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Rice is a strategic commodity, so the Government of Indonesia puts forward the standard
of building a globally competitive rice farming model by increasing the Total Factor
Productivity (TFP). However, until now, farm managers have had a relatively shallow
understanding of the TFP concept. This study, focusing on lowland rice farming in
Indonesia, identifies the factors that determine the development of the TFP. The main
questions in this research are, what are the impacts of farming scale, technical efficiency,
allocative efficiency, and the efficiency scale? Has lowland rice farming adopted
technology to reduce wasting resources due to an inefficient use of inputs? This study
used 329 cross-sectional pieces of data on small-scale rice farming. The research results
indicate that lowland rice farming is in a decreasing return condition and that there is
technical inefficiency. TFP tends to increase when the farm scale increases. Technical
efficiency, allocative efficiency, and scale of efficiency are the main determining factors
in developing TFP at the level of lowland rice farmers; of these, technical efficiency is

the most important factor.

1. INTRODUCTION

According to the results of the ASF Survey (Area Sample
Framework) in Indonesia 2021, the rice harvested area reached
approximately 10.41 million hectares and decreased by 245.47
thousand hectares (2.30 percent) compared to 2020 [1].
Meanwhile, rice production in 2021 is 54.42 million tons of
MDR (Milled Dry Rice). If converted into rice, this 2021 rice
production will reach around 31.36 million tons, which would
be a decrease of 140.73 thousand tons (0.45 percent) compared
to rice production in 2020. A combination of various factors
led to this decline. Effendy [2], Effendy et al. [3], Effendy et
al. [4], and Gebeltova[5] suggest that the most critical factors
include: increased prices of fertilizers and superior seeds,
availability of technology, and fewer investment opportunities
for farmers. As a result, the farmers cannot provide extensive
and standard supplies in the process of lowland rice farming,
which has reduced farm productivity.

Productivity is defined as the ratio of output to input.
Productivity is a basis of performance measurement; as such,
it is often considered to be an indicator or measure of
competitiveness in the long term [6]. Productivity can be
calculated easily if there is only one input and one output.
However, it is more complicated to calculate productivity if
there are several inputs. Total factor productivity (TFP)
measures farm productivity and growth with consideration of
various production inputs. TFP is measured using a
productivity index or indicator [7].

TFP has been widely used to measure productivity. There
are two methods to measure productivity: parametric
(Stochastic Frontier Analysis) and nonparametric methods
(Data Envelopment Analysis) [8]. TFP measures the ability of
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all kinds of factors of production as an aggregate production
unit to produce output [9]. TFP measures the ability farmers
have to produce more output using less input. By identifying
the factors that affect TFP, one can devise a reasonable basis
for sustainable growth. An increase in TFP indicates a
decrease in actual costs as well as an increase in
competitiveness and living standards [10].

Rice is a strategic commaodity; thus, it must always be
available to the community. The issues of the demand,
availability and production of rice continue to receive attention
from various parties due to climate change, which many fear
will affect Indonesia’s national rice production. In addition,
the conversion of agricultural land to non-agricultural uses is
still ongoing, and the price of farm inputs is increasing, which
leads to small farmers having a weak capital [11].

The government puts forward standards for building a rice
farming model that can achieve global competitiveness; it
emphasizes that farming must provide high-quality products
and services that will provide an increase in total factor
productivity (TFP). However, currently, farm managers have
a relatively shallow understanding of the TFP concept.
Therefore, this study focuses on lowland rice farming in
Indonesia, and it identifies the factors that determine the
development of TFP. The main question in this research is:
How is TFP impacted by farming scale, technical efficiency
(TE), allocative efficiency (AE), and scale efficiency (SE)?
Subsequently, has lowland rice farming developed and
adopted innovations to reduce the wastage of resources due to
the inefficient use of inputs? TE and TFP have been analyzed
in several studies [12-19]; typically, these studies have used
time series data. In contrast, this study used cross-sectional
data on small-scale lowland rice farming.
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2. MATERIALS AND METHODS
2.1 Lowland rice farming data analysis

