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ABSTRACT

Consistency in coffee bean quality is essential for maintaining flavor stability and production efficiency in coffee-
based beverages. However, quality evaluation in small-scale coffee industries is often subjective and lacks a structured
decision support system. This study aims to develop a decision support model for evaluating coffee bean quality using
a Multi-Criteria Decision Making (MCDM) approach by integrating the CRITIC (Criteria Importance Through
Intercriteria Correlation) and CoCoSo (Combined Compromise Solution) methods. The CRITIC method is employed
to determine objective criterion weights based on data variability and inter-criteria correlations, while the CoCoSo
method is used to rank alternatives. A total of 15 coffee bean alternatives were evaluated using seven criteria: price,
availability, aroma, taste, color, texture, and caffeine content. The weighting results indicate that color (0.215) and
price (0.191) are the most influential criteria in the evaluation process. The ranking results show that alternative A9
achieved the highest preference score (K = 4.1634), followed by A7 (K =3.5747) and A6 (K = 3.4920). These results
demonstrate that coffee beans with strong performance across sensory and physical attributes tend to achieve higher
rankings. The proposed CRITIC—CoCoSo model provides a systematic, objective, and practical decision support tool
that can assist small to medium-scale coffee industries in selecting high-quality raw materials, improving product
consistency, and enhancing production efficiency.
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ABSTRAK

Konsistensi kualitas biji kopi merupakan faktor penting dalam menjaga stabilitas cita rasa dan efisiensi produksi
minuman berbasis kopi. Namun, proses evaluasi kualitas biji kopi pada industri skala kecil masih cenderung subjektif
dan belum didukung oleh sistem pendukung keputusan yang terstruktur. Penelitian ini bertujuan untuk
mengembangkan model sistem pendukung keputusan dalam evaluasi kualitas biji kopi menggunakan pendekatan
Multi-Criteria Decision Making (MCDM) dengan mengintegrasikan metode CRITIC (Criteria Importance Through
Intercriteria Correlation) dan CoCoSo (Combined Compromise Solution). Metode CRITIC digunakan untuk
menentukan bobot kriteria secara objektif berdasarkan variasi data dan korelasi antar kriteria, sedangkan metode
CoCoSo digunakan untuk melakukan pemeringkatan alternatif. Penelitian ini mengevaluasi 15 alternatif biji kopi
berdasarkan tujuh kriteria, yaitu harga, ketersediaan, aroma, rasa, warna, tekstur, dan kadar kafein. Hasil pembobotan
menunjukkan bahwa warna (0,215) dan harga (0,191) merupakan kriteria yang paling dominan dalam proses evaluasi.
Hasil pemeringkatan menunjukkan bahwa alternatif A9 memperoleh nilai preferensi tertinggi sebesar K = 4,1634,
diikuti oleh A7 sebesar K =3,5747 dan A6 sebesar K = 3,4920. Hasil ini menunjukkan bahwa biji kopi dengan performa
tinggi pada atribut sensorik dan fisik cenderung memiliki peringkat yang lebih baik. Model CRITIC-CoCoSo yang
diusulkan mampu memberikan pendekatan evaluasi yang objektif, sistematis, dan aplikatif sebagai sistem pendukung
keputusan untuk membantu industri kopi skala kecil hingga menengah dalam memilih bahan baku berkualitas,
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meningkatkan konsistensi produk, serta efisiensi produksi.

Kata kunci: CRITIC-CoCoSo, kualitas biji kopi; MCDM; sistem pendukung keputusan

1. INTRODUCTION

The coffee industry has experienced rapid growth in line with the increasing global demand for coffee products with
consistent flavor profiles and high quality. Competition among producers is no longer solely focused on production
volume, but also on the ability to maintain raw material quality, sensory characteristic stability, and transparency
throughout the supply chain [1]-[3]. Physicochemical factors such as moisture content, bean size, density, and micro-
environmental conditions significantly influence sensory characteristics and the consistency of coffee flavor.
Inconsistencies in these factors may lead to a decline in product quality and reduced consumer trust [4]. In addition,
sustainability challenges in the coffee supply chain have become increasingly complex, highlighting the need for more
integrated and objective quality evaluation systems [5].

Several studies have emphasized the importance of technology-based and analytical approaches in evaluating coffee
quality. Consumer experience quality has been shown to correlate strongly with raw material quality and flavor
consistency in coffee products [6]. Furthermore, the quality of Arabica coffee is influenced by various factors, including
geographical origin, physicochemical properties, biochemical composition, and volatile compounds that contribute to
aroma formation [4]. Other studies indicate that the coffee supply chain faces sustainability challenges that require the
integration of quality, environmental, and social aspects [5]. Advances in artificial intelligence-based technologies have
also been utilized to improve the accuracy and efficiency of coffee quality evaluation processes [ 7].

In the context of decision-making, Multi-Criteria Decision Making (MCDM) methods are widely used to address
problems involving multiple, often conflicting criteria [8]. One commonly used method is CRITIC (Criteria Importance
Through Intercriteria Correlation), which determines objective criterion weights based on data variability and inter-
criteria correlations [9]-[12]. In addition, the Combined Compromise Solution (CoCoSo) method is employed to rank
alternatives by balancing multiple criteria comprehensively [13], [14]. Several studies have demonstrated that the
integration of CRITIC and CoCoSo methods can improve the accuracy and objectivity of decision-making processes
across various domains [15], [16].

However, the application of the hybrid CRITIC—CoCoSo approach is still predominantly found in the fields of
energy, infrastructure, and engineering systems, and has not been widely applied in the evaluation of agricultural product
quality, particularly coffee beans [17]-[19]. Moreover, previous studies tend to focus on technical or environmental
aspects separately, without integrating them into a comprehensive evaluation framework. This indicates the need for a
decision support system capable of integrating multiple quality aspects in an objective and systematic manner [20]-[22].

