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Abstract: The main sources of rice production growth are
increases in the yield and area harvested. Yield improve-
ment is carried out through intensification, mainly using
more inputs and better irrigation, while increasing the
harvested area is associated with increasing the cropping
intensity. Unfortunately, even in favorable irrigated areas,
outcomes of the coupled approach are not always syner-
gistic. This study aims to assess technical efficiency (TE),
its changes in direction, and the factors responsible for
inefficiency during the last 10 years. The data analyzed
were those of rice farming through a panel survey of
farmer households in several villages with favorable irri-
gation. The survey was conducted in 2010, 2016, and 2021.
The results showed that the use of higher seed quality and
inorganic fertilizers positively affected the yield. The TE
level was relatively high but tended to degrade in these

3 years. The farmers’ TE in Java Island was higher than
that outside Java. The older the farmer, themore inefficient
the farmer was. The number of family members working in
rice farming negatively affected efficiency. TE increased as
the agricultural contribution to household income increased.
On the other hand, the farmers’ educational background did
not significantly affect TE. Based on these findings, it is
recommended to encourage farmers to adopt higher quality
seeds of improved rice varieties. It is also urgent to encou-
rage young farmers to pursue rice farming as their main
profession. In the middle and long term, breeding
improved rice varieties adapted to climate stress will
become a pressing need.
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1 Introduction

Indonesian’s staple food as the most vital source of car-
bohydrates is rice. The commodity is the main component
of the food supply for national food security along with
its relatively significant household consumption expen-
diture [1–3]. Indonesian per capita rice consumption is
relatively high, i.e., 104 kg/year in 2019 [4]. Meanwhile,
rice farming remains one of the main income sources for
Indonesian farm households [5,6].

Rice crop is grown on various agroecosystems, either
in lowland, upland, or swampland areas [7]. Most of the
rice is produced in lowland areas so it is considered a
determining factor for national rice availability. Among
the lowland areas, irrigated land contributes the most
share of rice production (67.5%) and rainfed lowland
(27.5%). Both types of lowland areas (43% of the total
area) are found on Java Island [8]. Irrigated land also
plays an important role in the national rice production
in some countries, such as Thailand [9], the Philippines
[10], and Brazil [11].
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The role of rice as the staple food of the majority of
Indonesian is irreplaceable. On the one hand, Indonesia’s
total population is quite large, and thus, sustainable food
security through rice production growth should at least
meet its consumption demand. On the other hand, pro-
duction growth is an outcome of those harvested area and
yield and the country’s ability to enhance agricultural
land, especially for rice, is limited as the irrigation invest-
ment gets more expensive. This implies that the rice pro-
duction growth will rely on enhanced cropping intensity
and improved yield in the future. Consequently, rice
farming's technical efficiency (TE) is essential. Rice produc-
tion from irrigated lowlands will contribute more to the
national food supply if it has high TE. Some studies showed
that rice farming technical efficiencies in Indonesia varied
among region, season, and year [12–16].

Referring to the empirical conditions, favorable irri-
gated areas are the lowland of rice-producing centers with
satisfactory water irrigation availability, which encourage
farmers to grow paddy at least twice or two growing sea-
sons in 1 year. This is consistent with the fact that rice is
the crop most chosen by farmers in the cropping pattern of
the lowland areas. Rice is among the selected food crops
because (i) rice price is the most stable among those of
food commodities in Indonesia and (ii) the irrigation water
system in the tertiary lowland blocks is water flow from
one plot to another based on gravitation and technically
the condition is suitable for paddy wetland cultivation but
less suitable for other food commodities.

Most studies on TE were based on cross-sectional
data, and it was rarely found any study using the panel
data for evaluating the dynamics of TE in Indonesia. One
that could be well noted is a study on National Farmers
Panel (Patanas) in some villages including those favorable
irrigated lowlands conducted by the Indonesian Center for
Agricultural Socio-Economic and Policy Studies (ICASEPS)
over several decades. The frontier production functions
were applied to estimate the TE of the dairy industries in
New South Wales and Victoria, Australia [17]. TE was esti-
mated using panel data of dairy farms in New England by
employing the stochastic production frontiers (SPFs) [18].
Estimations of a stochastic frontier production (SFP) func-
tion model to find the technical efficiencies were carried
out using the panel data of the US domestic airline
industry. The quarterly data of 12 airlines were used in
this study from quarter I in 1970 to quarter II in 1978 [19].
Using the parametric production function and cost mini-
mization hypothesis, it was possible to estimate firm-
specific technical inefficiency based on the panel-data
framework, which is allowed to vary over time [20]. The
novelty of this study is the use of the panel data of rice

farming yields in favorable irrigated areas for evaluating
its TE in Indonesia. Using the unbalanced panel data,
this study aims to (1) assess trends in the rice yield and
TE on favorable irrigated rice fields, and (2) identify the
technical inefficiency determinants.

2 Methods

2.1 Conceptual framework

The attainable yield is the result of various factors, which
are internal or controllable and external or off-farmers’
control. The other influencing factors are the input use
intensity and relative prices [21]. Enhancement in eco-
nomic efficiency and farming sustainability could be car-
ried out through yield improvement and efficient resource
allocation.

