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Abstract: The supply and demand of various fresh chili types correspond to one another simultane-
ously because they can be complementary or substitute products. This study aimed to simultaneously
examine the supply and demand model of red chili and cayenne peppers to support innovative chili
enterprise system development. The methodology is the simultaneous equation system panel data
using the years 2010–2020 time-series and provincial cross-sectional data combined with data mining
techniques. The two-stage least square method was used for the estimation and simulation of the
models. The results of the models comprise three identities and ten structural equations. The resulting
models are all statistically fit with some drawbacks owing to the micro-level data availabilities. The
simulations on the labor wages, prices, demand, and production for red chili and cayenne peppers
affected the other variables within the model. In conclusion, the chili supply and demand models
could support the development of the innovative chili enterprise system; however, this requires
proactive collaboration and participation from all the relevant institutions and actors. Moreover, this
research model is potentially applicable to other horticultural commodities.

Keywords: business analytics; chili agro-system; data mining; data preprocessing; decision support
system; enterprise system; simultaneous equation system; supply and demand; two-stage least square

1. Introduction

Chili supply and demand are monitored monthly due to its seasonal production,
perishable feature, and impact on inflation. In Indonesia, the actors involved in chili
supply and demand are the chili producers, collectors, wholesalers, agents, distributors,
and suppliers of the chili processing industry, and also the retailers for both the traditional
and modern markets (i.e., supermarkets and hypermarkets) (Badan Pusat Statistik 2018).
The chili producers (farmers) sell their products directly to collectors, retailers, wholesalers,
agents, or distributors. These actors are essential in providing the time series data for a
supply and demand model. Therefore, a data chain from the data collection to the decision-
making and marketing (Miller and Mork 2013; Chen et al. 2014) becomes very important.
To maximize the operational process of the chili supply chain, chili farmers must work
closely with farmer groups and farmer associations (Perdana et al. 2018). The price of
chili at the consumer level is often higher due to the length of the chili supply chain, and
most farmers need to understand the role of Village-Owned Enterprises (Bumdes) and
Indonesian Farmers’ Shops in shortening their marketing chain (Barusman et al. 2019).
Hence, we need an innovative enterprise system to package the supply and demand
monitoring of chili data, whose prices are highly volatile. The enterprise system has user
representatives that play an essential role in dealing with the physical, cognitive, and social
boundaries (Pan and Mao 2016), involving multi-dimensional relationships in a dynamic
environment (Weichhart et al. 2016). The enterprise system acts as a technology platform
in the contemporary technology portfolio to facilitate organizational process innovation
(Lokuge and Sedera 2018).
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Most previous research on chili has focused separately on the supply, demand, or price
and has mainly applied to one type of chili. For example, the supply chain design of chili
(Ridwan et al. 2017) and lean production in the cayenne pepper supply chain (Perdana et al.
2018) apply to one type of chili. The following price studies also apply to only one type
of chili. Budiastuti et al. (2017) employed the consumer price index (CPI) for prediction
models using the support vector regression (SVR) method based on cloud computing. They
concluded that chili price volatility occurs due to variations in economic variables from
time to time and is influenced by price variations in the market. Anggraeni et al. (2018)
employed an artificial neural network (ANN) with price input variables at the consumer
level, chili production, and consumption. Their best forecasting model was at four input
nodes, four hidden nodes (on one layer), and one output node.

In this study, we first investigated three types of chilies for supply and demand models
using simultaneous equation systems. To support this, we examined previous chili types of
research on panel data, simultaneous equation systems, and demand and supply models.
Here, we determined state-of-the-art research from 66 relevant papers obtained using
the Google Scholar search engine from 2010 to September 2021. Further, we queried the
66 relevant papers using the keyword combination of “Panel Data” AND “Simultaneous
Equation System” AND “Red Chili” AND “Curly Chili” AND “Cayenne Pepper,” and it
“returned no results.” Further queries that discarded curly chili also returned no results.
This indicates that the topic of panel data with a simultaneous equation system for red chili,
curly red chili, cayenne pepper or red chili and cayenne pepper is widely open; thus, the
latter is covered in this study. A study by (Sativa et al. 2017) on a red chili simultaneous
equation system produced one identity equation and four structural equations; however,
this study only employed one type of chili. Our study considered red chili, curly chili, and
cayenne peppers. Here, we argue that each type of chili influences the other; hence, panel
data modeling with a simultaneous equation system is considered the most suitable for the
supply and demand model. The simultaneous equation model is a regression model with
more than one equation and a reciprocal relationship between the equations (Gujarati and
Porter 2009).

This study applied business intelligence and analytical approaches for descriptive,
predictive, and prescriptive analyses. A descriptive approach will be carried out by sum-
marizing the data through data summarization measures, their distribution, and then
presenting the data in a plot series. Based on the trend pattern, we can observe the dynam-
ics of each study variable and the alignment of the trend patterns between the variables.
The predictive analysis examines the factors influencing the production, consumption,
and price of fresh chili and how these three variables are related. Moreover, the prescrip-
tive analysis provides suggestions and recommendations as a follow-up to the impact of
the results of the predictive analysis study. Thus, our research question is: How do the
chili supply and demand model outcomes endorse the development requirement for an
innovative chili enterprise system? Hence, the following are our research objectives (RO):

RO1. Implementing descriptive analysis to obtain an overview of the trend patterns of the
production, consumption, and prices of three types of fresh chili in the panel data.

RO2. Applying simultaneous equation model panel data accompanied by predictive and
prescriptive analysis to observe how changes in a factor affect the production, con-
sumption, and price of three types of fresh chili simultaneously and endorse the
innovative enterprise system.

Our study addresses the problems associated with the efficiency of the fresh chili
agro-system by using a simultaneous equation system model. The novelties contributed by
this study are as follows:

(1) More than one fresh chili type was studied using a simultaneous equation system
model.

(2) The application of panel data for a simultaneous equation system is a time series (the
years 2010–2020) and a cross-section according to the chili production centers.
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(3) The resulting model will be the foundation for developing a fresh innovative chili
enterprise system.

2. Literature Review

In large cities with more than one million people, chili consumption is approximately
66,600 tons/month or 800,000 tons/year. This need will increase by approximately 10–
20% more than usual on religious holidays or national celebration days (Kementerian
Perdagangan 2016). Chili production and land have spread to almost 34 Indonesian
provinces. According to the Ministry of Agriculture (2021), the largest red chili production
centers in 2020 were West Java (266,067 tons), North Sumatra (193,862 tons), and Central
Java (166,269 tons), and for cayenne peppers they were the East Java (684,943 tons), Central
Java (159,099 tons), and West Java (130,838 tons) provinces. With Indonesia’s population
of 271,066,366 pupils in 2020, the general consumption of red chili and cayenne pepper
was somewhat elevated. According to the Ministry of Agriculture (2021), in 2020 and 2021,
the consumption of red chili was 2.020 kg/capita and 2.201 kg/capita, respectively, while
that of cayenne pepper was 1.769 kg/capita and 1.854 kg/capita, respectively. This means
the total consumption in 2020 and 2021 was 577,554 tons and 596,617 tons for red chili and
479,516 tons and 502,557 tons for cayenne pepper, respectively.

Many chili-related studies from January 2021 to September 2021 used panel data for
the impact of food inflation on the consumer price index (Caroline and Nairobi 2021),
price determination (Karabiyik et al. 2021), and pricing with a fixed-effect model (He et al.
2021). Other related chili studies used a system of simultaneous non-linear equations for
agribusiness companies in Japan (Chung et al. 2021) and red chili supply models employing
the Bayesian method (Fajar and Winarti 2021).

