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ABSTRACT
A farmer field school programme aims to impart knowledge and
promote new technology. The programme is expected to
enhance farmers’ performances. However, the empirical evidence
remains unclear. A few studies have examined the impact of this
programme on technical efficiency in Indonesia. The current study
specifically investigates the causal impact of the Farmer Field
School of Integrated Crop Management (FFS-ICM) programme on
technical efficiency of maize production in Indonesia. We used a
stochastic production frontier model and propensity score match-
ing (PSM) to examine the causal impact of FFS-ICM on the tech-
nical efficiency of maize production. The results show that the
average farm technical efficiency is 68.3%, which suggests that
the production can be further improved. The PSM estimation indi-
cates that FFS-ICM increased the technical efficiency by 1.48%,
demonstrating the importance of agricultural extension pro-
grammes in rural areas in Indonesia. Nevertheless, the relatively
small estimated impact raises the issue of cost effectiveness of
the programme.
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1. Introduction

The agricultural sector plays an essential role in Indonesia’s economy. For example, it
accounted for roughly 13.7% of the Gross Domestic Product (World Bank, 2021) and
generated about 38 million employments in 2020 (Statistics Indonesia, 2021a).
Agricultural products’ shares in non-oil commodities’ exports reached 2.66% in 2020,
growing by almost 15% from the previous year (Statistics Indonesia, 2021b). This
growth is a key instrument for alleviating poverty, which is mainly concentrated in
rural areas (Purwono et al., 2021; Solihin et al., 2021; Suryahadi et al., 2009).
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One strategic crop commodity in Indonesia is maize, whose production reached
22.59 million tons in 2019 (Ministry of Agriculture, 2020a)—one of the largest pro-
ductions globally (US Department of Agriculture, 2021). Approximately 5.10 million
households earn a living from the industry, equivalent to 20% of the total farmers in
Indonesia (Ministry of Trade, 2017). Aside from being a staple food, maize is also the
main material of the farm feed and food industry (Ministry of Agriculture, 2020a).
Therefore, any disruptions to maize production will have a ripple effect on other
foods’ prices, such as chicken eggs and meat (Freddy et al., 2018; Magfiroh et al.,
2018; Olagunju et al., 2021).

The current state of maize production needs to be improved to meet domestic
demand (Magfiroh et al., 2018). For instance, the average annual maize production was
9.04 million tons from 2009 to 2018, and the average domestic demand was 11.14 mil-
lion tons yearly (Freddy et al., 2018). In terms of productivity, Indonesia is behind other
maize-producing countries. It was 3.16 metric tons per hectare in 2020, lower than
Thailand (3.70 metric tons per hectare), Vietnam (4.80 metric tons per hectare), and
China (6.32 metric tons per hectare) (US Department of Agriculture, 2021). The low
productivity is also compounded by other prevalent agricultural challenges. Rapid
urbanisation in Indonesia, particularly in Java Island, often results in agricultural land
conversion (Agus et al., 2019; Bren d‘Amour et al., 2017; Suwandari et al., 2020).
Meanwhile, expanding cultivation to dryland areas is often constrained by irrigation
issues (Wangiyana & Kusnarta, 2020). Also, production mainly occurs once a year, only
during the dry season, because rice cultivation, a prioritised commodity in Indonesia,
occurs in the rainy season. Many farmers (roughly 59%) are smallholder farmers with
land ownership of less than 0.5 ha (Statistics Indonesia, 2018). They often have a low
level of education (Mariyono et al., 2021); so, they do not have much capacity to adopt
advanced agricultural technology (Mariyono et al., 2021; Paltasingh & Goyari, 2018).

The government of Indonesia launched a programme called Sekolah Lapang
Pengelolaan Tanaman Terpadu (SL-PTT) or Farmer Field School of Integrated Crop
Management (FFS-ICM) for maize farmers to improve their capacity. Farmers are
trained to manage land, water, crops, plant diseases, and climate with a participatory,
experimental, and reflective-learning approach. All activities are conducted in the
farm fields. The programme also introduces agricultural technology based on the local
needs, potentials, and challenges—an approach called participatory rural appraisal
(Larsen & Lilleør, 2014; Ministry of Agriculture, 2008). The training is expected to
impart science-based knowledge to farmers and equip them with practical skills
(Mariyono et al., 2013), hence enhancing the human capital in the agricultural sector
that will increase productivity, efficiency, and prosperity (Davis et al., 2012; Mariyono
et al., 2021; Yamazaki & Resosudarmo, 2008).

