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Impact of Agricultural Technology Adoption on 
Food Consumption Expenditure: Evidence from 
Rural Amhara Region, Ethiopia
Mesele Belay Zegeye1*, Abebaw Hailu Fikire1 and Anteneh Bezualem Assefa1

Abstract:  The purpose of this study is to examine the impact of agricultural 
technology adoption on household food consumption expenditure in rural Amhara 
regional state, Ethiopia. The study is based on the data obtained from the Ethiopian 
Socioeconomic Survey collected in 2015/16. Household-level data were taken from 
656 rural farm households in the Amhara region of Ethiopia. The study used the 
endogenous switching regression model to estimate the impacts of agricultural 
technology adoption on household food consumption expenditure per adult 
equivalent per annum. The result of the study reveals that adopting agricultural 
technology significantly increases household food consumption expenditure per 
adult equivalent. Moreover, the difference in household food consumption expen-
diture per adult equivalent between the actual and counterfactual scenarios is very 
high. The findings of the study reveal that broader investment in agricultural 
technology and increased access and adoption of agricultural technologies signifi-
cantly improve the welfare of farm households.

Subjects: Economics; Microeconomics; Econometrics; Development Economics ;  

Keywords: Agricultural technology; adoption; endogenous switching model; consumption

1. Introduction
In developing countries, where agriculture is the main engine of the economy and offers the major 
growth share, agricultural growth as a result of technology adoption remains significant to improve 
the welfare of farm households, economic growth, and reduce poverty. Agriculture, in many aspects, 
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is the main sector of the Ethiopian economy; it accounts for about 34.1% of the GDP, employs 79% of 
the population, accounts for 79% of foreign exchange earnings, it is the major source of raw material 
and capital for investment and provides large market (Diriba, 2020). Even if agriculture is the 
mainstay of the country’s economy, its productivity is very low. This is mainly because the sector is 
heavily dependent on rain-fed agriculture, traditional farming system, subsistence production, and 
highly vulnerable to climate change effects (Kelemu, 2015). These characteristics coupled with high 
population growth necessitate improving agricultural productivity for the country; for this, adoptions 
of agricultural technologies are widely prioritized. In countries with land scarcity and growing 
problems of land degradation, including Ethiopia, agricultural production can be increased through 
the adoption of agricultural technologies (De Janvry et al., 2017; Teka & Lee, 2020). Many agricultural 
technologies have been implemented, thereby improving the welfare of the farm households by 
increasing farm income and consumption expenditure.

Following the green revolution, Ethiopia’s agricultural development policy has diverted towards 
implementing adoptions of modern agricultural technologies and practices. These include land man-
agement, fertilizer use, high-yielding varieties, weed and pest management, soil and water conserva-
tion, natural resource management, modern farming techniques, and machinery, among smallholder 
farmers (Tefera et al., 2016). Following this, this study considered the adoption of three technologies, 
namely, organic fertilizer, inorganic fertilizer, and herbicide, due to the higher adoption rates in the 
Amhara region during the survey period. The adopters in this study are farm households that used at 
least one of the above technologies in any one of their crop fields. Although there is a great focus on 
these technologies, the adoption rate was not high and does not keep up with modern technologies, 
which significantly limits the productivity of smallholder farmers. The national-level intensity of 
agricultural technology use is still lower than the recommended rates and even much lower than 
many developing countries (Asmare et al., 2019; Kelemu, 2015; Weldegiorges, 2015).

Agricultural technology is among the most changeable and impactful areas of modern technology, 
driven by the fundamental need for food and for feeding an ever-growing population. The adoption of 
agricultural technologies enables improvement in agricultural productivity and also reduces poverty 
by increasing the income and consumption of farm households. Moreover, the adoption of agricul-
tural technology increases production for home consumption and reduces food prices, which 
encourages more food consumption (De Janvry et al., 2017). Given that, various studies that were 
conducted at the country and regional levels have confirmed the poverty reduction effect of the 
adoption of agricultural technologies. For example, Asfaw et al. (2012), Zeng et al. (2014), Sebsibie 
et al. (2015), and Jaleta et al. (2015), Shita et al. (2018, 2020), Teka and Lee (2020), Biru et al. (2020), 
Chirotaw (2020), Feyisa and Yildiz (2020), Ayenew et al. (2020), Tamirat and Abafita (2021), and 
Wordofa et al. (2021) have conducted a study on the impact of agricultural technology adoption on 
smallholder farmer’s welfare and found that the adoption has significantly raised production and 
productivity, household income, nutrition, consumption expenditures.