The simultaneous equation system uses a two-stage least squares (2SLS) and three-
stage least squares (3SLS) estimation. The benefits of the 2SLS method compared to the
3SLS are that it is more straightforward and effortless to produce asymptotic and efficient,
consistent assumption parameters (Sativa et al. 2017). The 3SLS is more efficient and has
advantages over 2SLS because the 3SLS captures all cross-correlation covariates (Neog and
Gaur 2020). In addition, the 3SLS produces more efficient parameters but is very sensitive
to changes in the model specifications and requires more samples than the 2SLS method
(Neog and Gaur 2020).

Supply and demand are excellent foundations for assessing the development of en-
terprise systems. The first step toward enterprise system development is to determine a
worthy chili enterprise architecture and the available enterprise architecture frameworks
that characterize the chili market conditions (Rachmaniah et al. 2022). Various strategies for
enterprise development may consider a modeling framework consisting of three modeling
views: business, analytical design, and data preparation (Nalchigar and Yu 2018). The three
modeling views link an enterprise strategy with analytical algorithms and data preparation
activities. Many researchers have worked on various studies on enterprise systems design
and critical success factors, for instance, regarding top management support (Shao et al.
2016), a steering committee (Murphy et al. 2016), dynamic capability (Niemi and Laine
2016), small and medium enterprises (Huang et al. 2018; Thiak 2018), and their analysis
(Kurnia et al. 2019).

Data mining mixes various domains, such as statistics, exploratory data analysis
techniques, and artificial intelligence systems and databases. Data mining develops the
‘intelligence’ of an intelligent data support system (IDSS) and utilizes different techniques,
such as classification, pattern recognition, clustering analysis, association rule mining,
and data visualization (Belciug and Gorunescu 2020). The IDSS uses data mining for two
main tasks: description and prediction. The IDSS can also oversee anomaly detection (i.e.,
missing data or outlier detection) and association rules for commerce. Decision support
systems (DSS) have been extensively researched in diverse facets of agriculture and farming
(Rupnik et al. 2019), showing an increasing direction for (i) predictive modeling, (ii) data
interpretation, and (iii) statistical facts study. Another agricultural DSS application is for
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an agricultural appraisal in dryland areas (Suroso et al. 2014) or agribusiness investment
(Suroso and Ramadhan 2012).

Data mining is closely related to business intelligence and analytics (BIA) frameworks.
The most significant aspects that determine the triumph of business intelligence initiatives
refer not to technology but to the firm confidence of all users in business intelligence and
the soft competencies and talents needed for business intelligence (Olszak 2016). The study
findings show that most of the organizations surveyed must increase their “analytical
knowledge” and think more creatively about probable data sources. The modeling frame-
work comprises three modeling views: business, analytics design, and a data preparation
view (Nalchigar and Yu 2018). All the modeling views are linked to the enterprise strategy
with analytic algorithms and data preparation activities.

3. Methodology
3.1. Data Collection Method

Chili data collection on the production, harvested area, and price is primarily conducted
monthly (Direktorat Jenderal Hortikultura Kementerian Pertanian and Badan Pusat Statistik
2020). The data source comes from sub-district production centers as most farmers are in
sub-district areas (i.e., the supply side). Excluding the non-production center (DKI Jakarta
province), approximately 6521 sub-districts of 416 agricultural district offices (Table 1) manually
collected the data and input the data collected into the online horticulture application
(available in sipedas.pertanian.go.id). Remember that Indonesia divides the government
structure from sub-districts, districts, and provinces up to the center; therefore, the data
source is the sub-district aggregated into the upper level. The BPS survey showed eight
main patterns of the chili distribution chain; the combination of actors involved in the
chain formed the main pattern of the chili agro-system (Figure 1). Consequently, the more
actors involved, the higher are the end-consumer prices due to transportation and trade
margins. In 2021, red chili production was dominated by the patterns 3, 2, 1, and 4, whereas
the cayenne production was dominated by the patterns 2, 1, 3, and 4 (Table 1). On the
demand side, Indonesia’s 2020 total population was 271 million, that served as the chili
consumers. Over time, the data collected by the BPS and the Ministry of Agriculture’s DJH
have escalated; consequently, the ‘V’ characteristic of big data has become an issue. These
are the volume, validity, value, variability, velocity, venue, veracity, visibility, volatility, and
visualization. Big data analytics might be beneficial to make determinations for farmers to
schedule optimal chili production, including their logistics and distribution chains (Siregar
and Suroso 2021).

Table 1. Chili distribution main patterns and its related provinces (adopted from various sources).

Pattern No. Province ID No. of
Province

Production Center Population
2020 (1000)

Total Production Year 2021 (Ton)

District Sub-District Red Chili Cayenne Pepper

1

16, 19, 21, 33,
51, 52, 53, 61,
63, 64, 71, 72,
73, 74, 75, 82,

92

17 203 2892 98,328.8 266,283.49 410,515.53

2 12, 17, 18, 35 4 76 1311 65,283.4 332,124.00 557,199.30

3 13, 14, 32, 34,
91 5 72 1442 66,967.3 493,785.08 194,542.22

4 11, 15 2 27 386 8992.3 96,710.95 56,494.75
5 36, 62, 76 3 24 331 16,959.7 8656.78 12,042.88
6 81 1 9 108 1787.1 1181.79 2743.23
7 65 1 4 49 708.4 3130.60 4625.73
8 31 1 1 2 10,576.4 0 0.60

Total 34 416 6521 269,603.4 1,201,872.69 1,238,164.23
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Following the state-of-the-art results described in the Introduction, the intended types
of fresh chili covered in this study were red chili (CMB), curly red chili (CMK), and cayenne
peppers (CRM). These three types of chilies were analyzed to determine the demand and
supply relationship of the three types of fresh chili simultaneously. Monthly data were
collected from structured data sources from various districts in Indonesia for the period
2010–2020. In this study, we assumed that the chili farmers were the primary producers of
fresh chilies participating in the farming and selling of the CMB, CMK, and CRM. Every
month, the Ministry of Agriculture’s DJH and BPS manually collected data using a printed
three-fold form of the seasonal fruit vegetable horticulture survey (SPH-SBS). The frequency
of the SPH-SBS data collection was for monthly (time-series) data, and the data source was
the production center locations at the sub-district level in Indonesia (cross-section). Table 2
lists the data requirements.

Table 2. Monthly data requirements by district 2010–2020.

No. Variable Unit Description

1. Production Ton Production of CMB, CMK, CRM
2. Harvest area Ha Harvest area of CMB, CMK, CRM
3. Labor actual wages IDR/HOK * Real wages of labor of CMB, CMK, CRM

4. Subsidized main fertilizer real
price IDR/kg Subsidized fertilizer price of CMB, CMK, CRM

5. Producer real price IDR/kg Producer level real price CMB, CMK, CRM
6. Retail real price IDR/kg Retail real price of CMB, CMK, CRM
7. Export volume Ton Volume per CMB, CMK, CRM
8. Import volume Ton Volume per CMB, CMK, CRM
9. Actual IDR exchange rate IDR/USD IDR exchange rate of CMB, CMK, CRM
10. International chili prices IDR International chili prices of CMB, CMK, CRM
11. Domestic chili prices IDR Domestic chili prices of CMB, CMK, CRM
12. Reference price Dummy [0 = No | 1 = Yes]
13. Rainy/dry season Dummy [0 = Rainy | 1 = Dry]
14. Population Pupils

Note: * HOK: working people’s day; IDR: Indonesian Rupiah; USD: US Dollar; CMB: red chili; CMK: curly red
chili; CRM: cayenne pepper.

