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Abstract—This study discusses common problems faced by 

home-based sellers in determining the right product ideas to sell. 

To overcome this problem, a method is needed that can help home-

based sellers to choose the right product. Therefore, a decision 

support system using a multi-criteria decision-making technique 

with a hybrid approach was applied, which integrates the FAHP-

TOPSIS and FAHP-FTOPSIS methods in the product selection 

process. The analysis results show that the FAHP-TOPSIS method 

is more effective in producing product rankings, with alternative 

A5948 ranking first with a score of 0.946. Meanwhile, the FAHP-

FTOPSIS method also placed the same alternative in first place 

with a score of 0.679. The findings in the ranking analysis showed 

that the addition of fuzzy did not affect the rankings but did affect 

the score value of the alternatives. Sensitivity Analysis using Mean 

Absolute Deviation (MAD), Mean Square Error (MSE), and 

Spearman Correlation (SC) was conducted. FAHP-TOPSIS 

performed best at Weight 1 (MAD 89, MSE 18.486, SC 0.972) and 

excelled at Weight 3 (MAD 144, MSE 51.791, SC 0.997), though 

more volatile at other weights. Overall, at the base weight (Weight 

1), TOPSIS shows the best ranking stability (low MAD/MSE, high 

SC), while with shifted weights (especially Weight 3), FTOPSIS 

better maintains ordering (SC ≈ 1) despite higher error at Weight 

2. Practically, TOPSIS suits baseline scenarios; FTOPSIS is more 

robust under weight variations, with error variance control still 

necessary. These findings provide a practical guideline: use 

FAHP-FTOPSIS when preferences are uncertain, and use FAHP-

TOPSIS when preferences are clear. The resulting rankings can 

be directly adopted by sellers to prioritize and select products with 

confidence. 
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I. INTRODUCTION 

The rapid growth in internet availability and improvements 
in the quality of high-speed internet services have created 
significant opportunities for the development of electronic 
commerce (e-commerce) systems. Home-based sellers use this 
technology to increase operational efficiency, reach a wider 
market, and make money from home through e-commerce 
platforms [1, 2]. However, home-based sellers face particular 
difficulties due to the wide range of products and many 
competitors on e-commerce platforms. Often, sellers new to 

online commerce do not adequately consider the selection of 
truly profitable products [3]. Therefore, if a company or seller 
achieves very high profits, it can be categorized as having good 
performance [4]. Consequently, a method is needed to assist 
home-based sellers in determining the most profitable products, 
both for the present and the future. 

One commonly used approach is the Decision Support 
System, which helps decision makers choose the best 
alternative based on a number of criteria [5-7]. In this context, 
the concept of fuzzy logic becomes relevant because it can 
represent uncertainty and subjectivity in assessments. 
Introduced by Lotfi A. Zadeh in 1965, fuzzy logic is not strictly 
binary (true/false) but rather permits a value to exist within a 
range of 0 to 1 [8-10].  When making decisions involving 
information that is frequently unclear, ambiguous, or imprecise, 
this method is highly effective.  The decision-making model's 
accuracy and realism can be enhanced by more flexibly 
describing the degree of importance or preference when 
criterion values are represented as fuzzy numbers, such as 
triangular fuzzy numbers (TFN) [9-12]. 

This study proposes two hybrid methods: FAHP-TOPSIS 
and FAHP-FTOPSIS. The FAHP-FTOPSIS method is an 
MCDM approach in which the Fuzzy Analytical Hierarchy 
Process (FAHP) is used to determine the relative weights of 
each criterion more flexibly by considering the uncertainty of 
the assessment [13-15]. Meanwhile, Fuzzy TOPSIS is used to 
rank alternatives based on their proximity to positive and 
negative ideal solutions in fuzzy space [16, 17]. As a 
comparison, the FAHP-TOPSIS method is used, which 
employs FAHP for weight determination and conventional 
TOPSIS for ranking, thereby enabling the evaluation of the 
feasibility and accuracy of the main method. Based on the 
research by Okfalisa et al. [18], five criteria are used in 
recommending online store products. The final results of this 
study will identify the method that produces the best ranking 
and determine the most suitable products to recommend to 
home-based sellers as a reference for selecting products to 
sell [19]. 

*Corresponding author. 
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II. LITERATURE REVIEW 

A. Related Works 

Previous studies have utilized fuzzy methods within the 
framework of Multi-Criteria Decision Making (MCDM). 

