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Abstract
The Agricultural Growth Program (AGP) in Ethiopia is a multifaceted investment program supporting agricultural productivity
and the commercialization of smallholder farmers. The AGP is expected to positively affect household food security by increas-
ing agricultural productivity and production. The extent to which the AGP has affected farmers’ economic efficiency and
productivity is an interesting policy issue. This study employed a switching regression with the stochastic frontier model to
investigate differences in total factor productivity (TFP) between beneficiary and non-beneficiary farmers in AGP. It also
estimated the role of technological progress, technical and scale efficiencies in conditioning TFP. Results show that participation
in AGP provided significantly higher TFP compared to non-participation.While technical progress did contribute to the observed
increase in output, improving technical efficiency has also the potential to increase output by as much as 40% with existing
technology and resources. The study suggests that there are opportunities to improve productivity growth and food security in
smallholder farms over time through more active research and extension activities in Ethiopia. In the AGP, technical progress has
been achieved in the use of irrigation, high yielding crop varieties, modern agricultural machinery, fertilizers, and pesticides.
Since technical change is the most important source of the growth in productivity, policy changes that support the use of modern
agricultural inputs directly or indirectly is likely to improve the agricultural sector in Ethiopia.
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1 Introduction

In Ethiopia, the Agricultural Growth Program (AGP) is a mul-
tifaceted investment program by the government and devel-
opment partners, with a focus on agricultural development.
Since its inception in 2011, the AGP has implemented activ-
ities to strengthen the capacity of farmer organizations and
their service providers to scale up best practices and support
marketing and processing of selected agricultural outputs
through engagement with the private sector. In addition, the
program supported the construction, rehabilitation and man-
agement of small-scale rural infrastructure and increased the
efficiency of key value chains through improved access to
markets. The AGP aimed to improve agricultural productivity,
enhance production efficiency and support commercialization

of smallholder farmers. Growth in agricultural productivity
and enhancing commercialization can increase and stabilize
food supplies, and increase the ability to purchase food, with
implications on household food security (Mainuddin &Kirby,
2009).

In smallholder agriculture, productivity is generally de-
fined in terms of technical change and improvement in the
efficiency with which inputs are transformed into outputs in
the production process (Chambers, 1988). Technical change
refers to increases in the set of production possibilities that
come about through increased research and development,
while technical efficiency enhancement refers to increases in
output–input ratios made possible by developments in the
production process (Kumbhakar & Lovell, 2000). Hence, in
the context of AGP, technical progress would indicate the
impact of shifts in production technology from the use of
irrigation, high yielding varieties of seeds, modern agricultural
machinery, fertilizers, pesticides, and other inputs. It would
also capture the effects of improved utilization of land and
labor resources, and changes in cropping pattern in favor of
high value-added crops.
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There are several theoretical channels by which such types
of agricultural interventions affect agricultural production and
household food security (Sileshi et al., 2019; Majumder et al.,
2016). Agricultural programs may: (i) impact on farmer input
use decisions through changing the relative prices of agricul-
tural inputs and outputs (Serra et al., 2005); (ii) change invest-
ment and on-farm labor supply decisions through an income
effect (Young & Westcott, 2000; Serra et al., 2005); and (iii)
enhance an insurance effect for possible agricultural risk mit-
igation (Burfisher & Hopkins, 2003). Consistent with the the-
oretical justification, specific benefits expected from the AGP
include improved productivity, value addition and market op-
portunities. In these ways the program is expected to increase
income, employment opportunities and the food security of
smallholder households.

The income and insurance effects may shift the working
motivation of farmers (such as in terms of quality and quantity
of on-farm labor supply decisions), adoption of farm technol-
ogies and allocations of inputs (Zhu & Lansink, 2010). It is
expected that these effects will change farmers’ production
capacity. The observed variation among individual farmer de-
cisions can be associated with variations in their risk aversion
behavior (Binswanger, 1980). If farmers are risk averse which
is usually the case for smallholder farmers in developing
countries, agricultural support policies will directly affect farm
investment decisions and on farm production in the presence
of uncertainty (Hennessy, 1998; Yesuf & Bluffstone, 2009).

The income effect of agricultural programs on efficiency
and productivity is unknown a priori. If the agricultural pro-
gram supports farmers with the required finance for technol-
ogy adoption or to invest in efficiency-improving on-farm
activities, then the technical efficiency level of farmers is ex-
pected to increase. On the other hand, technical efficiency
may decline if farmers are less motivated to do well due to
more income stemming from the program. Hence, the actual
impact of the AGP on farmer performance is worth empirical
investigation.

There are several studies that focus on the impacts of agri-
cultural policy reforms on farm economic performance using
efficiency and productivity analyses (e.g., Coelli et al., 2002;
Hadley, 2006; Murillo et al., 2007). Furthermore, there is also
extensive literature on total factor productivity (TFP) that usu-
ally decomposes TFP into the contributions of technical effi-
ciency, technical change, and scale efficiency (Kumbhakar &
Lovell, 2000; Karagiannis et al., 2004; Majumder et al.,
2016). Technical change is the rise in the maximum output
that can be achieved from a given level of inputs (a shift in the
production frontier) while technical efficiency shift is the
change in a farmer’s capacity to produce maximum output
given its set of production factors (how close it is to the pro-
duction frontier). Scale efficiency change is the degree to
which a farm household is enhancing the scale of its
operations.

The objectives of this study were to evaluate the roles of
technical progress, technical efficiency and scale efficiency as
determinants of TFP and investigate whether farm households
in AGP implementation districts were more likely to increase
TFP and its components compared to those in non AGP dis-
tricts. More specifically, this study examined the extent to
which AGP impacts the smallholder’s technological progress,
farm technical and scale efficiency, and TFP.

The extent to which the AGP has affected farmers’ perfor-
mance in terms of change in efficiency and productivity is an
interesting policy issue. Thus, by carefully examining the con-
stituent parts of agricultural productivity and analyzing the
drivers of productivity and efficiency change, this study shed
light on the ways AGP can affect agricultural growth and
evaluate the pathways to productivity. Furthermore, from the
policy point of view, it is imperative to identify whether tech-
nological progress has stagnated over time or whether tech-
nology has been used in ways to achieve its full potential.
Because technical advances and efficiency change constitute
different sources of TFP growth, different policies tailored to
the different parts may be required to increase household food
security.

1.1 Methodological framework

1.1.1 Stochastic Frontier Analysis (SFA) and TFP
components

In the case of smallholder agriculture where multiple-outputs
and factors of production prevail, TFP can simply be
expressed as the ratio of aggregate outputs to aggregate inputs.
The general stochastic production frontier model for panel
data can be written as (Battese & Coelli, 1992):

yit ¼ f t; zit;βð Þ:exp vitð Þ:exp −uitð Þ; uit ≥0 ð1Þ
where yit and zit are respectively the vectors of outputs and
production factors used in the farm in year t (t = 1,. ., T) for
farm household i (i = 1, 2, 3,. .., N) where t is a time trend
index that serves as a proxy for technical change; β is the
vector of parameters to be estimated. The vectors vit and uit
represent different error components that are assumed to be
independently distributed. vit refers to the random part of the
error, while uit is a downward deviation from the production
frontier that can be shown by the negative sign and the restric-
tion uit > 0. Thus, f(t, zit, β). exp(vit) represents the stochastic
frontier of production and vit has symmetrical distribution to
capture the random effects of measuring errors and shocks that
cause the position of the deterministic part of the frontier to
vary from farmer to farmer. The systematic error term, uit, is
associated with output-orientated technical inefficiency. The
level of technical efficiency (TE) in production for the ith farm
households at the tth year, that is the ratio of observed output to
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potential output (which is given by the frontier), is captured by
the component exp(−uit) (Coelli et al., 2002), and, therefore, 0
< TEit < 1.