The various granularities of the available data affected the model, including its evalu-
ation and validation. Granularity refers to the discrepancy of the detailed data available
from the national data down to the province and district data and vice versa, by the type
of chili or by the frequency of the data (i.e., monthly, or yearly). Our identification in
Table 3 shows the findings on the data availability collected from various sources. Further
identification of the data availability depicted in Table 3 shows that data for the actual retail
price and domestic chili prices were available for the CMB, CMK, and CRM; however, our
data did not distinguish between the CMB and CMK types for the remaining variables, and
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instead referred to them as red chili (CM/CB). Hence, we hypothesized that red chili and
cayenne pepper could simultaneously form the chili supply and demand model.

Table 3. Identification of Data Availability and Granularity from Various Data Sources.

No. Variable CMB CMK CM/CB CRM Period Frequency Level of Data

1. Production * - - Y Y 2010–2020 Yearly Province
Production ** - - Y Y 2010–2020 Yearly District
Production * - - Y Y 2016–2021 Monthly Province

2. Harvested area * - - Y Y 2010–2020 Yearly Province
Harvested area ** - - Y Y 2010–2020 Yearly District

3. Labor actual wages * - - - - 2009–2021 Monthly National

4. Subsidized main fertilizer
real price - - - - 2008–2021 Yearly National

5. Producer real price * - - Y Y 2010–2020 Monthly Province

6. Retail real price * Y Y - Y 2010–2021 Monthly National
Urban consumer price *** - - Y Y 2010–2020 Monthly Province

7. Export volume * - - - - 2012–2021 Sep, Oct,
Nov, Dec National

Export volume *** - - - - 2012–2021 Monthly National

8. Import volume * - - - - 2012–2021 Sep, Oct,
Nov, Dec National

Import volume *** - - - - 2012–2021 Monthly National

9. Real IDR exchange rate * - - - - 2010–2020 Monthly National

10. International chili price - - - - - - National

11. Domestic chili prices * Y Y - Y 2010–2021 Monthly National

12. Reference price - - - - - - National

13. Rainy/dry Season * - - - - 2019–2021 - National

14. Population * - - - - 2010–2020 Yearly District

Note: Y: Data available; CMK: Curly red chili; *: Pusdatin DJH Kementan and BPS; -: Data unavailable; CM/CB:
Red chili/Big red chili; **: Aplikasi2/BDSP; CMB: Red chili; CRM: Cayenne pepper; ***: DJH Kementan Web.

3.2. Analysis Methods and Techniques

The data collected in this study can be in the form of cross-sectional data, univari-
ate/multivariate time series data, or panel data (Figure 2). Cross-sectional data have the
same time but are at different locations, and the time-series data show measurements
at a similar location but at different times. Panel data combines the cross-sectional and
time series data, and the data panel comprises a single or simultaneous equation model.
This study used panel data with a simultaneous equation system. Further, our analytical
methods and techniques combined econometric and data mining techniques comprising
four stages of the research flow, as shown in Figure 3. We applied a data mining approach
during the first stage. Here, we advance on the summarization, data visualization, and
data preprocessing. A data mining approach was applied to assess the quality of the
collected data. The specification model can be adjusted based on the application of this data
mining technique. Figure 3 depicts the research steps. Note that the resulting estimation
results serve various simulation scenarios, such as for labor wage, price, demand, and
production simulations.
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Due to granularity constraints, as depicted in Table 3, the time-series units used
yearly data (2010–2020), and the cross-sectional units used provincial data (33 provinces)
excluding non-production centers (DKI Jakarta province). The collected data were packaged
into one dataset consisting of the provinces with annual time units, and we obtained
363 observations. We used the two-stage least squares (2SLS) method to estimate the six
constructed models. Here, we used four criteria for the model fit: an analysis of variance
model Pr > F-stat (1%, 5%, and 10% confidence intervals), an adjusted R-squared, the
Durbin–Watson (DW) test, and parameter estimate results. Satisfactory prediction results
have high adjusted R-squared values, and a flawless model has an R-Square = 1, but this
rarely occurs (Forsyth 2018). The Durbin–Watson test for autocorrelation determines the
appropriate functional form of a cross-sectional model. The limits of d are 0 and 4, and the
d value of 2–4 stands for no autocorrelation, positive or negative (Gujarati and Porter 2009).
The model specifications are as follows:

Set and index
intercept:

a0, b0, c0 = Intercept of chili production model
d0, e0, f0 = Intercept of chili import model
g0, h0, i0 = Intercept of chili export model
j0, k0, l0 = Intercept of chili demand model
m0, n0, o0 = Intercept of chili price model
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Parameter estimate:

ai, bi = Estimated chili production model parameters (i = 1, 2, 3, 4, 5, 6)
ci, di = Estimated chili import model parameters (i = 1, 2, 3, 4, 5, 6)
ei, fi = Estimated chili export model parameters (i = 1, 2, 3, 4, 5)
gi, hi = Estimated chili demand model parameters (i = 1, 2, 3)
ii, ji = Estimated chili price model parameters (i = 1, 2, 3, 4)

Error terms:

u1k,t, u2k,t = Error of the chili production model at location k, period t
u3k,t, u4k,t = Error of chili import model at location k, period t
u5k,t, u6k,t = Error of chili export model at location k, period t
u7k,t, u8k,t = Error of chili demand model at location k, period t
u9k,t, u10k,t = Error of chili price model at location k, period t

Parameter:

QSCk,t = Total supply of chili at location k, period t (tons)
QSCMk,t = Supply of red chili at location k, period t (tons)
QSCRk,t = Supply of cayenne pepper at location k, period t (tons)
QDCMk,t = Demand of domestic red chili at location k, period t (tons)
QDCRk,t = Demand of domestic cayenne pepper at location k, period t (tons)
LQDCMk,t−1 = Lagged demand for red chili at location k, period t−1 (tons)
LQDCRk,t−1 = Lagged demand for cayenne pepper at location k, period t−1 (tons)
QCMk,t = Production of red chili at location k, period t (tons)
QCRk,t = Production of cayenne pepper at location k, period t (tons)
LQCMk,t−1 = Lagged production for red chili at location k, period t−1 (tons)
LQCRk,t−1 = Lagged production for cayenne pepper in location k, period t−1 (tons)
HCMk,t = Real retail price of red chili at location k, period t (IDR/kg)
HCRk,t = Real retail price of cayenne pepper in location k, period t (IDR/kg)
HRCMk,t = Real producer-level price of red chili at location k, period t (IDR/kg)
HRCRk,t = Real producer-level price of cayenne pepper at location k, period t (IDR/kg)
MCMk,t = Import volume of red chili at location k, period t (tons)
MCRk,t = Import volume of cayenne pepper at location k, period t (tons)
LMCMk,t−1 = Lagged import volume for red chili at location k, period t−1 (tons)
LMCRk,t−1 = Lagged import volume for cayenne pepper in location k ,period t−1(tons)
XCMk,t = Export volume of red chili at location k, period t (tons)
XCRk,t = Export volume of cayenne pepper at location k, period t (tons)
LXCMk,t−1 = Lagged export volume for red chili at location k, period t−1 (tons)
LXCRk,t−1 = Lagged export volume for cayenne pepper at location k, period t−1 (tons)
LPCMk,t = Harvested area of red chili in location k, period t (Ha)
LPCRk,t = Harvested area of cayenne pepper at location k, period t (Ha)
UTKk,t = Real wages of labor at location k, period t (IDR/HOK)
PNRk,t = Real price of subsidized basic fertilizer at location k, period t (IDR/kg)
CHk,t = Dummy optimal rainfall at location k, period t (rainy = 1, dry = 0)
DRk,t = Dummy reference price policy at location k, period t (Yes = 1, None = 0)
RPICk,t = Ratio of international to domestic chili price at location k, period t
NTXk,t = Real IDR exchange rate at location k, period t (IDR/USD)
PDDk,t = Total population of location k, period t (persons)

3.2.1. Chili Supply Model

The chili supply (QSC), which comprises a supply of red chili (QSCM) and cayenne
pepper (QSCR) in location k and time period t, is an identity equation. QSCM consists
of the quantity of red chili production (QCM) plus the volume of red chili exports (XCM)
minus the red chili imports (MCM). At the same time, the QSCR consists of the amount of
cayenne pepper production (QCR) and the number of cayenne pepper exports (XCR) minus
the cayenne pepper imports (MCR). The researchers assume that imported and exported



Economies 2022, 10, 312 9 of 21

chilies are homogeneous products calculated from the exports and imports of fresh chilies.
The formulated identity equations for the national chili supply are as follows:

QSCk,t = QSCMk,t + QSCRk,t (1)

QSCMk,t = QCMk,t + (MCMk,t − XCMk,t) (2)

QSCRk,t = QCRk,t + (MCRk,t − XCRk,t) (3)

where QSC is the chili supply model, QSCM is the supply of red chili, QSCR is the supply
of cayenne peppers, QCM is the production of red chili, MCM is the import volume of red
chili, XCM is the export volume of red chili, QCR is the production of cayenne peppers,
MCR is the import volume of red chili, and XCR is the export volume of red chili.