A study by Ceren Erdin and Halil Emre Akba (2019) 
entitled “A Comparative Analysis of Fuzzy TOPSIS and 
Geographic Information Systems (GIS) for the Location 
Selection of Shopping Malls: A Case Study from Turkey”, 
aimed to select strategic shopping mall locations in Turkey 
using the MCDM method with the Fuzzy TOPSIS and GIS 
approaches, and to compare the accuracy of each method [13]. 
In general, this study shows that combining fuzzy-based 
MCDM methods (e.g., Fuzzy-TOPSIS) with spatial analysis 
(e.g., GIS) makes location and alternative selection decisions 
more robust: ambiguous expert assessments can be handled, 
objective data is taken into account, and the results are more 
consistent and easier to visualize. As a result, the risk of wrong 
decisions is reduced, the planning process becomes more 
transparent and traceable, and this framework can be easily 
applied to other contexts (retail, logistics, energy, health). 

In the study “Selection of Software Requirements using 
TOPSIS under Fuzzy Environment” by Mohd. Sadiq (2020), a 
method for selecting software requirements using Fuzzy 
TOPSIS was developed to address uncertainty and complexity 
in decision making [20]. In general, this research provides a 
structured and uncertainty-resistant method for prioritizing and 
selecting software requirements: linguistic expert assessments 
are converted into quantitative ratings using Fuzzy-TOPSIS 
(closeness coefficient), resulting in more objective and 
transparent decisions. This method is suitable for multi-
stakeholders, addresses information ambiguity, and is relatively 
simple to calculate compared to several other techniques, as 
well as known to have minimal rank-reversal issues. The end 
result makes it easier for teams to select the most valuable “top-
n” requirements and reduces the risk of misprioritization in 
development. 

In a study conducted by Shamsuzzoha et al. [21] entitled 
“Application of the fuzzy TOPSIS framework for selecting 
complex projects”, it offers a Fuzzy-TOPSIS-based selection 
framework to quickly identify the most complex projects, using 
eleven factors as a practical checklist, so that team allocation, 
budgeting, and support can be more targeted. The ranking 
results are proven to be stable through sensitivity testing, so 
decisions are not easily changed simply due to weight 
variations. As a result, the selection process becomes more 
objective, the risk of misplaced priorities is reduced, and project 
portfolio productivity increases while also filling a research gap 
due to its specific focus on selecting complex projects, rather 
than simply selecting general projects. 

Previous studies have concluded that a research gap exists 
because studies on product selection with multiple criteria in e-
commerce have not specifically addressed home-based sellers 
in Indonesia with large amounts of real data. The focus on 
indicators closely related to sellers (price, rating, sales, 
discounts, chat responses) is also still rare, as is a direct 
comparison between TOPSIS and Fuzzy TOPSIS with the same 
weighting basis and testing whether the results remain stable 

when there are small changes or when the criteria weights are 
shifted. 

B. Product Selection 

A crucial decision-making process is product selection: a 
process in which a variety of qualities and standards are 
evaluated to identify the best possible product.  The application 
of cutting-edge techniques to deal with complexity and 
uncertainty in decision-making is emphasized in research on 
product selection. Fuzzy logic, hierarchical decision making, 
online reviews, multi-criteria analysis, and consumer 
expectations are some of the methods used [12, 22-25].  By 
taking consumer preferences, production efficiency, 
environmental impact, and technical viability into account, the 
objective is to maximize product selection [22]. The 
optimization method in the study by Tan et al. [23] focuses on 
determining the best product design that incorporates individual 
customer preferences and manufacturing constraints. Several 
studies on product selection show two main perspectives. First, 
the research by Gultom et al. [24] focuses on comprehending 
consumer preferences and using fuzzy sets to assist in decision-
making, such as when prospective students are choosing a 
university.  Second, the research by Aznag et al. [25] highlights 
how sellers should maximize revenue by optimizing product 
combinations while considering resource constraints. 

C. MCDM 

Multi-criteria decision-making (MCDM) is a method for 
evaluating and selecting the best choice from a number of 
options based on a number of factors. This approach is 
commonly used in areas such as selecting equipment, choosing 
technology, and evaluating service providers to improve 
performance, cost-efficiency, and other related aspects [26-28]. 
For these types of situations, multi-criteria decision methods 
(MCDMs) have been developed. These methods are also 
known for their formal structure and their ability to handle 
multiple conflicting goals and include different stakeholders in 
the decision-making process. Due to the wide range of 
problems they address, many multi-criteria decision methods 
have been created. One example is the Characteristic Objects 
METhod (COMET), which does not require the use of weights 
and is suitable for problems where rank reversal cannot happen 
[26]. Several MCDM methods can offer different solutions to 
the same problem. Variations in outcomes when using different 
computational approaches may result from factors such as the 
use of different weights for criteria, differences in the 
algorithms used, and the way targets are scaled [27, 29]. These 
observations highlight the importance of using a multi-method 
approach and techniques to fairly compare results in MCDM 
studies. Analyzing different MCDM methods shows that 
selecting the appropriate method and normalization technique 
is crucial. Almost any combination of a method and its 
parameters can lead to varied results [28]. Moreover, the 
increasing number of MCDM methods has created a need to 
compare the results they produce. 