An index of technological change (TCit) for the ith farm
households can be directly calculated from the estimated pa-
rameters of the stochastic production frontier (Coelli et al.,
2002). TC is mathematically obtained by taking the first par-
tial derivatives of the production function with respect to the
time variable, where TC < 0 is technological regression and
TC > 0 indicates technological progress. Assuming a translog
production technology with six inputs (see Table 2 for the
description of factors of production), the model can be
expressed in the following way:

lnyit ¼ β0 þ ∑
6

k¼1
βk lnzkit þ

1

2
∑
6

k¼1
∑
6

j¼1
βkjlnzkitlnzjit þ βt t

þ 1

2
βtt t

2 þ ∑
6

k¼1
βtk tlnzkit þ vit−uit ð2Þ

Kumbhakar (2000) has suggested a productivity change
decomposition analysis that accounts for divisions of produc-
tivity changes into technical efficiency, technical innovation
and scale effects. The components of Total Factor
Productivity (TFPg) can be obtained from algebraic manipu-
lations of the deterministic part of eq. (2).

The rate of TFP change can be specified as:

TFPg ¼ TCit−uþ RTS−1ð Þ ∑
6

k¼1
λzk :gzk : ð3Þ

where RTS denotes returns to scale with RTS ¼ ∑
6

k¼1
εzk ; and

λzk = εzk/RTS is defined as shares of the kth elasticity of
production.

Thus, TFP can be decomposed into three elements: techni-

cal progress (TC), change in technical efficiency, denoted by u̇

and scale efficiency (SE), given by RTS−1ð Þ ∑
6

k¼1
λzk :gzk .

Scale efficiency, which is traditionally considered as a
measure inherently related to the returns to scale of a technol-
ogy in the production process, shows how close an observed
farmer is to the optimal scale (Coelli et al., 2002).

The effect of each component of TFP depends on the
relative changes of each part. If technical inefficiency
does not change over time, it does not have any impact
on the rate of change of productivity. The same is true
with technological change. However, the role of econo-
mies of scale depends both on the relative strength of
technology as well as on factor intensities. The scale ef-
fect source of productivity change is present only if the
production technology is characterized by the variable
returns to scale (Coelli et al., 2002).

1.1.2 Estimation of impact of AGP on TFP, TC, SE and TE

We employ a regime switching regression with the stochastic
frontier model to investigate change in TFP, TC, TE and SE
due to AGP participation. Given that participation in the AGP
is important for increasing productivity, it is intuitively rea-
sonable to consider the econometric issue of the heterogeneity
of the impacts of the program among farm households in
districts where the AGP was implemented and non-AGP dis-
tricts. The reduced form of the stochastic production function
in eq. (2) was estimated separately for households in AGP
districts and non-AGP districts. The standard econometric
method of assessing the effects of program participation is
to use a dummy indicator variable for the program partici-
pation over a pooled sample of observations. This assumes
program participation could have only an intercept shifting
effect and there are common slope coefficients for farm
households in AGP and non-AGP districts. However, the
set of variables that affect productivity could depend on
whether one participates in the program or not. If this is
true, then estimation of eq. (2) on a sample of farm house-
holds that pools across the program participation classifica-
tion may lead to biased estimates. I used the Chow test
(Chow, 1960), which rejected the hypothesis of equality
of the slope coefficients for the two groups [χ2(35) =
116.49 with p value = 0.000]. This result confirmed that
controlling for input factors and time variable, farm produc-
tivity is structurally different between farm households in
AGP and non-AGP districts.

The gaps between AGP and non-AGP participant in TE,
SE, TC and TFPmay be decomposed into a part accounted for
by differences in household heterogeneities and a part
accounted for by differences in coefficients. The former is
interpreted as AGP participation differences in TE, SE, TC
and TFP attributable to differences in underlying socio-
economic characteristics between households in AGP and
non-AGP districts.

Consider the following exogenous switching regression
model specified by regressing the household specific indices
of TE, TC, SE and TFP against a set of farm and household
specific characteristics for the group AGP = 0, 1 (non-partici-
pant and participant, respectively):

I it;1 ¼ α0;1 þ αt;1t þ α1xit;1 þ ci;1 þ εit;1 if AGP ¼ 1
I it;0 ¼ α0;0 þ αt;0 þ α0xit;0 þ ci:o þ εit;0 if AGP ¼ 0

ð4Þ

where Iit is the TE, SE, TC and TFP index, xit is a column
vector of covariates hypothesized to be correlated with effi-
ciency and factor productivity;α is unknown parameters to be
estimated. The time trend variable t captures temporal changes
in efficiency and factor productivity; ci is unobserved individ-
ual specific random disturbance which is constant over time;
εit is an idiosyncratic error term which varies across time and
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individuals and is independently and normally distributed
with mean zero and common variance σ2.

Because all the dependent variables are censored (they are
limited between 0 and 1), the parameters for TFP, TC, TE and
SE are obtained through maximum likelihood estimation
(MLE) by applying a two-tailed correlated random effects
(CRE) Tobit procedure or the Mundlak–Chamberlain device,
following Mundlak (1978) and Chamberlain (1984). The
Tobit approach has been used in several studies to evaluate
the factors influencing farm inefficiencies and technology
adoption (e.g., Fernandez-Cornejo, 1994; Wadud, 2003). To
implement the CRE framework in eq. (4), I included a vector
of variables containing the means for household i of all time-
varying covariates. These variables have the same value for
each household in every year but vary across households. One
benefit of the CRE estimator is that the assumption of inde-
pendence between the covariates and unobserved individual
specific random term can be relaxed by including the vector of
time-averaged variables. This can control for time-constant
unobserved heterogeneity as with fixed-effects while avoiding
the problem of incidental parameters in nonlinear models and
allows for measurement of the effects of time-constant inde-
pendent variables (Wooldridge, 2002).