Based on these issues, this study aims to develop a coffee bean quality evaluation model using the CRITIC-CoCoSo
method. The proposed model is expected to provide objective weighting of criteria and generate comprehensive
alternative rankings. Furthermore, this study is expected to support decision-making in small to medium-scale coffee
industries and improve consistency and efficiency in raw material selection.

2. METHODS

2.1 Research Design

This study employs a quantitative approach with an observational experimental design. The focus of this research is
on the numerical analysis of coffee bean quality parameters so that the results can be measured objectively and reproduced
by other researchers. A quantitative approach is selected because it enables measurable evaluation based on real-world
data.

This study applies a Multi-Criteria Decision Making (MCDM) framework by combining the CRITIC (Criteria
Importance Through Intercriteria Correlation) and CoCoSo (Combined Compromise Solution) methods. This
combination is used to develop a coffee bean quality evaluation model capable of generating objective criteria weights
and comprehensive alternative rankings.

The CRITIC method has been proven to be an objective approach in determining criteria weights by considering
inter-criteria correlation and the level of information contained in each criterion [23]-[25]. Meanwhile, CoCoSo is a
relatively recent MCDM method that has been widely applied for ranking alternatives, as it integrates compromise
solutions and produces stable and consistent results [26]-[31]. The implementation of the combined CRITIC—CoCoSo
method in this study is carried out through interconnected research stages, as illustrated in the following flowchart.
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Figure 1. Research Stages

2.2 Problem Identification and Research Objectives

This stage aims to identify problems in evaluating coffee bean quality, such as inconsistency in raw material quality
and the absence of an objective evaluation model. Based on these issues, the research objective is formulated, namely to
develop a coffee bean quality evaluation model based on the CRITIC-CoCoSo method.

2.3 Determination of Alternatives and Criteria

ISSN: 2829-2189

The determination of alternatives and criteria in this study serves as the basis for systematically evaluating coffee
bean quality. The alternatives consist of various types of coffee beans commonly used in the coffee beverage industry,
representing diverse characteristics and geographical origins.

Table 1. Criteria Data

No Ciriteria Type

Code

Sub-Criteria

Score

1 Price Cost

2 Availability Benefit

3 Aroma Benefit

4 Taste Benefit

5 Color Benefit

6 Texture Benefit

7 Caffeine Content Benefit

Cl

C2

C3

C4

Cs

C6

C7

Rp 18,000-Rp 24,000
Rp 25,000-Rp 33,000
Rp 34,000-Rp 40,000
Always available
Easily obtained
Moderately available
Rarely available
Seasonal / often unavailable
Strong

Moderate

Weak

Strong

Neutral

Weak

Uniform

Fairly uniform
Uneven

Large

Medium

Mixed

Very high

High

Medium

Low

Very low

N WERAWOVEFE WL W= WU E WO —DNDWRAOB—Wun

This table presents the criteria and sub-criteria used in evaluating coffee bean quality. Seven main criteria are
used: price (Cl1), availability (C2), aroma (C3), taste (C4), color (C5), texture (C6), and caffeine content (C7). Price is
classified as a cost criterion, while the others are benefit criteria.
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Table 2. Alternative Data

Coffee Beans Code Price Availability Aroma Taste Color Texture Caffeine
Siberteng Al 22,000 Easily obtained  Strong Strong  Uniform Medium Medium
Lau Gedang A2 24,000 Moderate Moderate Strong  Fairly Medium Medium
uniform
Naman Teran A3 25,000 Rare Strong Neutral Uniform Medium Medium
Baribu Dolok A4 26,000 Seasonal Weak Neutral Uniform Medium Medium
Kerinci AS 32,000 Always Strong Strong  Uniform Mixed High
available
Mandailing A6 30,000 Always Strong Strong  Uniform Large High
available
Gayo A7 40,000 Easily obtained  Strong Neutral Uniform Medium High
Lintong A8 35,000 Easily obtained Moderate Neutral Uniform Medium Medium
Sidikalang A9 40,000 Always Strong Strong  Uniform Large Very
available High
Dolok Sanggul A10 25,000 Moderate Moderate Neutral Uniform Medium Medium
Solok Radjo All 35,000 Moderate Strong Weak  Uniform Medium Low
Agam Al12 33,000 Rare Moderate Neutral Fairly Mixed Medium
uniform
Lampung Al3 20,000 Always Strong Strong  Fairly Large Very
Robusta available uniform High
Liwa Lampung Al4 21,000 Easily obtained Moderate Strong Fairly Mixed High
uniform
Tanggamus Al5 19,000 Moderate Weak Neutral Fairly Medium High
uniform

2.4 Data Collection

This stage involves collecting data used in the analysis, including observational data, secondary data, and coffee
bean quality assessment data. Data collection techniques include observation, interviews with café workers, and
questionnaires distributed to consumers.

2.5 Data Normalization

The collected data are normalized to ensure comparability across criteria. The normalization process is adjusted
according to the type of criteria (benefit or cost).

2.6 Criteria Weight Calculation (CRITIC)
CRITIC determines objective weights by considering data variation and inter-criteria relationships.

2.6.1 Decision Matrix

The decision matrix represents the performance of each alternative against each criterion.

X =

X11 x1n]
Xm1 7 Xmn

2.6.2 Normalization

The normalization process transforms raw data into comparable values using:

Xjj—minx;;
d J J

Y maxx;j-minx;;j

This equation converts each criterion value into a normalized scale between 0 and 1.

2.6.3 Variability Calculation

The variability of each criterion is measured using standard deviation:

This value indicates how dispersed the data is; higher dispersion implies higher importance.