Thus, this study is inspired to gain more insight into how the adoption of agricultural technol-
ogies can increase household food consumption expenditure and reduce poverty in the Amhara 
region, Ethiopia. The contribution of the study to the existing literature is three-fold. First, some 
studies focused on the determinants of agricultural technology adoption in the region and the 
country, for instance (Feyisa & Yildiz, 2020; Kelemu, 2015; Tefera et al., 2016). However, this study 
examines both the determinant and implied impacts of adopting agricultural technology on food 
consumption expenditure. Second, many studies evaluated the impacts of single technology 
adoption on single crop productivity and consumption expenditure, for example (Ayenew et al., 
2020; Biru et al., 2020; Sebsibie et al., 2015; Tamirat & Abafita, 2021; Zeng et al., 2014). However, 
this paper evaluates the impact of various technology adopters on food consumption expendi-
ture regardless of the crop grown by the households. Third, most previous studies have been 
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applied, OLS, Tobit, and PSM models, to estimate the impacts on the outcome variable, for 
example (Sebsibie et al., 2015; Shita et al., 2020; Tamirat & Abafita, 2021; Teka & Lee, 2020; 
Wordofa et al., 2021). However, these models are subject to self-selection bias, inadequate 
counterfactuals, and endogeneity problems, which do not clearly show the effect of adoption 
on the outcome variables (Belay & Mengiste, 2021; Biru et al., 2020; Kassie et al., 2018). In 
addition, these methods assume that selection bias due to unobservable factors is only marginal; 
while in non-experimental studies of this kind, evaluating the impact is challenging mainly 
because of selection bias due to both observable and unobservable factors (Belay & Mengiste, 
2021; Kassie et al., 2018). In this regard, this study employed an endogenous switching regres-
sion model, which accounts for all the impact evaluation challenges. Finally, there is no enough 
study conducted on the impact of agricultural technology adoption on food consumption expen-
diture in the study area. Therefore, the objective of this study is to examine the impact of 
agricultural technology adoption on household food consumption expenditure in the rural 
Amhara Region, Ethiopia.

2. Literature
Theoretically, it is assumed that agricultural technology adoption boosts agricultural productivity and 
improves household welfare by reducing poverty. However, the potential effect of technology adop-
tion depends on whether farmers adopt, and if they do, also depends on the take-up rate of 
agricultural technology. This is usually measured by the length of time required for a certain percen-
tage of the members of the system to adopt the technology innovation. Besides, innovations that are 
perceived by individuals as possessing a higher relative advantage, compatibility, less complexity, 
divisibility, and observability have a more rapid rate of adoption (Rogers, 2010). Adoption decisions 
are generally assumed to be the outcome of optimizing expected profit, where returns are a function 
of land allocation, the production function of the technology, and the costs of inputs and prices of 
outputs (Feder et al., 1985). The contribution of agricultural technology adoption to economic growth 
in turn-on productivity and poverty reduction can only be realized when and if the adopted technol-
ogies are widely diffused and used. Diffusion of innovation results from a series of individual decisions 
begins using the new technology, decisions that are often the results of a comparison of the uncertain 
benefits of the new invention with the uncertain costs of adopting it. When making farmer’s decisions 
about the adoption of a given technology, farmers are assumed to weigh the impacts of the adoption 
of innovations against their economic, social, and technical feasibility; then, farmers evaluate these in 
terms of the incremental benefits of using new technology (Admassie & Ayele, 2011).

Accordingly, various studies have been conducted on the impact of agricultural technology 
adoption on productivity, food security, and poverty in Ethiopia. For instance, Sebsibie et al. 
(2015) analyzes the impact of agricultural technology adoption on household welfare in the 
Amhara regional state using propensity score matching (PSM) techniques of impact evaluation. 
They found that agricultural technology adoption significantly increases the consumption of the 
farm households and improves household welfare (reduce poverty). Shita et al. (2020) examines 
the impact of the adoption of agricultural technology on income inequality using PSM methods. 
They found that the adoption of agricultural technologies such as chemical fertilizer and improved 
seeds significantly increases total household income but worsens income distribution. Biru et al. 
(2020) examines the impact of multiple complementary technology adoption on consumption, 
poverty, and vulnerability of smallholders in Ethiopia. They find that the adoption of improved 
technologies increases consumption expenditure significantly and the greatest impact is attained 
when farmers combine multiple complementary technologies.