Technical inefficiency exists basically due to the gap
between the actual yield of a firm compared to its poten-
tial yield. The firm could not achieve its potential yield
because it may cope with best practices or organizational
factors. If the firms apply input I2, it operates at C and its
yield is Q4 on AA’s actual production frontier and it is not
technically efficient (Figure 1). To maximize its profit, the
firm has to apply an input I3 operating at D with output
Q3. However, to be technically efficient, the firm has to
operate at the FF’s production frontier, i.e., at B with
output Q1. Applying input I2, the firm’s TE is Q2/Q1.
Thus, the firm’s technical inefficiency is (Q1 − Q2)/Q1.

Experienced rice farmers do not always achieve the
expected yield and TE. Variation arises when farmers in
the same land, ecosystem, and cropping season apply the
same technology. Farmers’ training, technical guidance,
and credit access are among the actions to be taken [22].
Daily practice of rice farmers in homogenous regions and
ecosystems tends to improve TE through maximizing
yield efforts [23].

Factors affecting technical inefficiency varied among
locations and seasons. Heriqbaldi et al. [24] used the SPF
method and found a large inefficiency variation in the 15
provinces of study. The area size, income, and source of
finance were the determining variables of TE. The farmers’
participation in field schools, farmers’ groups, crop spa-
cing, seed quality, and cropping season affected signifi-
cantly the TE. Kea et al. [25] showed that rice production
in Cambodia depended on capital value and agricultural
machinery adoption. They showed that the overall TE was
78.4%, indicating the possibility to improve TE due to
relatively the same input and technology levels.
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Applying panel data, it was found that the TE of rice
production in Thailand was decreasing [27]. It was found
that the TE decreased from the 1987/1988 cropping season to
the 2007/2008 cropping season. A study by Alam et al. [28]
in Bangladesh, applying an SPF, also indicated that there
was a decrease in technical change from 1987 to 2004. Using
the data envelopment analysis (DEA) approach, Pradhan
[29] estimated that the average rice TE in Odisha, India,
was 79.10%, which indicated that the input was overused
up to 20.90%. Meanwhile, a study in Malaysia stated that
rice farming had not been efficient but there was still poten-
tial for improvement with input rationalization [30]. Using
the total factor productivity approach, rice farming in Indo-
nesia tended to decrease due to relatively low TE [31].

The producers try their best to produce goods effi-
ciently. In production economics, economic efficiency is
realized if both technical and allocative efficiencies are
attainable simultaneously. Empirically, the output market
structure is oligopolistic resulting in the unpredictability of
the farmers’ commodity. Accordingly, most Indonesian
rice farmers try to improve only their TE [27,28].

The rice farmers in Indonesia try their best practices
to achieve the best yield. However, most of them do not
operate at the frontier production function. Some factors
affecting this are an inappropriate time of input applica-
tion, lack of input quantity and quality, weather distur-
bance, etc. Water supply for irrigating rice crops is a
crucial issue as competing water use with the non-agri-
cultural sector is more intense [29,30].

This study explored an econometric approach to esti-
mate rice farming TE, its changes, and factors affecting

inefficiency. Using unbalanced panel data, two approaches
were employed, namely (i) TE estimation using a time-
varying decay model (truncated-normal; random effect),
and (ii) the Tobit model to describe factors affecting
technical inefficiency.

2.2 Analytical methods

The most popular approaches to calculate efficiency are (1)
the non-parametric techniques [32], the DEA based on the
linear programming tools; and (2) parametric techniques
[33,34], the stochastic frontier analysis (SFA) – SFP – based
on econometric tools. DEA does not require a functional form
and SFA does. The DEA (deterministic) approach ignores the
random effects (noise) but the SFA approach takes it into
account. Therefore, in the DEA model, any deviation is con-
sidered inefficiency but in SFA noise and inefficiency are
considered. Both approaches seem to be useful and their
use will depend on the objectives of the analysis [35].

According to Silva and Azurbi [36], the DEA approach
has the advantage of considering many inputs and many
outputs simultaneously. It also does not require a parametric
specification of a functional form to construct the frontier. The
major limitations of DEA are that it is difficult, conceptually,
to separate the effects of uncontrollable environmental vari-
ables and themeasurement error from the effect of differences
in farmmanagement and the presence of outliers. Coelli and
Perelman [37] stated that the main disadvantage of DEA is
that when the calculation of shadow prices is desired, only a
range of prices can be derived for efficient firms.
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Figure 1: TE framework [26].
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One advantage of parametric methods is that they
allow the testing of hypotheses such as those relating to
the significance of included inputs and/or outputs, returns
to scale, and so on [37]. Coelli [38] and Coelli et al. [39]
stated that estimating a frontier production function had
two advantages compared to that of an average production
function. First, the average production function estimate
indicates an average technology function achieved by
farmers, while the frontier production function estimate
is significantly affected by the farmers with the best farming
practices revealing their adopted technology. Second, the
frontier production function represents the best practice
method results in which farming efficiency is measurable.
According to Reinhard et al. [40], one of the most impor-
tant characteristics of econometric models (SFA) is that it
allows a specification in the case of panel data and the
construction of confidence intervals. The literature review
shows that SPF taking error term into the model is relevant
to estimate rice farming efficiency.

