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ABSTRACT

Red chili peppers are a high-value crop, widely used for industrial needs and
household consumption, leading to a continuous increase in demand. However, the
instability in the availability of red chili peppers causes price and consumption
fluctuations. Therefore, it is essential to evaluate not only the production aspects but
also the consumption patterns of red chili peppers to enable more accurate price
predictions and anticipate unexpected price changes. This study aimed to analyze
the price prediction of red chili peppers based on consumption and production
patterns, linked to variations in community consumption needs. The findings of this
analysis are expected to serve as recommendations for balancing the demand and
supply of red chili peppers. The research was conducted in Majalengka Regency,
West Java Province, which was selected as the study area due to its status as one
of the horticultural centers. Data were collected through direct interviews and
questionnaires to farmers and red chili business actors in Majalengka Regency. The
sample was determined to be 156 respondents. The analytical methods used in this
study were the Adaptive Neuro-Fuzzy Inference System (ANFIS) and Matrix Impact
Cross-Reference Multiplication Applied to Classification (MICMAC) analysis, where
both methods complement and reinforce each other’s results. The findings indicate
that price determination for red chili peppers in Majalengka is influenced by various
variables analyzed using the ANFIS and MICMAC methods. The production variable
is the most dominant factor in determining red chili pepper prices, with ANFIS
achieving a prediction accuracy rate of 97.5%. Additionally, MICMAC analysis
revealed that household needs, the hotel and restaurant industry, catering services,
and production factors significantly influence future price predictions of red chili
peppers. The implications of this study suggest that farmers can design production
patterns aligned with consumption trends to improve the accuracy of red chili pepper
price predictions. Furthermore, the findings can serve as policy recommendations
for policymakers in developing production mapping strategies and planting patterns
to maintain a stable supply of red chili peppers in the market. Through this approach,
a balance between production and demand can be achieved, ultimately improving
farmers' welfare and preventing detrimental price fluctuations.
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INTRODUCTION

Red chili is a horticultural and spice commaodity that is widely produced in Indonesia
[1]. Indonesia contributes 32% of the world's red chili production or around 4.1 million
tons of the world's red chili production of around 12.8 million tons [2]. In Southeast
Asia, red chili is popular as a food flavor enhancer [3]. Red chili is one of the crops
characterized by production and price uncertainty [4]. Variations on supply and
demand for red chili have always existed but there is unpredictable production due
to variations in weather conditions [5], which have a negative impact on this sector

[6].

Red chili is one of the strategic commodities; however, there are still many problems
in farming related to uncertainty and climate and the long chain of marketing actors
[7] often experiencing production risks [8]. Many factors affect red chili production
including environmental factors, pests and diseases, lack of water, lack of superior
varieties and soil fertility as experienced in Pakistan, quality is still low as well as low
exports, and red chili farmers still have limited access to modern agriculture
[9,10,11].

Red chili is one of the agricultural commodities that is in great demand in the world
to be cultivated by farmers. Countries that produce red chili are Pakistan, Ethiopia,
Myanmar, Mexico, Vietnam, Peru, Ghana, and Bangladesh as well as India [12].
Under current conditions, red chili has the potential to be developed because it has
high economic value and very high benefits for household consumption and the food
industry [13]. However, production is still not optimal and fluctuates, so it impacts
prices.

Red chili is produced in the Americas, Europe and Asia including Indonesia , and
has high economic value [14]. The price of red chili tends to fluctuate with changes
in supply and demand, therefore, it has an impact on the unstable income of farmers,
so predictions of red chili prices are needed. Price prediction is required to find out
the condition of red chili prices in the future so that it helps farmers make decisions
to carry out further cultivation [15]. Forecasting analysis is also needed to predict
future red chili production so that it can help policymakers in improving chili
production and export policies [16]. This will also help in expanding the chili trade to
importing countries and is supported by paying attention to the rupiah exchange rate

[1].