Tamirat and Abafita (2021) investigate the factors affecting the adoption decision of row planting and 
its impact on income and expenditure in Duna district cross-sectional field survey data gathered in 
2018–2019. The results of binary logit regression revealed that the technology participant was 
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significantly affected by age, education status, size of family, off-farm income, land-holding, livestock 
holding, the quantity of fertilizer used, farmers training center, and access to credit and extension 
services. Adoption was associated with a significantly higher crop yield and expenditure. Wordofa et al. 
(2021) analyzes the impact of the adoption of agricultural technology on farm household income in 
eastern Ethiopia using PSM. They find that the adoption of agricultural technologies significantly 
increases the income of the adopters compared to those households not using such technologies. 
Belay and Mengiste (2021) examines the impact of agricultural technology adoption on poverty reduc-
tion in the north Shewa zone of the Amhara region of Ethiopia in 2020. The results revealed that farm 
household’s decisions to adopt agricultural technologies are mainly influenced by the sex of the house-
hold head, credit access, saving, extension visit, farm cooperatives, and distance from the market. The 
adoption of agricultural technology has a direct and significant impact on increasing household con-
sumption expenditure while also reducing household poverty. Generally, the empirical works that have 
been conducted show that agricultural technology adoption is an important strategy for increasing 
agricultural productivity, achieving food self-sufficiency, and poverty reduction, among smallholder 
farmers.

3. Methodology

3.1. Description of the study area
Amhara national regional state is located in the northwestern and north-central parts of Ethiopia. 
The region is the second populous region with a projected population of 21.8 million in 2019 (CSA 
(Central Statistical Agency), 2019). It consists of 12 administrative zones, 105 Woredas, and 78 
urban centers. The land area of the region is 254,708.96 km2 and the region is the third largest in 
the country. Agriculture is the mainstay economic activity, in which nearly 84 percent of the 
population lives in rural areas. The most common agricultural activities practiced in the region 
are crop production, plantation, animal husbandry, forestry and logging, and fishing. The intensive 
use of land in the region has led to the recurrent occurrence of drought and this has resulted in 
14.8 percent of the rural households being chronically food deficient (UNICEF (United Nations 
Children’s Fund), 2018). To improve the livelihood of farming households, the application of 
modern agricultural technologies was taken as a measure throughout the region. According to 
Tefera et al. (2016), the agricultural technologies practiced in the Amhara region include improved 
seed, fertilizer (DAP, urea, compost, and manure), row planting, herbicide, pesticide, dairy, 
improved breed, improved seeds, and forage management and use of services for artificial 
insemination promoted through the extension system.

3.2. Data description
The study is based on the data obtained from the Ethiopian Socioeconomic Survey (ESS) collected 
in 2015/16. The survey covers all the regions of Ethiopia, and the data covered a wide range of 
topics such as household characteristics, labor, welfare, agriculture, food security, land character-
istics, credit, extension service, social capital, agricultural technology adoption practices, and 
shocks. The data cover rural areas, small towns, medium and large towns; however, households 
from small, medium, and large towns were omitted for the reason of the inapplicability of farming 
technology adoption. Thus, this study considered only rural farm households found in the Amhara 
regional state of Ethiopia. Accordingly, from the survey, a total of 732 farm households were 
obtained from rural Amhara. However, during data management, a total of 76 households were 
dropped due to missing information. Finally, after adjusting and accounting for missing variables 
and values, the final sample used in the study is 656 farm households.

3.3. Econometric framework
Assume that farmers aim to maximize their utility (Ui)—that is productivity or food consumption 
expenditure in our case, by comparing with alternative package p. For the ith farmer faced with k 
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alternative technology choices, the choice of alternative technology k over any alternative package 
p implies that Uik > Uip for all other p�k. The expected utility of the farmer from adopting technol-
ogy package k ðU�ikÞ is a latent variable determined by the observed plot, household, and location 
characteristics (Zi) and unobserved characteristics (εij),  

U*
ik ¼ Ziβk þ μik; (1) 

which refers to a vector of observed explanatory variables defined in Table 1 and μik is the error 
term. Let C be an index that indicates the choice that the farmer has made, such that  

C ¼

1 iff
:

:

:

k iff

U�i1 > maxp�kðU�ipÞ or
:

:

:

U�ik > maxp�kðU�ipÞ or

Ti1 < 0
:

:

:

Tik < 0

;

8
>>>><

>>>>:

(2)  

which is the expected difference in utility (household food consumption expenditure per adult 
equivalent) between alternative technology packages k and p. Hence, the ith farmer will adopt 
alternative technology package k if and only if Tik ¼ maxp�kðU�ip � U�ikÞ>0. Therefore, if farmers 
adopt different agricultural technologies based on their expectations, we expect that an increase 
in household food consumption expenditure per adult equivalent, which could be capitalized to 
raise households above the poverty threshold.