The conditional expectations for each outcome variable
were computed by manipulating model (4) in the actual and
counterfactual scenarios:

E I1 AGP ¼ 1jð Þ ¼ δ1t þ α1x1 ð5aÞ
E I0 AGP ¼ 1jð Þ ¼ δ0t þ α0x1 ð5bÞ
E I0 AGP ¼ 0jð Þ ¼ δ0t þ α0x0 ð5cÞ
E I1 AGP ¼ 0jð Þ ¼ δ1t þ α1x0 ð5dÞ

The “actual” AGP and Non-AGP scenarios are the ones
actually observed in the data (5a and 5c, respectively). The
“counterfactual” scenarios show what the TE, SE, TC and
TFP outcomes for households in AGP districts (AGP = 1)
would be, if they had had the same characteristics as the
households in non-AGP districts, and vice versa (5b and 5d).
Alternatively, what the TE, SE, TC and TFP outcomes of
households in non-AGP districts (AGP = 0) would be if the
responses (coefficients) to their characteristics had been the
same as the current returns to the characteristics of households
in the AGP districts, and vice versa. Using these conditional
expectations and considering the AGP participation variable
as a “treatment” variable, the average TE, SE, TC and TFP
expected values in the real and hypothetical scenarios are pre-
sented in Table 1 and their definitions are given below the
table1:

The AGP participation gap in TE, SE, TC and TFP for
households in the AGP districts is defined if households in

the AGP districts had had the same characteristics as they do
now, but the same returns to those characteristics as house-
holds in the non-AGP districts have now. This is given as the
difference between (5a) and (5b):

ATTI ¼ E I1 AGP ¼ 1jð Þ−E I0 AGP ¼ 1jð Þ
¼ δ0t þ α0x1ð Þ ¼ δ1−δ0ð Þt þ α1−α0ð Þx1 ð6Þ

Similarly, the expected change in TE, SE, TC and TFP for
households in the non-AGP districts if they had had the same
returns to their characteristics as the households in the AGP
districts have now, is given as the difference between (5c) and
(5d):

ATUI ¼ E I1 AGP ¼ 0jð Þ−E I0 AGP ¼ 0jð Þ
¼ δ1t þ α1x0ð Þ− δ0t þ α0x0ð Þ
¼ δ1−δ0ð Þt α1−α0ð Þx0 ð7Þ

Equations (6) and (7) are equivalent to the average treat-
ment effect on the treated (ATT) and on the untreated (ATU),
respectively. In this study, the ATT and ATU indicate what
the TE, SE, TC and TFP outcomes that households in the AGP
districts would have had if the factors facing them had been
the same as those currently facing households in the Non-
AGP districts, and vice versa. The difference between (6)
and (7) can also be used to compute the composition or het-
erogeneity effects, for instance, due to resource quality differ-
ence, managerial skill, and differential access to services. The
composition (heterogeneity) effects show, respectively, what
the difference would have been if all households had had the
current AGP households’ responses and the current non-AGP
households’ responses to the observable characteristics. This
provides information on whether the AGP participation gap
on TE/TFP is larger or smaller due to characteristics of AGP
households or non-AGP households. Households in the AGP
and non-AGP districts do in fact have different observable
characteristics, and this would have an impact even if their
responses to the characteristics had been the same.

1.2 The AGP program, data and study areas

The AGP aims primarily to increase agricultural productivity
and market access for key crop and livestock products in
targeted areas with increased participation of women and
youth. The program has the following components (Berhane
et al., 2013). The first aims to sustainably increase the produc-
tivity of crop and livestock value chains, improve access to
markets, and enhance agricultural commercialization. Crop
production and productivity improvement is targeted through
measures such as scaling up of best practices, promoting use
of fertilizers, increasing the availability and adoption of im-
proved inputs, agronomic practices, and increased use of1 I suppress the t and i notations from the equations for ease of presentation.
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small-scale irrigation. In the livestock sub-sector, increased
growth is expected to be achieved through improving avail-
ability of feed both in quantity and quality, provision of vet-
erinary services, improved breeds and market infrastructure,
and enhancing value addition. The second component aims to
finance and provide technical support for rural infrastructure.
Priority was given to water development for small-scale irri-
gation. The expected results from this component are im-
proved small-scale irrigation infrastructure to increase produc-
tivity and enhance the adaptive capacity of farmers to extreme
climatic shocks, market infrastructure for enhanced commer-
cialization, and capacity of public institutions for enhanced
service delivery.

The models developed in the previous sections were ap-
plied to three rounds of panel datasets spanning a 5-year peri-
od, 2011–2017. The data used for this study was obtained
from a farm household survey in AGP participant and non-
AGP districts. A total of 93 districts, out of which 61 AGP
participant and 32 non-AGP districts were selected from the
four regional states of the country, Amhara, Tigray, Oromia
and SNNP. A randomly selected 7927 farm households par-
ticipated in the baseline survey. The attrition rate for the whole
period was about 10%.

The household survey collected agriculture-specific pro-
duction data, household characteristics and community fea-
tures. As a first step, I distinguished the main factors of
production considered in the stochastic frontier model:
land, labor, seed, animal power, fertilizer and agro-
chemicals. Land was defined as the total hectares of land
cultivated by the household, and labor input was the sum of
family and hired labor time measured in adult equivalent
person-days. Animal power was the number of oxen owned
by the household which was used as a proxy for animal
traction power. Farmers produce different crop types on
different plots. But for the purpose of this study, I aggre-
gated crop output and included all seasons. This variable
was measured in monetary value (‘000 Birr/ha). The current

district level average price was used to aggregate the values
of the crops. The summary statistics for inputs and output
variables for the entire sample and disaggregated by year
and AGP participation status are presented in Table 2.
Similarly, Table 2 provides the definitions and descriptive
statistics of the prospective explanatory variables. The se-
lection of the empirical specification is grounded on a the-
oretical behavioral hypothesis and draws on previous sim-
ilar empirical technical efficiency and total factor produc-
tivity literature (Huang & Kalirajan, 1997; Coelli et al.,
2002; Wadud, 2003; Zhu & Lansink, 2010; Majumder
et al., 2016; Sileshi et al., 2019).

Based on these empirical works and economic theory,
household, farm, and location characteristics were summa-
rized in the empirical specifications. These include household
composition, education, wealth (including livestock owner-
ship) and other sources of income such as participation in
off-farm activities; social capital and network (membership
in formal and informal organizations), current shocks/
stresses experienced on crop production (such as plot level
disturbances and rainfall shocks), land tenure security, and
agro-ecology of the location. A wide range of plot-specific
attributes such as soil fertility, depth, slope, farm size in hect-
ares, farm fragmentation, distance of plot from residence and
detailed agricultural practices were also considered in the em-
pirical specification.

2 Empirical results

2.1 Hypothesis tests

I estimated the pooled frontier model for the crop farms with
AGP participation as a dummy variable and examined wheth-
er AGP participation status specific frontier function was a
better representation than the pooled frontier production func-
tion. The Chow test result (χ2(35) = 116.49 with p value

Table 1 Conditional
expectations, Agricultural
Growth program (AGP) effects
and heterogeneity effects

AGP sample AGP participation Program effects

AGP-participation AGP-non participation

AGP-participants (5a) E(IitAGP=1|AGP=1) (5b) E(IitAGP=0|AGP=1) AIT= (5a) – (5b)

AGP-non participants (5c) E(IitAGP=1|AGP=0) (5d) E(IitAGP=0|AGP=0) ATU= (5c) – 5d)

Heterogeneity effect (HE) HEAGP=1=(5a)−(5c) HEAGP=0=(5b)−(5d)

Note: (5a) and (5d) denote observed expected TE, SE, TC or TFP; (5b) and (5c) denote counterfactual expected
TE, SE, TC or TFP; AGP=1 if AGP participants; AGP=0 if AGP-non participants; Iit, AGP = 1 TE, SE, TC or TFP
for farmers in the AGP-Districts; Iit, AGP = 0 TE, SE, TC or TFP for farmers in the non-AGP Districts; ATT
(average treatment effects for the treated) and ATU (Average treatment effects for the untreated) represent the
average AGP program effects for the AGP participants and AGP non-participants, respectively;HEAGP = 1 and
HEAGP = 0 denote heterogeneity effect (or difference caused by difference in characteristics) for AGP participants
and non-participants, respectively; Program effects is the difference caused by difference in response to program
participation.
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<0.0000) suggested that the production technology specifica-
tion for AGP participant and non-participant are structurally
different and hence the hypothesis that the pooled frontier
function is a correct presentation of AGP participant and
non-participants’ production technology was rejected.
Therefore, the subsequent presentation will be based on the
estimation of the results separately for the AGP participant
and non-participant specific production frontier function.