3.2.2. Chili Production Model

The production of red chili (QCM) and cayenne pepper (QCR) at time t at location k
is a function of the chili prices, alternative input prices, and the alternative values of the
remaining variables that affect the supply. NPK fertilizer was used as the basic fertilizer
price (PNR) (Farid and Subekti 2012); (Sukmawati et al. 2014). The structural equations are
as follows:

QCMk,t = a0 + a1 LQCMk,t−1 + a2 LPCMk,t + a3 UTKk,t + a4 HRCMk,t + a5 PNRk,t + a6 CHk,t + u1k,t (4)

QCRk,t = b0 + b1 LQCRk,t−1 + b2 LPCRk,t + b3 UTKk,t + b4 HRCRk,t + b5 PNRk,t + b6 CHk,t + u2k,t (5)

where LQCM is the lag of red chili production, LPCM is the red chili harvested area, UTK is
the actual labor wage, HRCM is the actual red chili producer price, PNR is the actual basic
fertilizer price, CH is the dummy season, LQCR is the lag of cayenne pepper production,
LPCR is the cayenne pepper harvested area, and HRCR is the actual cayenne pepper
producer price.

3.2.3. Chili Import Models

Red chili imports (MCM) and cayenne pepper imports (MCR) at time t at location k
aim to meet the consumption needs and stabilize prices, which often increase sharply. The
structural equations for imports are as follows:

MCMk,t = c0 + c1 LMCMk,t−1 + c2 RPICk,t + c3 QCMk,t + c4 QDCMk,t + c5 DRk,t + u3k,t (6)

MCRk,t = d0 + d1 LMCRk,t−1 + d2 RPICk,t + d3 QCRk,t + d4 QDCRk,t + d5 DRk,t + u4k,t (7)

where LMCM is the lag of red chili imports, RPIC is the ratio of international and domestic
chili prices, QCM is red chili production, QDCM is the demand for domestic red chili, DR
is a dummy of reference price, LMCR is the lag of cayenne pepper imports, QCR is cayenne
pepper production, and QDCR is the demand for domestic cayenne pepper.

3.2.4. Chili Export Models

Exports of red chili (XCM) and cayenne pepper (XCR) occupy small volumes owing
to a high domestic demand. The structural equation for chili exports is as follows:

XCMk,t = e0 + e1 LXCMk,t−1 + e2 RPICk,t + e3 QCMk,t + e4 QDCMk,t + e5 NTXk,t + u5k,t (8)

XCRk,t = f0 + f1 LXCRk,t−1 + f2 RPICk,t + f3 QCRk,t + f4 QDCRk,t + f5 NTXk,t + u6k,t (9)

where LXCM is the lag of red chili exports, NTX is the real IDR exchange rate, and LXCR is
the lag of cayenne pepper exports.

3.2.5. Chili Demand Models

Fresh chili is the primary ingredient in various cooking spices: therefore, the demand
is relatively stable. Fresh chili in Indonesia is generally not only consumed fresh by
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households but is also used for seeds, in chili processing industries such as for sauces and
chili powders, the instant noodle industry, and other processed industries, both food and
non-food. The structural equations of the demand for domestic red chili (QDCM) and
domestic cayenne pepper (QDCR) are as follows:

QDCMk,t = g0 + g1 LQDCMk,t−1 + g2 HCMk,t + g3 PDDk,t + u7k,t (10)

QDCRk,t = h0 + h1 LQDCRk,t−1 + h2 HCRk,t + h3 PDDk,t + u8k,t (11)

where LQDCM is the lag of the red chili domestic demand, HCM is the actual retail price of
red chili, PDD is the population at location k in period t, LQDCR is the lag of the domestic
demand for cayenne pepper, and HCR is the actual retail price of cayenne pepper.

3.2.6. Chili Price Models

Chili availability and demand influence the price model based on the volume of chili
exports and imports. The structural equations for the red chili price (HCM) and the cayenne
pepper price (HCR) are as follows:

HCMk,t = i0 + i1 QDCMk,t + i2 QSCMk,t + i3 LXCMk,t−1+ i4 LMCMk,t−1+ u9k,t (12)

HCRk,t = j0 + j1 QDCRk,t + j2 QSCRk,t + j3 LXCRk,t−1+ j4 LMCRk,t−1+ u10k,t (13)

where QDCM is the domestic demand for red chili, QSCM is the supply of red chili, LXCM
is the lag of red chili exports, LMCM is the lag of red chili imports, QDCR is the cayenne
pepper domestic demand, QSCR is the cayenne pepper supply, LXCR is the lag of cayenne
pepper exports, and LMCR is the lag of cayenne pepper imports.

3.2.7. Simulation of the Model

The simulation utilized two coding types: coding for validation and coding for simu-
lation. The validation code was before the simulation code, and the results of the validation
code execution were then used as a basis to assess the impact of the simulation execution
results. The coding for the six simulation variables used the same coding segment label,
SIMNLIN procedure, and parameter description. The difference between the scenarios was
in the structural equation coding segment and the identity equation, which depended on
the percentage size according to the scenario: (i) UTK increases by 10%, (ii) HCM increases
by 50%, (iii) HCR increases by 50%, (iv) QDCM increases by 15%, (v) QDCR increases by
15%, and (vi) QCM and QCR both decrease by 25%. The percentage of increase or decrease
was determined based on the phenomena that often occur in the fresh chili agro-system,
especially during national/religious holidays or the dry/rainy seasons.

4. Results
4.1. Application of Data Mining Techniques
4.1.1. Data Summarization and Visualization

The data mining technique includes the summarization, visualization, and data pre-
processing for all the variables listed in Table 2. Our investigation revealed that all the
data variables we collected showed different granularities by the type of chili, the level
of data availability (i.e., the district, province, and national), and the frequency of data
(i.e., monthly, or yearly). The following paragraphs describe the sample discrepancy in
the data granularities for the production data, harvest area data, actual labor wages, and
producer/farmer price.

The production data we collected had different granularities on the type of chili
(missing red chili/CMB and curly chili/CMK) and the level of data availability (annual
data at the district/province level for 2010–2020 and monthly data at the province level
for the year 2016–2021). Most production data were unavailable as district-level data or
had zero values (missing data). Data for the CMK type were not available at all. The same
was true for the harvested area data—CMK harvested area data were unavailable. In the
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2018–2020 period, the national production of cayenne pepper (CRM) was higher than that
of large chili/red chili (CB/CM) even though the harvested area for the CRM in the same
period was higher than that of the CB/CM area. In 2017, the CRM harvested area was
higher, but its production was lower than that of the CB/CM. The available harvested area
data were in province and district data units; there was a large amount of missing data at
the district level.