Random effect modeling was initiated by Pitt and
Lee [41]. They proposed a model with distributional
assumptions about the error term, v N σi.d. 0,it r

2( )∩ , which

represents noise, and u N σi.d. 0,it u
2( )∩

+ reflects the distri-
bution of the non-negative component, which translates
the inefficiency of the model. The estimate method applied
was a maximum likelihood. Some years later, Battese and
Coelli [17] adopted this formula and developed it by pro-
posing truncated-normal distribution for modeling tech-
nical inefficiency components with maximum likelihood
as the estimate method. This study employed a max-
imum likelihood estimator (MLE) to estimate the yield
function of panel stochastic frontier time-varying decay
(PSF-TVD).

The model of Pitt and Lee [41] was also improved by
Schmidt and Sickles [19] using a random effect model by
the assumption of a particular distribution for the ineffi-
ciency component and regressors variable over time. The
random effect model is expressed as follows:
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∗ and vi. With the introduction of this transformation,
the zero mean for the error term, the GLS (generalized
least squares) technique, can be applied to estimate the
model. The random effect model operates in the same
way as the error component (one-way) model described
in the literature on panel data. To estimate this model,
the GLS technique is used in two steps.

For the time-varying decay model, the log-likelihood
function is derived as
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is the cumulative distribution function of the standard
normal distribution, and
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Social interaction among individuals in the intra-
region in the country is more intense due to their homo-
geneity than that in the inter-region. Thus, it is common to
report standard errors that account for the clustering of
units. Typically, the motivation given for clustering adjust-
ments is that unobserved components in outcomes for
units within clusters are correlated. However, because cor-
relation may take place across more than one dimension,
this motivation makes it difficult to justify why researchers
use clustering in some dimensions, such as geographic
[42]. The better parameter estimate method is maximum
likelihood with clustered-robust standard errors.

Cluster-robust standard errors are now widely used,
popularized in part by Reinhard et al. [40] and Bertrand
et al. [43], who incorporated the method in Stata. Cameron
and Miller [44] and Wooldridge [45] provide surveys, and
lengthy expositions are given inWooldridge [45]. Based on
those arguments, the estimate method applied is a like-
lihood with clustered-robust standard errors, as its para-
meter estimates are the most efficient and consistent. The
cluster approach is islands, i.e., Java and off-Java.

2.3 Empirical model

2.3.1 Estimating TE

TE can be measured using either the total production or
yield. The yield function approach requires outputs, and
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all inputs are measured per hectare. This study applied a
yield approach. Production inputs presumably affecting
yields are inputs used per hectare consisting of seed,
fertilizer, labor, and other expenses. There are also other
factors affecting the yield hypothesized. First, water ade-
quacy for rice farming. Second, the variables related to
regional characteristics represent some factors such as
agricultural development, population density and its impli-
cations on socio-cultural aspects and general condition of
infrastructure, and farm-level water management.

Some rice farmers used their seed production and
some of them adopted certified seed. The viability of cer-
tified seed is relatively higher resulting in a lower volume
of seed grown for the same area than that of farmers’
seeds. The yield potential of the certified seed is also
higher. In addition to the seed volume as one of the inde-
pendent variables, the seed dummy was also introduced,
i.e., (a) certified seed and (b) the farmers’ seed.

Besides seed, fertilizer, and labor, the model also
incorporated expenses for herbicides, pesticides, liquid
fertilizers, organic fertilizers, and irrigation fees. It was
aimed to accommodate farmers’ recall on expense values
but not their accurate volume of purchase for respected
inputs due to the various brands of those inputs. Few
farmers applied organic fertilizer, i.e., less than 3%,
and it was incorporated into part of other expenses for
simplifying purposes.

All of the sample rice farmers adopted inorganic fer-
tilizers for their rice farming. The types and volumes of
inorganic fertilizers varied depending on preference, price,
and availability. There were three popular single inorganic
fertilizers, i.e., urea, SP36, KCl, and one compound ferti-
lizer, i.e., NPK (15:15:15). The farmers obtained information
from the agricultural extension workers that inorganic fer-
tilizers contained three nutrients most required by the rice
crop, i.e., nitrogen, phosphorus, and potash. The main
sources of nitrogen are urea, ZA, and NPK. Phosphorus
comes from SP36 and NPK, while sources of potash are
KCl and NPK fertilizers. ZA fertilizer is less popular with
farmers. Most farmers well recognize urea and NPK ferti-
lizers for rice farming application. However, only some
farmers adopted SP36 and KCl fertilizers. The measure-
ment unit for fertilizers used by the farmers in this study
was based on their nutrient content. Assuming that QUrea,
QZA, QSP36, QKCl, and QNPK represent the volume of urea,
ZA, SP36, and NPK applied, and based on the label on its
package, the contents of N, P, and K used in the rice
farming are as follows:

Q Q QN 0.46 0.21 0.15 ,Urea ZA NPK= × + × + ×

Q QP 0.36 0.15 ,SP36 NPK= × + ×

Q QK 0.60 0.15 .KCl NPK= × + × (5)

The model applied is the stochastic Frontier produc-
tion function using unbalanced panel data with the time-
varying decay model:
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where y and x x x, ,1 2 6⋯ variables in the model above were
expressed per hectare per cropping season. The subscript
i refers to the farming carried out each cropping season
by the corresponding farmer, while t denotes the observed
year, i.e., 2010, 2016, and 2021. The description of each
variable is as follows:
(a) y = yield (kg/hectare).
(b) x1 is the seed used, x2, x3, and x4 are nutrient contents

of nitrogen, phosphorous, and potash in the urea,
ZA, SP36, and NPK fertilizers applied (kg/hectare).