D. Home-Based Sellers 

A home-based seller is typically a small-scale operation 
carried out from an individual's residence. These businesses 
contribute to household income and have a significant impact 
on the economy by using available resources, increasing 
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national output, generating employment opportunities, and 
supporting the livelihoods of individuals in urban areas. Despite 
these benefits, home-based sellers encounter challenges such as 
intense competition and limited sales [30-34]. Furthermore, 
various studies highlight that online home-based sellers offer a 
broad array of products and services, including food items, 
beauty products, clothing, artwork, handmade crafts, 
accounting services, consulting, freelance writing, virtual 
assistance, marketing, design, translation, web development, 
dropshipping, and caregiving [35-40]. 

There is a growing trend of home-based sellers participating 
in the digital marketplace or e-commerce, with a substantial 
portion of their revenue generated through online sales. The 
different categories of home-based sellers include: 1) home-
based family businesses [35], 2) e-commerce home-based firms 
[37], 3) home-based sellers that focus on work-life balance 
[36], 4) diverse home-based sellers [37], and 5) women-owned 
home-based sellers [38]. 

In addition, several studies suggest that online home-based 
sellers sell a variety of products and services, such as food 
items, beauty products, clothing, artwork, homemade crafts, 
accountancy, consulting, freelance writing, virtual assistance, 
marketing, design, translation, web development, 
dropshipping, and caregiving [35-39]. 

E. FAHP 

The fuzzy analytic hierarchy process (FAHP) is based on 
Zadeh’s fuzzy set theory and Saaty’s analytic hierarchy process 
(AHP) method for multi-criteria decision making (MCDM) [14, 
41, 42]. The Hierarchy Analysis Process, or AHP, is the most 
commonly used. There are two main steps to using AHP in real 
life.  The first step is to break a complicated problem down into 
a structured hierarchy. The second step is to determine the 
priority of each criterion to establish their importance at each 
level. The final stage involves evaluating the hierarchy based 
on the decision maker’s preferences, where the weights from 
each matrix are calculated and normalized [28, 42]. One of the 
major advantages of this process is that it reduces a multi-
dimensional problem to an equivalent unidimensional problem. 
This also facilitates producing a standard solution, which can 
be fused across several experts to come to a single agreed 
output. The method is flexible, and inconsistencies can be 
detected. It also provides tools for achieving consensus among 
experts. However, as noted in [43], the traditional AHP does 
not effectively address uncertainty in the evaluation of criterion 
importance. Because of this limitation, a fuzzy version of the 
method was adopted. This version enables the use of AHP in 
uncertain or ambiguous situations and has become increasingly 
accepted. It has been widely accepted and applied to address 
decision-making problems in various fields [44]. 

F. Fuzzy TOPSIS 

The TOPSIS technique was proposed in 1981 by Hwang 
and Yoon and has been widely applied during the past several 
years. This strategy is beneficial for making decisions by 
comparison of alternative measures as a function of how close 
they are to an ideal point [28]. 

Fuzzy numbers are employed to handle uncertainty and 
subjective judgments in real-life situations. Intuitionistic Fuzzy 

Sets provide a more accurate representation of decision-makers' 
approvals, rejections, and uncertain or hesitant opinions [45]. 

G. Sesitivity Analysis 

Sensitivity analysis aims to measure the accuracy of the 
validation values obtained in the case study and demonstrate the 
robustness of the hybrid model [46]. The determination of this 
sensitivity analysis is based on several smallest value ranges 
and a regression process. The following are various ways to 
determine sensitivity analysis [47]: 

1) Mean Absolute Deviation (MAD): Mean Absolute 

Deviation (MAD) is a statistical measure that calculates the 

average absolute deviation of data from the central value, and 

is used to assess the extent of variation or instability in a system 

[48, 49]. 

2) Mean Squared Error (MSE): Mean Squared Error 

(MSE) is the bias (systematic deviation) of an estimate plus, 

statistically independent components that account for its 

variation [50], and thus can be used to indicate general accuracy 

levels of a predictive model. 

3) Spearman's Correlation (SC): Spearman's Rank 

Correlation Coefficient is a non-parametric statistical measure 

used to assess the degree of monotonic relationship between 

two variables, especially when the data is expressed in the form 

of ranks or orders [51]. This coefficient measures the extent to 

which the relationship between two sets of ranks is consistent 

(rising or falling simultaneously) [52]. 