Nevertheless, evidence shows mixed conclusions about the impact of the training
on farmers’ performances (Larsen & Lilleør, 2014; Mariyono et al., 2021; Paltasingh &
Goyari, 2018). Prior works by Abdulai and Huffman (2014) in Africa and Luther
et al. (2018), Mariyono (2019), and Mariyono et al. (2022) in Indonesia confirmed
the positive impact on yields and productivity, but a study by Feder et al. (2004) in
Indonesia and Guo et al. (2015) in China found no evidence of the impact of field
training on yields, pesticide use, and cultivation knowledge.
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In Indonesia, previous works have investigated the impact of FFS-ICM on maize
production. For example, Kariyasa (2016) considered the role of infrastructure and
governmental support in East Java and West Nusa Tenggara. By comparing the
means’ differences, Kariyasa (2016) found that FFS-ICM participants with better
infrastructure and governmental support produced more maize by 9.37%. A subse-
quent study by Kariyasa (2014) analysed the impact of FFS-ICM on productivity and
maize farmers’ income, which showed that participants produced 27% more maize
and earned around 34% higher income than non-participants. Nevertheless, these
studies did not capture the systematic differences between participants and non-
participants. These differences could arise from the non-random geographical place-
ment of the programme and the voluntary nature of the programme participation
(Godtland et al., 2004; Guo et al., 2015). For instance, FFS-ICM areas might be
selected due to their relative advantages in land fertility or infrastructure. It is also
possible that farmers who voluntarily participate in the programme are more edu-
cated than the non-participants, which means that they have a competitive advantage
even without joining the programme.

Therefore, this recent study aims to examine the impact of FFS-ICM of maize on
farm performance. This study has two main contributions to the literature. First, this
research applies the propensity score matching (PSM) method to control potential
systematic differences between participants and non-participants. The employment of
PSM is expected to yield robust and reliable findings. Second, this study focuses on
the impact of FFS-ICM on technical efficiency of maize production, a topic that is
still limited due to most previous works focused on the impact of FFS-ICM on prod-
uctivity, pesticide use, and farmers’ welfare.

The following section begins with a literature review of the concept of technical
efficiency and the relationship between FFS and technical efficiency. The third section
sets out data and methodology. The fourth section presents the result and discussion;
the last section concludes the discussion.

2. Literature review and hypothesis development

2.1. Technical efficiency concept

Technical efficiency reflects ‘how well’ a farmer can combine different production
inputs into a production process to produce maximum output. An increase in tech-
nical efficiency, or a reduction in technical inefficiency, raises productivity because
the same set of resources produces more output (FAO, 2018). Technical efficiency
should not be confused with productivity, which measures how much a given number
of resources produces output. Technical efficiency is the gap between frontier tech-
nology and a farm’s actual productivity, and this gap can boost growth (Kim & Han,
2001). The technical efficiency concept can be illustrated in a diagram introduced by
Farrell (1957). Figure 1 shows a unit isoquant SS’, which depicts the various combina-
tions of two inputs that a perfectly efficient farm can use to produce a unit of output.
Point P represents the actual combination of inputs. A farm produces the same out-
put as P using only a fraction OQ/OP as much as each input. The line segment
OQ/OP indicates farm efficiency. To put it differently, a technically efficient farm
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produces OP/OQ times as much output from the same inputs. The difference between
the inefficient production (observed) and the frontier production (estimated) is a
measure of technical efficiency.

Technical efficiency is improved when existing inputs are combined or used more
efficiently. The factors that influence technical inefficiency include socioeconomic
profiles and farmers’ management skills, access to extension services, credit con-
straints, and poor infrastructures such as irrigation systems (Heriqbaldi et al., 2014;
Huy, 2009; Komicha & €Ohlmer, 2008; Wicaksono, 2014).

2.2. Farmer field school and technical efficiency

The main public channel to impart agricultural knowledge to farmers is usually
through an extension service (Anderson & Feder, 2004; Feder & Slade, 1986). World
Bank (1994) defines agricultural extension as a programme assisting farmers to
become aware of and adopt improved technology from various sources to enhance
production efficiency, income, and welfare. In general, the aim of an extension is to
transfer knowledge that empowers farmers to make more informed decisions by con-
sidering the goals and possibilities; for example, by choosing the right farming system
(van den Ban, 1999). Evenson (1968) believed that extension accelerates the adoption
of new input and improves efficiency by combining the new input with the existing
inputs in the production.