The endogenous switching regression model (ESR) model used here is adapted from Lokshin and 
Sajaia (2004) and Belay and Mengiste (2021), and the adoption of agricultural technology and its implied 
impacts on household food consumption expenditure per adult equivalent are estimated for adopters 
and non-adopters separately controlling the endogenous nature of technology adoption decisions.

Assume that a farm household will choose to adopt agricultural technology if the expected 
utility from adopting is greater than non-adopting. Let Ti* be the latent variable that captures the 
expected benefits from the adoption of agricultural technology compared with non-adoption. The 
adoption equation for farmers’ choice can be specified as  

T�i ¼ βZi �; with Ti ¼
1 if T�i > 0
0 otherwise ;

�

(3) 

where Farm household i will adopt agricultural technologies if T�i > 0 and will not adopt otherwise, 
T�i is the unobservable or latent variable for technology adoption (Ti is its observable counterpart, 
equals 1 if a farmer has adopted the technology and 0 otherwise), Zi are exogenous factors that 
influence adoption and �i is random disturbances. Measuring the impacts of agricultural technol-
ogy adoption on the outcome variable requires control of potential selection bias, endogeneity 
problem and unobserved heterogeneity. To achieve this, the study applied the endogenous switch-
ing regression model (ESR).
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3.3.1. Endogenous Switching Regression (ESR)
Accounting for endogeneity, selection biases, and unobserved heterogeneity, the ESR measure can 
then be produced into two estimable functions where farmers faced two regimes: (i) to adopt and 
(ii) not to adopt. Let household food consumption expenditure be indicated by food consumption 
per adult per annum, C1i for adopters and C0i for non-adopters. Then, the two food consumption 
equations are specified as follows:  

Non � adopters 0 : C0 ¼0 Z0iε0i if Ti � 0; (4)  

Adopters 1 : C1 ¼1 Z1iε1i if Ti � 1; (5) 

where Ci are the outcome variables for household food consumption per adult equivalent in 
regimes 1 and 0; Zi denote exogenous factors that influence food consumption expenditure; εi 

are parameters to be estimated, and εi denote the disturbance term. Finally, the error terms in 
equations (1), (2) and (3) are assumed to have a trivariate normal distribution, with zero mean and 
non-singular covariance matrix expressed as  

covðε1; ε0; �Þ ¼

d2
ε0

� dε0�

� d2
ε1

dε1�

� � d2
�

2

6
4

3

7
5;

where δ2
� is the variance of the error term in selection equation (1) (which can be assumed to be equal 

to 1 since the coefficients are estimable only up to a scale factor), δ2
ε0 

and δ2
ε1 

are the variances of the 
error terms in the welfare outcome functions (2 and 3), and δε1� represent the covariance of the error 
term of the selection equation (�) and the outcome equation of regime 0 (ε0) and regime 1 (ε1). Since 
the covariance between ε0 and ε1 is not defined, C1 and C0 are never observed simultaneously 
(Maddala, 1986).

An important implication of the error structure is that, because the error term of selection 
equation (1)� is correlated with the error terms of outcome functions (2) and (3) (ε0 and ε1), the 
expected values of ε0 and ε1 conditional on the sample selection are non-zero. Mathematically:

E ε1=Ti ¼ 1½ � ¼ δε1�
ϕ βZið Þ

βZið Þ
= δε1�λ1 and E ε0=Ti ¼ 0½ � ¼ � δε0�

ϕ βZið Þ

1� βZið Þ
¼ δε0�λ0

Where, ϕ :ð Þ is the standard normal probability density function, :ð Þ the standard normal cumu-
lative density function, and λ1 ¼

ϕ βXið Þ

βXið Þ
and λ0 ¼

ϕ βXið Þ

1� βXið Þ
. These are inverse Mills ratios computed from 

the selection equation and are included in the outcome equation. If the estimated covariance and 
δε0� are statistically significant, then the decision to adopt and the outcome variables are corre-
lated, that is, there is evidence of endogenous switching and thus a rejection of the null hypothesis 
of the absence of sample selectivity bias.

