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Abstract

This study estimates the technical efficiency of smallholder’s rubber production attributed to output risks and inefficiencies.
Three hundred eighty-four (380) respondents were selected and surveyed in South Sumatra, Indonesia, using a multi-stage random
sampling procedure. This study adopted an integrated stochastic frontier technique and the Just-Pope model by employing the
maximum likelihood estimation. The results indicated that rubber yield variation came from inefficiencies rather than random
variability. The mean technical efficiency was estimated at 0.72, suggesting that there is still a possibility to enhance rubber
production if risks and inefficiencies are reduced. Labour was a significant risk-reducing input for rubber farms. The determinants
of farming experience, extension visit, tapping system, and planting material significantly influenced technical inefficiency. This
finding reveals that technical efficiency of rubber production could be enhanced by improving these factors. Therefore, more

extension knowledge to farmers on recommended tapping systems and rubber clonal is recommended.
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1. Introduction

In Indonesia, natural rubber is an essential commodity
as it contributes to the country's revenue (US$3.25 billion),
and in 2019 it provided income for more than 2.59 million
rural households. In 2020, most rubber plantations in
Indonesia were rubber smallholdings which constitute about
88 percent (i.e., 3.26 million hectares) of the total rubber
planted in Indonesia. Government estates make up 5 percent,
and private estates 7 percent [1]. In recent years, Indonesian
rubber has fluctuated in production, productivity, and export.
National rubber production declined from 2016-to 2020 by
3.73 percent per annum. Furthermore, the growth of rubber
productivity in Indonesia has also fluctuated over the years.
During 2016-2020, the average growth of rubber productivity
in Indonesia was 1.20 percent per year. In 2020, rubber
productivity reached 1,158 kilograms per hectare. Also,
Indonesian smallholder’s rubber have much lower yields than
estates [1].

Syarifa et al., 2022

In Indonesia, particularly South Sumatra, rubber production
was characterized by risk. Hazards include adverse weather,
weeds, pests, and diseases, in addition to various
socioeconomic and cultural constraints, which in turn lead to
production and market uncertainty [3]. This variation is
reflected by Indonesian rubber production, productivity, and
export fluctuations. Furthermore, the Indonesian rubber
industry faces the problem that low productivity on rubber
smallholdings results in low income. Therefore, the
productivity of rubber smallholdings should be improved
substantially to be an essential engine of welfare growth and
poverty alleviation. According to [4], the best and most
effective way to improve productivity is to allocate resources
more efficiently. This effort can be implemented if the
empirical knowledge regarding the technical efficiency of
resource allocation, production risk, and the factors affecting
technical efficiency is provided. Taking this into
consideration, it is necessary to calculate the level of farm’s
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technical efficiency to estimate output losses attributed to
output risks and inefficiencies.

There are many studies on the technical efficiency of
Indonesian agricultural production. However, few examine
technical efficiency in producing perennial tree crops, mainly
rubber. [5] studied the technical efficiency of smallholder oil
palm production in West Sumatra. Their estimation showed
that the technical efficiency estimate for all smallholders was
66 percent. The findings also indicated that education was
negatively related to technical efficiency. [6], conducted a
study to calculate the technical efficiency of oil palm
smallholdings in Riau Province, Indonesia. Their estimation
indicated that, on average, the technical efficiency was 83%.
The factors of farmers groups, education level, farmer's age,
and farm diversification significantly affected technical
efficiency. [7] estimated the technical -efficiency of
smallholder cocoa farmers in Lampung Province, Indonesia.
Their findings revealed that the technical efficiency of cocoa
farms was 82%. Factors such as farmers' age, family size,
farmers' groups, and side grafting application have significant
effects related to technical efficiency. Most of these studies
only focused on socioeconomic characteristics as
determinants of inefficiency, but none included the risk effect
on technical efficiency estimates. The existence of risk
ultimately affects the level of technical efficiency achieved.
Denying the presence of risk can lead to biased estimations
of technical efficiency [8-9]. Moreover, the studies that
analyzed the technical efficiency of Indonesian rubber are
still limited. Therefore, this study bridges the research gap by
including output risk's effect on technical efficiency estimates
of rubber production. This study is also meant to contribute
to the limited literature on the technical efficiency and risk
analysis of perennial tree crop production, mainly rubber in
Indonesia.