An extension comes in various forms depending on the purposes, with seminars
being the most common. The programme is usually organised off-farm, such as in
government offices and hotels. Recently, more programmes have been held on farms
as they attempt to combine theoretical knowledge and technical skills, such as tech-
nology demonstrations, on-farm trials, and field trips. The World Bank introduced a
visitation training system in the 1970s, which was later improved into a participatory
approach referred to as farmer field school (FFS) by the United Nations Food and
Agriculture Organization (FAO), aiming not only to train farmers to learn new skills

Figure 1. Technical efficiency in a two-input space.
Adopted from Farrell (1957).
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and decision making but also how to communicate them to the wider community.
Depending on the programme or module, the FFS lasts for several days, weeks,
months, or the entire planting season.

FFS is an innovative, participatory, and interactive learning approach conducted in
fields that emphasises problem-solving and discovery-based learning (FAO, 2016).
FFS serves as a platform for technology transfer (National Research Council, 2002)
and provides inputs to enhance human capital and welfare (Anderson & Feder,
2004). In developing countries, the adoption and commercialisation of emerging tech-
nologies have not been optimally achieved due to cultural constraints, ethical concerns,
regulatory issues, and lack of understanding of the science and technology being used
(Ugochukwu & Phillips, 2018). Investment in new technology is low because stakehold-
ers could not see immediate returns or they do not know how to manage technology so
that it helps generate high returns (Foster & Rosenzweig, 2010). FFS aims to address
these constraints. Thus, the hypothesis derived from the theoretical framework above is:

Hypothesis: Farmer Field School (FFS)-ICM significantly increases technical efficiency of
maize production.

3. Methodology

3.1. Data

The study employs the most recent dataset from the Indonesian Secondary Food
Crops Cultivation Farm Holders Survey collected in 2014 by the Statistics Indonesia
(Badan Pusat Statistik or BPS). The survey is a part of the 2013 Indonesia
Agricultural Census—conducted every ten years—which presents national data of sec-
ondary crop commodities including maize, soybean, peanut, mung bean, cassava, and
sweet potato. It provides the general information, cost structure, and socio-economic
conditions of each commodity’s households (Statistics Indonesia, 2015). Specifically,
the current study uses a dataset of 28,178 maize-producing households across ten
major maize-producing regions in Indonesia: North Sumatera, South Sumatera,
Lampung, West Java, Central Java, East Java, West Nusa Tenggara, North Sulawesi,
South Sulawesi, and Gorontalo. Figure 2 illustrates the distribution of research areas.

Moreover, the rainfall data are obtained from Statistics Indonesia (2017). In-depth
interview with government officials was also conducted to assess the current situation
of the implementation of the FFS-ICM programme as well as complement the appar-
ently outdated survey data.

3.2. Estimation of technical efficiency

In the literature, there are two widely applied approaches to estimate technical effi-
ciency: parametric approaches such as stochastic frontier analysis and non-parametric
approaches such as data envelopment analysis (DEA) (Belek & Jean Marie, 2021; Ma
et al., 2018; Martey et al., 2019). The stochastic frontier analysis employs econometric
modelling to determine the frontier production function. Thus, it requires a prior
functional relationship between inputs and output (Assaf & Josiassen, 2016). This
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approach assumes that any deviation from the production frontier could be attributed
to inefficiency and random noise such as measurement errors, natural disasters, and
agricultural diseases (Afrin et al., 2017; Laha, 2013; Mango et al., 2015). On the other
hand, DEA estimates the frontier production function based on the piecewise func-
tion of the data. Therefore, it does not impose any functional form of the input-out-
put relationship (Assaf & Josiassen, 2016). Nevertheless, the method assumes no
stochastic errors, so it considers any output deviation from its production frontier as
inefficiency. Therefore, the method is insensitive to the outlier, so it is unsuitable for
agricultural research where unpredictable factors may affect production (Ma et al.,
2018). Thus, this study uses stochastic frontier analysis to estimate the technical effi-
ciency of maize production. In general, the stochastic frontier is specified as follows:

Yi ¼ f Xi, bð Þ þ ei; ei ¼ mi � ui (1)

where Yi represents the output variable, Xi denotes a vector of inputs, b indicates
a vector of parameters to be estimated. Meanwhile, ei is an error term consisting of
two components: mi is the random error and ui denotes the inefficiency error term.
The ei is assumed to be independently and identically distributed as N(0, r2).
Meanwhile, ui follows an asymmetric distribution, usually in the half-normal, trun-
cated, exponential, or gamma distribution, as the efficiency score cannot have nega-
tive values (Assaf & Josiassen, 2016; Martey et al., 2019).