The correlation between criteria is calculated as:

a47
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Then, the amount of information contained in each criterion is computed:
— n
G =0 X7-1(1 - Ryj)

2.6.4 Weight Determination.
The final weight of each criterion is obtained by normalizing C;:

=9
J ZC]'

A higher weight indicates a more important criterion.

2.7 Alternative Ranking (CoCoSo)
2.7.1 Normalized Matrix

The normalized matrix is calculated differently for benefit and cost criteria:

Benefit:

_ xij—min xij

r.. =
Y maxx;j-minx;j
Cost:

_ maxxl-j— xij
rij =

max xjj—minx;;

2.7.2 Calculation of S;
The weighted sum of each alternative is calculated as:

S = Xj(Wymiy)
This represents the overall performance score.

2.7.3 Calculation OfKia' Kib' KiC
Three aggregation strategies are used:

Pi+S;
K =—"t
la — ym (Pi+s)
— _Si Py
Kib ~ mins; min P;
L 1A
_ ASD+A-D)(Py)
Kic

- (A max S;+(1-21) max P;)
These represent different compromise solutions.

2.7.4Final Score Calculation
The final score of each alternative is calculated as

11
Ki = (kiakipkic)s + 3 (ki + kip + kic)
The alternative with the highest K;value is considered the best.

2.8 Recommendation of Coffee Bean Quality
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Based on the CoCoSo ranking results, the best alternative is selected as a recommendation for coffee-based beverage

industries.
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2.9 Participants (Population and Sample)

This study was conducted in a café as the research site. Participants include café workers (baristas and managers)
and consumers. Workers provide technical insights, while consumers evaluate sensory attributes such as aroma, taste, and
overall quality. Participants were selected using purposive sampling. The study also includes 15 coffee bean alternatives
representing diverse geographical origins and quality characteristics used in beverage preparation.

3. RESULTS AND DISCUSSION

The analysis begins with the calculation of objective weights for each criterion using the CRITIC method based on
data variation and inter-criteria correlation. The resulting weights are then used as the basis for ranking coffee bean
alternatives using the CoCoSo method. The results provide an overview of the relative importance of each criterion and
produce a ranking of the best coffee bean alternatives, which can be used as a reference in decision-making for selecting
raw materials in a consistent and efficient manner.

3.1 Criteria Weight Calculation Using the CRITIC Method
3.1.1 Decision Matrix

This section presents the decision matrix containing the evaluation scores of each alternative across all criteria.
These data form the main basis for the multi-criteria decision-making process.

Table 3. Decision Matrix Data
Alternative Cl1 C2 C3 C4 C5 Cé6 C7

Al 5 4 5 5 5 3 3
A2 5 3 3 5 3 3 3
A3 3 2 5 3 5 3 3
A4 3 1 1 3 5 3 3
AS 3 5 5 5 5 1 4
A6 3 5 5 5 5 5 4
A7 1 4 5 3 5 3 4
A8 1 4 3 3 5 3 3
A9 1 5 5 5 5 5 5
Al10 3 3 3 3 5 3 3
All 1 3 5 1 5 3 2
Al12 3 2 3 3 3 1 3
Al13 5 5 5 5 3 5 5
Al4 5 4 3 5 3 1 4
AlS 5 3 1 3 3 3 4

This table presents the decision matrix containing the evaluation scores of each alternative (A1-A15) against seven
criteria (C1-C7). Criterion C1 is classified as a cost criterion, while C2—C7 are benefit criteria. This matrix shows the
variation of scores among alternatives for each criterion. These values are used in the next normalization stage.

The maximum and minimum values are determined to define the range of each criterion. This information is required
for the normalization process.

Table 4. Maximum and Minimum Values of Criteria
Cl C2 C3 C4 C5 Co6 C7
MAX 5 5 5 5 5 5 5
MIN 1 1 1 1 3 1 2

These ranges highlight the differences in scale across criteria. They serve as the basis for the normalization step.

3.1.2 Normalization
Normalization is performed to standardize the scale of all criteria. This ensures that all values can be compared
fairly.
Table 5. Normalized Data (CRITIC Method)

Alt C1 C2 C3 C4 Cs Co c7

Al 0.00 0.75 1.00 1.00 1.00 0.50 0.33
A2 0.00 0.50 0.50 1.00 0.00 0.50 0.33
A3 0.50 0.25 1.00 0.50 1.00 0.50 0.33
A4 0.50 0.00 0.00 0.50 1.00 0.50 0.33
AS 0.50 1.00 1.00 1.00 1.00 0.00 0.67
A6 0.50 1.00 1.00 1.00 1.00 1.00 0.67
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Alt C1 C2 C3 C4 Cs Co Cc7

A7 1.00 0.75 1.00 0.50 1.00 0.50 0.67
A8 1.00 0.75 0.50 0.50 1.00 0.50 0.33
A9 1.00 1.00 1.00 1.00 1.00 1.00 1.00
A10 0.50 0.50 0.50 0.50 1.00 0.50 0.33
All 1.00 0.50 1.00 0.00 1.00 0.50 0.00
Al12 0.50 0.25 0.50 0.50 0.00 0.00 0.33
Al3 0.00 1.00 1.00 1.00 0.00 1.00 1.00
Al4 0.00 0.75 0.50 1.00 0.00 0.00 0.67
Al5 0.00 0.50 0.00 0.50 0.00 0.50 0.67

Normalization is performed to eliminate differences in scale and measurement units among criteria. Normalization
removes differences in scale among variables. The resulting data are ready for CRITIC weight calculation.

3.1.3 Variability Calculation
Variability is calculated to measure the dispersion of each criterion. This indicates the level of variation among
alternatives.

