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The palm sugar agroindustry on Lombok Island plays an important role in the local economy.
The appropriate utilization of natural resources is a key factor in ensuring industrial
sustainability and achieving optimal technical efficiency. This study aims to analyze the
technical efficiency of 150 palm sugar agroindustries on Lombok Island and examine the
socioeconomic factors affecting inefficiency levels. A two-stage approach was employed
using RStudio. In the first stage, technical efficiency was estimated using the input-oriented
Banker, Charnes, and Cooper (BCC) model of Data Envelopment Analysis (DEA). In the
second stage, Tobit regression analysis was applied to identify the determinants of
inefficiency. The results show that the average overall technical efficiency under constant
returns to scale (TE-CRS) was 0.7094, the average pure technical efficiency score under
variable returns to scale (TE-VRS) was 0.9034, and the average scale efficiency (SE) was
0.772. Based on the TE-VRS measurement, 60% of the agroindustries reached the efficiency
frontier. The evaluation of returns to scale indicated that 60% of the agroindustries operated
under increasing returns to scale (IRS), 37% operated under constant returns to scale (CRS),
and the remaining 3% operated under decreasing returns to scale (DRS). Furthermore, the
Tobit regression results indicate that age had a negative and significant effect on inefficiency,
thereby reducing the level of inefficiency (p-value = 0.0547). In contrast, institutional
participation had a positive and significant effect on inefficiency (p-value = 0.0369).
Education, experience, and technology showed negative but statistically insignificant
relationships with inefficiency. The findings highlight the importance of developing the palm
sugar agroindustry through improvements in business scale.

1. INTRODUCTION

Lombok and East Lombok Regencies, located on Lombok
Island, have relatively high levels of sugar palm harvest [6]

Indonesia is a country endowed with rich plant biodiversity.
One of its native plant species, characterized by a unique and
natural distribution, is Arenga pinnata (sugar palm) [I].
Arenga pinnata belongs to the Palmae family [2], and has been
widely utilized by local communities for generations due to its
diverse benefits and uses. Various processed products are
derived from this species [3]. with palm sugar produced from
its sap (nira) being the most prominent [4].

According to the official report of the Directorate General
of Estate Crops, Ministry of Agriculture of the Republic of
Indonesia, the Province of West Nusa Tenggara (NTB) is one
of the regions with significant potential for sugar palm
development. Data indicate that the cultivated area of Arenga
pinnata in NTB has shown an increasing trend from 2021 to
2023, covering 993 hectares, 984 hectares, 1,031 hectares, and
reaching 1,062 hectares [5]. This expansion reflects the strong
potential for palm sugar production. Data from the Central
Bureau of Statistics (2019-2024) further show that West
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The development of the food processing industry is also
closely associated with geographic clustering as a key
indicator [7].

The role of government is essential in strengthening the
agricultural sector as a foundation for industrial development
[8]. The increase in palm sugar production represents a form
of agricultural commodity diversification into value-added
processed products. This transformation contributes to local
economic  development and  supports  agricultural
sustainability [9], including job creation for local communities
and increased regional income [10].

Adequate land availability for sugar palm cultivation is a
crucial prerequisite for enhancing productivity and ensuring
production sustainability [11], particularly in West Lombok
and East Lombok Regencies. Despite the abundance of raw
materials, palm sugar production has not yet reached its
optimal economic potential. This is mainly because most
processing activities remain categorized as small-scale
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household industries, often operated through traditional,
hereditary practices. Limited skills and uneven capacity
development over time have resulted in both technical and
non-technical constraints in business operations [12].

In developing palm sugar agroindustry, strategic
approaches should not only focus on expanding cultivated
areas but also emphasize the efficient utilization of production
inputs, including land, labor, capital, and raw materials.
Achieving maximum output from a given set of inputs can be
assessed through technical efficiency measurement [13]. This
measurement is particularly important, as small-scale
agroindustries are often prone to inefficiencies due to the
prevailing perception among producers that maintaining
business continuity is more important than optimizing profits
[14]. Technical efficiency can be analyzed using a non-
parametric method, namely Data Envelopment Analysis
(DEA), which measures relative efficiency by comparing
decision-making units (DMUs) through linear programming
techniques [15].

This study employs the DEA-Banker, Charnes, and Cooper
(BCC) model, which evaluates relative efficiency based on
input and output values in palm sugar production [16].
Furthermore, a Tobit regression model is applied to analyze
censored dependent variables [17]. Socio-economic factors
are expected to influence the level of technical efficiency in
palm sugar production, including age, experience, and
education level [18], as well as business capital, training [19],
institutional support, and technology adoption [20].