Furthermore, Equation (1) requires a specific functional form f ð:Þ that describes
the relationship between inputs and output. Following the work of Anang et al.
(2017) and Ma et al. (2018), the current study employed the Cobb-Douglass produc-
tion function to link the relationship, described as follows:

Ln Yi ¼ b0 þ
X9

j¼1

bjLn Xi þ vi � ui (2)

Figure 2. Distribution of research areas.
Source: authors.
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where Yi is maize yield (kg) of farmer ith and Xi denotes the production inputs.
The inputs consist of fertiliser, seeds, labour, farm size, and pesticide use, and rainfall.
This study includes four dummy variables representing geographical differences
across regions, namely Sumatera for farmers in Sumatera Island, Java, West Nusa
Tenggara, and Sulawesi. The baseline of the variable of the dummy region is the
dummy Java. A dummy variable of the type of land is also introduced in the produc-
tion function. Meanwhile, vi and ui are the parts of the composed error term. The
quantity of output and inputs are converted into a natural logarithm, except the
dummy variables. Additionally, b0 and bj are unknown intercepts and parameters to
be estimated, respectively using the maximum likelihood method. Further description
of the inputs and output is shown in Table 1.

After obtaining the production frontier, the technical efficiency of farmer i could be
obtained by finding the ratio of the actual output and the estimated frontier output
against the number of inputs. Specifically, the technical efficiency could be expressed by:

TEi ¼ Yi

Y�
i

(3)

where Yi is the actual output and Y�
i is the predicted output obtained from the fron-

tier estimation. A farm is classified as perfectly efficient if the actual output lies on
the production frontier and inefficient if the actual output produced is below the pro-
duction frontier.

3.3. Estimation of impact of FFS on technical efficiency

Analysing the causal impacts of FFS programme participation on technical efficiency
could be convoluted by a potential endogeneity bias (Baiyegunhi et al., 2019; Wossen
et al., 2017). Because participation is often voluntary and non-random, participating
farmers may be systematically different from non-participating farmers. This may
directly affect outcomes (Heckman & Robb, 1985). Simply calculating the means’
differences between the treatment group (participants) and the control group (non-
participants) may result in biased estimates. Using a standard regression analysis—
considering the outcomes as a dependent variable with participation/treatment
(dummy) variable as the independent variable—will not solve the potential bias either
(Martey et al., 2019). Estimating an accurate impact of a specific intervention or pro-
gramme participation requires a comparison of the outcomes with the conditions
where the programme is absent, which is called counterfactual (Khandker et al., 2010;
Martey et al., 2019). However, a counterfactual could not be observed directly.
Technically, following the framework of Imbens and Wooldridge (2009), the causal
impact of a particular programme participation is measured by the average treatment
effect on the treated (ATT), which is defined as:

ATT ¼ E Y 1ð Þ � Y 0ð Þj T ¼ 1��
(4)

where Y(1) and Y(0) are outcome variables (technical efficiency) when farmers par-
ticipate and do not participate, respectively. T denotes a programme participation
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indicator where T¼ 1 indicates participation and 0 otherwise. Based on Equation (4),
E[Y(1)jT¼ 1] is observable, while E[Y(0)jT¼ 1] is the counterfactual (unobservable
missing data). Simply put, it is not possible for a farmer to participate and not par-
ticipate in the programme simultaneously (Suwandari et al., 2020).

Many approaches are used to mimic a counterfactual, including propensity score
matching (PSM). The fundamental idea behind PSM is to match each treated partici-
pant with an identical untreated participant and then estimate the mean differences
of the outcomes. The PSM approach’s matching process could reduce bias and result
in more reliable estimates (Baiyegunhi et al., 2019). Specifically, PSM mimics the
counterfactual by estimating the propensity score—the probability of participation—
of the given pre-treatment variables. The propensity score is specified as follows:

p Xð Þ ¼ Pr T ¼ 1jX½ �; p Xð Þ ¼ Ffh Xið Þg (5)

where p(X) is a propensity score, Pr is the probability of FFS-ICM participation (T ¼
1 represents farmers joining the programme and T ¼ 0 otherwise) given the X, a
vector of observed covariates. F{.} indicates the probability distribution either normal
or logistic cumulative. This study employs the logistic cumulative distribution or
Logit model to estimate the propensity score or predicted probability of participation.