Table 6. Standard Deviation (o)
C1 C2 C3 C4 C5 Co Cc7
0.399 0.311 0.368 0.316 0.488 0.327 0.278

Standard deviation reflects the degree of variation in each criterion. Higher values indicate greater dispersion among
alternatives. The correlation matrix is used to identify relationships between criteria. This is important in the CRITIC
method to assess redundancy.

Table 7. Correlation Matrix

PRICE AVAILABILITY AROMA FLAVOR COLOR TEXTURE ggiﬂ%ﬂ%
Cl 1,00 0,04 0,29 0,51 0,67 0,14 0,16
2 0,04 1,00 0,61 0,62 0,08 0,35 0,67
C3 0,29 0,61 1,00 0,25 0,40 0,30 0,21
c4 0,51 0,62 0,25 1,00 0,23 0,17 0,65
Cs5 0,67 0,08 0,40 0,23 1,00 0,22 0,23
C6 0,14 0,35 0,30 0,17 0,22 1,00 0,39
C7 0,16 0,67 0,21 0,65 0,23 0,39 1,00

Correlations show both positive and negative relationships between criteria. These results are used in the total
variability calculation. Total variability is computed using standard deviation and correlation values. This value represents
the contribution of each criterion.

Table 8. Variability Values

PRICE  AVAILABILITY AROMA FLAVOR COLOR  TEXTURE géﬂ;’gﬁ? Z(l )
Cl 0,00 0,96 0,71 1,51 0,33 0,86 1,16 5,53
2 0,96 0,00 0,39 0,38 0,92 0,65 0,33 3,64
c3 0,71 0,39 0,00 0,75 0,60 0,70 0,79 3,95
c4 1,51 0,38 0,75 0,00 1,23 0,83 0,35 5,06
cs 0,33 0,92 0,60 1,23 0,00 0,78 1,23 5,09
c6 0,86 0,65 0,70 0,83 0,78 0,00 0,61 4,43
c7 1,16 0,33 0,79 0,35 1,23 0,61 0,00 4,47

The variability is calculated using the standard deviation and correlation values. Higher variability indicates a greater
contribution of a criterion in decision-making. Higher variability values indicate greater importance of a criterion. These
values are used as the basis for final weight determination.
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3.1.4 Criteria Weights
Criteria weights are calculated based on variability and standard deviation results. These values represent the relative
importance of each criterion.
Table 9. Criteria Weights

Criterion c X (1-rij) Cj Wj

Price 0.3994 5.5282 2.2080 0.191
Availability 0.3115 3.6406 1.1340 0.098
Aroma 0.3684 3.9537 1.4565 0.126
Taste 0.3162 5.0561 1.5989 0.138
Color 0.4880 5.0943 2.4858 0.215
Texture 0.3273 4.4283 1.4495 0.125
Caffeine 0.2779 4.4701 1.2424 0.107

The final weights show the relative contribution of each criterion. These values will be used in the final decision-
making process.

3.2 Ranking Using the CoCoSo Method
3.2.1 Calculation of Si

This stage calculates the aggregated performance score (Si) for each alternative. The values are obtained by
combining weighted normalized criteria.

Table 10. Aggregation Score (Si)
COST BENEFIT BENEFIT BENEFIT BENEFIT BENEFIT BENEFIT Si

ALTERNATIF
Cl C2 c3 C4 cs Cé6 c7

Al 0,04 0,08 0,13 0,14 0,21 0,08 0,06 0,73
A2 0,04 0,06 0,08 0,14 0,13 0,08 0,06 0,58
A3 0,06 0,04 0,13 0,08 0,21 0,08 0,06 0,67
A4 0,06 0,02 0,03 0,08 0,21 0,08 0,06 0,55
AS 0,06 0,10 0,13 0,14 0,21 0,03 0,09 0,75
A6 0,06 0,10 0,13 0,14 0,21 0,13 0,09 0,85
A7 0,19 0,08 0,13 0,08 0,21 0,08 0,09 0,85
A8 0,19 0,08 0,08 0,08 0,21 0,08 0,06 0,78
A9 0,19 0,10 0,13 0,14 0,21 0,13 0,11 1,00
A10 0,06 0,06 0,08 0,08 0,21 0,08 0,06 0,64
All 0,19 0,06 0,13 0,03 0,21 0,08 0,04 0,74
Al2 0,06 0,04 0,08 0,08 0,13 0,03 0,06 0,48
Al13 0,04 0,10 0,13 0,14 0,13 0,13 0,11 0,76
Al4 0,04 0,08 0,08 0,14 0,13 0,03 0,09 0,57
Al5 0,04 0,06 0,03 0,08 0,13 0,08 0,09 0,49
BOBOT 0,19 0,10 0,13 0,14 0,21 0,13 0,11

The Si values represent the overall aggregated performance of each alternative. Higher Si indicates better overall
performance across criteria. This step calculates the comparative power score (Pi) for each alternative. Pi reflects the
relative strength of each alternative compared to the best values.