Output risks are an important influence on farmers'
input allocation and production supply [3]. Therefore,
farmers' technical efficiency performance could change
significantly if these risks are identified. It is suggested that
production risk and technical inefficiency are integrated into
a single framework by incorporating the stochastic frontier
model into the Just-Pope Model. Empirical studies by
[10];[11]; [9] revealed that it is possible to incorporate the
stochastic frontier model into the Just-Pope production
function.

2. Materials and methods

2.1. Data Source

In this study, South Sumatra Province, Indonesia,
was selected as the study area. It covers an area of
approximately 8,701,742 square kilometers and has a total
population of 7.701.528 persons that live in 17 districts/cities
[20]. A structured questionnaire was used to obtain the cross-
sectional data of output and production inputs and farmers'
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demographic and socioeconomic characteristics. The target
population for the study was rubber smallholders in South
Sumatra Province. The number of rubber farmers were
obtained from the Directorate General of Estate Crops,
Indonesia's Ministry of Agriculture. A combination of
purposive, multi-stage, and random sampling procedures was
employed in this study. In the first stage, South Sumatra, the
biggest rubber producer in Indonesia, was purposively
selected. In the second stage, 11 out of 17 districts were also
chosen because they were prominent rubber production areas
with 411,336 involved in the rubber industry. Then, the
sample size of 384 respondents was formed by using table 1
of Krejcie and Morgan [21]. In the third stage, a random
selection of rubber farmers from each district was conducted
in a ratio proportional to the size of the population of rubber
farmers in each section. Due to inconsistencies in some of the
data collected, it was only possible to analyze the data from
380 farmers.

2.2. Preliminary Analysis

The first step in the preliminary analysis was
generating a variable of rubber-weighted trees. One of the
difficulties faced in estimating the technical efficiency of
perennial tree crops is accounting for the differences in the
number and the age of trees. The sampled farms in this study
have different numbers and periods of trees. Different aged
trees have further yield potential, and these differences may
cause bias in estimating the production function and technical
efficiency model. To eliminate this bias, it is necessary to
generate a new variable which can capture the effect of tree
age and the number of trees. Therefore, the two variables of
tree age and the number of trees were integrating into a new
variable [6];[5]; [22]; [23]. The new variable is rubber-
weighted trees (W.R.T.).

The rubber trees produce latex at six years of age and
reach a yield peak between 15 and 18 years. The age of the
rubber trees in this study was between 6 and 30 years. During
the production period, rubber trees have a six-stage bark
consumption period. The bark consumption period represents
the potential rubber yield based on the tree's age. It is
represented by the different types of bark consumption
panels: BO-1 panel represents rubber trees aged 6- 10 years;
BO-2 panel represents rubber trees aged 11-14 years; B1-1
panel represents rubber trees aged 15-18 years, B1-2 panel
represents rubber trees aged 19-22 years, HO-1 and HO0-2
panels represent rubber trees aged 23-26 years, and free
tapping panels represent rubber trees aged 27-30 years. When
smallholders adopt good agronomic practices, rubber trees
can reach their highest production at between 15 and 18 years.
Afterwards, rubber trees’ output starts to dwindle gradually
[24]. Therefore, following [22], the W.R.T. variable of rubber
is given by:
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WRTi = W1RT1i + W2RT2i + W3RT3i+ W4RT4i
+ W5RTS5i + W6RT6i

Where:

WRTi represents total weighted rubber trees on the i-farmer's
plot; RTui represents the number of trees aged 6-10 years;
RT2i represents the number of rubber trees aged 11-14 years;
RTzirepresents the number of rubber trees aged 15-18 years;
RT4i represents the number of rubber trees aged 19-22 years;
RTsi represents the number of rubber trees aged 23-26 years;
RTsi represents the number of rubber trees aged 27-30 years,
and W’s are the weights to be estimated.

Using data obtained from the yield profile of rubber
[24], the average weight of rubber (kilogram/hectare) is
calculated for each age group. Rubber trees aged 15-18 years
are at their yield peak; thus, W3 = 1. Then, the average rubber
weight for each age group was divided by the average weight
for those at yield peak (i.e., RTs3) to obtain the weights (W's)
estimates [22]. In this study, the average rubber weight for
RT1; RT2; RTs; RTs; RTs and RTe are 800; 1,775; 1,800;
1,675; 1,600 and 1,350 kilogram per hectare respectively,
thus, the estimated W's are as follows:

W1 = 800/1800 = 0.44; W2 = 1775/1800 = 0.98; W3 =
1800/1800 = 1

W4 = 1675/1800 = 0.93; W5 = 1600/1800 = 0.89; W6 =
1350/1800 = 0.75

Subsequently, it is necessary to test Cobb-Douglas
against translog functional forms to determine the best fit
model for data analysis using a generalized likelihood-ratio
(L.R.) test. The L.R. test suggests that translog frontier
function was the best fit model for the data analysis since the
null hypothesis of Cobb-Douglas was rejected at 16 degrees
of freedom and 5% level of significance because the
generalized likelihood-ratio (L.R.) test statistic of 65.782 is
higher than the critical chi-square table value of 25.689.