2. RESEARCH METHOD
2.1 Research sites

This study was conducted in Sikur District, East Lombok
Regency, as well as in Batu Layar, Gunung Sari, and Lingsar
Districts in West Lombok Regency. These locations were
purposively selected due to their relatively high concentration
of palm sugar agroindustries [21].

2.2 Sampling unit and unit of analysis

The sampling units in this study were household-scale palm
sugar agroindustries. Samples were drawn from both West
Lombok and East Lombok Regencies using a multi-stage
random sampling technique [22]. Specifically, respondents
were selected from four sub-districts, covering seven villages
and twelve hamlets. A total of 150 respondents were obtained,
all of whom met the predefined sampling criteria.

2.3 Data collection techniques

Data collection was conducted through several stages.
Primary data were obtained through field observations,
structured interviews, and in-depth interviews. Field
observations involved direct visits to production sites,
discussions with village officials, and examination of
production activities, including equipment, raw materials,
labor utilization, and output levels. Structured interviews were
conducted using semi-closed questionnaires to capture
respondents’ characteristics and socio-economic variables. In-
depth interviews were carried out to explore detailed aspects
of the production process, including equipment depreciation
costs and initial capital investment.
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Secondary data were collected from relevant institutions,
including NTB Satu Data, the Central Bureau of Statistics
(BPS), the NTB Provincial Industry Office, and other relevant
sources.

2.4 Data processing

The collected data were processed and analyzed using
Microsoft Excel. Data from each respondent were tabulated,
classified, and adjusted according to respondent
characteristics.

In the analysis of technical efficiency, the focus was on the
use of inputs to generate optimal output [2]. The output
variable used in this study was the quantity of palm sugar
produced (kg) [23]. Input variables included the volume of
palm sap (liters), labor input, fuel costs, packaging costs, and
supporting material costs used in the production process [24].

Furthermore, in the Tobit regression analysis, socio-
economic factors influencing inefficiency included age,
education, experience, participation in training, and
institutional involvement [18, 19].

2.5 Data analysis

Technical efficiency was measured using the BCC-DEA
model. This model is widely applied in efficiency analysis
across various sectors, including agroindustry with
heterogeneous scales of operation [25] under the assumption
of variable returns to scale (VRS) [26]. The BCC-DEA model
enables the identification of inefficient production units,
whether due to managerial inefficiencies, scale inefficiencies,
or socio-economic factors affecting production performance
[27].

The mathematical formulation of the input-oriented BCC
model under the assumption of VRS is presented as follows:

Minimize 60,
Subject To :

A]XU < Qkxik,i = 1,...,m,

(1

It can be observed that 8, denotes the efficiency value or
score, Xj; represents the (i)-th input of the (j)-th agroindustry,
and 4; denotes the intensity variable or intensity weight, which
links the agroindustry being evaluated with other
agroindustries used as benchmarks, namely efficiency
reference units.

Eq. (1) above indicates that ), is the technical efficiency
score of the (k)-th agroindustry being evaluated. If 8, = 1, the
agroindustry has achieved full efficiency, implying that its
input combination, is the most optimal compared with other
agroindustries. Conversely, if the efficiency score is
mathematically expressed as (0 < 8, < 1), the agroindustry is
considered technically inefficient [28].

To establish the relationship between socio-economic
factors and inefficiency scores derived from the technical



efficiency analysis, a Tobit regression model was employed.
The Tobit model addresses the limitations of DEA in capturing
the influence of exogenous factors [29]. Incorporating socio-
economic variables is essential, as production performance
and inefficiency are strongly influenced by individual
characteristics and managerial capacity [30].

The inefficiency value is obtained by transforming the DEA
efficiency score using the formula ((1 - 6;) [31]. Through this
transformation, an agroindustry with full efficiency 6,= 1, has
an inefficiency value of 0. In contrast, an agroindustry with an
efficiency score below 1 has an inefficiency value greater than
0 and approaching 1. Tobit regression analysis, is used when
the dependent variable is censored. In this study, the
inefficiency score, which serves as the dependent variable,
ranges from 0 to 1. This indicates that the data are continuous
but truncated or bounded, with a concentration at the lower
limit of 0. Therefore, the data are censored. If the ordinary least
squares (OLS) method is applied to such data, the resulting
regression estimates may deviate from the true values and
become biased [16, 31]. The distribution of censored data
follows a censored normal distribution, with the assumption N
(1, 0.