I conducted a formal specification test to determine the
chosen model specification fitting to the data. The first null
hypothesis that the Cobb–Douglas production function is a
good representation for the data (H0 : βkj = 0, k, j = 1,…, 6)
was strongly rejected indicating that the Translog production
function is the preferred model.2 The second null hypothesis,
that there is no technological change over t ime
(H0 : βt = βtt = βtj = 0, j = 1,…, 6) was also strongly rejected
by the data, indicating that technological change exists in the
study area.3 The magnitude and direction of technological
change will be determined and discussed later.

The result provides statistical confirmation that the distri-
bution of the random variable, uit, has a non-zero mean and is
truncated below zero. The null hypothesis η =0 which sug-
gests time invariant technical inefficiency model, was statisti-
cally rejected in both AGP participants and non-participants’
models. This showed that technical efficiency levels vary sig-
nificantly over time. η equals 0.135 and 0.052 in the AGP
participant and non-participant models respectively, showing
that the technical inefficiency of crop production increased by
14% for participants and 5% for non-participants in the period
2011 to 2017. The test of significance in both AGP participant
and non-participant models indicated the rejection of the null
hypotheses of no technical inefficiency effects.

2.2 Econometric estimates – Stochastic Frontier
model

Here I provide results of the parameter estimates of the sto-
chastic production functions and technical efficiency, techno-
logical change, returns to scale and their roles to the observed
change in productivity. The parameter estimates for the
Translog stochastic frontier production function are shown
in Table 3. Out of 35 coefficients, 21 coefficients from the
AGP-districts and 16 from the non AGP-districts estimations
were significantly different from zero at least at the 10% level
indicating the importance of some of the interactions and non-
linearity among variables. All the five inputs considered in the
estimations were found to be the major determinants of output
growth in multiple ways: in isolation or when interacted with

the other inputs, or both. These factors of production, howev-
er, have shown heterogeneous effects on output growth for
farm households in the AGP and non-AGP districts. This re-
sult confirms the presence of structural differences of produc-
tion functions among households with and without AGP.

The indicator for returns to scale was obtained by summing
the elasticities of the five factors of production included in the
model. Table 4 indicates that the average farm household in
the AGP districts had decreasing returns to scale (0.604) and
so did the average households in the non-AGP districts
(0.227). The null hypothesis of constant returns to scale was
statistically rejected at 1% significance level in favor of de-
creasing returns in both AGP and non-AGP districts. Overall,
the result suggests that an increase in the amounts of produc-
tive factors leads to a less than proportionate output growth;
and the scale elasticity for farm households in AGP districts
was statistically lower than households in the AGP districts.
This means that even if the scale effect on productivity change
could be high in both AGP and non-AGP farm households,
relative output change is higher for farm households in non-
AGP districts than households in the AGP districts.

Table 3 also shows that there is significant technological
bias for both groups of households. The negative and sig-
nificant coefficient of the time-trend variable in the model
indicates that there was an initial technological regress on
production; however, it increased over time as indicated by
the significant positive coefficients of the squared terms.
The frontier is shifting downwards at a rate of 16% for
households in the AGP districts and 11% for households
in the non-AGP districts. However, the non-linearity of
technical change implies that there was technological prog-
ress over time that moved the production frontier upwards.
Technological progress for farm households in the AGP
districts is about 10%. This was statistically higher than
the technical progress for households in the non-AGP dis-
tricts, by about 2%. Moreover, based on a joint significance
test of inputs, the null hypothesis of neutral technological
progress4 (H0 : βtj = 0, j = 1,…, 6 inputs) was generally
rejected at a 1% significance level. The next section exam-
ines whether the changes in productivity are caused mainly
by changes in the scale of production, or by differences in
rates of technological change or technical efficiency
change.

2.3 TFP and its decomposition

Table 5 presents the average TFP scores and corresponding
decomposition results by year and based onAGP participation
status. The TFP index is decomposed into technical change
(TC), technical efficiency change (TE) and scale efficiency2 χ2(20) = 85.58 with p < 0.001 for households in the AGP districts and

χ2(21) = 57.71 with p < 0.001 for households in the non-AGP districts.
3 χ2(8) = 567.00 with p < 0.001 for households in the AGP districts and
χ2(8) = 219.38 with p < 0.001 for households in the non-AGP districts.

4 Χ2(6) = 155.82 with p < 0.001 for households in the AGP districts and
Χ2(6) = 96.88 with p < 0.001 for households in the non-AGP districts.
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Table 3 Stochastic production functions estimations for crop productions in AGP and Non-AGP districts (Dependent variable: Farm revenue)

Variables All samples AGP-participation AGP-non participation

Coefficient. Standard Error Coefficient. Standard Error Coefficient. Standard Error