Another example of granularity is the actual labor wage. Different granularities on the
actual labor wages occurred at the data availability level, which was available nationally
rather than monthly. The BPS uses two wages terms for farm workers: nominal and real
wages. The data on the real wages and nominal wages for the farm workers that we
collected were monthly data at the national level for 2010–2021. This study used data
on the real wage of labor because it describes the purchasing capacity of farm workers’
income/wages. According to the BPS, the real wage of farm laborers is the ratio between the
farm workers’ nominal wages and the rural households’ consumption index. The nominal
wage of farm workers is the average daily wage received by workers as compensation
for their labor. Our data show that although the nominal wages tended to rise, the real
wages tended to remain flat and sometimes even decline. We observed that the real wage
increased in value every five years close to the nominal wage value (stepwise); however,
the value was flat when the nominal wage increased.

The producer-level actual price data also showed different granularities. The data
were available on two types of chilies—red chili (CMB) and cayenne pepper (CRM). The
available data were monthly data broken down into provinces from 2010 to 2020, while the
detailed monthly or daily data were unavailable by district/city in that period. In addition,
the DKI Jakarta province data were unavailable because it is not a chili production center.
In addition, the data for the North Kalimantan province for 2010–2019 were unavailable,
but data for 2020 for this province were available.

4.1.2. Data Preprocessing

Our cross-section and time-series data had various granularities and contained many
missing values for data preprocessing to provide a better model. There are many ap-
proaches for handling missing values. For example, when the values of ‘0’ are the missing
values (Boardman et al. 2019); multiple imputations can fill in the missing values with
multiple informed guesses (Grant 2019); manually filtering out data with a poor quality
(such as incorrect, inconsistent, or irrelevant data) (Xu et al. 2019); and the use of profiling
algorithms (Ramirez Ramirez et al. 2019). Other missing approaches are attributed to
random values sampled from non-missing values, computing their mean, and replacing
the missing values (Feng et al. 2019).

Other studies have automatically permitted the imputation of missing values using
the k-nearest neighbor algorithm (with k = 10) and have utilized the most similar instances
to extrapolate and fill in the missing values (Rupnik et al. 2019). For example, Sharda et al.
(2020) imputed the most probable value or ignored or used domain knowledge and expert
opinions. Falah and Rachmaniah (2022) used a min-max normalization using a 0–1 range
of values to avoid data with large values dominating data with small data ranges and
replacing the missing values with the average value calculation; however, the mean value
can be affected by outlier or extreme values. One way to handle extreme values is to use a
median (Forsyth 2018). Outliers can occur because the extreme values are very small or so
large that they interfere with the model. Outliers may also occur due to incorrect recording,
incorrect summarization (sub-district to national), or having too varied data, making it
challenging to interpret the data. Therefore, our study confronted the missing data using
the median value.

4.2. Determination of the Model Specifications of the Simultaneous Equation System

Our study ultimately examined two chili types: red chili and cayenne peppers, and
the specification model comprised a supply model with three identity equations and two
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structural equations for the production, import, export, demand, and price models. Further,
we used the CM suffix to denote red chili and CR for cayenne peppers.

4.3. Estimation of the Simultaneous Equation System Panel Data Model
4.3.1. Chili Supply Model

The supply of chili (red chili and cayenne pepper) at location k in the t time period is
an identity equation consisting of the amount of production and volume of imports minus
the exports. We assume that imported and exported chilies are homogeneous products that
count from the exports and imports of fresh chilies. The chili supply model is an identity
equation consisting of Equations (1)–(3) to describe the structural equations constructed:

QSCk,t = QSCMk,t + QSCRk,t (1)

QSCMk,t = QCMk,t + (MCMk,t − XCMk,t) (2)

QSCRk,t = QCRk,t + (MCRk,t − XCRk,t) (3)

4.3.2. Chili Production Model

The structural equations for the chili production models are Equation (4) for red chili
production (QCM) and Equation (5) for cayenne pepper production (QCR). Table 4b shows
the models’ estimation results.

Table 4. Estimation results for (a) red chili production and (b) cayenne pepper production models.

(a) Dependent Variable: QCM (Production of Red Chili) (b) Dependent Variable: QCR (Production of Cayenne Pepper)

Parameter Estimates Parameter Estimates

Variable DF Parameter Standard t Value Pr > |t| Variable DF Parameter Standard t Value Pr > |t|

Intercept 1 −7096.60 2877.780 −2.47 0.0141 Intercept 1 −7381.68 3799.700 −1.94 0.0528
LQCM 1 0.606941 0.022233 27.30 <0.0001 * LQCR 1 0.704714 0.028385 24.83 <0.0001 *
LPCM 1 4.693140 0.216951 21.63 <0.0001 * LPCR 1 3.377534 0.148318 22.77 <0.0001 *
UTK 1 0.139657 0.074338 1.88 0.0611 *** UTK 1 0.270033 0.094133 2.87 0.0044 *

HRCM 1 0.003314 0.066498 0.05 0.9603 HRCR 1 −0.05746 0.063181 −0.91 0.3637
PNR 1 −0.00019 0.000030 −6.23 <0.0001 * PNR 1 −0.00033 0.000049 −6.77 <0.0001 *
CH 1 389.1874 1227.864 0.32 0.7515 CH 1 −41.8789 1543.942 −0.03 0.9784

Pr > F <0.0001 * Pr > F <0.0001 *
Adj. R-Square 0.95806 Adj. R-Square 0.95357

DW 1.54044 DW 1.33585

Note: * significant at 1%; *** significant at 10%.

4.3.3. Chili Import Models

The structural equations for the chili import models are Equation (6) for red chili
imports (MCM) and Equation (7) for cayenne pepper imports (MCR). Table 5a,b shows the
estimation results of these models.

4.3.4. Chili Export Models

The structural equations for the chili export models are Equation (8) for red chili
exports (XCM) and Equation (9) for cayenne pepper exports (XCR). Table 6a,b shows the
models’ estimation of results.

4.3.5. Chili Demand Models

The structural equations for the chili demand models are Equation (10) for the domestic
red chili demand (QDCM) and Equation (11) for the domestic cayenne pepper demand
(QDCR). Table 7a,b shows the models’ estimation of results.
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Table 5. Estimation results for (a) red chili import and (b) cayenne pepper import models.

(a) Dependent Variable: MCM (Import Volume of Red Chili) (b) Dependent Variable: MCR (Import Volume of Cayenne Pepper)

Parameter Estimates Parameter Estimates

Variable DF Parameter Standard t Value Pr > |t| Variable DF Parameter Standard t Value Pr > |t|

Intercept 1 3.420365 1.649512 2.07 0.0388 Intercept 1 13.18013 7.545540 1.75 0.0815
LMCM 1 −0.01641 0.052456 −0.31 0.7546 LMCR 1 0.061869 0.052983 1.17 0.2437
RPIC 1 −12.0519 2.849339 −4.23 <0.0001 * RPIC 1 −39.4158 12.68212 −3.11 0.0020 *

QCM 1 0.000066 9.61 ×
10−6 6.84 <0.0001 * QCR 1 0.000146 0.000035 4.22 <0.0001 *

QDCM 1 159.0820 41.15591 3.87 0.0001 * QDCR 1 879.4691 222.8240 3.95 <0.0001 *
DR 1 −2.36565 1.066915 −2.22 0.0272 ** DR 1 −12.2427 4.813466 −2.54 0.0114 **

Pr > F <0.0001 * Pr > F <0.0001 *
Adj. R-Square 0.15796 Adj. R-Square 0.10318

DW 2.00657 DW 1.97130

Note: * significant at 1%; ** significant at 5%.

Table 6. Estimation results for (a) red chili export and (b) cayenne pepper export models.