Red chili consumption also fluctuates but relatively increases by 3.29% every year
[17] and the average consumption of red chili in Indonesia is 5 kg/capita/year and
90% of itis consumed fresh [18]. The growth of chili consumption will have an impact
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on the demand for chili and subsequently result in price disturbances, hence
fluctuations [19].

Based on this phenomenon, production management efforts are needed to maintain
the sustainability of red chili production and assess its sustainability by considering
consumption patterns and needs. Therefore, this study aims to analyze price
predictions and consumption patterns of red chili in relation to various consumption
needs of the community in order to compile a red chili price prediction model.

MATERIALS AND METHODS

This research was conducted in Majalengka Regency, West Java Province,
Indonesia, which is a red chili-producing area. The research time frame was from
mid-2022 to 2023. The data used in this study were primary data and secondary
data. The primary data used were data on red chili production, demand,
consumption of red chili, and the price of red chili. Primary data were obtained by
conducting direct observation, interviews, and also filling out questionnaires.
Secondary data used included geographical position data and literature reviews from
various references such as scientific journals and other supporting sources.
Secondary data were obtained from the Majalengka district government data archive,
books, previous research journals, and internet sources.

This study uses a cross-sectional research design, which means that data are
collected at a certain point in time. Respondents consist of red chili farmers and the
surrounding community who play a role in the development of red chili horticulture
in Majalengka Regency. In this case, respondents are determined using purposive
sampling, which is a sampling technique that is carried out intentionally based on
certain criteria. In the context of this study, the respondents selected are red chili
farmers and the surrounding community who are involved in the development of red
chili horticulture. By using Slovin, 156 respondents were obtained from the total
population of this study.

The study used a quantitative descriptive data analysis method using the ANFIS
method and the MicMac method. Adaptive Neuro-Fuzzy Inference System (ANFIS)
and Matrix Impact Cross-Reference Multiplication Applied to Classification
(MICMAC) have a close relationship in complex system analysis, especially in
decision-making and dynamic system modelling. Adaptive Neuro-Fuzzy Inference
System (ANFIS) combines artificial neural network techniques with fuzzy logic,
resulting in an adaptive model that can handle uncertainty or non-linearity in the data.
Matrix Impact Cross-Reference Multiplication Applied to Classification (MICMAC) is
a mapping method that analyzes the relationship between factors in a system
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through an impact matrix, thus helping to identify the main factors that most influence
or are influenced in a system.

The combination of ANFIS and MICMAC is useful in complex modeling and analysis,
where MICMAC can help identify key variables that can be incorporated into the
ANFIS model. Thus, these two methods complement each other to produce more
in-depth and accurate predictive models and analyses in complex systems. Several
previous studies that used ANFIS as a system for making predictions, applied design
of experiments (DOE) techniques to identify significant parameters in the design of
adaptive neuro-fuzzy inference system (ANFIS) for stock price prediction. To
estimate the price of agricultural commodities, a hybrid intelligence system called
the Adaptive Neuro-Fuzzy Inference System (ANFIS) is used [40].

Data Preparation

The data used in this study were time series data obtained from direct observation
from 2022 to 2023 in the Majalengka district. The data recorded were weekly red
chili prices in Majalengka Regency. Based on observations and recording of weekly
data, time series data of red chili prices for a year of observation were obtained,
which was used to predict red chili prices in Majalengka Regency. Data analysis was
done in two stages: the data preparation stage and the analysis stage. The data
preparation stage included determining the part of the data to be measured,
determining the criteria used for analysis, and data analysis tools. In the analysis
stage, observation data were compared with prediction data that were issued by the
artificial neural network. The data preparation stage of analysis starts with
determining the index. All the indexes that are set must be supported by criteria as
a determinant of good or bad performance. The scale determination uses a
continuous line criterion that divides the basic response into 5 levels (very good,
good, sufficient, less good, and bad).