In this case, the appropriate and efficient method to estimate ESRs is full information maximum 
likelihood (FIML) estimation. The FIML method simultaneously estimates the selection equation 
and the outcome equations to yield consistent standard errors. Given the assumption of trivariate 
normal distribution for the error terms, the logarithmic likelihood function for the system of 
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Equations 1, 2 and 3 can be given as  

LnLi ¼ ∑
N

i� 1
Ti½ln ϕ

ε1

dε1
� lndε1 þ lnδðψ1iÞ� þ 1 � Ti½lnϕ

ε0

dε0
� lndε0ð1 � lnδðψ0iÞÞ�;

where ψ ji ¼
βZiþpjεji=δjffiffiffiffiffiffiffiffi

1� p2
j

p , j i = 1, 2, with δj denoting the correlation coefficient between the error term �

of selection equation 1 and the error terms εji of equations 2 and 3.

According to Di Falco et al. (2011) and Belay and Mengiste (2021), for the ESR model to be 
adequately identified, it is important to use exclusion restriction due to the endogenous nature of 
technology adoption decisions. Hence, this study applied exclusion restriction, in which explanatory 
variables that affect the selection equation directly but not the outcome equation (this study used 
extension agent, plot distance, distance from the road, and market for exclusion restriction) were 
excluded. These variables affect the adoption decision but not the outcome equation directly. For 
example, extension visits encourage adoption because it gives detailed information, training, and 
advisory services about the source, use, and importance of the technologies to the farmers. Distance 
from market to road may also discourage adoption because those farmers with better access to the 
market and main road may buy (sell) agricultural inputs (outputs) on time and with a reasonable price 
are more likely to adopt farm technologies. Finally, plot distance may have a significant effect on 
adoption because as the distance to the plot is far away from the homestead, the less likely will be on 
time plot preparation, weeding, harvesting, input utilization, and hence farm households are less 
likely to adopt agricultural technologies. If the excluded variables are a valid instrument, they will 
affect the adoption decision, not the outcome equations. The test result shows that the selection 
instruments are found to be highly insignificant at the 5% level. This confirms the validity of the 
selected instrumental variables and the model is adequately identified.

3.3.2. Estimation of average treatment effects
To assess the impact of technology adoption on household food consumption expenditure, the 
counterfactual outcomes should be estimated. The ESR model allows us to estimate adequate 
counterfactual situations, and one can estimate the average treatment effects of adoption. Thus, 
from equations (2 and 3), the expected actual and counterfactual values of food consumption 
expenditures are computed as follows:

Adopters with adoption (actual): 

E C1 T ¼ 1j½ �¼ α1Z1δε1�λ1 (6) 

Adopters had decided not to adopt 

E C1 T ¼ 0j½ � ¼ α1Z0δε1�λ0 (7) 

Non-adopters without adoption 

E C0 T ¼ 0j½ �¼ α2Z0δε0�λ0 (8) 

Non-adopters had decided to adopt 

Zegeye et al., Cogent Economics & Finance (2022), 10: 2012988                                                                                                                                      
https://doi.org/10.1080/23322039.2021.2012988

Page 8 of 16



E C0 T ¼ 1j½ �¼ α2Z1δε0�λ1 (9) 

Taking the difference between equation (4) and (7) gives the average effect of technology on 
adopters (Average Treatment effect on Treated (ATT)) and is given as  

TT ¼ E½C1=T ¼ 1� � E½C0=T ¼ 1� ¼ Z1ðα1� α2Þ þ α1ðdε1� � dε0�Þ: (10) 

Similarly, the effect of the treatment of the untreated (TU) for the farm households that did not 
adopt is calculated as the difference between (5) and (6) as  

TU ¼ E½C1=T ¼ 0� � E½C0=T ¼ 0� ¼ Z0ðα1� α2Þα0ðdε1� � dε0�Þ: (11) 

The difference between (TT) and (TU) gives in transitional heterogeneity (TH), which indicates 
whether the effect of adopting agricultural technology is larger or smaller for the adopters than 
for the non-adopters.