2.3. Empirical Model of Integrating Risk into Stochastic
Frontier Analysis (SFA)

The study integrated the Just and Pope (J-P) model
into the stochastic frontier technique, as suggested by [9], by
employing the maximum likelihood estimation. According to
[25] stochastic frontier production function, can be expressed

by:
yi=f (xi;B)exp(wi—ui)i=1,2,....,1(1)

Where: Y; represents the output which is restricted by
quantity of stochastic. Then, f(x;; B)exp(V; — U;) is the
term stochastic frontier, where B is a vector of technology
parameters to be estimated. V; is a random noise that is
Syarifa et al., 2022

associated with measurement error and uncontrollable
factors. V; are under assumption that they are independently
and identically distributed as N(0, %) random variables.
While, the U;s have assumption that they are non-negative
truncation of the N(0,02%) distribution or half normal
distribution which captures the technical inefficiency. So that,
in SFA, error term can be measured for each observation to
capture random noise term (i.e measurement error and factors
that out of farm’s control), while, the one-sided error term,
captures the technical inefficiency.

Since the translog model is the best fit model, thus it
was employed to analyze the technical efficiency of rubber
production. The translog production function could be
specified by:

4 4
Iny; = Bo + z B;Inx; +0.5 z B, Inx?
=1 =1

4 4
+ ZZﬁ}k ]nxﬁ lnxki

j=1k=1

+v;—u;

)
where the variables are input variables, i.e. i.e. X1=weighted
rubber trees (RWT) (number), X, = fertilizer (Kg/year), Xz =
herbicide (liter/year) and X4 = labour (man-hours/year).
Following [19], a flexible approach suggested by [9] was
employed to integrate risk into a stochastic model. This
approach can be specified as:

yi = f(xi; B) + g(x; VIv; — q(z;; O)u; 3)

Based on this approach, when v; and u; were specified
in equation (2), therefore the risk function and the
inefficiency function are specified as follows, respectively:

3
=g (]_[ x%") 4)

k=1

7
w=q (Z 6iz,-> 5)
i=1

where X refers to the input variables that explain the
production risk, i.e., Xi= fertilizer, Xz = herbicide and X35 =
labour; Z; is vector of determinant that refers to demographic
and socio-economic characteristics of rubber farmers i.e. Z;
= age of household head (years), Z, = education level of
household head (scoring), Zz = family size (number), Z4 =
extension visit (dummy variable), Zs = farming experience
(years), Zs = tapping system (dummy variable), and Z; =
planting material (dummy variable).
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Then, one-step SFA approach using the maximum
likelihood estimator was employed to estimate the parameters
in equation (2), (4) and (5) simultaneously.

2.4. Partial Elasticity

In the case of a translog form, the production
elasticity cannot be directly interpreted from the translog
production frontier because of the presence of interaction
coefficients; then partial elasticity was estimated [26] ; [27];
[28]. The partial elasticity is given by:

AmE(Yj
3I:E((X]}()) = B + 2Bk In(Xi) + Xjar Brjin(Xji)
(©)
Thus, the scale coefficient (B) is given by:
_ n _ dInE(Yj)
p=Li= [61nE(Xk)
™

The f is the proportional change in output obtained
from a unit proportional increase in all inputs. If § is more

significant than one, the farms have an increasing return to
scale. The farms have constant returns to scale if B equals one.
In contrast, if B is less than one, rubber farms have a
decreasing return to scale.

3. Results and discussion
3.1. Estimation of Translog Production Function

In this study, risk function was incorporated into
stochastic frontier analysis (S.F.A.) using a flexible approach
as proposed by [9] Kumbhakar (2002). The method was used
to estimate parameters for the production function, technical
efficiency, production risk, and technical inefficiency model
simultaneously using maximum likelihood estimation
(MLE). Table 1 presents the estimation results of the translog
production function. Table 1 showed that the lambda (1)
estimate of 3.089 reveal that rubber output variation, which
comes from inefficiency, was more pronounced than output
due to random variability. Moreover, the gamma (y) estimate
of 0.898 indicates that 89.8% of random variation in rubber
production is explained by inefficiency.