Table 11. Comparative Power Weight (Pi)
COST BENEFIT BENEFIT BENEFIT BENEFIT BENEFIT BENEFIT Pi

ALTERNATIF

Cl C2 c3 C4 cs Cé6 c7
Al 0,74 0,98 1,00 1,00 1,00 0,94 0,95 0,64
A2 0,74 0,95 0,94 1,00 0,90 0,94 0,95 0,52
A3 0,81 0,91 1,00 0,93 1,00 0,94 0,95 0,61
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COST BENEFIT BENEFIT BENEFIT BENEFIT BENEFIT BENEFIT Pi

ALTERNATIF
Cl C2 C3 C4 Cs C6 Cc7

A4 0,81 0,85 0,82 0,93 1,00 0,94 0,95 0,47
A5 0,81 1,00 1,00 1,00 1,00 0,82 0,98 0,65
A6 0,81 1,00 1,00 1,00 1,00 1,00 0,98 0,79
A7 1,00 0,98 1,00 0,93 1,00 0,94 0,98 0,83
A8 1,00 0,98 0,94 0,93 1,00 0,94 0,95 0,76
A9 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00
Al0 0,81 0,95 0,94 0,93 1,00 0,94 0,95 0,60
All 1,00 0,95 1,00 0,80 1,00 0,94 0,91 0,65
Al2 0,81 0,91 0,94 0,93 0,90 0,82 0,95 0,45
Al3 0,74 1,00 1,00 1,00 0,90 1,00 1,00 0,66
Al4 0,74 0,98 0,94 1,00 0,90 0,82 0,98 0,48
AlS 0,74 0,95 0,82 0,93 0,90 0,94 0,98 0,44
BOBOT 0,19 0,10 0,13 0,14 0,21 0,13 0,11

Pi shows how close each alternative is to the ideal performance. Higher values indicate stronger comparative
dominance.

3.2.2 Calculation of Kia, Kib, Kic
This stage computes the combined creative weights using three aggregation approaches. These values integrate both
additive and multiplicative perspectives.

Table 12. Creative Weight Calculation
CALCULATION OF CREATIVE WEIGHT

ALTERNATIE -~ Pi yl Ka Kb Kc

Al 0,73 0,64 1,20 2,99 0,687
A2 0,58 0,52 1,05 2,40 0,551
A3 0,67 0,61 1,15 2,79 0,640
Ad 0,55 0,47 1,01 2,21 0,507
AS 0,75 0,65 1,21 3,05 0,699
A6 0,85 0,79 1,33 3,59 0,822
A7 0,85 0,83 1,35 3,69 0,844
A8 0,78 0,76 0,5 1,27 3,37 0,770
A9 1,00 1,00 1,50 437 1,000
A10 0,64 0,60 1,12 2,69 0,617
All 0,74 0,65 1,20 3,02 0,692
Al2 0,48 0,45 0,96 2,03 0,464
Al3 0,76 0,66 1,23 3,10 0,710
Al4 0,57 0,48 1,03 2,29 0,526
Al5 0,49 0,44 0,96 2,03 0,466

Kia is calculated using a ratio aggregation approach, Kib uses a minimum ratio approach, and Kic applies a A-based
compromise approach. The Kia, Kib, and Kic values represent different aggregation perspectives. These values are later
used to compute the final ranking score.
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3.2.3 Final Ranking
The final ranking is obtained by combining all previous calculations. This step determines the best alternative based
on overall performance.

Table 13. Final Preference Score

Alternative K Rank
A9 4.1634 1
A7 3.5747 2
A6 3.4920 3
A8 3.2941 4
Al3 3.0693 5
A5 3.0264 6
All 2.9965 7
Al 2.9788 8
A3 2.7951 9
A10 2.7072 10
A2 2.4521 11
Al4 2.3574 12
A4 2.2818 13
Al5 2.1239 14
Al2 2.1198 15

The final ranking identifies A9 as the best-performing alternative. This is followed by A7 and A6 with relatively
close scores. The line chart visualizes the final preference scores of all alternatives. It provides a clear comparison of
ranking distribution.

Final Preference Chart
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Figure 2. Final Preference Score Line Chart

The Figure 2 illustrates the comparison of preference scores among alternatives. The results show that A9 has the
highest score (4.1634), followed by A7 and A6. This indicates that A9 is the best alternative.

3.3 Discussion

The results of this study demonstrate that the integration of the CRITIC and CoCoSo methods provides a robust and
objective framework for evaluating coffee bean quality. The CRITIC method successfully determines criteria weights
based on data variability and inter-criteria correlation, ensuring that the weighting process is free from subjective bias.
This is consistent with previous studies stating that CRITIC is effective in extracting objective information from decision
matrices by considering both contrast intensity and conflict among criteria [11], [12], [23], [24]. Furthermore, the
enhancement of CRITIC in recent works confirms its robustness in producing reliable weights for multi-criteria decision-
making (MCDM) problems [9].

From a practical perspective, the resulting criteria weights indicate that attributes such as color, price, and taste have
higher importance compared to others. This finding aligns with the concept that food quality evaluation is strongly
influenced by both intrinsic product characteristics and consumer perception [2]. In the context of coffee, physical
appearance and sensory attributes play a crucial role in determining perceived quality and consumer acceptance.

The application of the CoCoSo method in this study further strengthens the decision-making model by providing a stable
and consistent ranking of alternatives. CoCoSo combines multiple compromise strategies, allowing it to balance different
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evaluation perspectives effectively [13]. Previous research has shown that CoCoSo produces reliable ranking results
across various domains, including engineering, energy planning, and infrastructure decision-making [16]-[19]. In this
study, the method successfully identified alternative A9 as the best coffee bean, followed by A7 and A6, indicating that
these alternatives have superior overall performance across all evaluated criteria.

When compared with existing literature on coffee quality, this study offers a more operational and decision-oriented

approach. Research by Markos Makiso Urugo et al. emphasizes that coffee quality is influenced by geographical
conditions, physicochemical properties, and volatile compounds [4]. While such studies provide deep scientific insights,
they often require complex laboratory analysis. In contrast, the proposed CRITIC-CoCoSo model translates these quality
dimensions into measurable criteria that can be evaluated more practically at the industry level.
Similarly, studies on coffee supply chain and sustainability highlight the importance of maintaining consistent raw
material quality to ensure overall product quality [5], [21], [22]. The findings of this study support this perspective by
demonstrating that a structured evaluation model can help decision-makers select high-quality coffee beans consistently.
This is particularly important in the food industry, where traceability, quality assurance, and standardization are critical
factors [ 1], [3].