(a) Dependent Variable: XCM (Red Chili Export Volume) (b) Dependent Variable: XCR (Cayenne Pepper Export Volume)

Parameter Estimates Parameter Estimates

Variable DF Parameter Standard t Value Pr > |t| Variable DF Parameter Standard t Value Pr > |t|

Intercept 1 −8.74326 7.778935 −1.12 0.2618 Intercept 1 −2.92652 9.766379 −0.30 0.7646
LXCM 1 0.255596 0.049911 5.12 <0.0001 * LXCR 1 −0.02094 0.052328 −0.40 0.6893
RPIC 1 −11.0381 2.441847 −4.52 <0.0001 * RPIC 1 −13.2686 3.082757 −4.30 <0.0001 *

QCM 1 0.000091 9.561 ×
10−6 9.56 <0.0001 * QCR 1 0.000233 0.000012 20.18 <0.0001 *

QDCM 1 261.0917 93.47771 2.79 0.0055 * QDCR 1 32.90500 136.1729 0.24 0.8092
NTX 1 0.000769 0.000544 1.41 0.1585 NTX 1 0.000657 0.000672 0.98 0.3284

Pr > F <0.0001 * Pr > F <0.0001 *
Adj. R-Square 0.43149 Adj. R-Square 0.68132

DW 1.99470 DW 2.28163

Note: * significant at 1%.

Table 7. Estimation results for (a) red chili demand model and (b) cayenne pepper demand model.

(a) Dependent Variable: QDCM (Red Chili Demand) (b) Dependent Variable: QDCR (Cayenne Pepper Demand)

Parameter Estimates Parameter Estimates

Variable DF Parameter Standard t Value Pr > |t| Variable DF Parameter Standard t Value Pr > |t|

Intercept 1 −0.00017 0.001106 −0.15 0.8770 Intercept 1 0.002041 0.001016 2.01 0.0453
LQDCM 1 0.856457 0.028818 29.72 <0.0001 * LQDCR 1 0.871412 0.027039 32.23 <0.0001 *

HCM 1 9.639 ×
10−9

2.269 ×
10−8 0.42 0.6712 HCR 1 −3.86 ×

10−8
1.766 ×

10−8 −2.18 0.0296 **

PDD 1 −214 ×
10−14

3.2 ×
10−11 −0.07 0.9469 PDD 1 −257 ×

10−13
2.76 ×
10−11 −0.93 0.3531

Pr > F <0.0001 * Pr > F <0.0001 *
Adj. R-Square 0.72139 Adj. R-Square 0.74137

DW 2.18708 DW 2.12117

Note: * significant at 1%; ** significant at 5%.

4.3.6. Chili Price Models

The structural equations for the chili price models are Equation (12) for the red chili
price (HCM) and Equation (13) for the cayenne pepper price (HCR). Table 8a,b shows the
estimation results of the models.
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Table 8. Estimation results for (a) red chili price model and (b) cayenne pepper price model.

(a) Dependent Variable: HCM (Red Chili Retail Price) (b) Dependent Variable: HCR (Cayenne Pepper Retail Price)

Parameter Estimates Parameter Estimates

Variable DF Parameter Standard t Value Pr > |t| Variable DF Parameter Standard t Value Pr > |t|

Intercept 1 40,067.04 1410.185 28.41 <0.0001 Intercept 1 48,468.17 1525.306 31.78 <0.0001
QDCM 1 249,944.7 66,466.43 3.76 0.0002 * QDCR 1 15,707.83 86,395.59 0.18 0.8558
QSCM 1 −0.04775 0.019396 −2.46 0.0143 ** QSCR * 1 −0.06426 0.018305 −3.51 0.0005 *
LXCM 1 59.27873 169.9261 0.35 0.7274 LXCR 1 33.80278 82.99892 0.41 0.6841
LMCM 1 21.27172 148.8226 0.14 0.8864 LMCR 1 −1.51436 20.22827 −0.07 0.9404

Pr > F <0.0001 * Pr > F 0.0003 *
Adj. R-Square 0.05572 Adj. R-Square 0.04581

DW 0.710876 DW 0.585921

Note: * significant at 1%; ** significant at 5%.

4.4. Simulation Result

The chili agro-system involves numerous settlements, such as collecting heterogeneous
production centers and many vibrant supply chain practices. It includes considerable trade
and freight margins owing to transportation costs, and segregated chili datasets among
government institutions (Rachmaniah et al. 2022). Consequently, we used the simulation for
chili production (QCM and QCR) and its prices (HCM and HCR) because price instability
increases the risk of reducing the encouragement of plants (Rachmaniah et al. 2021). The
simulation was also applied to the labor real wages (UTK) and demand for domestic chili
(QDCM and QDCR). Table 9 lists the simulation results.

Table 9. Simulation results of scenarios of increasing/decreasing the estimated parameters of the
UTK, HCM and HCR, QDCM and QDCR, as well as the QCM and QCR.

Variable Actual
Mean

Increased UTK by
10%

Increased HCM
by 50%

Increased HCR by
50%

Increased QDCM
by 15%

Increased QDCR
by 15%

Decreased QCM
and QCR Each by

25%

Predicted
Mean % Shift Predicted

Mean % Shift Predicted
Mean % Shift Predicted

Mean % Shift Predicted
Mean % Shift Predicted

Mean % Shift

QSC 61,180.70 62,753.40 2.57 61,180.70 0.00 61,180.70 0.00 61,180.70 0.00 61,180.70 0.00 34,413.90 −43.75
QSCM 32,244.40 32,780.50 1.66 32,244.40 0.00 32,244.40 0.00 32,244.40 0.00 32,244.40 0.00 18,136.70 −43.75
QSCR 28,936.30 29,972.9 3.58 28,936.30 0.00 28,936.30 0.00 28,936.30 0.00 28,936.30 0.00 16,277.20 −43.75
QCM 32,246.10 32,782.2 1.66 32,246.10 0.00 32,246.10 0.00 32,246.10 0.00 32,246.10 0.00 24,184.60 −25.00
QCR 28,935.20 29,971.70 3.58 289,35.20 0.00 28,935.20 0.00 28,935.20 0.00 28,935.20 0.00 21,701.40 −25.00
MCM 16,349.00 16,703.00 2.17 17,172.00 5.03 16,349.00 0.00 24,398.00 49.23 16,349.00 0.00 0.7048 −100.00
MCR 71,466.00 73,002.00 2.15 71,466.00 0.00 51,561.00 −27.85 71,466.00 0.00 109,507.00 53.23 52,707.00 −26.25
XCM 32,996.00 33,483.00 1.48 34,345.00 4.09 32,996.00 0.00 46,206.00 40.04 32,996.00 0.00 20,175.00 −38.86
XCR 59,614.00 62,030.00 4.05 59,614.00 0.00 58,870.00 −1.25 59,614.00 0.00 61,038.00 2.39 30,108.00 −49.50

QDCM 0.016 0.0157 0.00 0.0162 3.18 0.0157 0.00 0.018 14.65 0.0157 0.00 0.0157 0.00
QDCR 0.013 0.0134 0.00 0.0134 0.00 0.0112 −16.42 0.0134 0.00 0.0154 14.93 0.0134 0.00
HCM 42,674.00 42,648.40 −0.06 64,204.90 50.45 42,674.00 0.00 43,263.00 1.38 42,674.00 0.00 43,349.30 1.58
HCR 46,971.70 46,905.10 −0.14 46,971.70 0.00 70,404.20 49.89 46,971.70 0.00 47,003.20 0.07 47,784.60 1.73

5. Discussions
5.1. Estimation Results of the Constructed Simultaneous Equation System

The chili supply model comprises three identity equations: Equation (1) for the to-
tal chili supply model, Equation (2) for the red chili supply model, and Equation (3) for
the cayenne pepper supply model, which are elaborated into ten equations (Table 10)—
Equations (4) to Equation (13). The identity equation cannot show the behavior of en-
dogenous variables formed by the multiplication, division, addition, or subtraction of
several variables (Gujarati and Porter 2009). Table 10 summarizes the supply and demand
estimation results. Although some adjusted R-square and DW showed reduced values, all
the models fit. Table 10 also shows the two-way relationship between the endogenous and
exogenous variables. For instance, the chili price specifies the quantity of its demand and supply;
simultaneously, the demand and supply quantities also specify its price. Price and quantity are
endogenous variables as they are computed simultaneously from the system of equations. Our
verdict aligns with the theories of Gujarati and Porter (2009) and Sativa et al. (2017).
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Table 10. Summary of the Supply and Demand Model Estimation Results.