(c) x5 is the labor used (man-days equivalent/hectare).
(d) x6 is another input outside x x, ... ,1 5. Formerly, the

measurement was in IDR in accordance with the
year of survey conducted (2010, 2016, 2021). To get
a suitable measurement, the value was deflated by
the average price of the output (rice) in the village
corresponding to its year and season. So, the new
measurement is in kg rice equivalent per hectare.

The farmers could control only some factors affecting
the rice yield in rice farming. Those external factors were
not easily measured using ratios but they could be cate-
gorized and were represented in dummy variables. There
are four dummy variables, namely:

D1 = seed quality; 0 = low (uncertified seed), 1 = high
(certified seed); base: 0.
D2 = cropping season (I = rainy season, II = first dry season,
and III = second dry season); base: cropping season I.

D3 = rainfall regime (RR) and refers to the Walsh and
Lawler approach (1981). There are three rainfall regimes
in this study, namely RR_2, RR_3, RR_4 base: RR_2.

D4 = region; 0 = Java Island, 1 = off-Java Island; base:
Java Island.

The following are justifications for the dummy vari-
ables above. First, the effect of seeds on the yield is not
only by their volume applied but also their quality.
Theoretically, higher quality will give a higher yield.
Second, the rice yield will be higher if the rice crop during
certain periods gets sufficient inundation [46]. Water
supply for rice farming comes from irrigation and rainfall.
Rainfall among seasons and rainfall regimes is different.
In the same rainfall regimes, the rainfall in season I >
season II > season III. For the same seasons, the rainfall
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in RR_2 > RR_3 > RR_4. Third, the social economic con-
ditions of rural Java are different from those in off-Java.
Those factors were presumably affecting the achieved TE.

Based on SPF, it was possible to estimate the TE for
each observation [17,20,47], namely:

uTE exp .it it( )= − (7)

It was assumed that ui was identically independent
distribution (iid) and nonnegative error term normally
distributed independently truncated at 0, with a certain
average value and constant variance.

The change direction of TE (η) could be derived from
the following relations:

u η u η uexp ,it it i t T i{ [ ]}( )= = −
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where ηit represents time-varying TE conditions. The esti-
mates give positive, negative, or equal to zero statisti-
cally. η values indicate TE changes.
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2.3.2 Estimating TE

Estimating the factors affecting inefficiency was carried
out using the Tobit model as follows:
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where uit is the rice farming technical inefficiency of ith
farmer’s household in tth year, zit is the ith farmer’s
household age in tth year (year), z t2 is the ith farmer’s
household formal educational level in tth year (year), z t3
is the total household members working on the farm

(person), z it4 is the total land holding size per year,
included outside land holding for rice farming (hectare),
z t5 is the rice farming income share to farmer’s household
income (%), Dum1 represents the variable dummy of
land-holding status (0 = owned, 1 = others), Dum2 repre-
sents the variable dummy of the farmer’s main job (0 = on
the farm, 1 = others), and Dum3 represents the dummy
variable of the region (0 = Java Island, 1 = off-Java
Island).

2.4 Data

The primary data analyzed were panel data collected
from the farmer’s household survey. The survey was car-
ried out in 2010, 2016, and 2021 in seven villages and
three rainfall regimes with their respective agroecosys-
tems of favorable irrigated rice fields distributed in seven
districts of five provinces in Indonesia (Table 1).

The total sample farmers in 2010 were 187 house-
holds. Due to attrition, the samples in 2016 and 2021
were each of 137 and 128 households. Thus, the primary
data analyzed were unbalanced panel data. It showed
that the cross-sectional unit had unequal time-series
observations. STATA application was employed for data
processing and analysis in this article. STATA is able
to regress unbalanced panel data to balanced panel
data [48].

3 Results and discussion

As shown in Table 2, rice seed varieties adopted by the
sample farmer in the study location were as follows. Most
rice farmers, i.e., 444 out of 451 farm household samples,
adopted the high-yielding varieties (HYVs). However,
most of the sample farmers (73%) grew uncertified rice
seeds, namely, they grew the seeds that they produced.
The certified rice seed adoption rate was around 27%,
mainly found in Java Island, i.e., Sindangsari, Tugu,
Mojorejo, and Padomasan villages. Among the most pop-
ular HYVs were Inpari32, Mekongga, and Ciherang. The
farmers sowed seeds several days before land tillage.
Seed transplantation was carried out in about 2–3 weeks
after sowing. HYVs were harvested at 95–100 days, on
average, after planting.

The rice yield trend was not linear. The yield in 2010
was lower than that in 2016 (t = −3.3365), and the yield in
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2016 was higher than that in 2021 (t = 3.6307). Inter-sea-
sonal yield was found to be highest in the first growing
season (rainy season) and lowest in the third growing season
(second dry season). Inputs applied for the same growing
seasons were relatively more intensive. Descriptive outputs
and inputs applied per hectare and per growing season are
depicted in the Appendix.

3.1 Stochastic frontier estimates

The stochastic frontier production function estimate results
are shown in Table 3. Referring to a Cobb–Douglass model,
the coefficients of each estimated parameter indicated its
respective elasticity [49].