Ln (Fa) −0.099 0.276 0.135 0.345 −0.650 0.469

Ln (La) 0.209* 0.134 0.183 0.164 0.306 0.234

Ln (Fe) 0.688*** 0.143 0.516*** 0.176 0.991*** 0.250

Ln (Se) 2.923*** 1.121 3.402*** 1.381 2.478 1.948

Ln (Ox) 1.789*** 0.507 1.169** 0.600 3.247*** 0.974

Ln (Ag) 0.155 0.426 0.840* 0.524 −1.003 0.740

Ln (Fa)2 −0.044*** 0.012 −0.055*** 0.015 −0.020 0.020

Ln (La)2 −0.016* 0.010 −0.031*** 0.012 0.012 0.017

Ln (Fe)2 −0.040*** 0.011 −0.032*** 0.013 −0.057*** 0.019

Ln (Se)2 −0.087 0.127 −0.136 0.157 −0.030 0.219

Ln (Ox)2 −0.094*** 0.034 −0.076* 0.044 −0.105** 0.055

Ln (Ag)2 0.002 0.019 −0.008 0.024 0.023 0.031

Ln (La) Ln (Fa) −0.018* 0.011 −0.005 0.014 −0.038** 0.019

Ln (La) Ln (Ox) 0.011 0.024 0.041 0.031 −0.039 0.041

Ln (La) Ln (Ag) −0.054*** 0.016 −0.055*** 0.019 −0.043* 0.028

Ln (La) Ln (Fe) −0.010** 0.005 −0.010* 0.006 −0.012 0.009

Ln (La) Ln (Se) 0.055** 0.029 0.066** 0.036 0.024 0.050

Ln (Fa) Ln (Ox) −0.138*** 0.050 −0.170*** 0.061 −0.159* 0.093

Ln (Fa) Ln (Ag) 0.015 0.026 −0.003 0.036 0.029 0.040

Ln (Fa) Ln (Fe) −0.033*** 0.012 −0.013 0.015 −0.057*** 0.021

Ln (Fa) Ln (Se) 0.128** 0.064 0.031 0.080 0.338*** 0.109

Ln (Ox) Ln (Ag) 0.043 0.062 −0.024 0.079 0.160 0.109

Ln (Ox) Ln (Fe) −0.011 0.022 −0.035 0.026 0.036 0.038

Ln (Ox) Ln (Se) −0.207** 0.114 −0.131 0.135 −0.428** 0.215

Ln (Ag) Ln (Fe) −0.016 0.015 −0.029* 0.018 0.012 0.027

Ln (Ag) Ln (Se) −0.057 0.095 −0.190* 0.117 0.144 0.164

Ln (Fe) Ln (Se) −0.031 0.030 −0.022 0.037 −0.038 0.053

Ln (Time) −14.284*** 0.961 −15.938*** 1.218 −10.925*** 1.671

Ln (Time)2 7.379*** 0.315 7.873*** 0.383 6.473*** 0.529

Ln (Fa) X Ln (Time) 0.264*** 0.062 0.353*** 0.078 0.087 0.105

Ln (La) X Ln (Time) −0.170*** 0.037 −0.136*** 0.047 −0.244*** 0.063

Ln (Fe) X Ln (Time) −0.101*** 0.025 −0.049* 0.031 −0.212*** 0.044

Ln (Se) X Ln (Time) −1.163*** 0.138 −1.213*** 0.171 −1.159*** 0.238

Ln (Ox) X Ln (Time) −0.144 0.104 −0.051 0.127 −0.314* 0.180

Ln (Ag) X Ln (Time) 0.216*** 0.061 0.269*** 0.076 0.132 0.104

AGP_Districts (1=if yes) −0.262*** 0.065

Constant 5.346** 2.579 5.240* 3.188 3.847 4.513

Diagnostic statistics

Ln σ2 3.034*** 0.165 3.669*** 0.207 2.990*** 0.089

Inverse Logit γ −2.247 1.816 0.129 1.735 −2.235*** 0.916

u −2.661** 1.878 −3.980** 1.672 −1.219 4.659

η 0.069*** 0.023 0.135** 0.071 0.052*** 0.029

σ2 20.291 3.546 39.19 4.24 20.519 3.332

γ 0.096 0.157 0.532 0.181 0.108 0.144

σ2
u 1.939 3.525 20.86 4..206 2.211 3.308

σ2
v 18.256 0.218 18.33 0.263 18.306 0.383

Wald χ2(37) 5560*** 3834*** 1665***
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(SE). Overall, there are substantial variations in the growth
parameters and their components across years and across
households in AGP and non-AGP districts. There was sub-
stantial variation in average technical efficiencies over time
among households in AGP and non-AGP districts.

This result also shows a consistent decline in the techni-
cal efficiency of farmers over time from 68% in 2011 to
57% in 2017 for farm households in AGP districts; and
from 70% in 2011 to 68% in 2017 for households in non-
AGP districts (Table 5). While technical efficiency of farm
households was decreasing over time in both AGP and non-
AGP districts, the average annual rate of decrease for
households in AGP districts (4%) was statistically higher
than for households in non-AGP districts (1%). This im-
plies that farmers in AGP districts have become more tech-
nically inefficient over time during the AGP implementa-
tion period.

Scale efficiency in this study was small across years and for
households in both AGP and non-AGP districts. Table 5
shows that the average scale efficiencies were 20% for farmers
in the AGP districts and 25% in non-AGP districts. This im-
plies that these farmers could have further increased their farm
output by 75 to 80% if they had adopted an optimal scale of
operation. The results also show that about 39% of farm
households in the non-AGP districts and 49% of those in the

AGP districts showed increasing returns to scale (Table 4).
These farmers produce at a suboptimal level, i.e., the output
levels of these groups of farmers were lower than the optimal
levels and they should expand their operation to reach the
optimal scale. The scale efficiency of these farmers is notice-
ably lower than the average 20% (about 10–12% for both
groups of households) and the average returns to scale was
higher than unity (1.7–2.6). Only about 4 % of the farmers in
the sample were characterized as operating at an optimal scale,
while 47% of the AGP and 57% of the non-AGP groups had
decreasing returns to scale.

Table 6 presents the average results of the TFP decompo-
sition for farm households in AGP and non-AGP groups. In
aggregate, TFP increased at an average rate of 7.8% per
annum during the AGP implementation period (2011–2017).
This growth rate was slightly higher for farm households in
AGP districts than households in non-AGP Districts (8.3%
versus 6.6%). The rate of change in TFP for farm households
in both AGP and non-AGP districts appeared to be relatively
heterogeneous over the two sub periods (2011 to 2013 and
2013 to 2017) of the AGP implementation period. In the AGP
districts, annual growth of TFP was positive but decreasing
gradually— increasing by about 14% during 2011–2013 and
by about 3 % during 2013–2017. Similarly, the annual growth
of TFP for farm households in non-AGP districts showed a

Table 3 (continued)

Variables All samples AGP-participation AGP-non participation

Coefficient. Standard Error Coefficient. Standard Error Coefficient. Standard Error

Joint significance of Agro-ecology variables, χ223) 19.11*** 9.84*** 9.76***

Note: *, ** and *** indicate statistical significance at 10, 5 and 1% level

Table 4 Estimated Scale Elasticity and Scale Efficiency

AGP- participants AGP-non participants

Observation
(%)

Scale
Elasticity

Scale
Efficiency

Technical
Efficiency

Observation
(%)

Scale
Elasticity

Scale
Efficiency

Technical
Efficiency

Total sample
(mean)

100 0.604a,b

(2.264)
0.253 (0.346) 0.569 (0.181) 100 0.247 a,b

(1.497)
0.204 (0.328) 0.675

(0.541)

• Supra-optimal
scale

47.12 −1.458
(1.283)

0.390 (0.403) 0.634 (0.122) 56.91 −0.799 (1.114) 0.275 (0.372) 0.662 (0.061)

• Optimal scale 4.00 1.000
(0.040)

0.119
(0.043)

0.571 (0.179) 4.38 1.000 (0.039) 0.036 (0.072) 0.683 (0.064)

• Sub-optimal
scale

48.89 2.557 (0.985) 0.132 (0.233) 0.634 (0.203) 38.72 1.695 (0.438) 0.120 (0.239) 0.693 (0.062)

Note: Numbers in parenthesis are standard deviation; ‘a’ indicates scale elasticity of farm households in both AGP and non-AGP participant districts are
statistically different from one (constant returns to scale), with 95% confidence interval of [0.567–0.641] for AGP participants and [0.212–0.282] for
AGP-non participants; ‘b’ indicates scale elasticity for farm households in AGP-non participants are statistically lower than scale elasticity of households
in AGP-participants at p < 0.0001
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declining trend over the two sub periods from 9.5% during the
first sub period to 3.8% during 2013–2017.

The substantial share of TFP growth is related to technical
progress (increasing at an average annual rate of 6.8%) and
increases in scale efficiency (3.4% of annual growth). In both
groups of farm households, the contribution of technological
change for increasing factor productivity appeared to be pos-
itive over the two sub-periods of the AGP implementation
period, although the change in technological progress over
the two periods was not constant for farm households in the
AGP districts (12.8 and 2.8%) and households in the non-
AGP districts (it varied from 6.7 and 2.8).