Model
Model Fit Parameter Estimate (Pr > |t|)

Pr > F Adj. R-Squared DW Positive Impact Negative Impact

QCM—red chili
production <0.0001 0.95806 1.54044 LQCM, LPCM,

UTK PNR

QCR—cayenne
pepper production <0.0001 0.95357 1.33585 LQCR, LPCR, UTK PNR

MCM—red chili
import <0.0001 0.15796 2.00657 QCM, QDCM RPIC, DR

MCR—cayenne
pepper import <0.0001 0.10318 1.97130 QCR, QDCR RPIC, DR

XCM—red chili
export <0.0001 0.43149 1.99470 LXCM, QCM,

QDCM RPIC

XCR—cayenne
pepper export <0.0001 0.68132 2.28163 QCR RPIC

QDCM—red chili
demand <0.0001 0.72139 2.18708 LQDCM -

QDCR—cayenne
pepper demand <0.0001 0.74137 2.12117 LQDCR HCR

HCM—red chili
price <0.0001 0.05572 0.710876 QDCM QSCM

HCR—cayenne
pepper price <0.0003 0.04581 0.585921 - QSCR

The analysis of variance in Table 10 shows that the global F test for all the models is
significant (p-value < 0.1), meaning that the models fit as exhibited by the p-value < 0.0001
and p-value < 0.0003. In the red chili production model (QCM), the value of adjusted (Adj.)
R-square is 0.95806, which means the model can explain 95.81% of the diversity of the red
chili production. The value of Adj. R-square = 0.95806 is close to 1, indicating that the model
is excellent (Forsyth 2018). The remaining values of Adj. R-square in the remaining models
were self-explanatory. Our model fit declaration using the Adj. R-square aligned with another
study stating the coefficient of determination (R-square) of the average production function
was 0.715 for the dry season and 0.652 for the rainy season, which explained, consecutively,
71.5% and 65.2% of the variation of the chili production (Saidah et al. 2020). This study used
an Adj. R-square instead of the R-square. The value of the R-square is the proportion
of the variability of the dependent variable described in the model; it is (the ability to
predict the model)—the value of the Adj. R-square is a correction to R2 that considers the
number of variables used in the model (Ohtani and Tanizaki 2004). Meanwhile, a DW value
less than 1.33585 indicates an autocorrelation occurrence, meaning there is a correlation
between the i-th observation and the i − 1 observation for i = 1 . . . 363. Alternatively, it is
stated that there is a relationship between ek,t and ek,t−1, namely, the error that occurs in an
observation k,t influences errors in an observation k,t−1. A DW value of 1.5–2.5 indicates
no autocorrelation (Jeong and Jung 2016).

The chili agro-system in Indonesia involves various factors such as the chili producers
(farmers), production center locations, government intervention, supply and demand, price
disparities, actors in the trading system, and its environment. With these various constituent
factors, the chili agro-system essentially forms an enterprise system, as portrayed in the
two-way relationship between the endogenous and exogenous variables shown in Table 10.
These variables interact with one another when discussing the supply and demand models
described in the following simulation results. Structural equations in the simultaneous
equation system for the supply and demand models describe the structure of the economic
model of an economy or the behavior of economic agents (Gujarati and Porter 2009).
An enterprise is a sociotechnical system consisting of interdependent human resources,
information, and complex technology interacting in an environment that supports a shared
mission (Giachetti 2016; Bernard 2012). A system is an interaction that is an essential
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behavior in an enterprise. An enterprise is a sociotechnical system involving humans and
technology, i.e., it is an open system that interacts with its environment to achieve specified
goals (Giachetti 2016).

Worthy sustainable economic development demands monthly inflation stability. For
this reason, price stability is a determining factor in achieving inflation under a specified
inflation target policy. However, in Indonesia, there are eight main patterns of chili distri-
bution with a varying number of supply chain actors so that, in the end, this will affect the
price received by the final consumers (Rachmaniah et al. 2022). Econometrically, prices can
be stable if the supply and demand are balanced. The implication is that a price control
mechanism is needed, which means that it is necessary to monitor the production, con-
sumption, and price of fresh chili packaged in a fresh chili enterprise system that considers
the factors that make up the Indonesian fresh chili agro-system. Furthermore, to develop
an enterprise, it is necessary to select an enterprise architecture framework that is relevant
to the conditions of the existing agro-system.

Studies related to the selection of the architecture enterprise framework have been
conducted previously (Sessions and DeVadoss 2014; Dorohyl et al. 2017; Bondar et al.
2017; Mokone et al. 2019). Of the four frameworks compared, the Zachman Framework
is very good at taxonomy completeness; TOGAF excels at process completeness, vendor
neutrality, and information availability; and FEAF is excellent at reference model guides,
partition guides, and prescriptive catalogs. Additionally, the VRF/SIP is very good at
practice guidance, business focus, partition guidance, and the time to value (Sessions and
DeVadoss 2014). The ten most popular AE frameworks are the Zachman Framework (25%),
SOA (15%), TOGAF (11%), DoDAF (11%), FEAF (9%), Gartner EAF (GEAF) (3%), British
Ministry of Defense Architecture Framework (British MODAF) (2%), NATO Architecture
Framework (NAF) (1%), TEAF (1%), and the ISO Open Distributed Processing-Reference
Model (RM-ODP) (Dorohyl et al. 2017).

The architectural enterprise framework for chili agro-systems has never been studied,
meaning that no previous studies have considered the application of the architectural
enterprise framework for chili agro-systems (Rachmaniah et al. 2022). Meanwhile, the
results of research by Sessions and DeVadoss (2014), Dorohyl et al. (2017), Bondar et al.
(2017), and Mokone et al. (2019) state that the Zachman Framework has various advantages.
Therefore, based on previous descriptions, the AE framework for the chili supply and
demand model is the Zachman Framework.

5.2. Simulation Results of the Constructed Simultaneous Equation System

The validation results are presented in the column ‘Actual Mean Validation’ in Table 9,
followed by the simulation results in the subsequent columns. Each scenario required
specific coding. The simulation coding results were then compared with the validation
results to determine the impact of the simulation changes. The formula used to determine
the impact of the simulation (% shift) is:

Simulation Impact = (Mean Prediction − Actual Mean)/Actual Mean

When the real wage of labor (UTK) increases by 10%, it causes an increase of 1.66%
and 3.68%, respectively, in the production of red chili (QCM) and the production of cayenne
pepper (QCR) models. UTK is an exogenous variable in the QCM and QCR models.
The results of the UTK simulation aligned with Saidah et al. (2020) in that the increased
production of red chili farming was due to an increasing labor use. The increase in UTK
also caused an increase in other variables, namely, an increase of:

• 2.57% in the total supply of fresh chili (QSC),
• 1.66% in the supply of red chili (QSCM),
• 3.58% in the supply of cayenne pepper (QSCR),
• 2.17% in the imports of red chili (MCM),
• 2.15% in the imports of cayenne pepper (MCR).
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The UTK simulation had the highest escalation impact on the export of cayenne pepper
(XCR) at 4.05%. On the other hand, the simulation results show that an increase in UTK
also caused a decrease in the price of red chilies (HCM) and cayenne peppers (HCR) by
−0.66% and −0.14%, respectively. This was probably due to the increase in MCM and
MCR, as more supplies were available in the market. The two variables that were not
affected were the domestic demand for red chilies (QDCM) and the domestic demand for
cayenne peppers (QDCR).