III. METHODOLOGY 

A. Research Framework 

A flowchart of this study is illustrated in Fig. 1. 

The following is an explanation of the flowchart shown in 
Fig. 1: 

1) Criteria and data setup 

• Identify Criteria → Criteria Data: define the evaluation 
criteria (e.g., rating, price, sold, etc.) and prepare the 
criterion dataset. 

• Alternative Data Identification / Collection / Processing 
→ Alternative Data: identify the alternatives (products), 
collect raw data, clean/normalize as needed, and 
produce a ready-to-use alternatives dataset. 

2) Weighting with FAHP (two parallel tracks) 

• Establishing a Decision-Making Hierarchy → 
Compiling a Pair-Wise Matrix: build the decision 
hierarchy and create the pairwise comparison matrix of 
criteria. 

• Determining the Level of Importance → CR ≤ 0.1: 
perform the consistency check (Consistency Ratio). If 
CR > 0.1, revise judgments; if CR ≤ 0.1, continue. 

• Matrix Fuzzification → Weight Calculation → Weight 
Data: fuzzify judgments (e.g., triangular fuzzy 
numbers), compute criterion weights 
(defuzzify/normalize), and store them as Weight Data. 
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Fig. 1. Research method flowchart. 

3) Decision matrix construction 

• Compiling a Decision Matrix / Compiling a Fuzzy 
Decision Matrix: build the decision matrix (crisp for 
classical TOPSIS; fuzzy for FTOPSIS) that contains 
each alternative’s performance on each criterion. 

4) Ranking with TOPSIS (left branch) 

• Normalizing the Weighted Matrices: normalize and 
apply weights to obtain the weighted normalized matrix. 

• Determining the Positive and Negative Ideal Solutions: 
define the positive and negative ideal solutions. 

• Determining the Ideal Positive and Negative Solution 
Distance: compute each alternative’s distance to the 
positive and negative ideals. 

• Determining the Preferences for Each Alternative → 
Ranking of Results → TOPSIS ranking results data: 
compute the preference score, rank the alternatives, and 
output TOPSIS ranking results. 

5) Ranking with FTOPSIS (right branch) 

• Normalizing the Weighted Fuzzy Matrices: perform 
fuzzy normalization and apply fuzzy weights. 

• Determining the Ideal Positive and Negative Fuzzy 
Solutions: set the fuzzy positive/negative ideals. 

• Determining the Ideal Distance of Positive Fuzzy and 
Negative Fuzzy Solutions: calculate distances in the 
fuzzy space (e.g., TFN distance). 

• Determining the Preferences for Each Alternative → 
Ranking of Results → FTOPSIS ranking results data: 
(de)fuzzify preference scores, rank the alternatives, and 
output FTOPSIS ranking results. 

6) Sensitivity evaluation across weight sets 

• Algorithm evaluation with different weights (MAD, 
MSE, SC): test the stability of both algorithms under 
weight changes using three metrics: 

o MAD (Mean Absolute Deviation): average absolute 
rank difference vs. the baseline (smaller = more 

stable). 

o MSE (Mean Square Error): average squared rank 

difference (more sensitive to large shifts). 

o SC (Spearman Correlation): rank-order consistency 

(closer to 1 = highly consistent). 

• Algorithm evaluation results: summarize which 
algorithm is more stable/robust under the tested weight 
profiles. 

B. Data Collection and Criteria 

1) Dataset source: This study uses data on food and 

beverage products from various stores on the Shopee Indonesia 

e-marketplace, collected using web scraping methods, 

amounting to 10,000 data points. 

The criteria used in the study were obtained from the 
questionnaire results to determine the importance of each 
criterion. Referring to previous studies and adding two new 
criteria, which are subscribers and followers. The criteria used 
can be seen in Table I. 

TABLE I. CRITERIA FOR SELECTING THE BEST PRODUCTS 

Criteria Description Type 

Rating Product evaluation by consumers Benefit 

Price Selling price of products Cost 

Sold Number of units sold of a product Benefit 

Discount Discounts on products Benefit 

Response 

Chat 

Percentage of conversations responded to by 

sellers 
Benefit 

C. Fuzzy Analytic Hierarchy Process (FAHP 

Here are the steps for weighting FAHP: 

1) Conversion of multi-criteria decision-making problems 

into hierarchical models. 

2) Identification of the importance of the pair-wise 

comparison matrix in determining the importance of criteria on 

the Saaty comparison scale is given in Table II. 
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TABLE II. INTENSITY OF INTEREST 

Verbal scale Numerical scale 

1 Both elements are equal 

3 A little more important 

5 Most important 

7 Much more important 

9 Absolutely more important 

2,4,6, and 8 Intermediate value 

invers 𝑎𝑖𝑗 = 1/𝑎𝑖𝑗 

3) Normalization of the weight of each criterion 

importance value and find its eigenvector value. 