In general, most rice yield function estimates were
significantly different, i.e., 9 out of 10 variables in the
model. The signs of the coefficients met the general eco-
nomic theory. Those variables were application rates of

seeds, fertilizer nutrients of N, P, K, and pesticides, as
well as the dummies of seed quality, cropping season, rain-
fall regime, and islands. Detailed descriptions of the nine
variables are provided in the following sections.

3.1.1 Application of quality seed

The findings showed that the more seed volume the
farmers applied, the yield was lowered significantly. It
was in accordance with the results in the Nigeria case
[50]. Conversely, the quality rice seed adoption improved
the rice yield significantly. Technical irrigated lowland
was quite suitable for quality seed application such that
it positively affected the rice yield. On the other hand,
low-quality seed application at a higher rate decreased
the rice yield.

Based on estimation, high-quality seed application
significantly increased the rice yield by 10.8% compared

Table 1: Number of respondents by study location in 2010, 2016, and 2021

Island and province District* Subdistrict Village Respondents

2010 2016 2021

Java island
West Java Karawang (RR_3) Kutawaluya Sindangsari 27 19 19

Indramayu (RR_3) Lelea Tugu 28 21 20
Central Java Sragen (RR_3) Karang Malang Mojorejo 25 17 15
East Java Jember (RR_4) Jombang Padomasan 32 22 21
Off-Java island
North Sumatera Serdang Bedagai (RR_2) Perbaungan Lidah Tanah 19 13 13
South Sulawesi Sidrap (RR_3) Watang Pulu Carawali 29 23 20

Luwu (RR_2) Lamasi Salujambu 27 22 19
Total 187 137 127

*RR – rainfall regime.

Table 2: Sample farmers’ distribution by high-yielding rice varieties adopted in each study village: 2010, 2016, and 2021

No. Island/village Uncertified seed Certified seed Total Rice HYVs

N % N %

1 Java island
1.1 Tugu 20 29.9 47 70.1 67 Inpari32, Mekongga
1.2 Sindangsari 28 43.1 37 56.9 65 Inpari32
1.3 Padomasan 62 86.1 10 13.9 72 Inpari32, Mekongga
1.4 Mojorejo 42 73.7 15 26.3 57 Mekongga, Inpari32
2 Off-Java island
2.1 Carawali 70 97.2 2 2.8 72 Inpari32, Mekongga
2.2 Lidah Tanah 40 88.9 5 11.1 45 Inpari32
2.3 Salujambu 64 97.0 2 3.0 66 Ciherang, Inpari32

Total 326 73.4 118 26.6 444 Inpari32, Mekongga, Ciherang
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to the application of low-quality seed at a 99% significant
level, ceteris paribus. This finding was in accordance with
the research results of Theingi and Thanda [51] and
Houngue and Nonvide [52] indicating that the quality
seed adoption elasticity on the rice yield was 0.191 while
its elasticity of low-quality seed, i.e., local seed, was only
0.072. The study of Jimi et al. [53] revealed that high TE
was achieved by modern hybrid rice varieties compared
to the traditional variety. Other studies showed that corn
farming TE in Ghana was affected among others by
improved variety adoption enhancement [52,53]. The find-
ings pointed out that the quality seed supply and educa-
tion for farmers to adopt quality rice seeds are strategic
policies to be implemented.

3.1.2 Application of N, P, and K nutrients

The application of three main fertilizer nutrients had
coefficients of 0.103, 0.067, and 0.074 with their respec-
tive significant levels of 99%. If the farmers increased the
N nutrient application usually originating from urea, ZA,
and the NPK fertilizer by 1%, the rice yield would signifi-
cantly increase by 0.103% (ceteris paribus). It was also
true for the application of P and K nutrients. This finding
revealed that the technically irrigated lowland was still
responsive to inorganic applications, especially those
containing N nutrients. The result of this study was con-
sistent with that of Kusnadi et al. [54] that analyzed rice
production factors in some rice-producing centers in
Indonesia. Thus, fertilizer supply, especially those con-
taining N nutrients on time and appropriate volume in
accordance with the rice crop growth demand is the right
strategy for rice yield improvement.

Khan et al. [55] found that the application of inorganic
fertilizers, namely urea and diammonium phosphate, in
Pakistan significantly improved rice yield. In Myanmar,
inorganic fertilizers also significantly affected smallholding
rice farms [51]. Furthermore, Hendrani et al. [56] used SFA
and the generalized linear model and found that rice
farming applied the balanced combination of organic
and inorganic fertilizers in West Java Province, Indonesia,
resulting in 9% higher TE than the conventional method.

3.1.3 Other inputs

These inputs significantly (95%) affected the rice yield by
0.026. This implied that an increase of these inputs by 1%
would increase the rice yield by 0.03% (ceteris paribus).
In this context, most of the other inputs were pesticides
besides herbicides, irrigation fees, and taxes. All of these
inputs were valued in thousand rupiahs or IDR000.

The farmers usually applied pesticides after pests
and/or disease attacks, and not anticipatively. Thus, the
pesticide dosage applied by farmers depended on the pest
attack intensity. The irrigated lowland farmers had good
technical knowledge of dealing with the crop’s pests and
diseases even though the pesticide effect was lower com-
pared to those of other inputs. This finding was in accor-
dance with other research findings that revealed pesticide
volumes applied by the farmers did not improve the rice
yield significantly [55–58]. However, this finding was dif-
ferent from those found in previous studies [7,23,50,59–61],
which showed a significant positive impact of the applied
pesticide on the rice yield.