The latent variable model is specified as:

yir=xp+ & (2)
where, £~N(0, ¢?). In this specification, x refers to the
observed explanatory variable, whereas y” denotes the latent
outcome variable. The latent variable is observed only when
its value exceeds the censoring threshold t., and is censored
when its value is less than or equal to 7. Accordingly, the
measurement equation for the observed outcome yyy can be
expressed as follows.

{yi *ifyix>1
Ti,ify*x<Tt

yi 3)

Combining Egs. (2) and (3), the observed model becomes:

* = *
yi= {yl Tixl,[? ;l}é‘l, l];yl >T @)
U JY*=ST

The variables hypothesized to influence technical efficiency
were selected based on previous studies and adjusted to the
specific context of the study area. These variables include age,
education, experience, extension services, technology, and
institutional participation [19, 29, 31]. The Tobit model used
in this study is specified as follows:

IT = By + B1X1 + BoXy + P3Xs + BaXy+Ps5Xs (5)
+ BeXe + e
where,

IT = Technical inefficiency of the palm sugar agroindustry
based on the BCC model;

X = age of the palm sugar agroindustry owner (years);

X, =years of formal education completed by the palm sugar
agroindustry owner;

X3 = years of experience in operating the palm sugar
agroindustry;

X4 = participation of the palm sugar agroindustry owner in
palm sugar production training activities, measured as a
dummy variable: 0 = never participated, 1 = participated;

Xs = type of equipment or technology used in the palm sugar
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production process, measured based on predefined criteria: 0
= traditional, 1 = modern;

X = active participation in institutional activities related to
the development of palm sugar production, measured as a
dummy variable: 0 = inactive, 1 = active;

eee = error term.

3. RESULTS AND DISCUSSION
3.1 Data analysis results

Section 3.1 presents the general and specific results of the
data analysis used in this study.

3.1.1 The implementation of RStudio for two-stage efficiency
analysis utilizing the input-oriented BCC-DEA model and
Tobit regression

The analysis used in this study consisted of two stages. The
first stage involved efficiency analysis, followed by Tobit
regression analysis. The analyses were conducted using R
software with the benchmarking and censReg packages.

3.1.2 Results of technical efficiency analysis using Data
Envelopment Analysis

The results generated using RStudio indicate that palm
sugar agroindustries in West Lombok and East Lombok
Regencies exhibit substantial variation in production scale.
This is reflected in the minimum, maximum, range, and mean
values of production and income across the 150 DMUs.

The minimum production level was 12 kg, while the
maximum reached 600 kg, with an average production of
138.438 kg.

In terms of income, the minimum value was IDR 300.000,
while the maximum reached IDR 25.000.000, with an average
income of IDR 2.874.213,33. These findings indicate a
considerable disparity in income among agroindustries,
suggesting heterogeneity in production performance and input
utilization [32].

Table 1. Distribution of technical efficiency under variable
returns to scale assumption (TE-VRS)

VRS Efficiency
Efficiency Score Frequency Persentage (%)
<0.400 1 0.667
0.400 - 0.599 3 2

0.600 - 0.749 18 12

0.750 - 0.898 33 22
0.899 - 0.999 5 3.333

1 90 60

Total 150 100
Mean 0.9034
Minimum 0.346
Maximum 1.000
Range 0.654
Standard Deviation 0.1397

The efficiency analysis shows that the average overall
technical efficiency score under constant returns to scale
(CRS-TE) was 0.3733, while the average pure technical
efficiency score under variable returns to scale (TE-VRS) was
0.6000. This implies that palm sugar agroindustries in West
Lombok and East Lombok could potentially reduce input
usage by approximately 40% while maintaining the same level
of output. Economically, this suggests that inputs such as palm



sap, labor, fuel costs, packaging, and supporting materials are
being used inefficiently, resulting in excessive input use
relative to output levels [33]. The distribution of technical
efficiency scores under the VRS assumption is presented in
Table 1.

The results indicate that 60% of agroindustries are fully
efficient under the VRS assumption, with an average
efficiency score of 0.9034. The minimum efficiency score is
0.346, and the relatively moderate range (0.654) suggests a
fairly even distribution of efficiency levels across
agroindustries.

The average overall technical efficiency score under
constant returns to scale is presented in Table 2.

Table 2. Distribution of technical efficiency under constant
returns to scale assumption (TE-CRS)

CRS Efficiency
Efficiency Score Frequency Percentage (%)
<0.400 12 8
0.400 - 0.599 61 40.67
0.600 - 0.749 12 8
0.750 - 0.898 5 3.333
0.899 - 0.999 4 2.667
1 56 37.33
Total 150 100
Mean 0,7094
Minimum 0.1429
Maximum 1.0000
Range 0.8571
Standard Deviation 0.2606

The results show that only 37.33% of agroindustries are
fully efficient under the constant returns to scale (CRS)
assumption, with an average efficiency score of 0.7094. The
minimum efficiency score is 0.1429. This indicates the
presence of scale inefficiency among many production units.