4) Calculation of the consistency ratio using the index ratio 

to check the consistency of the weight values is given in Eq. (1): 

𝐶𝐼 =
𝜆𝑚𝑎𝑥−𝑛

𝑅𝐼∗(𝑛−1)
                                          (1) 

If the CR value is ≤ (less than or equal to) 0.1, then the 
criteria values are consistent. However, if not, a re-evaluation 
is necessary to ensure the consistency of the criteria values. 

5) Fuzzification of Pair-Wise Comparison Matrix into TFN 

Fuzzy Scale is given in Table III. 

TABLE III. PAIR-WISE FUZZY SCALE 

Intensity of importance Fuzzy Scale (l,m,u) 

1 (1,1,1) 

2 (1,2,3) 

3 (2,3,4) 

4 (3,4,5) 

5 (4,5,6) 

6 (5,6,7) 

7 (6,7,8) 

8 (7,8,9) 

9 (8,9,10) 

invers (l,m,u)𝑖𝑗 = (1/u, 1/m, 1/l)𝑖𝑗 

6) Fuzzy weight calculation using Fuzzy Geometrix Mean 

[Eq. (2)]: 

𝑤̃𝑖 = 𝑟̃𝑖 ⊗ (𝑟̃1 ⊕ 𝑟̃2 ⊕ … ⊕ 𝑟̃𝑛)
1

𝑛                   (2) 

7) Defuzzification of fuzzy weights using the Center Of 

Area method [Eq. (3)]: 

𝑤𝑖 = (𝑙𝑤𝑖 + 𝑚𝑤𝑖 + 𝑢𝑤𝑖)/3                      (3) 

8) Weight normalization [Eq. (4)]: 

𝑤𝑟 =  
𝑤𝑖

∑ 𝑤𝑖
𝑛
𝑖=1

                                (4) 

D. Technique for Order Preference by Similarity to Ideal 

Solution (TOPSIS) 

The steps of TOPSIS are as follows: 

1) Determination of the normalization of the decision 

matrix. 

The normalized weight value 𝑟𝑖𝑗 is calculated using the 
following Eq. (5): 

𝑟𝑖𝑗 =
𝑋𝑖𝑗

√∑ 𝑋𝑖𝑗
2𝑚

𝑖=1

                                      (5) 

2) Determination of the normalized weights of the decision 

matrix. 

The normalized weight value 𝑦𝑖𝑗 is calculated using the 
following Eq. (6): 

𝑦𝑖𝑗 =  𝑊𝑖𝑗 𝑥 𝑟𝑖𝑗                               (6) 

provided that: 

𝐴+ =  (𝑦1
+, 𝑦2

+,…  , 𝑌𝑁
+) 

𝐴− =  (𝑦1
−, 𝑦2

−,…  , 𝑌𝑁
−) 

Description: 

𝑦+ = (𝑚𝑎𝑥 𝑖𝑦𝑖𝑗;if j is an alternative category of benefits) 

𝑦− = (𝑚𝑖𝑛 𝑖𝑦𝑖𝑗; if j is an alternative category of Costs) 

With a value of  j = 1, 2, …n 

3) Calculation of the distance between the Ai alternative 

and the positive ideal solution using the following Eq. (7): 

𝐷𝑖
+ = √∑ (𝑦𝑗

+ − 𝑦𝑖𝑗)2𝑛
𝑗=1                           (7) 

4) Calculation of the distance between the Ai alternative 

and the ideal solution using Eq. (8): 

𝐷𝑖
− = √∑ (𝑦𝑖𝑗 + 𝑦𝑗

−)2𝑛
𝑗=1                           (8) 

5) Calculation of the preference value for each alternative 

(Vi) using Eq. (9): 

𝑉𝑖 =  
𝐷I

−

𝐷I
−+𝐷𝐼

+                                      (9) 

E. Fuzzy Technique for Order Preference by Similarity to 

Ideal Solution (FTOPSIS) 

The steps of Fuzzy TOPSIS are as follows: 

1) Fuzzyfication of the decision matrix into TFN fuzzy 

values becomes three values: low, medium, and upper. 