In addition, consumer-oriented research indicates that coffee quality significantly affects customer satisfaction and
overall experience [6]. By providing a systematic ranking of coffee beans, the proposed model contributes to improving
product consistency, which in turn can enhance customer satisfaction and perceived value. This aligns with the broader
understanding that quality management in food products directly influences consumer trust and demand [2].

Compared to advanced analytical approaches such as machine learning or sensor-based evaluation (e.g., electronic nose
systems), which are used to analyze coffee aroma and composition [ 7], this study offers a simpler yet effective alternative.
The CRITIC-CoCoSo approach does not require specialized equipment or complex data acquisition processes, making it
more accessible for small and medium-scale coffee businesses. Despite its simplicity, the model is still capable of
producing reliable and interpretable results, which is a key advantage in practical applications.

Moreover, the integration of objective weighting and compromise ranking methods addresses a common limitation in
traditional decision-making systems, which often rely on subjective judgments. By leveraging data-driven techniques,
this study contributes to the growing body of research on intelligent decision support systems in the food and beverage
industry [8], [20].

Overall, this study extends previous research by bridging the gap between theoretical quality assessment and
practical decision-making. While earlier studies focus on specific aspects such as chemical composition, sustainability,
or consumer perception, this research integrates multiple dimensions into a unified evaluation framework. As a result, the
proposed model not only enhances decision accuracy but also supports consistency, efficiency, and scalability in coffee
quality evaluation.

However, it is important to note that this study is limited to a predefined set of criteria and alternatives. Future
research could incorporate additional factors such as roasting level, origin traceability, and environmental impact to
further improve the comprehensiveness of the model. Additionally, integrating the CRITIC-CoCoSo method with
advanced analytical tools or real-time data systems could provide more dynamic and adaptive decision-making
capabilities.

4. CONCLUSION

This study proposes a decision support model for evaluating coffee bean quality by integrating the CRITIC and
CoCoSo methods within a Multi-Criteria Decision Making (MCDM) framework. The CRITIC method effectively
determines objective criterion weights based on data variability and inter-criteria correlation, reducing subjectivity in the
evaluation process. The results indicate that color (0.215) and price (0.191) are the most influential criteria in assessing
coffee bean quality.

The CoCoSo ranking results reveal that alternative A9 achieves the highest preference score (K = 4.1634), followed

by A7 (K =3.5747) and A6 (K = 3.4920). These findings confirm that coffee beans with strong performance across
sensory attributes and physical characteristics tend to rank higher in the evaluation model.
Overall, the proposed CRITIC-CoCoSo model provides a systematic, objective, and practical decision support tool for
coffee bean quality evaluation. The model is particularly applicable for small to medium-scale coffee industries, as it
enables consistent raw material selection and improves decision-making efficiency without requiring complex analytical
tools.

This study contributes to the application of MCDM methods in the coffee sector by offering a structured and data-
driven evaluation framework. Future research may extend this model by incorporating additional criteria, such as roasting
level and origin traceability, or by integrating more detailed sensory and analytical data to enhance evaluation accuracy.

REFERENCE
[1]  M.M. AungandY.S. Chang, “Traceability in a food supply chain: Safety and quality perspectives,” Food Control,
vol. 39, pp. 172-184, Mar. 2014, doi: 10.1016/j.foodcont.2013.11.007.

[2] K. G. Grunert, “Food quality and safety: Consumer perception and demand,” European Review of Agricultural
Economics, vol. 32, no. 3, pp. 369-391, Sep. 2005, doi: 10.1093/eurrag/jbi011.

Y.H. Siregar 054



ISSN:

(3]

(4]

(3]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

(21]

(22]

(23]

(24]

ass

2829-2189 Sistem Pendukung Keputusan dengan Aplikasi, Vol. 5, No.1, (2026), pp. 44-57

J. Trienekens and P. Zuurbier, “Quality and safety standards in the food industry, developments and challenges,”
International Journal of Production Economics, vol. 113, no. 1, pp. 107-122, May 2008, doi:
10.1016/].ijpe.2007.02.050.

M. M. Urugo, Y. B. Tola, B. T. Kebede, O. Ogah, and D. S. Mattinson, “Exploring Arabica coffee cup quality:
Correlations with green bean growing conditions, physicochemical properties, biochemical composition, and
volatile aroma compounds,” Journal of Agriculture and Food Research, vol. 18, p. 101549, Dec. 2024, doi:
10.1016/j.jafr.2024.101549.

F. De Felice, M. Rehman, A. Petrillo, and 1. Baffo, “Decoding the coffee supply chain: A systematic review of
stakeholders, sustainability opportunities, and challenges,” Sustainable Futures, vol. 8, p. 101105, Dec. 2025, doi:
10.1016/.sftr.2025.101105.

L. Quan, H. Han, A. Ariza-Montes, H. B. Ryu, and J. Yu, “Emerging nature café: Boosting customer quality of
life, emotional well-being, and positive approach behavior,” Acta Psychologica, vol. 254, p. 104845, Apr. 2025,
doi: 10.1016/j.actpsy.2025.104845.

R. Selvanarayanan, S. Rajendran, M. Zakariah, and A. Alnuaim, “Purifying Kopi Luwak beans with precise RL-
based proximal policy optimization using visual transformer with FRD,” Egyptian Informatics Journal, vol. 31, p.
100737, Sep. 2025, doi: 10.1016/].¢1j.2025.100737.

E. K. Zavadskas, Z. Turskis, and S. Kildiené, “State of art surveys of overviews on MCDM/MADM methods,”
Technological and Economic Development of Economy, vol. 20, no. 1, pp. 165-179, Mar. 2014, doi:
10.3846/20294913.2014.892037.