Technical change contributed about 88% of the increase in
productivity between 2011 and 2014, and 83% between 2014
and 2017. While scale efficiency showed a positive annual
growth rate of about 3 % (but with a declining trend over time
from 5% to 2%), its contribution to the growth of TFP also
increased between the two sub periods from 39% to 42%. In
contrast, the technical efficiency had a diminishing growth
rate over time in both groups of households. However, the
rate of decline of technical efficiency was low and constant
over time (1% annually) for farm households in non-AGP
districts compared with households in the AGP districts, (it
declined annually from 3% to 5%). This technical inefficiency
contributed to a decline of TFP growth rate by about 5%
annually.

Figure 1 also shows the effect of TC, SE and TE on TFP
more clearly. The relationship between TFP and TE was not
linear for both groups of farm households. TFP declines at
lower levels of TE. The positive contribution of TE to the
growth of TFP was observed at higher levels of TE.
However, as described above, Fig. 1 (Panel b) also shows an
almost linear relationship between TC and TFP. Similar to the
pattern of TE and TFP, Fig. 1 (Panel c) shows a U-shaped
relationship between SE and TFP. Compared to ‘Panel a’ of
Fig. 1 (the effect of TE on TFP), the positive contribution of
SE on TFP starts at an early stage of SE, before the farm
household attains about 50% scale efficiency.

2.4 Impacts of AGP on TE, SE, TC and TFP

The findings on TE, SE, TC and TFP so far is based on simple
averages of the outcomes among farm households in AGP and
non-AGP districts. However, this approach does not disentan-
gle whether the change in TE, SE, TC and TFP is due to
program effects or other households and farm heterogeneities.

Table 5 Summary statistics of
Total Factor Productivity (TFP),
Technical Change (TC),
Technical Efficiency (TE) and
Scale Efficiency (SE) index by
time and AGP participation status

Sample Item Year Average

2011 2014 2017

All TFP 0.674 (0.315) 1.036 (0.402) 1.143 (0.385) 0.951 (0.421)

TC −0.127 (0.019) 0.193 (0.079) 0.279 (0.075) 0.115 (0.186)

SE 0.122 (0.255) 0.263 (0.351) 0.327 (0.373) 0.237 (0.341)

TE 0.679 (0.186) 0.58 2(0.168) 0.536 (0.115) 0.599 (0.169)

AGP participants TFP 0.664 (0.339) 1.085 (0.367) 1.165 (0.405) 0.974 (0.431)

TC −0.136 (0.009) 0.247 (0.009) 0.331 (0.006) 0.149 (0.203)

SE 0.123 (0.264) 0.281 (0.103) 0.354 (0.392) 0.253 (0.347)

TE 0.678 (0.213) 0.554 (0.161) 0.480 (0.087) 0.569 (0.181)

AGP-non participants TFP 0.706 (0.243) 0.995 (0.396) 1.097 (0.333) 0.930 (0.386)

TC −0.111 (0.012) 0.089 (0.010) 0.172 (0.007) 0.048 (0.119)

SE 0.120 (0.237) 0.226 (0.391) 0.271 (0.731) 0.204 (0.328)

TE 0.695 (0.062) 0.675 (0.061) 0.655 (0.059) 0.675 (0.063)

Table 6 Decomposition of total factor productivity (TFP) annual
change, 2011–2017

Sample Item Annual change

2011–
2014

2014–
2017

2011–
2017

All TFP 1.1213 1.0347 1.0780

TC 1.1067 1.0287 1.0677

SE 1.0470 1.0213 1.0342

TE 0.9677 0.9847 0.9762

AGP-participants TFP 1.1390 1.0277 1.0833

TC 1.1277 1.0280 1.0778

SE 1.0527 1.0243 1.0385

TE 0.9587 0.9753 0.9670

AGP-non participants TFP 1.0953 1.0377 1.0665

TC 1.0667 1.0277 1.0472

SE 1.0353 1.0167 1.0260

TE 0.9933 0.9933 0.9933
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Accordingly, as described above, I estimated the CRE regres-
sion of TE, SE, TC and TFP indices for households separately
in the AGP participant districts and non-AGP districts. The
estimation results of the outcomes (TE, SE, TC and TFP)
equations will be discussed in the next section. However, sev-
eral variables in the model showed significant correlation with
the outcome variables and there were differences between the
outcome equations coefficients among households in AGP
and non-AGP districts. This illustrates the heterogeneity in
the sample with respect to TE, SE, TC and TFP.

From the regression estimates, the average AGP effect on
the population (ATE) was derived, as well as the average AGP
effect on the AGP participant (ATT) and the average treatment
effect on the non-participants (ATU). The unconditional aver-
age effect is presented in Table 7. The unconditional average
effects indicate that the average annual TE, SE, TC and TFP
indices for farm households in the AGP districts were signif-
icantly different from those of farm households in the non-
AGP districts. This presents an 11%, 15% and 32% TFP, TC

and SE increment, respectively, and a 16% decline in TE
due to AGP. This expected effect is different from the per-
centage difference in the simple sample means between
farm households in the AGP and non-AGP districts shown
in Table 5. The simple contrast with unconditional average
effect among participant and non-participant groups may
provide misleading conclusions because the approach does
not take in to consideration the difference in the outcome
variables that may be caused by observed and unobserved
factors.

The result of the decomposition analysis for the switching
regression with CREs model for TFP, TC, TE and SE are
presented in Tables 8, 9, 10 and 11. As in Teklewold et al.
(2013), I analyzed the differences in TFP, TC, TE and SE
among AGP participant and non-participant households into
two parts: the first part is attributable to differences in under-
lying socio-economic characteristics (such as household and
farm characteristics) called “composition or heterogeneity ef-
fect”, while the second is attributable to the “response” to

Q I Q II

Q III Q IV
Fig. 1 Cumulative distribution for impact of AGP participation on technical efficiency (TE) by quantiles of TE
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these characteristics called “program effects”. To determine
the average effects of the program on the participants, the
expected outcome variables (TFP, TC, TE and SE) for AGP
participant were compared with their counterfactual - what
they would have been if they had not participated in AGP -
by comparing columns A and B of Tables 8, 9, 10 and 11. This
is shown in column C computed as the difference between
columns A and B.

Participation in AGP lead to a 13% higher TFP (i.e., 0.848
to 0.716); on average, compared to non-participation
(Table 8). The difference was statistically significant. In the
counterfactual cases, farm households who actually participat-
ed in AGP would have generated less TFP if they did not
participate (see first row of column B in Table 8). Similarly,
farm households that did not participate would generate 13%
more TFP (i.e., 0.811 to 0.682) if they did participate (see
second row of column A in Table 8) than if they did not
participate in the program. Generally, under both conditions,
TFP was higher for AGP participant farm households than
non-participant households.