2) Determination of the normalization of the decision 

matrix. The normalized weight values 𝑟𝑖𝑗 are calculated using 

the following equation: 

Benefit Criteria [Eq. (10)]: 

𝑟̌𝑖𝑗 = (
𝑎𝑖𝑗

𝑐𝑖
MAX +

𝑏𝑖𝑗

𝑏𝑖
MAX +

𝑐𝑖𝑗

𝑎𝑖
MAX )                     (10) 

Cost Criteria [Eq. (11)]: 

𝑟̌𝑖𝑗 = (
𝑐𝑖

MAX

𝑎𝑖𝑗
+

𝑏𝑖
MAX

𝑏𝑖𝑗
+

𝑎𝑖
MAX

𝑐𝑖𝑗
)                  (11) 

provided that: 

𝐴+ = (max𝑎𝑖𝑗 max 𝑏𝑖𝑗 ,max 𝑐𝑖𝑗) 
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𝐴− = (min𝑎𝑖𝑗 min𝑏𝑖𝑗 , min𝑐𝑖𝑗) 

3) Calculation of the distance between the Ai alternative 

and the positive ideal solution using Eq. (12): 

𝐷𝑖
+ = ∑ √

1

3
{(𝑎𝑖𝑗̌ − 𝐴𝑖

+) + (𝑏𝑖𝑗̌ − 𝐴𝑖
+) + (𝑐𝑖𝑗̌ − 𝐴𝑖

+)}𝑛
𝑖=𝑗   (12) 

4) Calculation of the distance between the Ai alternative 

and the negative ideal solution using Eq. (13): 

𝐷𝑖
− = ∑ √

1

3
{(𝑎𝑖𝑗̌ − 𝐴𝑖

−) + (𝑏𝑖𝑗̌ − 𝐴𝑖
−) + (𝑐𝑖𝑗̌ − 𝐴𝑖

−)}𝑛
𝑖=𝑗  (13) 

5) Calculation of the preference value for each alternative 

(Vi) using Eq. (14): 

𝑉𝑖 =  
𝐷1

−

𝐷1
−+𝐷𝐼

+                                     (14) 

F. Sensitivity Analysis 

The following are the equations for sensitivity analysis. 

1) Mean Absolute Deviation (MAD) 

The following is the equation for MAD [Eq. (15)]: 

𝑀𝐴𝐷 =
1

𝑛
∑ |𝑥𝑖𝑗 − YJ|𝑛

𝑖=1                        (15) 

2) Mean Squared Error (MSE) 

The following is the equation for MSE [Eq. (16)]: 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑥𝑖𝑗 − 𝑦𝑗)2𝑛

𝑖=1                    (16) 

3) Spearman's Correlation (SC) 

The following is the equation for SC [Eq. (17)]: 

𝑆𝐶 = 𝑟𝑠 = 1 −
6∑ 𝑑𝑖

2

𝑛(𝑛2−1)
                      (17) 

IV. RESULTS AND DISCUSSION 

A. Criteria Weight Calculation Using FAHP 

The first step is to convert the multi-criteria decision-
making problem into a hierarchical model consisting of 
objectives, criteria, sub-criteria (if any), and alternatives. The 
following is a decision hierarchy illustrated in Fig. 2. 

The hierarchical model in this study consists of three levels: 
objectives, criteria, and alternatives. The first level is the 
objective, which is to determine the most potential product to 
sell for home-based sellers. The second level consists of five 
criteria: rating, price, sold, discount, and chat response. The 
third level contains product alternatives to be evaluated: 
Product 1 to Product N. 

 
Fig. 2. Decision hierarchy. 

 
Fig. 3. Level of importance criteria . 
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After establishing the hierarchy, the next step was to 
determine the level of importance of each criterion. This was 
done by distributing questionnaires to sellers and successfully 
obtaining 103 respondents. The results of determining the level 
of importance are shown in Fig. 3. 

Once the criteria were known, pair-wise comparisons were 
then conducted for each criterion, as in Table IV. 

TABLE IV. MATRIX PAIR-WISE COMPARISON 

 Rating Price Sold Discount 
Response 

Chat 

Rating 1 2 3 4 5 

Price 
1

2
 1 2 3 4 

Sold 
1

3
 

1

2
 1 2 3 

Discount 
1

4
 

1

3
 

1

2
 1 2 

Response 

Chat 

1

5
 

1

4
 

1

3
 

1

2
 1 

The results of the weights (eigenvectors) of each criterion 
from the pair-wise comparison results can be used to calculate 
the best product selection, as shown in Table V. 

TABLE V. EIGENVECTOR 

Criteria Eigenvector 

Rating 0.416 

Price 0.262 

Sold 0.161 

Discount 0.099 

Response Chat 0.062 

Then, the eigenvector is evaluated by determining the 
Consistency Ratio (CR) using Eq. (1). The Consistency Ratio 
obtained is 0.022, which is less than 0.1, so the matrix obtained 
previously is consistent and does not need to be corrected. 