Table 3: Stochastic frontier production function estimate

Dependent variable: Yield Coefficient Robust
Std. Err.

P > |z|

Frontier
x1 = seed (kg/ha) −0.017 0.016 0.286
x2 = nitrogen (kg/ha) 0.093 0.047 0.046
x3 = phosphorus (kg/ha) 0.051 0.007 0.000
x4 = potash (kg/ha) 0.064 0.008 0.000
x5 = labor (man-days eq./ha) 0.006 0.028 0.832
x6 = other input (IDR
standardized by average
village output price)

0.014 0.023 0.560

Dummy variables
(a) Quality of seed 0.106 0.013 0.000
(b) Cropping season:
II (first dry season) −0.034 0.033 0.310
III (second dry season) −0.101 0.005 0.000

(c) Rainfall regime (RR)
RR_3 0.009 0.011 0.411
RR_4 −0.036 0.004 0.000

(d) Island −0.050 0.001 0.000
_cons 7.839 0.161 0.000

/lnsigma2 3.225 0.075 0.000
/ilgtgamma 6.002 0.056 0.000
/mu −187.899 10.191 0.000
/eta −0.338 0.023 0.000

sigma2 25.143 1.893
Gamma 0.998 0.000
sigma_u2 25.081 1.889
sigma_v2 0.062 0.005

Time-varying decay model (truncated-normal), group variable:
unbal_farmer, time variable: year and season, Log pseudolikeli-
hood = −133.2150, number of obs. = 1,012, number of groups =
507, Prob > chi2 = 0.0000, Wald chi2(2) = 1.07 × 109 (SE adjusted
for two clusters in Island).
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3.1.4 Cropping season

Most farmers (67%) grew rice twice a year in the wet and
first dry seasons. Some farmers (37%) grew this crop three
times a year, namely the wet, first, and second dry sea-
sons. Rice yields in the wet and first dry seasons were not
significantly different. However, the rice yield in the
second dry season was lower than those in the two pre-
vious seasons. This finding was in line with the study on
irrigated rice in the Philippines where the rice yield in the
wet season was higher than that in the dry season [10].

3.1.5 Rainfall regime

Referring toWalsh and Lawler [62], the rainfall regime was
classified into seven categories, i.e., (i) very equitable, (ii)
equitable but with a definite wetter season, (iii) rather
seasonal with a short drier season, (iv) seasonal, (v)markedly
seasonalwith a long drier season, (vi)mostly rain in 3months
or less, and (vii) extreme, almost all rain in 1–2 months.

The estimated results showed that the expected rice
yield in the rainfall regime (iii) is not significantly dif-
ferent from the regime (ii). On the other hand, the rice
yield in the rainfall regime (iv) is different from that of the
regime (ii). This confirmed the field phenomenon that the
rainfall effect, mainly in the second dry season, was sig-
nificant in the favorable irrigated areas.

3.1.6 Region

The Java Island area is only 6.75% of total Indonesia,
but the rice harvested area on this island is 52.46% of
this country. According to BPS, the rice yield in Java
Island was on average, 6% higher than the national yield
[63]. The lack of irrigation access, less intensive ferti-
lizer application, and lower application of qualified seed
impacted the rice yield outside Java to be relatively
lower. This implies that improving the rice yield in off-
Java could be carried out by improving irrigation access
and more intensified fertilizer application. On the other
hand, in the favorable irrigated area, the estimated results
showed that the yield discrepancy between Java and off-
Java was only 3.2%.

3.1.7 Gamma coefficient

Another important coefficient to be discussed in Table 3 is
the gamma coefficient, which indicates the proportion of
sigma u2 with sigma v2 (sigma u2 + sigma v2). Given the

gamma coefficient of 0.997, it indicated that almost all
rice yield variations were due to TE factors. This finding
implied that rice farming technical skill enhancement and
farmers’managerial capacity improvement are the dominant
factors to boost the rice yield in favorable irrigated areas of
Indonesia. It was one of the very intensive agricultural
extension impacts implemented in these areas. Other studies
also indicated that agricultural extension enabled farmers to
improve their technical skills in applying improved tech-
nology [7,62].

3.2 TE rating and its dynamics

Table 4 depicts the mean and coefficient variation of the
actual yield, frontier yield, and TE rating in 2010, 2016,
and 2021. Based on this finding and referring to the TE
standard of 70% [39], it was concluded that the TE of rice
farming in favorable irrigated areas in Indonesia, in gen-
eral, was efficient (more than 87%).

During the periods of 2010–2011 and 2016–2021, there
were little significant changes in the TE significantly, as
depicted in Table 3, namely eta = −0.217 with a robust
standard error of 0.008. A decrease in rice farming TE in
lowland areas was also observed in other Asian countries
even with larger magnitudes. For example, in Thailand,
rice farming TE decreased by 17.76% between 1987/1988
and 2007/2008 [27]. It was also found that rice farming TE
in Bangladesh decreased by 10.84% from 1987 to 2000
and by 18.92% between 2000 and 2004 [28].