3.1.3 Normality test using RStudio

Prior to conducting the Tobit regression analysis, a
normality test was performed to assess the distribution of
residuals (Figure 1) with the distribution measurement results
(Table 3). Given that the sample size exceeds 50 observations
(N = 150), the Kolmogorov-Smirnov test was employed [34].

Distribusi Residual Model Tobit

Density
"
]

0.00 0.25 0.50
Residual

Figure 1. Residual distribution of the Tobit model

Table 3. Distribution measurement results

Indicator Value
P-value 0.2552
Kurtosis 3.207

Skewness  0.430

N 150

The results indicate that the p-value (0.2552) is greater than
the significance level of 0.05, suggesting that there is no
significant difference between the sample distribution and the
theoretical normal distribution. The kurtosis value of 3.207
indicates a distribution close to normal peak characteristics,
while the skewness value of 0.430 suggests a slight positive
skewness. Overall, these results confirm that the residuals are
approximately normally distributed [35].

3.2 Discussion

A further analysis of technical efficiency involves
examining the distribution of scale efficiency (SE) values
across the 150 sampled palm sugar agroindustries.

3.2.1 Analysis of technical efficiency based on scale efficiency
Table 4 presents the efficiency scale values obtained using
the following formula:

_ OCRS

= 9vRs ©)

Table 4. Distribution of Scale Efficiency (SE) values

SE
Efficiency Score Frequency Percentage (%)

<0.400 2 1.333

0.400 - 0.599 48 32
0.600 - 0.749 14 9.333

0.750 - 0.898 18 12

0.899 - 0.999 12 8

1 56 37.33

Total 150 100
Mean 0.7721
Minimum 0.2859
Maximum 1.000
Range 0.7141
Standard Deviation 0.2305

Production scale conditions of palm sugar agroindustries on
Lombok Island (Figure 2)

mCR5 mDRS mIRS

Figure 2. Production scale conditions



SE is calculated as the ratio between overall technical
efficiency under constant returns to scale (TE-CRS) and pure
technical efficiency under variable returns to scale. The results
of Table 4, indicate that 37.33% of agroindustries operate at
the optimal production frontier, achieving full SE. However, a
gap of approximately 23 percentage points is observed when
compared to pure technical efficiency, where 60% of
agroindustries are efficient under the VRS assumption. This
disparity suggests that although most palm sugar
agroindustries are relatively efficient in managing inputs

internally, many have not yet reached optimal production scale.

In other words, inefficiency is largely driven by external or
scale-related constraints, rather than purely managerial
inefficiency [36].

The results further reveal the distribution of returns to scale
among the sampled agroindustries (Figure 2): 60% (90
agroindustries) operate under Increasing Returns to Scale

(IRS), indicating that increasing inputs would lead to a
proportionally greater increase in output. This suggests that
most agroindustries are still operating below optimal scale and
have strong potential for expansion. 37% (56 agroindustries)
operate under CRS, representing the most efficient and
optimal production condition, where proportional increases in
inputs result in proportional increases in output. 3% (4
agroindustries) operate under decreasing returns to scale
(DRS), indicating that these agroindustries have exceeded
their optimal scale, where additional inputs may lead to a
decline in output.

3.2.2 Individual parameter significance test in Tobit regression

The Tobit regression model was estimated for socio-
economic factors on the censored dependent variable
(inefficiency score) in Table 5 [37].

Table 5. Parameter estimation results of factors affecting technical inefficiency in palm sugar agroindustry

Variable Coefficient (Estimate) Std, Error #value p-value Remark
Intercept 0.3041 0.1462 2.079 0.0376 *k
Age -0.0065 0.0034 -1.921  0.0547 *
Education -0.0096 0.008 -1.196  0.2317  Not significant
Experience -0.0012 0.003 -0.382  0.7023  Not significant
Training 0.0595 0.0832 0.715 0.4744  Not significant
Technology -01186 0.138 -0.859  0.3903  Not significant
Institutional Participation 0.249 0.1193 2.087 0.0369 ok
logSigma -1.2996 0.1057 -12.297  0.000 ok
Model Summary Statistics
Number of observations 150
Left-censored 90
Uncensored 60
Log-likelihood -60.7214
Pseudo R? 0.0909
AIC 137.4427