After the matrix is consistent, fuzzification is performed on 
the pair-wise matrix according to the FAHP matrix scale, as in 
Table III. The following are the fuzzification results as shown 
in Table VI. 

TABLE VI. FUZZY MATRIX PAIR-WISE 

 Rating Price Sold Discount RC 

Rating (1;1;1) (1;2;3) (2;3;4) (3;4;5) (4;5;6) 

Price (
1

3
;

1

2
; 1) (1;1;1) (1;2;3) (2;3;4) (3;4;5) 

Sold (
1

4
;

1

3
;

1

2
) (

1

3
;

1

2
; 1) (1;1;1) (1;2;3) (2;3;4) 

Discount (
1

5
;

1

4
;

1

3
) (

1

4
;

1

3
;

1

2
) (

1

3
;

1

2
; 1) (1;1;1) (1;2;3) 

RC (
1

6
;

1

5
;

1

4
) (

1

5
;

1

4
;

1

3
) (

1

4
;

1

3
;

1

2
) (

1

3
;
1

2
; 1) (1;1;1) 

After the matrix has been fuzzified, the fuzzy weight will be 
calculated using Eq. (2), and the results of the calculation are 
shown in Table VII. 

TABLE VII. FUZZY WEIGHT 

Criteria L M U 

Rating 0,421 0,417 0,389 

Price 0,256 0,263 0,272 

Sold 0,156 0,160 0,171 

Discount 0,098 0,097 0,104 

Response Chat 0,069 0,062 0,063 

Next, defuzzification of the fuzzy weights from the fuzzy 
weight calculations performed using Eq. (3), and the weights 
were normalized using Eq. (4). The results can be seen in 
Table VIII. 

TABLE VIII. CRIPS WEIGHT 

Criteria Weight 

Rating 0.409 

Price 0.264 

Sold 0.163 

Discount 0.100 

Response Chat 0.065 

CR 0.015 

B. Product Ranking using TOPSIS 

After obtaining the weight of each criterion, the calculation 
of the best product ranking was carried out using 10,000 (ten 
thousand) alternatives obtained from the Shopee Indonesia 
website, as shown in Table IX. 

TABLE IX. DATASET TOPSIS 

A/C C1 C2 C3 C4 C5 

A1 2 5000 10 0 14 

A2 4 55000 5 0 82 

A3 3 88000 2 5 50 

A4 5 11000 9 0 79 

A5 5 17999 10 0 41 

A6 5 18900 31 0 38 

A7 5 9500 2 0 96 

A8 5 75900 64 0 91 

A9 5 39999 125 0 66 

A10 4 13000 83 30 94 

……….. 

A10000 5 4750 8 0 89 

Next, calculations were performed using the TOPSIS 
method with Eq. (6) for weight normalization, Eq. (7) and 
Eq. (8) for negative and positive ideal values, and Eq. (9) to find 
the utility value of each alternative, as in Table X. 

After that, the scores were calculated and ranked from the 
highest to the lowest. The following are the top 10 rankings as 
shown in Table XI. 
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TABLE X. UTILITY VALUE 

A/C C1 C2 C3 C4 C5 

A1 0,00029 0,00128 0,00007 0,00000 0,00013 

A2 0,00322 0,00256 0,00003 0,00000 0,00074 

A3 0,00515 0,00192 0,00001 0,00043 0,00045 

A4 0,00064 0,00320 0,00006 0,00000 0,00071 

A5 0,00105 0,00301 0,00007 0,00000 0,00037 

A6 0,00111 0,00308 0,00021 0,00000 0,00034 

A7 0,00056 0,00320 0,00001 0,00000 0,00087 

A8 0,00444 0,00308 0,00044 0,00000 0,00082 

A9 0,00234 0,00308 0,00085 0,00000 0,00060 

A10 0,00076 0,00282 0,00057 0,00258 0,00085 

…………. 

A10000 0,00028 0,00320 0,00005 0,00000 0,00080 

TABLE XI. TOPSIS RANKING RESULTS 

Rank Alternative Score 

1 A5948 0,945977 

2 A5950 0,897357 

3 A6375 0,775835 

4 A6625 0,705012 

5 A3358 0,668346 

6 A2667 0,649551 

7 A3930 0,563599 

8 A5312 0,498368 

9 A776 0,423548 

10 A6521 0,415185 

C. Product Ranking Using FTOPSIS 

The calculation using the FTOPSIS method was performed 
using fuzzy weights with three values from FAHP. The dataset 
used the data in Table IX, which was converted into Fuzzy TFN 
form in Table XII. 