This paper used household food consumption expenditure per adult equivalent as an outcome 
variable. This is because household consumption expenditure dictates a household’s purchasing 
power and its ability to meet its basic needs and beyond. As adoption boosts agricultural production 
and productivity, the household’s food consumption expenditure also increases accordingly. 
Considering measurement issues, household consumption expenditure is a more reliable yardstick 
to determine the welfare status of the household than others like income (Rao, 2006). Besides, most 
farmers in the rural area of Ethiopia are consuming most of the produced amount. Therefore, 
adoption may have a significant effect on increasing household food consumption expenditure. Due 
to this reason, we have used the household food consumption expenditure as an outcome variable.

Literature showed that the decision to adopt agricultural technologies is influenced by several 
exogenous factors such as household characteristics, socioeconomic characteristics, access to 
information and infrastructure facility, institutional factors, and plot characteristics. The selection 
of the variables used in this study is based on previous studies of Admassie and Ayele (2011), 
Sebsibie et al. (2015), Ayenew et al. (2020), and Belay and Mengiste (2021), Shita et al. (2020), 
Wordofa et al. (2021) and Tamirat and Abafita (2021). The justification for the inclusion of these 
covariates is to control the endogenous nature of technology adoption and to show the real effect 
of agricultural technology adoption on the outcome variable. In addition, the endogenous switch-
ing regression model is estimated in the setting of two stages. First, the adoption equation is 
estimated to identify the factors of agricultural technology adoption. This way of estimation is 
helpful to control the selection biases due to unobserved heterogeneities. Second, the impact of 
technology adoption on the outcome variable is estimated using ordinary least squares (OLS) 
including the selectivity correction term as an additional regressor to capture selection bias.

3.4. Description, measurement, and hypothesis of variables
4. Results and discussion

4.1. Descriptive analysis
Table 2 reports the descriptive statistics of explanatory variables for the adopters and non-adopters. 
It shows that there is a significant difference between the characteristics of adopters and non- 
adopters, implying that the household, socio-economic and institutional characteristics are signifi-
cantly larger for adopters. For instance, adopters are more male-headed households; on average, 
adopters are younger compared to non-adopters. This may direct that young farmers are more likely 
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to adopt farm technology since young farmers may have a better education than the non-adopter, 
less risk-averse, and more willing. Concerning education, on average, adopters have a higher educa-
tion level. This may point out that education of the households’ head matters adoption decision of 
improved technology. On average, adopters have a larger family size than non-adopters. Moreover, 
there is also a significant difference in farm sizes, livestock assets measured in Tropical Livestock Unit 
(TLU), and off-farm employment. The average farm size and TLU are higher for adopters than their 
counterparts. Besides, the share of farm households engaged in off-farm activities is higher for 
adopters than for non-adopters. This may indicate that households having large farm sizes, a flock 
of livestock assets and more opportunities to off-farm activities are more likely to adopt agricultural 
technologies. Furthermore, the mean distance from the all-weather road, market, and plots is larger 
for non-adopters, indicating that adopters have more market access, urban centers, and to their 
plots. Finally, institutional factors such as extension contact and credit access are higher for adopters 
than non-adopters. This may show that households getting extension services are expected to have 
access to information on agricultural technologies and their profitability, while access to credit 
indicates farmers’ ability to finance their purchase of modern technology under cash constraints.

4.2. Econometric result
The estimated results of FIML for the ESR model are presented in Table 3. The result of the Wald test 
rejects the hypothesis that the three equations are jointly independent at 1% level of significance. In 
addition, the correlation term rho in the adopter’s equation is negative and statistically significant at 
one percent, indicating a failure to reject the hypothesis of sample selection bias. The parameter has 
a negative sign in the equation for adopters, inferring that those who adopt have significantly higher 
and those who do not adopt do have lower food consumption expenditure per adult per annum.

Table 2. Descriptive statistics of variables used in the regression
Explanatory Variables Category Adopters Non-Adopters
Gender Male 422(81.47) 75 (54.35)

Female 96(18.53) 63 (45.65)

Access to credit Yes 143(27.61) 8(5.80)

No 375(72.39) 130(94.20)

Off-farm employment Yes 40(7.72) 7(5.07)

No 478(92.28) 131(94.93)

Extension visits Yes 326(62.93) 4(2.90)

No 192(37.07) 134(97.10)

(Percents in parentheses)

Age Mean (SD) 48.76(14.44) 54.18(18.14)

Education level Mean (SD) 1.513(2.82) .913(2.54)

Family size Mean (SD) 4.722(1.88) 3.239(2.02)

Tropical Livestock Unit 
(TLU)