There are five dimensional criteria set, these criteria were adjusted to field
observation data in the form of production data, needs, household consumption, raw
material consumption, hospital needs, cafes and catering (Horeca), and price data.
These variables are important in predicting the price of red chili because each of
these factors affects the balance between supply and demand in the market [21].

Red chili production data provides information about the amount of red chili available
on the market. When chili production increases, supply will be abundant and tend to
depress prices. Conversely, if there is a decrease in production (for example due to
bad weather, pest attacks, or distribution problems), supply will decrease and
potentially increase prices [22]. Red chili demand needs to include estimates of how
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much chili is needed overall on the market. The higher the demand (for example,
during a certain season or increasing demand due to the spicy food trend), the price
tends to increase. Conversely, if demand decreases, the price has the potential to
be stable or even decrease [23].

Household consumption reflects demand at the end consumer level. This
consumption is affected when households buy chilies in a lot of quantities, such as
during the holiday season or in certain traditions, when demand increases, thus
affecting market prices [24]. In addition, red chilies are also widely used as raw
materials in the food processing industry, such as the production of sauces and
various spicy foods. If the industry increases production, demand for red chilies as
raw materials will also increase, which in turn can affect market price increases [25].

Red chili demand in the Horeca sector (hospitals, cafes, and catering) uses large
amounts of red chili to meet customer needs. If the demand for red chili in Horeca
increases (for example, due to certain culinary trends), then demand will increase
which will have an impact on prices [26]. Red chili price data provide a basis for
predicting future price trends. By analyzing historical price patterns, one can identify
recurring trends and seasonal patterns. These data are also useful for projecting
prices based on current supply and demand factors [27]. Overall, the combination of
these variables allows to map the interaction between supply and demand, identify
trends, and create more accurate predictive models.

The data that became the observation data were taken from the results of daily data
collection from each variable that was set for 56 weeks from 2022 to 2023 in the
Majalengka District area. The average compliance was converted into category data
by determining the interval as determined above. This is done to be able to adjust to
the factual conditions in the field and adjust to the vaccination cases that will be input
into the ANFIS and MICMAC artificial neural networks. Table 1 shows the order of
intervals that were adjusted based on direct observation data in the Majalengka
District area.

Adaptive Neuro Fuzzy Inference System (ANFIS) analysis method

Adaptive Neuro Fuzzy Inference System (ANFIS) is a network based on a fuzzy
inference system. Neuro-fuzzy is a combination of two systems, namely a fuzzy logic
system and artificial neural networks [28]. Neuro-fuzzy systems are based on fuzzy
inference systems that are trained using learning algorithms derived from artificial
neural network systems. Thus, neuro-fuzzy systems have all the advantages
possessed by fuzzy inference systems and artificial neural network systems. From
their ability to learn, neuro-fuzzy systems are often referred to as ANFIS. Based on
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this, ANFIS is suitable for predicting the price of red chilies because of its ability to
handle non-linear and fluctuating data, such as production variables, needs,
consumption and historical price data. This method can integrate various variables
that affect the price of red chilies and produce a model that is adaptive to changes
in variables that are often uncertain, resulting in more accurate and reliable price
predictions. One form of structure that is well-known is shown in Figure 1. In this
structure, the fuzzy inference system applied is the Takagi-Sugeno-Kang fuzzy
inference model.

x<
\ N
\\ v
/< N
@—b@—b layer V
y # T T Total Output Layers
/ layer I layer III
Product Layer Normalization Layer X Y
layer IV

Defuzzification Layer

_— X
(<

layer I
fuzzy layer

Figure 1: ANFIS Model Structure [28]

In the Neuro-Fuzzy system, there are five process layers where the functions and
similarities of each layer are explained as follows: layer 1 is input data consisting of
production, household consumption needs, industrial consumption, and
consumption of hotels, restaurants, and catering businesses. The second layer is
the formation of the model by ANFIS, layer 3 is the process of testing data by the
ANFIS application, layer 4 is testing predictions based on training data and real data
that have been entered into the application, and layer 5 is the process of model
formation by ANFIS.