The TE change over time is not always along with the
output level change per area unit (productivity). Figure 2
shows that even though rice farming TE decreased between
2010 and 2016, its yield increased by 6% (MT-2) and 10.44%
(MT-3). The decreased TE is a decreased yield of the input
bundle increase. In other words, applied production inputs
tended to expand between 2010 and 2016 in which the
output increased ratio to increased input or diminishing
marginal productivity of the input bundle. The increased
input applied revealed a higher intensification level indi-
cated by per hectare input use improvement, especially the
fertilizer. More intensified practice dealt with other factors
such as agriculture infrastructure, lowered soil fertility, and
climate factors. This implies the productivity leveling off.
Thus, educating farmers on production inputs such as uti-
lizing more organic fertilizers followed by decreasing inor-
ganic fertilizers could be an effort to improve the rice yield.

The distribution of farmers by the TE group is shown
in Table 5. If the TE of 0.7 was used as the lower limit of
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high TE, the rice farmers classified with high TE in 2010,
2016, and 2021 were 90, 88, and 87%, respectively

3.3 Factors affecting technical inefficiency

There were five out of eight variables affecting rice farming
technical inefficiency significantly for the observed period
(Table 6). The five variables that were significant at the
95% level were the household head age, the total family
labor working on farms, the total land holding size, the
agricultural income share, and the main jobs of household
heads. The variables that were not significant were the
educational level, land ownership status, and regional
dummy of household heads. The following are descrip-
tions of both significant and insignificant variables.

3.3.1 Household heads’ age

The household head age parameter was positive, indi-
cating that the older the household head the higher the
technical inefficiency. Rice farming carried out by younger
farmers would be more efficient as they were stronger phy-
sically and more capable. Older farmers are usually more
conservative in adopting new technology. The other studies
were in accordance with this study [23,27,50,60,63–65].

3.3.2 Total household members working on the farm

This variable was significantly positive at a 95% level on
rice farming technical inefficiency. The more household
members working on the farm, the more inefficient rice
farming was. This finding was in accordance with other
studies stating that more total household members working
on the farm indicated more inefficient farming compared to
those with fewer household members [39,52,66]. It was pos-
sible to take place if the household members involved in
rice farming were less skilled. Rice farming would be more

Table 4: Rice farming TE in 2010, 2016, and 2021

Mean Coef. Var

Year: 2010 (n = 419)
Actual yield (ton/ha) 5.669 0.250
Predicted (frontier) yield (ton/ha) 6.123 0.090
TE 0.881 0.075
Year: 2016 (n = 302)
Actual yield (ton/ha) 6.057 0.267
Predicted (frontier) yield (ton/ha) 6.437 0.082
TE 0.878 0.083
Year: 2021 (n = 291)
Actual yield (ton/ha) 5.583 0.279
Predicted (frontier) yield (ton/ha) 6.354 0.090
TE 0.871 0.103

6.18 5.62 5.39 6.15 5.98 5.47 5.62 5.15 5.23

0.885

0.873

0.862

0.876 0.875

0.846

0.874

0.847

0.863

0.800

0.810

0.820

0.830

0.840

0.850

0.860

0.870

0.880

0.890

0.900

4.60

4.80
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5.20

5.40

5.60

5.80
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6.20

6.40

I II III I II III I II III
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Yield (Ton/Ha) mean (TE) Linear (mean (TE))

Figure 2: Mean of yield and TE by season and year.

Table 5: Distribution of TE levels by groups in 2010, 2016, and
2021 (%)

TE group 2010 2016 2021

TE ≤ 0.50 0.72 0.99 2.41
0.51 < TE ≤ 0.60 1.67 1.66 2.75
0.61 < TE ≤ 0.70 7.40 9.27 7.56
0.71 < TE ≤ 0.80 40.10 39.40 39.86
TE > 0.80 50.12 48.68 47.42
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efficient if hired labor was employed rather than family
labor. Hired labor played more role in increasing efficiency
as most of the production process depends on them. Pre-
vious studies found that more farmer household members
increased TE due to increased labor and substituted hired
labor [10,27,28,67,68].

Total households working on farms tended to increase
by more than twofold during the three periods of the
panel, i.e., on average from 1.43 persons per household
in 2016 to 3.89 persons per household in 2021. The drastic
increase in farmer’s household members working on farms
was one of the impacts of the COVID-19 pandemic. Some
household members who previously worked in urban
areas went back to their villages due to labor layoff and
worked on farms with fewer skills.

3.3.3 Total land holding size

The total land holding size was the outcome of the area
size with cropping intensity. In 1 year, the average land
areas for rice farming in Java Island and off-Java were
0.93 and 1.19 ha, respectively. The average total land
holding areas in Java Island and off-Java were 1.22 and
1.12 ha, respectively.

The total land holding significantly and positively
affected the rice farming technical inefficiency. This indi-
cated that the more a farmer’s total land-holding area,
the more technically inefficient the rice farming would
be. The total land holding size in this study consisted of
lowland, perennial-tree planted land, dryland, and home
yard. Thus, the findings of the study were different from
the other studies. Some studies found that the farmers

with more land-holding sizes were more technically effi-
cient [27,28,69,70].

3.3.4 Share of farm income

The farmer family’s income shares from farming nega-
tively affected the technical inefficiency of rice farming
at a 95% level for the 2010, 2016, and 2021 cropping sea-
sons. This revealed that the higher the farming income
ratio, the rice farming would be more technically effi-
cient. Other studies also revealed that the higher farming
income ratio revealed the farmer household’s participa-
tion in managing rice farming to be more efficient [10,27].