After obtaining the propensity score of joining the FFS-ICM programme, we used
matching algorithms to match each farmer who participated with a farmer who did
not participate with similar propensity scores. The current study uses several match-
ing algorithms, including Nearest Neighbours and Kernel-based matching, to assure
robust estimates. The requirement of a reliable matching algorithm should not elim-
inate too many original observations from the final stages of analysis and provide bal-
anced covariates means between the treated and untreated groups statistically
(Baiyegunhi et al., 2019). To check the matching quality, we employed a statistical
t-test to examine the covariates balance between the treatment and control groups are
balanced.

Afterward, the causal impact of FFS participation on technical efficiency is esti-
mated by the equation below:

ATTPSM ¼ E Y 1ð ÞjT ¼ 1, pðXÞ � E½Y 0ð Þj T ¼ 0, pðXÞ��
(6)

where T shows participation status in the FFS-ICM programme by the farmer, and
it takes two values: T¼ 1 if the farmer participates and T¼ 0 if the farmer does not
participate. (1) indicates the outcome indicators of the participating farmers and (0)
denotes the outcome indicators of the non-participating farmers. Meanwhile, (X) is
the estimated propensity score used to match each observation.

4. Result and discussion

4.1. Descriptive statistics

The measurement and descriptive statistics of the farmers’ profiles, along with the
input and output used in the technical efficiency analysis, are shown in Table 1. The

ECONOMIC RESEARCH-EKONOMSKA ISTRAŽIVANJA 9



data are presented by the FFS-ICM participation and pooled sample. In general, 1,625
farmers, or 5.76% of the total sample, participated in the FFS-ICM programme (treat-
ment group). About 26,553 farmers, or 94.24% of the total sample, did not participate
(control group). The treatment group produced more maize than the control group.
Specifically, the average production of the treatment group was roughly 2,507 kg, and
the control group was 2,291 kg. The treatment group also utilised slightly more inputs
than the control group. For instance, the mean fertiliser used by the treatment group
was around 255 kg, and the control group 248 kg; the seeds used by the treatment group
was 8.92 kg, and the control group 8.89 kg; the labour used by the treatment group was
34.72, and the control group 33.80. The average farm size of the treatment group was
5,549.93 meters square, and the control group was 5,370.66 meters square. About 63%
of the farmers in the treatment group used pesticides, while in the control group, 61%.
Around 46% of the farmers in the treatment group used irrigated land, while in the
control group, 33%.

Regarding socioeconomic variables, the participating farmers were older (average
age 50.23 years old) than the non-participating farmers (average age 49.53 years old).
Most of the farmers in both groups were male. For education, the participants’ aver-
age years of education are higher (6.29 years) than the non-participants (5.55 years).
About 88% of the participants joined a farmers’ group, and only 49% of the non-
participants joined a farmers’ group. Only 6% of the participants and 2% of the non-
participants signed a contract with a third party such as a cooperative or private
company. Most of the farmers are landowners. As for the geographic locations, 65
and 54% of the participants and the non-participants, respectively, lived in Java
Island.

4.2. The estimation of technical efficiency

Table 2 shows the maximum likelihood estimation of the Cobb-Douglas stochastic
production function parameters. There are three models employed: model (1) used
conventional input variables (fertiliser, seeds, labour, land, pesticide, type of land, and
rainfall); model (2) employs the same variables as model (1) with additional variable
of rainfall squared; and model (3) extends model (2) by including dummy regions.1

All conventional inputs of maize production such as fertilisers, seeds, labours, and
farmland show positive signs, in line with the a priori expectation. Moreover, all coef-
ficients of the variables are statistically significant. The findings indicate that fertil-
isers, seeds, labours, and farmland determine the maize output, which corroborates
the study by Mango et al. (2015) in Zimbabwe. In addition, the coefficients of the
conventional inputs in the production model could be interpreted as partial elasticity.
For example, a 1% increase in fertiliser is associated with a 0.1122% increase in maize
production, holding other inputs constant. Likewise, a 1% increase in seeds is associ-
ated with a 0.28% increase in maize production, assuming other inputs are fixed. The
analogous interpretation could be applied to labour and farmland variables.