Q. Zhang, J. Fan, and C. Gao, “CRITID: Enhancing CRITIC with advanced independence testing for robust multi-
criteria decision-making,” Scientific Reports, vol. 14, no. 1, pp. 1-15, 2024, doi: 10.1038/s41598-024-75992-z.
A.R. Krishnan, M. M. Kasim, R. Hamid, and M. F. Ghazali, “A modified CRITIC method to estimate the objective
weights of decision criteria,” Symmetry, vol. 13, no. 6, p. 973, Jun. 2021, doi: 10.3390/sym13060973.

D. Diakoulaki, G. Mavrotas, and L. Papayannakis, “Determining objective weights in multiple criteria problems:
The CRITIC method,” Computers & Operations Research, vol. 22, no. 7, pp. 763-770, Sep. 1995, doi:
10.1016/0305-0548(94)00059-H.

1. Z. Mukhametzyanov, “Specific character of objective methods for determining weights of criteria in MCDM
problems: Entropy, CRITIC, SD,” Decision Making: Applications in Management and Engineering, vol. 4, no. 2,
pp. 76-105, Jun. 2021, doi: 10.31181/DMAME2104020761.

M. Yazdani, P. Zarate, E. K. Zavadskas, and Z. Turskis, “A combined compromise solution (CoCoSo) method for
multi-criteria decision-making problems,” Management Decision, vol. 57, no. 9, pp. 2501-2519, Nov. 2019, doi:
10.1108/MD-05-2017-0458.

J. Su, B. Xu, H. Liu, Y. Chen, and X. Zhang, “A probabilistic hesitant fuzzy multi-criteria decision-making method
based on CSOGRMILP and Borda-CoCoSo,” International Journal of Fuzzy Systems, 2025, doi: 10.1007/s40815-
025-01988-0.

X. Peng, X. Zhang, and Z. Luo, “Pythagorean fuzzy MCDM method based on CoCoSo and CRITIC with score
function for 5G industry evaluation,” Artificial Intelligence Review, vol. 53, no. 5, pp. 3813-3847, 2020, doi:
10.1007/s10462-019-09780-x.

H. X. Thinh, D. Van Duc, and N. C. Bao, “The effect of CoCoSo method on the ranks of alternatives: A case study
of copper electrical wire selection,” Engineering, Technology and Applied Science Research, vol. 14, no. 6, pp.
18307-18315, Dec. 2024, doi: 10.48084/etasr.9063.

T. Sharma and A. Sarin, “Multi-criteria decision making for solar site selection in Punjab, India: An evaluation
using hybrid MCDM techniques,” Results in Engineering, vol. 27, p. 106288, Sep. 2025, doi:
10.1016/j.rineng.2025.106288.

K. Ghasemi, M. Behzadfar, K. Borhani, and Z. Nouri, “GIS-based CoCoSo method for spatial justice of urban
green spaces,” Ecological Indicators, vol. 144, p. 109455, Nov. 2022, doi: 10.1016/j.ecolind.2022.109455.

F. Brighenti, M. F. Bado, F. Romeo, A. Rebellato, and D. Zonta, “Ranking bridge intervention scenarios with a
risk-based predictive decision support system,” Automation in Construction, vol. 180, p. 106553, Dec. 2025, doi:
10.1016/j.autcon.2025.106553.

S. Lin, “A multiple criteria decision-making model for enhancing informative service quality at airports,” Decision
Analytics Journal, vol. 12, p. 100487, Sep. 2024, doi: 10.1016/j.dajour.2024.100487.

G. M. Magableh, A. F. Al-Dwairi, and A. Alhamouri, “Improving the performance of the coffee supply chain
using integrating fuzzy MCDM and simulation methods,” PLoS ONE, vol. 20, no. 6, Jun. 2025, doi:
10.1371/journal.pone.0326581.

A. M. Rendon-Mera, D. C. Corrales, and G. A. Pefiuela Mesa, “A systematic mapping study of coffee quality
throughout the production-to-consumer chain,” Journal of Food Quality, vol. 2022, Art. no. 8019251, 2022, doi:
10.1155/2022/8019251.

A. R. Krishnan, M. M. Kasim, R. Hamid, and M. F. Ghazali, “A modified CRITIC method to estimate the objective
weights of decision criteria,” Symmetry, vol. 13, no. 6, Jun. 2021, doi: 10.3390/sym13060973.

I. Z. Mukhametzyanov, “Specific character of objective methods for determining weights of criteria in MCDM
problems: Entropy, CRITIC, SD,” Decision Making: Applications in Management and Engineering, vol. 4, no. 2,
pp. 76-105, Jun. 2021, doi: 10.31181/dmame210402076i.

Y_.H. Siregar



Sistem Pendukung Keputusan dengan Aplikasi, Vol. 5, No.1, (2026), pp. 44-57 ISSN: 2829-2189

[25]

[26]

(27]

(28]

[29]

[30]

[31]

M. Doloksaribu, A. Juniawan Khairi, M. Fathurrohman, S. Supriadi, and J. Barat, “Pemilihan material rangka
kendaraan pemanen jagung kombinasi dengan metode CRITIC, digital logic dan TOPSIS,” Jurnal Metal
Indonesia, vol. 43, no. 2, pp. 67-76, 2021, doi: 10.32423/jmi.2021.v43.67-76.

H. X. Thinh, D. Van Duc, and N. C. Bao, “The effect of CoCoSo method on the ranks of alternatives: A case study
of copper electrical wire selection,” Engineering, Technology and Applied Science Research, vol. 14, no. 6, pp.
18307-18315, Dec. 2024, doi: 10.48084/ctasr.9063.