Table 1: Maximum-likelihood EstimationforParameter of Stochastic Frontier Production

Translog model

Variable Parameters Coefficient t-value

Constant B1 -7.577 -3.76
Ln WRT B2 4.477 4.71%**
Ln fertiliser B3 -0.792 -1.45
Ln herbicide Ba -0.784 -1.98**
Ln labour Bs 0.508 0.61
INWRT Square Be -1.277 -4.02%**
InFertiliser Square Bz -0.012 -0.12
In Herbicide Square Be -0.051 -0.76
In Labour Square B -0.224 -2.40*
INWRTX In Fertiliser B1o 0.354 2.56**
INWRT x In Herbicide P11 0.081 0.61
INWRT x In Labour P12 0.271 1.56
In Fertiliser x In Herbicide Bis -0.177 -2.61%**
In Fertiliser x In Labour B1a -0.125 -1.35
In Herbicide x In Labour Bis 0.190 1.89*
Variance Parameters

Log likelihood 262.189

Sigma? (6?) = 6. + 62 0.061

Lambda (1) = au/ gy 3.089

Gamma (y) = 0.2/ (0.2 + 0.?) 0.898

* Indicates significant at 10%, ** significant at 5%, *** significant at 1%

Source: Authors’ estimation
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Because the coefficients in the translog model are not
directly interpretable as the production elasticity, partial
elasticity was estimated instead. From Table 2, it can be
observed that the partial elasticity for W.R.T., fertilizer,
labor, and Herbicide were 0.512%, 0.168%, 0.096%, and
0.042%, respectively. The positive sign means an increase in
output when all inputs are increased. This finding implies that

W.R.T. is the essential production input in rubber production,
followed by fertilizer, labor, and Herbicide. The sum of
elasticity or return to scale coefficient was less than 1 (i.e.,
0.820), indicating a decreasing return to scale in rubber
production. A decreasing return to scale implies that the
increase of rubber output is less than the increase of the input.

Table 2: Partial elasticity in Translog function

Variable of Inputs

Elasticity (Percent)

WRT

Fertiliser
Herbicide
Labour

Return to Scale

0.512
0.168
0.042
0.096
0.820

Source: Authors’ estimation

Table 3: Frequency distributions of technical efficiency scores

Efficiency Class Frequency (n) Percentage (%)
<0.2000 0 0.00
0.2001-0.3000 1 0.30
0.3001-0.4000 9 2.40
0.4001-0.5000 32 8.40
0.5001-0.6000 53 13.90
0.6001-0.7000 85 22.40
0.7001-0.8000 82 21.60
0.8001-0.9000 45 11.80
0.9001-0.9999 73 19.20
1.0000 0 0.00
Total summary 380
Mean 0.72
Std. Deviation 0.17
Min 0.30
Max 0.99

Source: Authors’ estimation

3.2. Technical Efficiency

Table 3 presents the frequencies and percentages
corresponding to the range of efficiency scores for Indonesian
rubber smallholders. The technical efficiencies of rubber
farmers vary from one farmer to another in 0.2000 to 0.9999.
The results showed that, on average, the technical efficiency
score of sampled farms was estimated at 0.72. It suggested
that, on average, rubber farms were only producing 72% of
the output of best-practice farmers for the given inputs.
According to [30], a farm is technically efficient if a
technical efficiency scores higher than 82%. Based on this
standard, the number of technically efficient rubber farms is

only 27.4% of the total sample.
Syarifa et al., 2022

3.3. Production Risk Function

Table 4 provides the results of the production risk
effect model. This study presents production inputs such as
fertilizer, Herbicide, and labor. The finding of this study
shows that the information on fertilizer was positive,
suggesting that this input is risk-increasing. This result is
similar to [15] and [31]. It may be attributed to misuse in
fertilizer application as many farmers are not made aware of
information regarding the correct use of fertilizers. This lack
of knowledge can lead to farmers using more fertilizer than
is necessary, which can cause an increase in the growth of
rubber, poison the crop, and eventually decrease yields. In
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this study, fertilizer did not have a significant risk-
increasing effect.

The herbicide had a negative sign about the production
risk model. However, the results show that the input of
Herbicide was not significantly risk-decreasing. In this
study, the results show that labor had a negative effect with

a 5% level of significance concerning the production risk
effect model, suggesting that labor is a risk-reducing input
for rubber farms. This result aligns with a prior assumption
that rubber farms are very dependent on labor, especially for
tapping activities.