Layer 1: Fuzzification Layer

Make O1, i the output of each node in layer 1. Each node i in this layer is an adaptive
node with node function O1, i = pAi(x) fori=1, 2; or O1, i = uBi(y) fori =1, 2, where
X is the input to node i and Ai is the linguistic label (small, large, medium)
corresponding to this node function. Elsewhere O1, i is the membership function of
A1 and its membership degree is specific to x given sufficient quantization of Ai.
Commonly used membership functions are Bell and Gaussian.

The Bell form membership function is expressed as:
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1

x — ¢;2bi
Lot ()

f x;a;, b, ¢ =
1+

With parameter b usually positive. Parameter ¢ is located in the middle of the curve.
The Gaussian membership function is expressed as:

—(x¢—c)*

ua(xe) = e 207 (2)

Layer 2: Product layer

Each node in this layer consists of a prod t-norm operator as a node function. This
layer synthesizes the transmission of information with layer 1 and multiplication of
all incoming signals and sends the product out. The output of the product layer is
expressed as:

0z = w; = pA;(x). uB;(y); i = 1,2 3)
Each node in this layer serves as a measure of the strength of the rule. The output
of this layer acts as a weight function.

Layer 3: Normalization Layer
Each node in this layer normalizes the weight function obtained from the previous
product layer. The normalized output is calculated by:

il di=1.2
wytwy T )
The function can be expanded if there are more than two rules by dividing it by the
total number w for all rules.

031 = W

Layer 4: Defuzzification Layer
The nodes in this layer are naturally adaptive. The defuzzification output of this layer
is calculated by the formula:

* 1 *
O41t = W1tZt( ) = wit(a1Ze—1 + B1Ze—a + V1), (5)

* 2 *
Ou2t = WZtZt( ) = Wy (azZi—q + oZi_y +v2) (6)

where «;, B;, y; are the set of node parameters and are called consequence
parameters.
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Layer 5: Total output layer
A single node at this layer synthesizes the information sent to layer 4 and returns
the overall output using the following fixed function:

Ose = Z;y = Wftzgl) + W;tzt(Z) (7)
MICMAC Analysis
Matrix of Crossed Impact Multiplications Applied to a Classification (MICMAC)
method is one of the structural analysis methods. This method can provide solutions
to the complexity of data on the influence of a variable by systematically and
structurey sorting the elements of a system and through the form of relationships
that occur between variables. The MICMAC method is often used to identify key
factors [29].

Matrix Impact Cross-Reference Multiplication Applied to Classification (MICMAC)
analysis can provide a more convincing and reliable basis for consideration in
addressing the proposed problem. Through the use of this method, the main
variables of a system can also be identified and analyzed [30]. Furthermore, the
MICMAC method in its analysis is based on the depiction of two axis values, namely
driver power (DP) and dependent variables so that the variables can be categorized
or grouped into each sector/cluster/quadrant [31,32]. There are three basic steps in
the MICMAC method, namely: identifying variables, explaining the relationship
between variables and identifying key variables [33].

The MICMAC analysis stage is based on two main stages. The first stage is
understanding the scope of the problem and the system to be studied [34]. The flow
of analysis using MICMAC can be seen in Figure 2.
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Figure 2: MICMAC Framework [34]
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MICMAC Analysis Design

The data collected are the data that are used as a reference in building attributes or
variables of red chili production, red chili needs, red chili consumption, and red chili
prices. Data from each variable were collected based on the results obtained from
direct observations around the Majalengka Regency. Implementation in filling in time
series observation data is transformed into scale data that describes the direct
relationship between variables by quantifying the use of a scale of 0 to 3and P: 0 =
no relationship (non-existent) 1 = weak relationship (low direct influence) 2 = equal
relationship (medium direct influence) 3 = strong relationship (high direct influence)
P = potential (potential influence).