The result from the transitional heterogeneity gaps indi-
cates that TFP of AGP participants and non-participants in-
creased by 3.7% (i.e., 0.848 to 0.811) and 3.4% (i.e., 0.716 to
0.682), respectively, if TFP is conditioned by AGP participant
characteristics than AGP non-participant characteristics. The
program effects alone do not explain the overall difference in
TFP status between farm households in AGP and non-AGP

districts. In this case, while both AGP participation and non-
participation would show an improvement in TFP status from
using the AGP participant resources and characteristics, the
benefit for non-participants is larger compared to the partici-
pants; the increase in TFP is higher for the former by 0.4%.

Table 9 presents the contribution of AGP on TC.
Participation in AGP significantly contributed to household
level TC. Both the ATT (average AGP effect of TC on the
participant) and ATU (average AGP effect of TC on the non-
participant) shows that AGP participation leads to a higher
TC, on average, compared to non-participation. Under both
conditions, the difference was statistically significant. Farm
households who actually participated in AGP would have
generated less TC if they did not participate (see first row of
column B in Table 9).

The results from the transitional heterogeneity gaps indi-
cate heterogeneity of TC due to a composition effect. Thus,
AGP participation and non-participation increased TC by
0.4% (i.e., from 0.149 to 0.145) and 1.6% (i.e., from 0.054
to 0.048), respectively, if TC was conditioned by AGP partic-
ipants’ characteristics than characteristics of non-participants.
The program effect does not alone give the overall AGP dif-
ference in TC between farm households in AGP and those in
non-AGP districts. Similar to other components of TFP, the
negative heterogeneity effects indicate that while AGP partic-
ipation and non-participation would show an improvement in
TC status from using the resources of AGP participants and

Table 7 Unconditional AGP
participation effects on total factor
productivity, technological
progress, technical efficiency and
scale efficiency (results from
correlated random effects
estimation)

Sample AGP participation Program effects

(C)
AGP- participants,

(A)

AGP-non participants (B)

Total Factor Productivity 0.836 (0.001) 0.704 (0.107) 0.131 (0.002)***

Technological Progress 0.148 (0.001) 0.052 (0.001) 0.096 (0.002)***

Technical Efficiency 0.567 (0.001) 0.678 (0.0004) −0.110 (0.001)***

Scale Efficiency 0.347 (0.002) 0.262 (0.001) 0.085 (0.002)***

Note: figures in parenthesis are standard errors; *, ** and *** indicate statistical significance at 10%, 5% and 1%
level

Table 8 Average expected total
factor productivity (TFP) and
conditional AGP participation ef-
fects (results from correlated ran-
dom effects estimation)

Sample AGP participation Program effects

(C)
AGP-participation,

(A)

AGP-non participation (B)

AGP-participants 0.848 (0.001) 0.716 (0.001) 0.133 (0.002)***

AGP-non participants 0.811 (0.002) 0.682 (0.002) 0.129 (0.003)***

Heterogeneity effects 0.037 (0.003)*** 0.034 (0.002)*** 0.004 (0.001)**

Note: figures in parenthesis are standard errors; *, ** and *** indicate statistical significance at 10%, 5% and 1%
level
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characteristics of households, non-participants benefit more
compared to the participants.

I also estimated AGP differences in TE (Table 10). In
general, the result provides further evidence on AGP dif-
ference in TE status due to program effects and due to the
overall composition effect (differences in observed socio-
economic characteristics). The average AGP gap in TE sta-
tus of AGP participation compared to non-participation
conditional on characteristics of AGP participants repre-
sents a 10% decline in TE (from 0.680 in AGP participation
to 0.577 in non-participation). Similar to this, the AGP gap
conditional on characteristics of non-participants showed a
decline in TE of AGP participation by about 12% compared
to non-participation (0.546 versus 0.669). There were also
significant transitional heterogeneity effects. The TE status
would decrease by about 3 % (i.e., from 0.577 to 0.546) and
increase by 1 % (i.e., from 0.680 to 0.669) respectively for
AGP participation and non-participation, if the respective
TE was conditioned by the resources and characteristics of
AGP participants rather than those of non-participants.
Thus, AGP participation and non-participation show an im-
provement in TE status from using resources and character-
istics of the participants. Participants in AGP benefit more
from TE compared to non-participants due to the program.

Results on the average causal effect of AGP on SE are in
Table 11. The results reveal that the SE differential is also
apparently caused by differences in household and farm char-
acteristics. AGP non-participants could have been more scale

efficient had they had the resources and characteristics of AGP
participants. The results also indicate that there were some
sources of heterogeneity due to program effects that makes
AGP participation more scale efficient than non-participation
under both AGP participants’ and non-participants’ character-
istics. Column A of row 1 and column B of row 2 in Table 11
shows that the SE of non-participant households is lower
(0.343 versus 0.253), on average, than the AGP participant
households. However, with the counterfactual condition (col-
umn A of second row) where the non-participants have AGP
participants’ response coefficients, the difference will be re-
duced to about −1% (0.343 versus 0.354).

Column C presents the treatment effects of AGP on SE.
Non-participation results in lower SE. With the counterfactual
conditions (column of B of row 1) that the AGP farm house-
holds had the non-AGP households’ characteristics and
returns, the SE would still be 8 % lower. Similarly, in the
counterfactual case that the AGP non-participant households
had the characteristics of AGP households, the mean SE will
be 10% less than what it is now.

Finally, I examined the evolution of TE and TFP across
households in AGP and non-AGP districts by quantiles of the
TE and TFP distributions to see the patterns of distributions
between AGP and non-AGP households at the extreme
values. Figure 2 shows the cumulative distributions for the
effect of AGP participation on TE by quantiles of TE. The
result indicates that in the fourth quartile (i.e., the upper tails of
the TE distribution) the cumulative distribution of TE for farm

Table 9 Average expected
technical progress (TC) and con-
ditional AGP participation effects
(results from correlated random
effects estimation)

Sample AGP participation Program effects

(C)
AGP-participation,

(A)

AGP-non participation (B)

AGP-participants 0.149 (0.002) 0.054 (0.001) 0.095 (0.002)***

AGP-non participants 0.145 (0.002) 0.048 (0.001) 0.098 (0.003)***

Heterogeneity effects 0.004 (0.003) 0.016 (0.002)*** −0.003 (0.001)**

Note: figures in parenthesis are standard errors; *, ** and *** indicate statistical significance at 10%, 5% and 1%
level

Table 10 Average expected
technical efficiency (TE) and
conditional AGP participation ef-
fects (results from correlated ran-
dom effects estimation)

Sample AGP participation Program effects

(C)
AGP-participation,

(A)

AGP-non participation (B)

AGP-participants 0.577 (0.001) 0.681 (0.001) −0.104 (0.001)***

AGP-non participants 0.546 (0.001) 0.669 (0.001) −0.123 (0.001)***

Heterogeneity effects 0.031 (0.002)*** 0.011 (0.001)*** 0.019 (0.002)***

Note: figures in parenthesis are standard errors; *, ** and *** indicate statistical significance at 10%, 5% and 1%
level
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households in the AGP districts dominates that of farm house-
holds in the non-AGP districts. This is shown by the cumula-
tive distribution functions (CDF) of TE of farm household in
the AGP districts being constantly below that of households in
the non-AGP districts (Fig. 2, Panel d). In the middle part (the
second and third quantiles) of TE distributions, the cumulative
distribution of TE for farm households in the non-AGP dis-
tricts dominated that of farm households in the AGP districts
(Fig. 2, Panel b and Panel c). The result may suggest that
although participation in AGP has a role in improving the

efficiency and productivity level of farm households, there is
a limited contribution of AGP in lifting those farm households
who are found at the lower tail of efficiency and productivity
distribution.