Table 4: Productionrisk function

Variables Parameters Coefficients Standard Error t-ratio
Constant Y1 48.206 41.332 1.17
Ln fertiliser P2 13.782 9.543 1.44
Ln herbicide Y3 -0.666 8.204 -0.08
Ln labour Ya -22.919 11.359 -2.02**

* Indicates significant at 10%, ** significant at 5%, *** significant at 1% Source: Authors’ estimation

3.4. Factors Affecting Technical Inefficiency

The results reveal that rubber farms were not
operating at total efficiency. Therefore, it is necessary to
determine the factors that could improve the technical
efficiency of rubber farms. Table 5 provides the results of
the technical inefficiency model. The results show that all of
the determinants had expected signs. Four of the
determinants were statistically significant concerning
technical inefficiency, i.e., extension, experience, tapping
system, and planting material.

The age of farmers had a positive sign concerning
technical inefficiency, suggesting that technical efficiency
likely decreases as the farmers grow older. This result is in
line with findings by [32]. This finding may be caused by
the fact that older farmers are more conservative and
traditional in their methods and are more reluctant to
embrace new technology. In this study, the farmer's age did
not influence technical inefficiency significantly. Family
size and education factors were negative and were not
compelling about technical inefficiency effect. [33] also
found similar results.

The negative coefficient of extension visits
concerning the inefficiency model suggests that the
extension service enables the farmers to learn better farming
methods and be more efficient at using limited resources.
The determinant of the extension was statistically
significant in influencing technical inefficiency at a 5%
level of significance. This result is in line with findings by
[19]. However, 64% of the sampled farmers had never
received extension visits. The lack of extension service for
rubber farmers is a severe hindrance to increasing the
productivity levels of smallholdings. Thus, government
policy is urgently required to optimize the effectiveness of
the extension visit system for the smallholders. The
determinant of experience has a negative sign and was
statistically different from zero at a 1% level of significance
on technical inefficiency. The result is similar to those
obtained by [34]. It suggests that as the smallholder's
experience in rubber farming increases, their technical
efficiency in rubber production also increases because
experienced farmers apply better practices and therefore
suffer fewer losses.

Table5: The technical inefficiency model

Variables Parameters Coefficients Std. Error t-ratio

Constants 80 0.464 0.493 -0.94
Age of farmer 81 0.004 0.011 0.36
Family size 82 -0.075 0.073 -1.03
Education level 33 -0.052 0.088 -0.59
Extension visits o4 -0.483 0.199 -2.42%*
Experience of farming 85 -0.119 0.017 -7.23%%*
Tapping system 06 -0.652 0.237 -2.75%**
Planting material o7 -0.382 0.175 -2.19**

* Indicates significant at 10%, ** significant at 5%, *** significant at 1%,Source: Authors’ estimation

Syarifa et al., 2022
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The determinant of the tapping system had a negative
sign and was statistically significant at 1% about technical
inefficiency. It suggested that the recommended tapping
system S/2 d2 could increase technical efficiency. The result
is in line with the study conducted by [33]. Planting material
had a statistically significant difference at 5% in relation to
technical inefficiency. This finding is similar to those made
by [35]. The negative sign of planting material suggested
that the use of clonal rubber leads to a higher average
technical efficiency than the use of non-clonal rubber.

4. Conclusions

This study concludes that variation in output due to
technical inefficiency is more pronounced than the variation
in the production due to random variability. The production
input factors of rubber weighted trees (W.R.T.), fertilizer,
Herbicide, and labor are essential in the development of
rubber production and increase mean output positively. The
sum of elasticity or return to scale coefficient was 0.820,
indicating a decreasing return to scale in rubber production.
A decreasing return to scale implies that the increase of
rubber output is less than the increase of the inputs. The
level of technical efficiency was estimated at 0.72, implying
that smallholder’s rubber production still could be enhanced
by about 28% using the same level of input use.

The study results showed that labor was estimated to
be a significant risk-reducing input. The determinants of
farming experience, extension visits, tapping system, and
planting material of rubber clonal had significant negative
relationships on the inefficiency effect model. It suggests
that technical efficiency of smallholder’s rubber production
could be enhanced by improving these factors. Therefore,
more extension knowledge to farmers on recommended
tapping systems and clonal rubber is recommended. The
government should improve the extension visit system for
farmers and organize training, seminars, or workshops to
enhance the farmers™ knowledge. To produce new high-
yielding rubber clones distributed to rubber smallholders,
research and development activities should also be
increased.
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