Meanwhile, the coefficient of the dummy variable of pesticides is 0.0415 and statistic-
ally significant, which means, on average, farmers who used pesticides produced 4.15%
more maize than those who did not. Pesticides could control pests and diseases in maize
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and prevent production loss (Sun et al., 2020). The same is true for the land types (irri-
gation) dummy variable. On average, farmers who grew maize in irrigated land pro-
duced 7.10% more maize than those who grew maize in non-irrigated land.
Vaidyanathan et al. (1994) argue that crop productivity in irrigated land. The coefficient
of rainfall is 0.0027, indicating that 1mm rainfall is associated with 0.27% increase of
maize production, holding other variables constant. Nevertheless, the variable of rainfall
square is negative, implying that up to a certain point, high rainfall will reduce the
maize production. Location dummy variables such as Sumatera, West Nusa Tenggara,
and Sulawesi are statistically significant, indicating pronounced differences in maize
output produced by farmers in Sumatera, West Nusa Tenggara, and Sulawesi relative to
those in Java. For instance, the coefficient of dummy Sumatera is 0.0603, which means
that, on average, farmers in Sumatera produced 6.03% more maize than farmers in
Java. The analogous interpretation could be used to other dummies region.

The average technical efficiency of maize production in Indonesia is only 68.3%,
meaning that farmers only produced 68.3% of the optimum potential. The use of the
existing technology with better management could improve this production rate. This

Table 2. Estimation of the parameters for stochastic production function.
(1) (2) (3)

Variables coefficient coefficient coefficient

Fertiliser 0.1261��� 0.1116��� 0.1122���
(0.0038) (0.0037) (0.0037)

Seeds 0.2738��� 0.2920��� 0.2800���
(0.0062) (0.0062) (0.0064)

Labour 0.0620��� 0.0663��� 0.0761���
(0.0045) (0.0044) (0.0046)

Land 0.5367��� 0.5676��� 0.5633���
(0.0073) (0.0071) (0.0071)

Dummy pesticide 0.0312��� 0.0506��� 0.0415���
(0.0050) (0.0050) (0.0050)

Dummy type of land 0.0817��� 0.0604��� 0.0710���
(0.0052) (0.0052) (0.0053)

Rainfall �0.0002��� 0.0024��� 0.0027���
(0.0000) (0.0000) (0.0001)

Rainfall squared �0.0000��� �0.0000���
(0.0000) (0.0000)

Dummy Sumatera 0.0603���
(0.0074)

Dummy West Nusa Tenggara 0.0814���
(0.0132)

Dummy Sulawesi 0.0598 ���
(.0109)

Constant 2.2864��� �0.5931��� �1.0136���
(0.0453) (0.0916) (0.1260)

Diagnostic statistics
Sigma_v 0.2441��� 0.2439��� 0.2433���

(0.0046) (0.0029) (0.0029)
Lambda 1.8681��� 1.8070��� 1.8094���

(0.0068) (0.0065) (0.0065)
Wald chi2 105,899 100,809 101,187
Prob> Chi2 0.0000 0.0000 0.0000
Log likelihood function �18190 �17550 �17550
Observations 28,178 28,178 28,178

Standard errors in parentheses.���p< 0.01, ��p< 0.05, �p< 0.1.
Source: Authors’ calculation.
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finding is similar to the previous studies by Sodiq and Haryanto (2021) in Gorontalo,
Indonesia; and Belete (2020) in Ethiopia. Specifically, Sodiq and Haryanto (2021) esti-
mated that the average technical efficiency of maize farming in the region was 57%,
with only 5% of the total farmers operating with maximum technical efficiency.
Meanwhile, research by Belete (2020) showed that the efficiency in Ethiopia was 69%.
Figure 3 illustrates a comparison of the average technical efficiency by FFS-ICM partici-
pation, suggesting that FFS-ICM participants (70.5%) were higher than the non-partici-
pants (68.2%).

4.3. Determinants of FFS-ICM participation

The Logistic model of the determinants of FFS-ICM participation is shown in Table 3.
The significant independent variables are gender, education, farmers’ group member-
ship, contract farming partnership, farm size, and other-land ownership. Meanwhile,
the insignificant independent variables are age and rented land. Furthermore, there are
some variations of the statistical significance of dummies provinces.2

The estimated coefficient of gender is positive, suggesting it is more probable for
male farmers to join the FFS-ICM programme. This result is consistent with previous
studies that claim a gender gap in agricultural extension access (Buehren et al., 2019;
Jiggins et al.,1997). The coefficient of education is positive, indicating that as the edu-
cation level increases, the probability of participating in the FFS-ICM programme
also increases. Baiyegunhi et al. (2019) mentioned that educated farmers are more
likely to access and interpret new information better than non-educated farmers. The
coefficient of group membership is positive, which means that farmers who join a
farmers’ group are more likely to participate in the FFS-ICM programme than the
non-members. Vu et al. (2020) argue that farmers association plays a vital role in
enhancing farmers’ access to new information and technology. Similarly, a contract
farming indicates a positive coefficient, meaning those with a farming contract are
likely to join the FFS-ICM programme.