The average sample household’s income farming
share in 3 years was 69.8% but it tended to decrease,
i.e., 76% in 2010, 74% in 2016, and 54% in 2021. This
decreased ratio of farmers’ household income was in line
with those of household heads’ main jobs of farming that
tended to decline, namely 95, 89, and 91% in 2010, 2016,
and 2021, respectively. The increased ratio of household
heads with farming main jobs in 2021 was affected by the
COVID-19 pandemic ratio.

3.3.5 Main jobs of the household heads

This dummy significantly and positively affected tech-
nical inefficiency. This revealed that the household heads
with non-farming main jobs decreased the rice farming
TE. Another study also showed that increasing non-
farming job opportunities by 10%would increase farming
technical inefficiency by 0.3% [28]. This result was in

Table 6: Parameter estimate of factors affecting inefficiency (uit )

Coefficient Std. Err. P > |z|

z t1 Age of the household head 0.0011 0.0004 0.0030
z t1 Education of the household head −0.0012 0.0010 0.2060
z t1 Number of household members working on the farm 0.0081 0.0017 0.0000
z t1 Total land holding size 0.0114 0.0029 0.0000
z t1 Share of the farm income −0.0219 0.0090 0.0140
Dummy variables:
Dum1 Main job of the household head (0 = agriculture, 1 = non) 0.0228 0.0105 0.0300
Dum1 Tenurial status (0 = owned, 1 = non-owned) 0.0100 0.0078 0.1980
Dum1 Region (0 = Java, 1 = off-Java) 0.0049 0.0099 0.6210

_cons 0.0490 0.0230 0.0330
/sigma_u 0.0581 0.0037 0.0000
/sigma_e 0.0405 0.0018 0.0000
Rho 0.6732 0.0361

Log-likelihood = 643.83667.
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accordance with the study of Balcombe et al. [71] that
non-farming main jobs would distract the farmers’ focus
on farming activities.

4 Conclusions

This research found the TE estimate of rice farming using
the panel data in the favorable areas of irrigated lowlands.
During the last decade, the rice farming TE in the favorable
irrigated areas in Indonesia decreased significantly even
though its magnitude was relatively small. This direction
changewas not linear, i.e., during the first 5 years it tended
to increase and tended to decrease during the next five
years. In general, the rice farming TE in the region, which
was more advanced economically, namely in rural areas of
Java Island, was higher.

The main foothold of rice yield improvement is quality
rice seed adoption, namely certified seed of improved
variety. The yield response to chemical fertilizer was sig-
nificantly positive but its magnitude was small.

Higher TE was achieved by the relatively younger
farmers and those with more income share from agricul-
ture. The farmers who employed more family labor tended
to be more inefficient technically. On the other hand,
farmers’ formal educational background did not signifi-
cantly affect TE.

Based on the research results, there are some policy
recommendations. First, enhancing the adoption of cer-
tified rice seeds of improved variety. In the middle and
long term, it is urgent to conduct a research and develop-
ment program for improving rice varieties adaptive to cli-
mate change stress. Second, a conducive incentive policy
on encouraging young farmers to rely on rice farming as
their main job. It is suggested that the research be con-
tinued on larger areas including those of non-favorable
irrigated areas.
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Appendix

Descriptive statistics of yields and per hectare inputs used in rice farming by cropping season and year.

Year 2010 Year 2016 Year 2021

Obs Mean Std. Dev. Obs Mean Std. Dev. Obs Mean Std. Dev.

Cropping season I
Y 187 5996.79 1488.00 137 6210.1-

5
1735.94 126 5851.28 1747.01

x1 187 45.00 17.34 137 44.16 18.51 126 43.79 17.90
x2 187 138.19 34.36 137 145.35 33.93 126 140.59 43.70
x3 187 46.70 13.21 137 55.70 14.71 126 50.77 13.82
x4 187 40.74 19.88 137 44.67 18.34 126 46.68 21.11
x5 187 226.01 192.07 137 270.90 244.85 126 228.54 237.24
x6 187 176.85 104.14 137 241.17 105.77 126 231.66 102.02
Cropping season II
Y 175 5459.16 1176.34 130 6038.-

39
1489.82 112 5315.67 1449.84

x1 175 45.62 17.41 130 44.68 18.90 112 45.26 18.15
x2 175 138.51 34.11 130 142.25 31.78 112 144.85 44.05
x3 175 45.91 12.98 130 55.84 14.53 112 51.00 13.05
x4 175 38.99 19.29 130 44.78 17.96 112 45.25 19.72
x5 175 229.23 201.37 130 258.78 230.08 112 223.93 235.08
x6 175 175.41 107.09 130 219.79 96.34 112 221.48 96.62
Cropping season III
Y 57 5239.16 1647.82 35 5522.4-

0
1515.89 53 5510.69 1171.80

x1 57 44.72 16.22 35 40.90 12.23 53 41.88 12.03
x2 57 144.84 37.19 35 158.62 27.25 53 153.38 36.38
x3 57 49.60 14.17 35 64.05 13.84 53 55.18 13.49
x4 57 40.76 16.05 35 54.04 13.70 53 52.34 19.61
x5 57 261.50 220.74 35 287.17 258.91 53 300.21 281.35
x6 57 140.47 108.98 35 274.15 95.76 53 217.88 93.52
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