When the price of red chilies (HCM) increased by 50%, the government increased the imports
of red chili (MCM) by 5.03% to stabilize the prices (Table 9). Chili commodities contribute to
inflation: a 1% increase of chili prices will increase inflation by 0.01 (Marpaung et al. 2019). Unfor-
tunately, farmers do not enjoy horticultural crop price increases, whereas the wholesalers
and retailers do (Fitria et al. 2019). An increase in prices occurred due to an increase in
demand for red chili (QDCM) by 3.18%; however, the exports of red chili (XCM) increased
by 4.09%, but the amount was smaller than the change its imports. On the other hand, when
the price of cayenne pepper (HCR) increased by 50%, the government reduced the imports
of cayenne pepper (MCR) by 27.85% and its exports (XCR) by 1.25% because cayenne pep-
per is less prevalent in Indonesia’s main dishes. The price simulation of cayenne pepper’s
50% increase in demand was decreased for cayenne pepper (QDCR) by 16.42%. Here,
the price of cayenne pepper increased, causing its purchases to decrease. The per capita
consumption of cayenne pepper is relatively lower than that of red chili; hence, an increase
in HCR does not cause an increase in the imports of red chili (MCM), the exports of cayenne
peppers (XCR), or the demand for cayenne peppers (QDCR), as indicated by the negative
value of each simulation on these variables.

The simulations of a 15% increase in demand for domestic red chili (QDCM) and
cayenne peppers (QDCR) are in Table 9. When the QDCM increased, the imports of red
chili (MCM) were relatively higher than their exports (XCR). The simulation comparing
the value of imports and the value of exports illustrates this. This increase in demand also
caused the price of red chilies to increase by 1.38%. Likewise, when the QDCR increased,
the import level of cayenne peppers was also relatively higher than its exports. However,
recall that the consequences of international price and exchange rate changes are more
extensive than tariff rate decreases (Ahn and Im 2016). An increase in the QDCR also
increased the price of cayenne pepper (HCR) by 0.07%. Meanwhile, the demand for red
chili or cayenne peppers included their price, their substitutes or complementary prices,
and the population and consumer income (Gusvita and Budaraga 2015).

The last simulation was a 25% reduction in the production of red chilies (QCM) and
cayenne peppers (QCR) due to weather conditions or viruses (see Table 9). Red chili produc-
tion would increase by 2,557,084 tons with rainfall between 100–250 mm/month; conversely,
production would decrease by 2,557,084 tons with rainfall of more than 250 mm/month or
less than 100 mm/month (Sativa et al. 2017). The simulation results show that the supply
of both chili types was low, with fewer imports and exports; however, lessening the QCM
and QCR supply increased the price of red chili (HCM) by 1.58% and cayenne peppers
(HCR) by 1.73%. The simulation results aligned with the basic econometric phenomenon,
where less production leads to less supply, so that prices will increase, and a decreased
supply can lead to high prices (Sativa et al. 2017).

5.3. Managerial Implications

This research has managerial implications and a new perspective for monitoring the
agro-systems of fresh chili in particular, and the agro-systems of horticultural commodities
in general. Chili plants are often harvested, not once, as in rice plants. In addition, fresh
chilies are only fresh for a few days, generally approximately 5–10 days after picking;
therefore, they must be marketed quickly. Based on discussions with chili farmers in Garut,
Sukabumi, and Sleman, fresh chilies are generally harvested (picked) almost twice per
week until the harvest season ends. Note that the harvesting age for red chili and curly red
chili is 70–80 days, whereas that for cayenne pepper is 100–120 days.
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As an implication, the data collection on production, harvested area, and price of
fresh chili must occur in each instance or event of production (supply) and procurement
(demand/purchase of supply chain actors from farmers). Data collection that is conducted
once a month per sub-district will face accuracy problems because farmers will need help
to remember their monthly volume, since they do not have the proper tools. The study
results regarding the red chili and curly red chili prices imply that the prediction model
will be more accurate when using daily time-series data, rather than weekly or monthly
time-series data (Falah and Rachmaniah 2022).

The data were collected directly from each chili farmer in a sub-district per incident
and accumulated per district. In this case, it would be necessary to automate data collection
forms at the farmer level and to further aggregate them at the sub-district level. The number
of rural residents who owned a cellular phone was 54.31% of the rural population (Badan
Pusat Statistik 2021). This means that about 54.31% of rural farmers have the potential to
automate their data collection via cell phones; the remainder still require intervention from
the District Data Collection Officer.

The theoretical implication affects the size of the estimated parameters generated from
the panel data model of the simultaneous equation system. This supports the previous
literature on the chili supply and demand model (Asidawati et al. 2022). The involvement
of big data could assist in identifying the chili enterprise system through decision-making
in production scheduling, logistics planning, and the supply chains across regions (Siregar
and Suroso 2021).

Generalization of the time-series data units on an annual basis and cross-section at
the provincial level eliminates detailed data and produces residuals that are less normally
distributed, because the model only examined 363 observations compared to 951,456 obser-
vations generated from monthly data sourced from the 7208 sub-districts for the 2010–2020
period. Various data variables that are often needed in modeling should be implemented
in a one-gate policy. The authors hope that every government, education, research, and
development institution would be able to access these data variables and since collecting
data from the root source is not easy, it is necessary to develop an innovative enterprise
system for fresh chili. With this enterprise system, the authors hope that the data collection
mechanism could be carried out systemically as a part of government institutions’ main
tasks and be automated at the micro level.

6. Conclusions

The granularity and completeness of the panel data affected the results of the panel
data of the simultaneous equation system. The authors found obstacles in collecting the
monthly data for almost every variable required for the constructed model specification.
The absence of monthly time-series data for the 2010–2020 period caused the model to
switch to annual data. Sub-district or district data were also unavailable for most variables;
therefore, the cross-sectional data were changed from district data to provincial data. In
addition, the data collected did not distinguish between red chili and curly red chili, but
the data collection for the CMB, CMK, and CRM would have been functional by 2021.
Consequently, researchers must change the model specifications from three types of chilies
to two, while it is important to note that Indonesia’s Big Data for horticultural commodities
is still in its early stages.

Indonesia’s aspiration for One-Data Indonesia is still in progress. Implementing
horticultural Big Data requires the proactive collaboration and participation from each
relevant institution and all actors in the horticultural agro-system. The various data sources
are spread across institutions from the smallest unit in the village/sub-district to the center
level. Moreover, collecting data from the data owners, such as farmers, is also complex
because farmers are in rural locations which are sometimes difficult to reach, and an ICT
literacy inadequacy must be considered. The completeness of data is essential for creating
an accurate model and an enterprise system model with cross-institutional and cross-actors
who hold and manage that data is needed.
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A simultaneous equation system in panel data was ensued into six models, which
were elaborated into three identity equations and ten structural equations. All the models
obtained were statistically fit, although there were still some models that had autocorre-
lation problems (DW < 2.00) and some less suitable models (Adj. R-square < 0.55). The
constraints on the granularity and completeness of the data are the root causes of this
problem. Micro-level data can produce a more precise model, emphasizing the need for a
chili or horticultural innovative enterprise system. This constraint leads to the necessity of
developing a chili enterprise system using the Zachman Framework for the architectural
enterprise of chili agro-systems.
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