Figure 3. Average technical efficiency by FFS-ICM participation.
Source: Authors.
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Dubbert et al. (2023) argued that a farming contract modernises practices, including
the access to agricultural extension. This finding aligns with a similar study by Kosim
et al. (2021). The coefficient of farm size is also positive, suggesting that farmers with
large land areas had more probability of joining the programme. Meanwhile, the esti-
mated coefficient of other-land ownership shows a negative sign, indicating that farm-
ers with free-lease farms tend not to join the FFS-ICM programme compared to those
who own the land. Additionally, the variation of statistical significance of dummies
province suggests unequal probability of FFS-ICM participation across provinces.

4.4. The impact of FFS-ICM participation on technical efficiency

The Propensity Score Matching (PSM) is utilised to estimate the impact of FFS-ICM
on the technical efficiency of maize production. The result of the impact evaluation
of FFS-ICM participation on technical efficiency is shown in Table 4.

The estimation shows that all matching algorithms yield similar results. It indicates
that the participation of the FFS-ICM programme had a positive and statistically sig-
nificant impact on technical efficiency. Specifically, the FFS-ICM participation raised
the technical efficiency by about 1.48% or 1.9%. This finding is similar to previous
work by Mariyono (2008) and Waddington et al. (2014), showing that FFS Integrated
Pest Management (FFS-IPM) led to a significant reduction in the use of pesticides
among rice and cotton farmers. FFS serves as a channel to influence intermediates
outcomes such as knowledge and facilitate speed of adoption of new inputs and
improved practices (Evenson, 1968). In this instance, farmers learn to lower their sub-
jective economic thresholds, for example through delayed spraying such that pesti-
cides are used more efficiently. Furthermore, the balancing test based on 4-Nearest

Table 3. Logistic regression of determinants of FFS-ICM participation.
(1)

Variables coefficient

Age 0.0002
(0.0024)

Gender 0.1875�
(0.1024)

Education 0.0340���
(0.0070)

Farmer group membership 1.9846���
(0.0788)

Contract farming 1.0010���
(0.1225)

Farm size 0.0000���
(0.0000)

Rented Land �0.1027
(0.0789)

Other-land ownership �0.3579���
(0.0765)

Constant �4.3858���
(0.1903)

Dummy provinces YES
Observations 28,178
Pseudo R-Squared 0.1051

Standard errors in parentheses.���p< 0.01, ��p< 0.05, �p< 0.1.
Source: Authors’ calculation.
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Neighbour is employed to check the reliability of the matching. Table 5 shows that
the matching process has produced balanced observable characteristics between the
treatment and the control groups.

In general, PSM estimation results corroborate the previous studies documenting
the positive impacts of FFS-ICM on farmers’ performance indicators. This result is
also in line with a study by Zubair et al. (2021) in Pakistan and Mariyono (2019) in
Indonesia. Recent evidence from the experimental method indicates that FFS reduces
learning frictions and increases technology adoption in India (Emerick & Dar, 2021).
Qualitative research also reveals that the participants of FFS-ICM felt that they gained
substantial knowledge on more effective farming practices. The FFS-ICM programme
changed the participants’ beliefs on certain farming practices that are not science-
based (Luther et al., 2018). Concurrently, the current study’s finding opposes a study
by Admassu (2015), claiming that the FFS programme reduced the technical effi-
ciency of maize production in Ethiopia; and that it might be caused by reduced fam-
ily labour allocation.

It is worth noting that the estimated impact of the FFS-ICM programme on technical
efficiency in this study is relatively small (only about 2%). According to Luther et al.
(2018), the small impact could be attributed to the low farmers’ willingness to imple-
ment the new farming practices obtained from the FFS programme. They claimed that
there are four explanations behind the low willingness. First, the adoption is often hin-
dered by the high cost of new farming practices that require new equipment. Second,
the complexity of new farming techniques might discourage farmers. Third, new farm-
ing techniques may not be generic enough to implement in any crops. Lastly, new farm-
ing practices are an uncharted area for the farmers, so they are concerned about
whether the implementation will result in positive outcomes. The in- depth interviews
confirmed that the limited impact of FFS-ICM could be attributed to the difficulty of
changing farmers’ behaviour or deep-rooted farming habits.