3 Discussions

The results indicate that most of the production inputs used in
the AGP in Ethiopia had positive first-degree coefficients and

Table 11 Average expected scale
efficiency (SE) and conditional
AGP participation effects (results
from correlated random effects
estimation)

Sample AGP participation Program effects

(C)
AGP-participation,

(A)

AGP-non participation (B)

AGP-participants 0.343 (0.002) 0.266 (0.002) 0.077 (0.003)***

AGP-non participants 0.354 (0.003) 0.253 (0.002) 0.102 (0.004)***

Heterogeneity effects −0.011 (0.004)** 0.013 (0.003)*** −0.025 (0.005)***

Note: figures in parenthesis are standard errors; *, ** and *** indicate statistical significance at 10%, 5% and 1%
level

Q I Q II

Q III Q  IV

Fig. 2 Cumulative distribution for impact of AGP participation on total factor productivity by quantiles of Total Factor Productivity (TFP)
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negative quadratic terms. This suggests that the impacts of the
different factors of production on agricultural output growth
were heterogeneous. For instance, keeping all other inputs
constant, a 1% increase of fertilizer usage would result in a
0.5–1% increase in output, but with diminishing returns. The
non-linear effect of fertilizer as well as its significant interac-
tion with other inputs suggested that use of fertilizer has a
positive output elasticity for farm households in the AGP dis-
tricts and negative elasticity in the non-AGP districts. For
AGP districts, the highest output elasticity is due to the com-
plementarity of multiple farm inputs. The result was consistent
with earlier studies on the use of multiple farm inputs for
higher output elasticity (Villano et al. (2015).

The findings also suggest that land remains the most im-
portant factor of production for all farm households with an
output elasticity of 1.5 for participants in the AGP and 1.0 for
non-AGP participants. The high elasticity of land area is not
surprising because in the presence of small size farms, as in
Ethiopia, this factor can be considered a quasi-fixed input
(Alvarez & Arias, 2004; Madau, 2007). The direct effect of
labor had a positive output elasticity between 0.18–0.31, but
that result was not statistically significant. However, with an
increase in labor, labor has statistically significant negative
output elasticity at −0.03 for farm households in the AGP
districts.

Technical change normally involves the contraction/
expansion of inputs and outputs and changes the marginal
rates of technical substitution among the inputs (Coelli et al.,
2002). The interaction terms of technology and farm inputs in
the model capture the neutral and non-neutral technical
change component of the total factor productivity change.
Technological progress was associated with labor supply, fer-
tilizer use and seed saving in both AGP and non-AGP dis-
tricts. Moreover, while technological progress involved use of
land and agro-chemicals in AGP districts, it was neutral to
these inputs in non-AGP districts. The results also reveal no
technological progress in the use of animal power in AGP
districts, but animal power saving in non-AGP districts. The
finding suggests greater scope of technological progress
through AGP and the effective use of farm inputs.

On average, farmers in the AGP and non-AGP districts are
respectively 57 and 68% efficient in using technologies. The
average technical efficiency estimates from this study are
comparable with technical efficiency of smallholder farmers
recorded by some previous studies such as Wondimu (2016)
and Abrar and Morrissey (2006) who reported 57–61% tech-
nical efficiencies for Ethiopia. Technical efficiency improve-
ment refers to increases in output–input ratios made possible
by improvement in the production process with the existing
technology and resources (Kumbhakar, 2000; Coelli et al.,
2002). The result generally suggests that improving technical
efficiency such as through technical advice and extension ser-
vices has the potential to increase output by about 32% for

farmers in the non-AGP districts and 43% for farmers in the
AGP districts.

The declining trend of technical efficiency over time in this
study suggests that farm households in both AGP and non-
AGP districts have a slow rate of output growth. This sup-
ports the assertion that farmer technical inefficiency is one
of the most important elements affecting factor productivity
in smallholder farming (Kumbhakar, 2000; Wadud, 2003).
On the other hand, the results suggest that scale inefficiency
is obtained mainly because the farms operate at a subopti-
mal scale, with increasing returns to scale. Wondemu
(2016) suggests that lack of a competitive land market
may be the primary factor that prevents farmers from fully
exploiting economies of scale in Ethiopia and suggested
further land consolidation as one potential source of pro-
ductivity growth.

The significant positive growth rate of TFP in this study
implies that technical progress has compensated for the min-
imal contribution of scale efficiency and the negative contri-
bution of technical inefficiency to TFP growth in Ethiopia.
The reason for the technological progress may be the favor-
able investment effect from the AGP through measures such
as providing finance and technical support to scale up of best
practices, increasing the availability and adoption of improved
inputs (seeds and fertilizers), agronomic practices, and in-
creased use of small-scale irrigation (Berhane et al., 2013).
Thus, farm households in AGP districts benefit from increas-
ing factor productivity relative to farm households in districts
not included in the program That is, findings in this study
support the notion that the AGP may influence agricultural
productivity by encouraging investment on land and adoption
of new technologies (Hadley, 2006; Villano et al., 2015).

4 Conclusions and policy implications

This study assessed the technical and scale efficiency, techni-
cal progress and total factor productivity growth in smallhold-
er crop agriculture in Ethiopia using a stochastic frontier ap-
proach. The effects of the agricultural growth program and
household and farm characteristics on total factor productivity
and its components were evaluated. The econometric results
confirmed that households in the AGP districts, on average,
had an increased total factor productivity and technical
change, but a decreased technical efficiency compared with
households in non-AGP districts. This difference can be partly
explained by the differences in observable endowments; the
switching regression treatment effects established a significant
difference between ATT and ATU, showing significant het-
erogeneity effects. This indicates that although the AGP pro-
gram resulted in a positive effect on total factor productivity,
technical change and scale efficiency, there were important
additional sources of total factor productivity, technical
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change and scale efficiency changes due to differences in ob-
served characteristics.

There are important policy implications from the analysis
in this study. It is evident from the analysis that the critical
factor affecting total factor productivity is the rate of techno-
logical progress. Thus, any policy change which affects the
use of modern agricultural inputs directly or indirectly would
have a role in the growth of agriculture in Ethiopia. While
research and development are important in determining the
country’s agricultural production potential and increasing
household food security status, some issues need to be taken
care of. In the long run, the growth in output must rely on
improvements in technical efficiency. But, the principal diffi-
culty in the 5-year period covered by the Agricultural Growth
Program lies in the slow or negative rate of increase in tech-
nical and scale efficiency. This indicates that there is a grow-
ing urgency for sustained improvements in technical advice
and extension services, which requires a more active role for
the public sector in research and extension activities in collab-
oration with farmers to bring inefficient farmers closer to the
frontier over time. Emphasis should be on the communication
of research results to farmers in usable forms and the estab-
lishment of regional and national means to enhance research-
extension-farmer linkages and the efficiency and relevance of
technology generation and transfer. In addition, as indicated
by the locational variability in efficiency, the potential for
efficiency improvements in different locations is substantial.
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