We use descriptive analysis to analyze the types and
characteristics of the data. Descriptive analysis has two
processes, namely, in the form of description and
interpretation. Parametric and nonparametric methods are
often used to measure TFP. Stochastic Frontier Analysis (SFA)
is the most frequently used parametric method [20, 21].
Popular nonparametric methods include DEA (Data
Envelopment Analysis) and index methods [22-24]. The index
method is represented by Malmquist [24-29] and T&ngvist
[30, 31]. This study uses a nonparametric approach to measure
TFP. The advantage of this method is that it does not need to
consider the shape of the normal distribution. However,
through this method, the factors that affect TFP cannot be
directly analyzed, so further regression analysis is needed. The
index method is obtained by determining the ratio of total
output to total input. This study uses the Tornqvist index
method to measure TFP.

2.2 Variable samples and specifications

This study used a sample from the 329 farms selected by
proportional sampling. These farms are broken down as
follows: Ranteleda Village 56 farming, Tanah Harapan
Village 44 farming, Tongoa Village 52 farming, Balinggi
Village 65 farming, Astina Village 52 farming, and Nambaru
Village 60 farming. Data were collected from March 2022 to
May 2022 using a questionnaire. We used the Translog
production frontier form because it is flexible and provides a
reasonable estimate of the production process (Eq. (1)).

In(Y) = o + B1In(X;) + B, In(X;) +
,6’3ln(X1)2 + ,84ln(X2)2 + BsIn(X;) In(Xy) +
B In(X;) In(X;) + B7 In(X,) In(X,) +
Bs In(X;) In(X;) + By In(Xy) In(X;) +
B1o In(X1) In(X3) + By In(Xy) In(X3) +
P12 In(X1) In(X3) + B13In(X;) In(X3) +
B1aIn(X;) In(Xy) + (V; + U;)

(M

where:
Y = lowland rice production in the form of rice,
X1 = land,
X2 = chemical fertilizer,
X3 = seeds,
X4 = labor,
Vi = random variables,
Ui = has truncated normal distribution.

TFP can be calculated using the T&nqvist-Theil index (TTI)
[9]. The TTI can determine changes in production that result
from input adjustments in cases in which a function has a
translog form [9]. TFP is a combination of the technical
efficiency effect (TE), the allocative efficiency effect (AE),
and the scale efficiency effect (SE) (Eg. (2)).

InNTFP = a0 + alin(TE) + a,In(4E)

+ a3In(SE) + 1; @)
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3. RESULTS AND DISCUSSION
3.1 Summary statistics of research variables

The summary statistics of the research variables are shown
in Table 1.

Table 1. Summary of statistics of research variables

Variable Units Mean D S.td'.
eviation
Output (rice) kg/farm 4643 1874.059
Land ha/farm 1.933 0.613
Chemical kg/farm 664.482 249.395
fertilizer
benih kg/farm 208.003 71.829
Labor man- 207.978 59.522
days/farm
TFP decimal 1.043 0.201
TE decimal 0.837 0.113
AE decimal 0.837 0.074
EE decimal 0.705 0.137
SE decimal 0.953 0.102

Source: Own calculations

Table 1 shows that the average lowland rice field area is
1,933 ha/farm (small-scale farms are categorized as being <2
ha). In turn, the average rice production is more than 4
tons/farm. The production inputs that were used are chemical
fertilizers, seeds, and labor. Most lowland rice farmers have
not been efficient in managing their farms, which affects their
achieved TFP.

3.2 Production function of lowland rice farming translog
In Table 2, we present the results of the translog production
function of lowland rice farming (Eq. (1)) estimated using

FRONTIER 4.1 [32].