A corollary to the question of the marginal impact of the programme is the con-
cern about its cost effectiveness. At present, the FFS-ICM for maize ceases to be a
national priority programme. Its implementation, however, is devolved to local gov-
ernment (provincial or district level government) which is given the flexibility to
decide whether to run the programme, subject to local agricultural condition and
government targets in any particular year. For example, several villages in Central
Sulawesi and West Sumatera still run FFS-ICM for maize in 2020 (READSI, 2020;
Ministry of Agriculture, 2020b). Even though our finding suggests the impact of FFS
on technical efficiency is small, local government may still implement the FFS.

Table 4. Impact of FFS-ICM on technical efficiency.
Coefficient

Matching method (ATT)
4-Nearest neighbour 0.0190���

(0.0054)
Kernel based matching 0.0148���

(0.0048)

Standard errors in parentheses.���p< 0.01, ��p< 0.05, �p< 0.1.
Source: Authors’ calculation.
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Nevertheless, there are some issues that should be addressed so that the FFS pro-
gramme is still practical. The issue, for instance, is the expensive cost of implementa-
tion with limited participant outreach (Anderson & Feder, 2004; Dhamankar &
Wongtschowski, 2014). Thus, local government may design FFS programme that
encourages information sharing from FFS participants to non-participants or across
social network. It is expected that the dissemination of information across farmers’
social network could speed up knowledge diffusion, and in turn, lowers the average
cost of the FFS. Farmers were more likely to be most convinced with communicators
who shared a group identity with them, or who face comparable agricultural conditions
(BenYishay & Mobarak, 2019).

5. Conclusion

This research aims to determine the causal impact of FFS-ICM participation on tech-
nical efficiency. Contrary to the previous works that explored the impact of the FFS
without controlling for the systematic differences between participants and non-par-
ticipants, this study employed the PSM method that eliminates the issue of selection
bias (the systematic differences) in FFS-ICM programme participation. In doing so,
the study provides robust and reliable results. In other words, the current study
enriches the body of knowledge on the impact evaluation of FFS by utilising a more
suitable method that is distinct from what have been previously utilised in Indonesia.

Econometric results showed that the average technical efficiency of the total sample
was mere 68.3%, suggesting the need for improvement. The estimation also revealed
that the FFS-ICM participation increased technical efficiency by roughly 1.48 to 1.9%.
The finding corroborates previous studies documenting the positive impact of FFS-
ICM on-farm performance indicators.

The policy implication of this research is twofold. First, the relatively low rate of
technical efficiency of maize production calls for the government and non-govern-
ment organisations to continue improving farmers’ education, not only on raising
production capacity but also on using the inputs efficiently. As seen in some studies,
there exists a complementarity between FFS and efficiency where FFS can influence
intermediates outcomes such as knowledge and facilitate speed of adoption of new
inputs and improved practices. Second, the positive impact of FFS-ICM on technical
efficiency implies that the government may continue to enhance farmers’ capacity

Table 5. After matching quality test.

Variables

Mean

p-valuetreatment group control group

Age 50.22 50.67 0.271
Gender 0.92 0.93 0.890
Education 6.29 6.13 0.260
Farmer group membership 0.88 0.88 0.989
Contract farming 0.06 0.06 0.910
Rented land 0.13 0.12 0.268
Other land ownership 0.14 0.13 0.468

Note: p-value indicates statistical mean differences between treatment and control group.���p< 0.01, ��p< 0.05, �p< 0.1.
Source: Authors’ calculation.
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through agricultural training, including FFS. At present, the running of FFS-ICM is
devolved from the national to local government. However, the need to reconsider the
FFS-ICM implementation from the cost-benefit standpoint remains imperative. As a
response, the local government may design the programme that encourages sharing
of information across social networks to speed up its diffusion in order to lower the
average cost of the FFS. Lastly, this research had some limitations. First, the secondary
dataset used was relatively outdated. Thus, future research may employ more recent
dataset to produce precise findings. Second, the analysis focused on one specific com-
modity only (maize). Future research might explore other agricultural commodities.

Notes

1. The rest of the analysis in the paper uses model (3) as the basis of discussion.
2. We included dummies province in the logistic regression with dummy East Java as the

reference group. Provinces that had statistical significances: North Sumatera, South
Sumatera, Lampung, Central Java, West Nusa Tenggara, South Sulawesi, and Gorontalo. In
contrast, provinces that did not have statistical significance: West Java and North Sulawesi.
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