0064** —0.006 0.004 0.003 0.00019
Educational levels —-0.013* -0.014 0.015 0.015 0.0006
Family size —0.005* —0.005 0.004 0.004 0.00018
Farm experience —0.0002 0.000 0.001 0.001 0.00005
Sex of household 0.054** 0.054 0.028 0.027 0.00102
Farm size —0.0109* —-0.011 0.011 0.010 0.00044
Livestock holding 0.004* 0.005 0.005 0.004 0.00019
Slope of land 0.038*** 0.039 0.014 0.013 0.00095
Fertility status 0.023 0.023 0.022 0.022 0.00115
Distance to plot —0.00008 0.000 0.001 0.001 0.00004
Land conservation 0.0014 0.001 0.022 0.022 0.00077
Plowing frequency 0.0098 0.010 0.015 0.015 0.00058
Distance to the markets —0.0002 0.000 0.001 0.0001 0.00002
Extension contacts —0.0016 —-0.002 0.002 0.002 0.00009
Use of radio —0.018 —-0.019 0.023 0.022 0.00093
Uses of mobile 0.016* 0.016 0.023 0.023 0.00094
Credit uses —0.017 -0.017 0.022 0.022 0.00083
Off-farm income —0.068*** —0.068 0.024 0.024 0.0013
Constant 0.417%** 0.417

Note: *, **, and *** significant at 10%, 5%, and 1% level significance, respectively.
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developmental agents responsible for disseminating the information and pro-
viding assistance for techniques of production. The upstanding knowledge of
those developmental agents is crucial by government organization and hiring
the second is the kebele leader who is responsible for providing the adminis-
tration. As information obtained the focus group discussion, the political
instability is the main problem that decreases the productive efficiency, so
the kebele leader has to work with the higher governments officials to stabilize
the politics in the country.

Conclusion

Food production in developing countries can be increased by improving
efficiency and addressing the issue of production efficiency, as the use of
improved technologies is prohibitively expensive, because farmers are
subsistence farmers. Since monkeys, pigs, and apes have a negative impact
on maize production in the study area. These have two consequences:
crop yield loss in one direction and species extinction in the other. Thus,
in order to protect those wild animals from extinction and the loss of
agricultural products, agricultural policies and strategies that provide a
controlling mechanism for those animals through tourism are critical. The
Ethiopian government must provide educational opportunities for people
living in remote areas to learn how to use mobile phones, as well as low-
cost mobile phones for agricultural information transformation and the
construction of network facilities for rural communities. Furthermore,
improving land productivity status by implementing new soil conservation
practices on their farm through improved sustainable land management
practices, particularly planting grass and soil bund, is encouraged, parti-
cularly on steep slopes where soil erosion is a risk. Finally, additional
research on the effects of environmental degradation on agricultural
efficiency, as well as a comparative analysis of agricultural efficiency in
different agroecologies of the study area in particular and Ethiopia in
general, is required.

Additionally, further research has to done for efficiency of smallholder
farmers on off-/non-farm activities and integration of crop livestock
efficiency.Further research can be done on sustainable land management’s
efficiency and risk adjusted efficiency. The main challenge faced during
data collection was fear of the respondents to answer the question because
of the political situation in the country and the existence of COVID 19.
Even though there is no good situation, the researchers overcome the
limitation by smooth relationships and close supervision during data
collection.This research is based on cross-sectional data but does not
show inter-temporal differences in efficiency levels of households. So
turther research has to be done by time-varying stochastic frontier
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model by applying panel data collection across the different time intervals
to assess the farmers’ technical, allocative, and economic efficiency
increase or decrease over the time period. This study is limited to the
application of frontier model on economic efficiency only. So further
application of stochastic frontier on profit and risk on agricultural pro-
ductivities has to be done.

It is clearly fact that for resource poor farmers such as Ethiopia, efficient
utilization of resource is a major means to obtain maximum output. So it is
through stochastic frontier model to know the proper allocation of resource and
minimizing input usage to achieve maximum output, thus the governments
have to trains extension agents who are specialized on techniques of farm
managements who know frontier model on proper allocation of resources.
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