Notes: *) Significant at a 10%, **) Significant at a2 5%, ***) Significant at o 1%, AIC = Akaike Information Criterion

Based on the model summary statistics, the Tobit model was
estimated using data from 150 palm sugar agroindustries on
Lombok Island. The results show that 90 agroindustries, or
observations, were left-censored at the lower limit of 0. This
indicates that 60% of the total agroindustries operated at full
efficiency. Meanwhile, the remaining 40%, equivalent to 60
agroindustries, were classified as uncensored observations,
representing agroindustries experiencing  technical
inefficiency, with inefficiency values greater than 0. The log-
likelihood value of —60.7214 indicates the degree of model fit
to the data

The estimation results indicate that age and institutional
participation significantly influence inefficiency scores. Age
is significant at the 10% level, while institutional participation
is significant at the 5% level. In contrast, education,
experience, training, and technology do not exhibit statistically
significant effects. The estimated Tobit model can be
expressed as follows:

IT*

= 0.3041 — 0.0065 Age — 0.0096 Education
— 0.0012 Experience + 0.0595 Training

— 0.1186 Technology

+ 0,249 Institutional Participation + ¢;

The age variable has a negative and statistically significant
coefficient (p-value = 0.0547), indicating that an increase in
age reduces inefficiency. Specifically, a one-year increase in
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age decreases inefficiency by 0.0065 units. This suggests that
older agroindustry operators tend to be more efficient, likely
due to stronger psychological attachment to their business and
greater focus on production activities [38].

The education variable also shows a negative coefficient (-
0.0096), implying that higher education levels may reduce
inefficiency. Although not statistically significant, this result
aligns with the notion that education enhances adaptability,
innovation, and openness to new production practices [39].
The experience variable has a negative but insignificant effect,
indicating that longer business experience slightly reduces
inefficiency; however, the impact is minimal. This suggests
that experience alone does not necessarily lead to significant
improvements in production efficiency [40].

The training variable is not statistically significant,
indicating that participation in training programs does not
necessarily translate into improved efficiency. Field
observations suggest that training programs are not evenly
distributed and that their effectiveness depends more on
quality and relevance rather than frequency [41, 42].

The technology variable has a negative coefficient (-0.1186),
indicating that the adoption of modern technology tends to
reduce inefficiency compared to traditional methods.
Although not statistically significant, this finding highlights
the potential of technological adoption to enhance production
efficiency and productivity [43].

The institutional variable had a significant effect on
efficiency (p-value = 0.0369 < a = 0.05), with a coefficient of



0.249. This indicates that business actors who were actively
involved in institutional activities tended to have an
inefficiency score 0.249 points higher than those who were not
institutionally active. This finding suggests that the role of
institutions in supporting improvements in business efficiency
has not yet functioned optimally. The results further indicate
that the participation of palm sugar agroindustry owners in
institutional arrangements or farmer/business groups
established to support palm sugar production and regional
production development remains very limited. This is
reflected in the fact that, among respondents with an
inefficiency score of 0, approximately 98% were not actively
involved in village-level institutions. Therefore, although
institutional participation was statistically significant, its
current implementation appears to be insufficiently effective
in enhancing production efficiency.

Field findings reveal that although many respondents are
formally registered as members of local institutions, they are
not actively engaged in meetings or activities. Approximately
60% of respondents with zero inefficiency scores are inactive
in institutional participation, indicating that many operators

prefer to work independently without institutional interference.

This reflects a tendency toward self-reliance in managing
production inputs and market relationships.

4. CONCLUSIONS AND RECOMMENDATIONS

The DEA results indicate that a large proportion of palm
sugar agroindustries operate under IRS, suggesting that most
businesses are still operating below optimal scale.

This condition reflects structural constraints associated with
small-scale operations. This finding highlights the opportunity
for agroindustry operators to increase input utilization in order
to achieve higher output levels. Therefore, institutional actors
and supporting organizations should play a more active role in
facilitating production scaling, providing targeted assistance,
and disseminating knowledge on income improvement
strategies.

Policy intervention is required, particularly from local
governments at the village level, to strengthen outreach,
mentoring, and technical support for palm sugar producers.
The current lack of widespread and effective extension
services has resulted in uneven capacity development among
producers, with only a portion of agroindustry actors

demonstrating innovation and sustainability-oriented practices.

Strengthening institutional effectiveness, improving
training quality, and promoting technology adoption are
essential to enhancing the long-term sustainability and
competitiveness of palm sugar agroindustries in Lombok.
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