RESULTS AND DISCUSSION

Based on the results of the distribution of questionnaires and FGDs, some variables
have been determined, and the relationship between variables has been built so that
a direct influence matrix is obtained as shown in Table 1. Through the MICMAC
application, Figure 3 in the form of a Matrix of Data Influence (MDI) is converted into
a variable map, which reflects or illustrates the position of the influence dependence
chart into four sectors (quadrants).

-
5 S~ Influential Variables Relay Variables e
e ‘\“- i
s ~_ —

o] [ e ]

ey b
i Regulators }
_ // \\\\\\
-’/"‘ \\\‘
[ v |
/”’ \‘\
o Independent Variables Dependent Variables e
Dependence

Figure 3: lllustration of MICMAC Analysis Results [34]

In Indonesia, red chili is a food crop with high economic value because it is widely
used in household consumption and the food industry [35]. Average consumption is
5 kg/capitalyear and around 90% is consumed fresh [36]. The growth of red chili
consumption, although fluctuating, is relatively high at around 3.29% each year [37].
The key variables in determining the price of red chili consist of the state of the
commodity in the market (Product), market needs, and consumption (Household,
industry, (hotel, restaurant, and catering/horeca business)). The application of
prospective analysis in decision-making considers the position and intensity of the
influence of variables, both directly and indirectly, without any causal relationship.

meﬂ: https://doi.org/10.18697/ajfand.142.24495 26609



https://doi.org/10.18697/ajfand.142.24495

PUBLISHED

Since 200/ SCHOLARLY, peeR RevieweD AFRICAN

BY

SCHOLARLY

Volume 25 No. 5
ke S e June 2025

This approach has proven its validity and effectiveness in identifying the most
influential variables. One of the main developments in this analysis is the
understanding of the dynamics of influence in determining prices, where stock
variables play a key role. In addition, this approach also contributes to projecting
expected future profits. An important component in looking at prices is the
determination of variables that are key factors. The condition of the strength
relationship between the variables depicted in the influence-dependence quadrant
is presented in Figure 4.

Direct influence/dependence map

Figure 4: The position of a system variable in the direct influence-
dependence map

Based on the results of the MICMAC analysis in Figure 4, it can be seen that the
influence variables are in the left quadrant while the variables for receiving benefits
orinfluenced variables are in the right quadrant. It is obtained that the variable in the
first quadrant (determinant variables) is the production of red chili pepper farmers in
the Majalengka area (Production). The first quadrant's characteristics are variables
with a high level of influence and low dependence. Variables that have a high
influence and a high level of dependency, but show an unstable relationship between
variables, are located in the second quadrant (key variables). These variables
include market needs (Need), household consumption (HH_Consm), industrial
consumption (MSME_Consm), and consumption for hotel, restaurant, and catering
businesses (HORECA_Com). Furthermore, the variables in quadrant three
(outcome variables) have a low influence but a high level of dependency. This
variable can be occupied by variables that are influenced by the independent
variable, in this case the price of red chili (price). Quadrant four (Autonomous
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variables) variables have low influence and dependence there are no variables that
have a low influence on prices.

Furthermore, the shape of the relationship between variables is expressed in the
graph shown in Figure 5.

Direct influence graph

—_ \g infiuences

Figu'ré\g: G.;phic illustration of influence-dependence variable (Graphic
illustration of influence-dependence

Based on Figure 5, the relationship expressed by the dotted line means Weak
influences, the blue line means Moderate influences, and blue line means Relatively
strong influences, and the red line means Strongest influences. The determination
of the price of red chili peppers is sequentially influenced by various variables,
namely the production of red chili farmers in the Majalengka area (Production), price
determination based on agreements according to market needs (Need), household
consumption (HH_Consm), consumption for hotel, restaurant, and catering
businesses (HORECA_Com), and industrial consumption (MSME_Consm). These
variables have a significant influence on the results shown in Figure 5. In contrast,
the lowest value is the industrial consumption variable (MSME_Consm). Based on
this, it can be concluded that the variables of production of red chili, needs,
household consumption, and consumption for HoReCa, are variables that determine
the fluctuation of chili prices in the Majalengka area.