Table 2. Estimation of stochastic production frontier for
lowland rice farming

Translog Model

Variable

Coefficient Standard-error

Production Function
Constant 7.528 0.014
InX1 0.065** 0.013
InX2 0.109** 0.008
InX3 0.445** 0.004
InX4 0.088** 0.005
(InX1)? 0.008 0.007
(InX2)? -0.058** 0.005
(InX3)? 0.034** 0.009
(InX4)? -0.025** 0.007
InX1*InX2 -0.004 0.011
InX1*InX3 0.009 0.011
InX1*InX4 -0.026* 0.010
InX2*InX3 -0.010 0.007
InX2*InX4 0.020* 0.009
InX3*InX4 -0.016* 0.006
sigma-squared 0.078** 0.008
gamma 1.000** 0.000

log likelihood function 175.334
LR test of the one-sided error 126.467

Source: Own calculations, * p <0.05, ** p <0.01



As expected, almost all of the parameters considered were
significant at the 1% and 5% levels; moreover, ten out of 14 of
them differed significantly at the 1% and 5% levels, indicating
the importance of the multiple interactions and the non-
linearity between variables. In addition, all four direct effects
as well as three squared terms and three cross products have
significant coefficients between the 1% and 5% levels. This
indicates that the function of lowland rice farming is nonlinear
and that there are some important interactions between
variables. The main determining factors in lowland rice
farming are the four research variables: land, fertilizer, seeds,
and labor. Seeds are the most important input in lowland rice
farming, as they have an output elasticity of 0.45 and the
lowest land area (0.07). The significant negative coefficient
indicates that technical efficiency declines over time [9, 32].
The total elasticity of the four inputs is 0.707, which suggests
that lowland rice farming provides decreasing returns.
Furthermore, the gamma value is 1.00 and it is significant at
the 1% level, which indicates that there is a technical
inefficiency in lowland rice farming in Central Sulawesi.

3.3 TFP development based on the farm scale
Table 3 presents the Total Factor Productivity (TFP) at the
farmer level, based on the scale of lowland rice farming in

Central Sulawesi.

Table 3. Development of TFP by land area

. . TFP
Lowland rice farming scale (ha) Mean  Std. Deviation
<1 0.945 0.202
>1-<2 0.970 0.156
>2-3 1.261 0.096

Source: Own calculations

Table 3 shows that the Total Factor Productivity (TFP)
tends to increase as the farm scale increases. This is related to
technical efficiency in lowland rice farming (land area), as
shown in Table 2, which has been analyzed using the translog
stochastic frontier functional model. Small-scale agriculture is
a source of inefficiency because small-scale farmers have
difficulty coping with technology, and they often lack access
to resources [33]. The technical efficiency of lowland rice
farming at the farmer level ranges from 0.36 to 1.00; this
indicates that there is technical inefficiency in the agriculture
(Table 4). As such, there are still opportunities for farmers to
increase lowland rice productivity in Central Sulawesi.
Lowland rice farming inefficiency can be minimized by
efficiently using the production inputs in Eqg. (1): land,
fertilizer, seeds, and labor.

Table 4. Lowland rice farming technical efficiency score

Technical efficiency Frequency Percent
score (Farm) (%)
<0.40 1 0.30
0.40-0.49 2 0.61
0.50 - 0.59 6 1.82
0.60 - 0.69 18 5.47
0.70-0.79 103 31.32
0.80-0.89 87 26.44
>0.90 112 34.04

Total 329 100.00

Note: Minimum = 0.36; Mean = 0.84; Maximum = 1.00
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The findings of this research are a reminder of the
importance of improving the scale of farming in rural areas
and ensuring its sustainability. Several countries have issued
policies to promote large-scale agriculture, such as farmer
cooperatives, which direct individual farmers to pool their
resources and share costs and profits so that they will have
greater competitiveness. Agarwal and Dorin [34], Holmstr&m
etal. [35], and Piet et al. [36] present the case in favor of group
farming in countries such as Norway and Ireland in terms of
the production of milk, Japan with its rice crops, a different
ex-socialist country of India, Sweden with calf farming, and
France with an increase in the area it uses for agricultural land.

3.4 Determinants of TFP in lowland rice farming

Table 5 presents the results of estimating the multiple
regression parameters of the Cobb-Douglas model on the
determinants of TFP at the level of lowland rice farmers (Eq.