Mean (SD) 4.240(3.84) 1.545(2.38)

Farm size Mean (SD) .750(.795) .581(.537)

Distance from market Mean (SD) 52.53(33.46) 54.15(31.62)

Distance from an all- 
weather road

Mean (SD) 16.62(18.54) 17.92(20.08)

Plot distance Mean (SD) .729(.804) .954(1.444)

Note. SD is Standard deviations 
Source: Authors estimate, 2021 
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In the adoption (i.e., logit/probit) regression, the decisions of agricultural technology adoption 
are positively and significantly influenced by the family size of the household, tropical livestock unit 
(TLU), credit access, and extension visit and negatively and significantly influenced by distance 
from market and plot distance. This implies that the decision to adopt agricultural technology 
depends on whether a farm household has a larger family size, has a flock of livestock, access to 
credit, and extended visits, and lives near the market places and plots or not.

Farm households with more large family sizes are more likely to adopt because adoption of 
agricultural technology requires and attracts more labor force for agricultural activities (Mesele, 
2019), and having a flock of livestock also encourages the adoption of agricultural technology 
because farmers who possess a flock of livestock can have a large source of income and serves as 
a source of inputs (organic fertilizer) (Admassie & Ayele, 2011). Moreover, farm households that have 
access to credit increase the adoption decision of agricultural technology because it solves the 
farmer’s liquidity constraint and serves as the source of finance for the medium and lower-income 
households to buy inputs for agricultural production (Admassie & Ayele, 2011; Ayenew et al., 2020; 
Belay & Mengiste, 2021). Farmers that have an extension visit are more likely to adopt agricultural 
technologies because extension contact helps the farmers to raise their awareness about the 
characterization and attributes of the technology, use, in accelerating the adoption and their impact 
(Keba, 2019). Furthermore, farmers who live far away from marketplaces and their farm plots could 
reduce the probability of adoption of agricultural technologies because farmers could have less 

Table 3. FIML estimate of the endogenous switching regression model

Number of obs = 656 Wald chi2(11) = 27.17 (Prob > chi2 = 0.0000)Log pseudo-likelihood = 
−1713.456

Endogenous switching regression

Adoption (1/0) Food Consumption for 
Adopters

Food Consumption for 
non-Adopters

Variables Coefficient (SE) Coefficient (SE) Coefficient (SE)
Age −.002 (.004) −.010 (.007) 0.014 (.007) *

Sex .15 (.185) −.074 (.384) 0.243 (.324)

Family size .088 (.044) ** −.283 (.076) *** −0.344 (.113) ***

Education level .034(.028) .036(.041) .135(.071) *

Tropical livestock unit .110 (.031) *** .059 (.030) ** .063(.015) ***

Access to credit .485 (.240) ** −.212 (.299) −0.341 (.624)

Off-farm employment .376 (.275) .881 (.576) .273 (.637)

Farm size −.038 (.107) .105 (.153) .031 (.224)

Distance from the market −.004 (.002) ** —- —-

Distance from the main 
road

−.007 (.006) —- —-

Extension visits 1.828 (.230) *** —- —-

Plot distance −.202 (.072) *** —- —-

Constant −.532 (.411) 5.49 (.767) *** 3.25 (.811) ***

Sigma .999 (.059) *** .414 (.089) ***

Rho −.123 (.019) *** −.120 (.788)

*** p <.01, ** p <.05, * p <.1 
Source: Authors estimate, 2021 
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access to information on improved technologies, delay in adoption, and high production cost. Also, as 
the plot is far away from the homestead, it is the less likely that they will be have time plot 
preparation, weed, harvest, and input utilization (Mesele, 2019; Sebsibie et al., 2015).

Concerning determinants of food consumption expenditure per adult equivalent per annum per 
thousand, it is positively and significantly influenced by the age of the household head, education level 
of the household head, and TLU, while it is negatively influenced by the family size of the household. 
The non-adopters' food consumption expenditure is positively affected by TLU and negatively by the 
family size of the household. There are some variables, for instance, age and education level of the 
household head, which affect adopters but not non-adopters and vice versa. This shows the hetero-
geneity between adopters and non-adopters (Khanal et al., 2018).

Table 4 presents the impact of the adoption of agricultural technologies on food consumption 
expenditure per adult equivalent per annum, which is calculated using difference between col-
umns 2 and 3. The results show that adoption gives higher food consumption expenditure per 
adult per annum than non-adoption. This implies adopters who adopted have increased their food 
consumption expenditure per adult per annum, and, if those who do not currently adopt were to 
adopt it, their food consumption expenditure per adult would increase as well.