Matrix of Indirect Influence

Apart from being based on MDI, the position of variables in the influence-
dependence chart quadrant is also based on MIl (Matrix of indirect Influence) so that
changes in their position can be seen through the displacement map. Based on the
MII, each system variable is reclassified into four sectors (quadrants) based on its
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position on the influence-dependence chart, as presented in Figure 6. There is no
movement in the position of the variable, which indicates that the variables set are
determinant factors in determining the price of chili in the Majalengka area.

Potential direct influence/dependence map

&=

dence

Figure 6: Matrix of Indirect Influence

A visual representation of the complexity of interactions between system variables
related to the level of influence and dependence indirectly (indirect influence) on
other variables is shown in Figure 7. It can be seen that visually the production
variable of chili farmers in the Majalengka region (Production) is the strongest
variable in influencing the determination of chili prices in the Majalengka region. In
addition, it is also seen that Household consumption (HH_Consm) and Market
Needs (Need) influence price determination. The number on each arrow indicates
the degree or rating of influence obtained through the iteration of the Boolean matrix.
In contrast to direct influence, most variables have a strong dependent influence on
other variables (marked by many red lines).
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Potential direct influence graph

MSME_Consn

Weakest infiuences
—— Weakinfluences

Moderateinfluences
- Relatively strong infiuences
~— Strongestinfluences

Figure 7: Potential Indirect Influence Graph

Implementation of Neuro-Fuzzy- ANFIS

In this study, the design of the development model was carried out using observation
data that had been set on a scale that was in accordance with the scale provisions
in the research method. There are 6 input data such as production variables, needs,
household consumption, industrial consumption, and HORECA business
consumption while price observation data. Data from these input variables are used
as training data for predictors against ANFIS then ANFIS automatically develops an
input data model that forms a rule as a reference in prediction.
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Figure 8: Data input and model development in Neuro-Fuzzy- ANFIS

Adaptive Neuro-Fuzzy Inference System (ANFIS) input data must be tested by
determining the training error on ANFIS. To perform error training, it is necessary to
determine the number of epochs. The epoch used is 100 with an Error Tolerance
value of 0. The results of the ANFIS error training can be seen in the main graph in
Figure 9. The error value is 0.192. Based on the error value which is close to 0, it
can be concluded that the input data will be read by the ANFIS program accurately.
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Figure 9: Training data and determination of ANFIS programming tolerance
errors

Adaptive Neuro-Fuzzy Inference System (ANFIS) will display a visualization of the
accuracy of training data on the ANFIS Editor graph. Based on the ANFIS
visualization in Figure 10, the blue circle is symbolized by the training data, while the
red dot indicates the results of ANFIS training. The more precise the red dot on the
blue circle, the more precise ANFIS trains the training data, the smaller the average
training error, the closer to the error tolerance, and the better the quality of the
system designed in the accuracy of producing output data as prediction data. Figure
10 shows that the red dot is almost entirely on the blue circle, indicating that the input
data has an error value close to 0, so it can be concluded that the input data as a
variable of production, needs, household consumption, industrial consumption and
HORECA business consumption can represent the chili price prediction model that
will be issued by the ANFIS program.
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Figure 10: Training data input ANFIS programming