S. F. Ng, “An MCDM framework using combined compromise solution and integrated weighting method:
Optimizing sustainable energy options,” Journal of Quality Measurement and Analysis, vol. 21, no. 1, pp. 43-67,
Mar. 2025, doi: 10.17576/jqgma.2101.2025.03.

W.B. N. and G. S. M. J. Marito, “Penerapan metode combined compromise solution (CoCoSo) dalam pemilihan
franchise minuman,” Jurnal Teknologi dan Terapan, vol. 10, no. 1, 2024, doi: 10.54914/jtt.v10i1.1183.

F. De Felice, M. Rehman, A. Petrillo, and 1. Baffo, “Decoding the coffee supply chain: A systematic review of
stakeholders, sustainability opportunities, and challenges,” Sustainable Futures, vol. 8, p. 101105, Dec. 2025, doi:
10.1016/].sftr.2025.101105.

S. T. Aung et al., “A proposal of grammar-concept understanding problem in Java programming learning assistant
system,” Journal of Advances in Information Technology, vol. 12, no. 4, pp. 342-350, Nov. 2021, doi:
10.12720/jait.12.4.342-350.

R. Selvanarayanan, S. Rajendran, M. Zakariah, and A. Alnuaim, “Purifying Kopi Luwak beans with precise RL-
based proximal policy optimization using visual transformer with FRD,” Egyptian Informatics Journal, vol. 31,
Sep. 2025, doi: 10.1016/].€1j.2025.100737.

AUTHOR BIOGRAPHY

o
Jﬁ

Yustria Handika Siregar ' E:{ B3 She is a lecturer at the Computer Graphic Engineering Program,
Politeknik Cendana, Indonesia. He earned his bachelor’s degree in Informatics from Universitas
Asahan and his master’s degree in Informatics from Universitas Putra Indonesia YPTK Padang. His
academic interests include algorithms, artificial intelligence, decision support systems, and artificial
intelligence. Actively involved in research, academic writing, and community service, he has
participated in various academic forums and contributed to publications in the field of computing and
information technology. She can be contacted at email: yustriahandikasiregar@gmail.com.

Muhammad Eka © E B8 © He is a lecturer at the Faculty of Engineering and Computer Science,
Universitas Dharmawangsa, Medan, Indonesia. He earned his bachelor’s degree in Informatics from
Sekolah Tinggi Teknik Harapan Medan in 2005 and his master’s degree in Informatics from
Universitas UPI YPTK Padang in 2015. His research focuses on information systems, software
development, and broader areas in computer science. He has been actively engaged in both academic
teaching and research. He began his academic career teaching at Universitas Nahdlatul Ulama
Sumatera Utara from 2015 to 2021 and has been a permanent lecturer at Universitas Dharmawangsa
since 2021. In 2023, he started his doctoral studies (PhD) at Universiti Pendidikan Sultan Idris,
Malaysia. He can be contacted at email: meckawijaya@gmail.com.

Asri Akmaliyah Syahfitri is an undergraduate student in the Information Systems Department,
Faculty of Science and Technology, Universitas Islam Negeri Sumatera Utara, Indonesia. She
completed her senior high school education at MAN 3 Medan in 2022. Her academic interests include
information systems, data processing, and decision support systems. She can be contacted at:
asrifitril60605@gmail.com

Dini Alilmi is an undergraduate student in the Information Systems Department, Faculty of Science
and Technology, Universitas Islam Negeri Sumatera Utara, Indonesia. She graduated from MAS
Sumatera Thawalib Parabek Bukittinggi in 2022. Her academic interests focus on information systems
and data analysis. She can be contacted at: dinialilmil23@gmail.com

Dwi Hafizah Akbar is an undergraduate student in the Information Systems Department, Faculty of

Science and Technology, Universitas Islam Negeri Sumatera Utara, Indonesia. She completed her

senior high school education at SMA Negeri 1 Galang in 2022. Her research interests include

information systems, database management, and decision support systems. She can be contacted at:
E dwihafizaha@gmail.com

Y.H. Siregar as56


mailto:yustriahandikasiregar@gmail.com
mailto:meckawijaya@gmail.com
mailto:asrifitri160605@gmail.com
mailto:dinialilmi123@gmail.com
mailto:dwihafizaha@gmail.com
https://orcid.org/0009-0009-9728-4735
https://scholar.google.com/citations?hl=id&user=HCmHbZMAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57215912968
https://scholar.google.com/citations?user=n84By0sAAAAJ&hl=id&oi=ao

ISSN: 2829-2189

(1]
®.

How to cite:

Sistem Pendukung Keputusan dengan Aplikasi, Vol. 5, No.1, (2026), pp. 44-57

Nurhaliza Febryani is an undergraduate student in the Information Systems Department, Faculty of
Science and Technology, Universitas Islam Negeri Sumatera Utara, Indonesia. She graduated from
SMA Darussalam Medan in 2022. Her academic interests include information systems and data-driven
decision-making. She can be contacted at: nurhalizafebryani@gmail.com

Pira Safitri is an undergraduate student in the Information Systems Department, Faculty of Science
and Technology, Universitas Islam Negeri Sumatera Utara, Indonesia. She completed her senior high
school education at SMAN 4 Tebing Tinggi in 2022. Her interests include information systems and
applied computing. She can be contacted at: pirasyafitri443@gmail.com

Y_.H. Siregar, M. Eka, A K. Syahfitri, D. Alilmi, D.H. Akbar, N. Febryani and P. Safitri, “A CRITIC-CoCoSo-Based
Decision Support Model for Coffee Bean Quality Evaluation in Coffee Beverage Production”, Sistem Pendukung
Keputusan dengan Aplikasi, vol. 5, no. 1, pp. 44-57, March. 2026.

as7

Y_.H. Siregar


mailto:nurhalizafebryani@gmail.com
mailto:pirasyafitri443@gmail.com