).

Table 5. Estimation of the determinants of TFP at the level
of lowland rice farmers

Model  Coefficient Std. Error p
Constant 0.390 0.001 0.000
TE 0.994** 0.003 0.000
AE 0.990** 0.004 0.000
SE 0.005 0.003 0.168

Source: Own calculations, ** p <0.01

Table 5 shows that the two estimated parameters, TE and
AE, are significant at the 1% level. These two factors are the
main determinants in developing TFP at the level of the
lowland rice farmers. TE is the most important factor, as it has
an output elasticity of 0.994 and it is significant at the 1% level.
Notably, changes in TE and AE can be accelerated by
education, access to extension, and by gaining farming
experience [37, 38]. These three factors can affect the
technical inefficiency of lowland rice farming that currently
affects the productivity growth [37-39]. Based on the
differences in TE and AE at the farm level, we can conclude
that the differences in small-scale lowland rice production are
characterized by the differences in chemical fertilizers, seeds,
and labor use. The estimates of the TE and AE levels in small-
scale lowland rice farming generally indicate that there is an
opportunity to achieve frontier efficiency through more
efficient use of inputs (technical efficiency) and by
reallocating inputs (allocation efficiency).

The development of TFP is presented in Figure 1.

Figure 1 shows that the Total Factor Productivity (TFP) of
lowland rice farming has fluctuated and risen. This increase
has been influenced by the efficiency component of farming;
this indicates that the more efficient a farm is, the higher a TFP
it will have. This indicates that technological progress appears
to be a significant source of growth in lowland rice farming.
Tables 2 and 4 indicate that technological advances are the
sources of the significant increase in TFP in lowland rice
farming in this region. Therefore, we can say that
technological advances can reduce inefficiency and improve
technical efficiency, thereby increasing the TFP. In addition,
we can assume that technological advances will result in lower
average costs; in turn, this will lead to higher competitiveness
of lowland rice farming in Indonesia. Finally, technological
advances in lowland rice farming can significantly contribute
to production possibilities; subsequently, the positive impact



of these accelerates over time. Therefore, we can conclude that
the production and income of lowland rice can be increased by
farmers making technical changes in the use of their
production inputs so that there is an average cost savings of
farming.

TE AE SE TFP
1.200 1.400
1.000
0.800
w
Il 0.800
% 0.600 =
wi 0.600
'_
0.400
0.400
0.200 0.200
0.000 0.000
1.001.501.752.002.252.502.753.00
Land (ha)

Figure 1. Development of TFP and its determinants in
lowland rice farming

4. CONCLUSIONS

The results from our investigation showed that land,
fertilizer, seeds, and labor are the main determining factors in
the success or failure of lowland rice farming in Indonesia.
Seeds are the most important input in lowland rice farming,
and they lead to the lowest land area. The total elasticity of
production is less than one. Thus, indicates that lowland rice
farming is in the condition of a decreasing return, and that
there is currently a technical inefficiency in small-scale
lowland rice farming. The Total Factor Productivity (TFP)
tends to increase as the farm scale increases. This relates to the
technical efficiency that occurs in lowland rice farming (land
area), and it also reflects that small-scale agriculture is a source
of inefficiency. Small-scale farmers struggle with technology,
and they often lack access to resources. This reflects the
importance of pooling resources to improve the scale of
farming in rural areas and ensure its sustainability. At the level
of lowland rice farmers, the development of the TFP is
determined by the components of farming efficiency, such as

technical efficiency, allocative efficiency, and scale efficiency.

That is to say, the more efficient a farm is, the higher its TFP
will be. Technological advances are a strong source of
increasing the TFP in lowland rice farming because
technological advances can reduce farming inefficiency and
increase technical efficiency. Technology can also reduce the
average cost of farming, resulting in a higher competitiveness
of lowland rice farming. Finally, the production and income of
lowland rice can be increased by changing the technical use of
production inputs in order to reduce the average cost of
farming.
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