Based on the training data input into the ANFIS program, ANFIS automatically
develops rules based on the data. From the input data of 6 variables to see the
prediction of the price of red chili, a total of 300 rules were obtained that were
suggested by ANFIS (Figure 11a). As one example of a rule developed by ANFIS, it
can be seen that if the parameters in the rule viewer are moved manually, changes
to the model will be immediately visible. Of the 300 rules formed by ANFIS, examples
of rules are taken in Figure 11b and Figure 11c. In Figure 11b, an example of rules
is taken at the input value of the production variable, needs, household consumption,
industrial consumption, and HORECA business consumption, respectively [4.4 3.8
3 3 3 3] then the price is at a value of 0.72. In Figure 11c the input value of the
production variable, needs, household consumption, industrial consumption, and
HORECA business consumption are respectively, [1.05 3.83 3 3 3] then the price is
at a value of 3.15. From the results of the visualization of the rules built by ANFIS, it
is considered that the variable production of red chili peppers by farmers has a very
significant impact on influencing the price of red chili peppers in the Majalengka area.
If adjusted to the observation data, it will show real fluctuations in the price of chili
based on the rules issued by ANFIS.
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Figure 11: (a) Rules built by ANFIS programming, (b) ANFIS Rule viewer, (c)
ANFIS Rule viewer

Figure 12 shows the result of 3d surface visualization built by ANFIS programming.
Figure 12(a) presents a visualization of the relationship between production
variables and chili demand on the price of red chili. Figure 12a shows that the highest
price of chili is created when production by farmers is low (scale 1) and market
demand is high (Scale 4). Figure 12(b) presents a visualization of the relationship
between household production and consumption variables on chili prices. The
results of the analysis show that the highest chili prices occur when farmer
production is low (scale 1) and household consumption is high (scale 5). Figure 12¢
is a visualization of production variables and industry consumption of red chili prices.
From the surface visualization, it can be seen that the highest price of chili is created
when production on medium farmers (scale 3) and industry consumption is high
(Scale 5). There is a uniqueness in the case of industrial needs, namely,
entrepreneurs will import chili from outside the region to maintain the stability of
business production when it is known that production for farmers is low. When the
industry decides to buy local products when production in farmers is stable, of
course, this greatly affects market prices considering the quantity of chili shopping
for industrial needs is relatively large. Figure 12d is a visualization of the production
and consumption variables of the HORECA business on the price of red chili. Based
on the visualization, it can be seen that the highest chili price occurs when farmer
production is at a low level (Scale 1) and consumption by the Horeca sector is at a
high level (Scale 3). This condition is caused by stable demand from the Horeca
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sector, which relies on local resources. As a result, when local chili production
decreases, prices increase significantly.

Price

Price

Figure 12: Visualization of surface images of ANFIS programming results in
(a) a visualization of production variables, and the need for chili
(b) a visualization of production variables and household
consumption (c) a visualization of production variables, and
industrial consumption (d) a visualization of production variables,
and consumption of HORECA businesses

The accuracy of the model produced by the ANFIS program is assessed based on
the RMSE value when performing Training Error and also based on the comparison
of input training data to observation data or actual data. In this study, it can be seen
in Figure 13 that an accuracy of 97.5% was obtained, indicating that the input data
in the model can represent real data at the research location. Based on this
accuracy, it can be concluded that decisions in predicting chili prices can refer to the
rules formed by ANFIS.
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Figure 13: Prediction accuracy of the ANFIS program

Determination of the price of red chili is influenced by the main variable, namely the
production of farmers, then followed by market needs, household needs, and
industrial needs that increased consumption of red chilies can affect the demand for
red chilies, which ultimately has an impact on market prices [37]. Price fluctuations
also occur due to the demand for red chili which does not match the volume of
production. Production fluctuations and consumption fluctuations have an impact on
price fluctuations [38]. The results of ANFIS and MicMac analysis can be explained
together showing that the production variable has a strong effect on prices.
Decreasing and increasing production can predict the price of red chili in the future
and consumption patterns of both household needs, industry, and hotel restaurant
catering are not so strong influences on price predictions. This is reinforced by
research, that there must be a policy in developing production and encouraging
farmers' interest in increasing production so that the supply of red chili peppers can
be stable and sustainable [40].