In detail, the actual average food consumption expenditure of adopters is 4052.968 birr per adult per 
annum but would be lower to 2851.886 birr per adult per annum if they were non-adopters. The 
difference between these is the adoption effect on the treated, which shows that farm households 
increased their food consumption expenditure by 1201.082 birr by adopting agricultural technologies. In 
contrast, the actual average food consumption expenditure of non-adopters is 3388.352 birr per adult 
per annum but would be higher to 3897.753 birr per adult per annum if they were adopters. The 
difference is the adoption effect on the untreated, and it shows that farm households could increase 
their food consumption expenditure by 509.401 birr if they were adopting agricultural technologies. 
Finally, the positive significant values of the transitional heterogeneity effect (TH) 691.6812 birr per adult 
per annum indicate that the effect of adoption would be significantly higher for the farm households 
who adopted relative to those who had not adopted if they had adopted.

Generally, this study finds that the adoption of agricultural technology significantly increases 
farm households’ food consumption expenditure. Therefore, agricultural technology adoption can 
be considered as an encouraging pathway to raise food consumption expenditure of the house-
holds and in so doing improve the welfare of the farm households. The result of the study is 
consistent with the findings of Sebsibie et al. (2015), Mesele (2019), Belay and Mengiste (2021), 
Biru et al. (2020), and Ayenew et al. (2020). In line with the extant literature, the study approves 

Table 4. Estimation of conditional expectations, treatment, and heterogeneity
Decision stage Adoption Effect

Alternative To Adopt Not to adopt

Adopters 4052.968 (.026) 2851.886 (.032) TT = 1201.082 (.041) ***

Non-adopters 3897.753 (.051) 3388.352 (.063) TU = 509.401(.081) ***

TH effect TH = 691.6812(.048) ***

Notes. TT = Adoption effect for adopters, TU = Adoption effect for non-adopters, TH (TT-TU) = transitional 
heterogeneity 
Note. *** p <.01 and Standard errors in parentheses. 
Source: Authors’ estimates, 2020 
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the potential direct role of adopting agricultural technologies on increasing consumption expen-
diture and in return reduces poverty.

5. Conclusion and recommendation
This study examines the impact of agricultural technology adoption on food consumption expendi-
ture in the Amhara region of Ethiopia. The study used Ethiopian socioeconomic survey data on 656 
farm households collected in 2015/16 and employed the ESR model to estimate simultaneously the 
selection equation and outcome equation. The results of the study can be concluded as follows: first, 
it shows that farm households’ decision to adopt farm technology is significantly influenced by 
household family seize, livestock asset measured by TLU, extension visit, credit access, distance 
from market, and plot distance. Second, the food consumption expenditure of adopters and non- 
adopters is significantly determined by age of the household head, education level of the head, family 
size, and livestock assets. Third, the average treatment effect of adoption on food consumption 
expenditure per adult is significantly higher for adopters than their counterparts. Also, the non- 
adopters significantly would have higher food consumption expenditure if they had been adopters. 
Thus, the study confirmed that the adoption of agricultural technologies has a positive impact on 
increasing food consumption expenditure per adult per annum. This suggests that there is huge 
potential of adopting agricultural technologies on increasing household’s food consumption expen-
diture and thereby improving rural household welfare. From a policy perspective, this study recom-
mends policies that aim to encourage and expand the adoption of new or improved agricultural 
technologies that will have a significant impact on improving household consumption expenditure, 
thus reducing poverty in the region and Ethiopia. Specifically, the regional and the federal govern-
ment should strengthen the policy interventions and expand access to credit and agricultural exten-
sion services. Because getting credit from the public and private sectors will open opportunities for 
many farmers to adopt these technologies. Extension visits should be improved significantly. This is 
very essential to provide information about the use and benefit of modern agricultural technologies. 
It will also allow farmers to seek advice from the agricultural sector experts to make the best of these 
technologies. With regard to distance from the market, the government should make the market for 
buying or selling agricultural inputs or outputs near to the farm households.

5.1. Limitations and areas for further research
As this study used cross-sectional data, it is limited to show the time effect of adopting agricultural 
technologies on the household food consumption expenditure and the household’s welfare in 
general. Future research is recommended for examining the impact of agricultural technology 
adoption on consumption expenditure by using panel data.
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