MICMAC and ANFIS Correlation Output
Micmac and ANFIS (Adaptive Neuro-Fuzzy Inference System) analysis provide
important insights into the determinants of chili prices in the Majalengka region.

Chili Production by Farmers: The results of the Micmac analysis identify chili
production by farmers as the main variable influencing prices. When chili production
is high, prices generally decrease because supply is greater than demand.
Conversely, if production is low, prices tend to increase due to scarcity of supply.
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Market Demand and Household Needs: The second and third factors influencing
prices are market demand and household needs. If market demand is high, prices
will tend to increase, especially when supply is limited. Likewise, household needs
also play a role in determining prices because they reflect specific local demands.
Adaptive Neuro-Fuzzy Inference System (ANFIS) approach: The ANFIS model
strengthens the results of the Micmac analysis. Adaptive Neuro-Fuzzy Inference
System (ANFIS) shows that high farmer production is inversely proportional to
prices, so a decrease in farmer production will directly increase chili prices in the
market.

Overall, these results highlight the importance of maintaining production stability and
responding to demand fluctuations to control chili prices in the region.

By looking at the results of the analysis of these two methods, there is a correlation
between the results of the Micmac and ANFIS analysis. In the Micmac analysis, it
was found that the main variables that determine prices in the Majalengka region
are chili production by farmers, followed by market demand variables and household
needs. This finding is in line with the results obtained from the rules built by the
Adaptive Neuro-Fuzzy Inference System (ANFIS), which show that the level of
farmer production significantly affects price determination, as shown in Figure 12a-
d.

CONCLUSION AND RECOMMENDATIONS FOR DEVELOPMENT

The determination of the price of red chili in the Majalengka region seen from the
results of ANFIS and Micmac is influenced by each variable observed. The variable
that most influences price determination is the production variable. The ANFIS
prediction accuracy value can be used as a reference in determining the price of red
chili in the Majalengka region, namely 97.5%. The prediction of the price of red chili
can be significantly influenced by the pattern of household needs, the hotel
restaurant industry, catering, and production. Where based on the results of
MICMAC, the variables of household needs, the hotel restaurant industry, catering,
and production significantly affect the prediction of the price of red chili in the future.
The results of this study imply that farmers can make production patterns that are
adjusted to consumption patterns so that they can predict future chili prices and can
also provide recommendations for policymakers in making policies with mapping and
production planting patterns to ensure the supply of red chili.
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Table 1: Adjustment of average field observation data to data transformation

Scale
Farmer Household Industry Horeca

Production | Chili needs | consumption | consumption | consumption | Red chili price
Scale (kg) (kg) (kg) (kg) (kg) (Rp)
1 2130-2700 | 2560 —3205 | 2067 - 2611 686 - 746 560 — 624 41250 - 50500
2 2701-3271 | 3206 -3850 | 2612-3155 74 7- 806 625 — 688 50501 - 59750
3 3272 - 3841 | 3851-4495 | 3156 - 3699 807 - 866 689 - 752 59751- 69000
4 3842 -4411 | 4496 -5140 | 3700 - 4243 867 - 926 753 - 816 69001 - 78250
5 4412 -4890 | 5141-5789 | 4244 -4789 927 - 987 817 - 880 78250 - 87500

Source: Directly Processed Data on Weekly Average

Table 2: Identification of Dimensions and Direct Influence Variables on Red
Chili Commodities

Dimensions Variable/Attribute
Long Label Short Label
Production Red chili production data of farmers in Majalengka Production
district in the weekly period.
Needs Market demand for red chili in the Majalengka region | Need
Household Red chili consumption at the household level in the HH_Consm
Consumption Majalengka region
Industry Red chili consumption in industry coverage in the MSME_Consm
consumption Majalengka region
Horeca Business | Red chili consumption at Horeca coverage in the HORECA_COM
Consumption Majalengka region
Price The price of red chili peppers in the Majalengka Price
region in the weekly period
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