Next, calculations were performed using the FTOPSIS 
method with Eq. (10) for normalization if the criterion was 
Benefit and Eq. (11) if the criterion was Cost, as well as 
Eq. (12) and Eq. (13) for negative Fuzzy and positive Fuzzy 
ideal values. Then, the score was calculated using Eq.  (14). The 
final results can be seen in Table XIII. 

D. Graph of Ranking Changes 

To evaluate the impact of weight variations on the ranking 
results, a comparative analysis was conducted using both Fuzzy 
TOPSIS and classical TOPSIS methods. The results are 
presented in the following figures, which illustrate how the 
rankings of alternatives change under different weight 
scenarios. 

The first graph in Fig. 4 shows the ranking changes of 
alternatives under different weight scenarios using the Fuzzy 
TOPSIS method. Most alternatives show relatively stable 
rankings with minor shifts, but A919 and A5774 demonstrate 
sharp fluctuations, especially under the Second Weight 
scenario, where their ranks rise drastically. This indicates that 

Fuzzy TOPSIS is more sensitive to weight variations, 
particularly for certain alternatives, and may produce 
significant rank changes when the weights are adjusted. 

TABLE XII. DATA FTOPSIS 

A/C C1 C2 C3 C4 C5 

A1 
(1.8;2.0;

2.2) 

(4500;5000;55

00) 
(9.0;10;11) (0;0;0) 

(12.6;14;

15.4) 

A2 
(3.6;4.0;

4.4) 

(49500;55000;

60500) 
(4.5;5;5.5) (0;0;0) 

(73.8;82;

90.2) 

A3 
(2.7;3.0;

3.3) 

(79200;88000;

96800) 
(1.8;2;2.2) 

(4.5;5;

5.5) 

(45;50;55

) 

A4 
(4.5;5.0;

5.5) 

(9900;11000;1

2100) 
(8.1;9;9.9) (0;0;0) 

(71.1;79;

86.9) 

A5 
(4.2;4.7;

5.2) 

(16199;17999;

19799) 
(9.0;10;11) (0;0;0) 

(36.9;41;

45.1) 

A6 
(4.3;4.8;

5.3) 

(17010;18900;

20790) 

(27.9;31;3

4.1) 
(0;0;0) 

(34.2;38;

41.8) 

A7 
(4.5;5.0;

5.5) 

(8550;9500;10

450) 
(1.8;2;2.2) (0;0;0) 

(86.4;96;

106) 

A8 
(4.3;4.8;

5.3) 

(68310;75900;

83490) 

(57.6;64;7

0.4) 
(0;0;0) 

(81.9;91;

100) 

A9 
(4.3;4.8;

5.3) 

(35999;39999;

43999) 

(112.5;125

;138) 
(0;0;0) 

(59.4;66;

72.6) 

A10 
(4.0;4.4;

4.8) 

(11700;13000;

14300) 

(74.7;83;9

1.3) 

(27;30;

33) 

(84.6;94;

103) 

……….. 

A100

00 

(4.5;5.0;

5.5) 

(4275;4750;52

25) 
(7.2;8;8.8) (0;0;0) 

(80.1;89;

97.9) 

TABLE XIII. FTOPSIS RANKING RESULTS 

Rank Alternative Score 

1 A5948 0,67910 

2 A5950 0,63945 

3 A6375 0,60883 

4 A771 0,56562 

5 A2667 0,56104 

6 A2025 0,52758 

7 A2384 0,52582 

8 A5774 0,52290 

9 A919 0,52283 

10 A1623 0,52274 

 
Fig. 4. FTOPSIS ranking change chart. 
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Fig. 5. TOPSIS ranking change chart. 

The second graph in Fig. 5 displays the ranking results 
under different weight scenarios using the classical TOPSIS 
method. In this case, the rankings remain perfectly consistent 
across all scenarios, with all lines overlapping into a straight 
diagonal pattern. This demonstrates that TOPSIS yields a 
highly stable ranking outcome that is unaffected by weight 
modifications, showing robustness in preserving rank order 
despite changes in weights. 

Together, the two graphs highlight a contrast: Fuzzy 
TOPSIS provides more flexibility but introduces higher 
sensitivity to weight changes, while TOPSIS delivers more 
stable and robust results, maintaining the same ranking across 
different scenarios. 

E. Sensitivity Analysis 

Sensitivity analysis was conducted by re-ranking 
alternatives using three different FAHP weight datasets and 
comparing the rankings from the main weights with those from 
the experimental weights to assess the impact of weight 
changes on alternative rankings, using Mean Absolute 
Deviation (MAD), Mean Square Error (MSE), and Spearman 
Correlation (SC). 

1) MAD: The following are the MAD results of the two 

methods used, as shown in Fig. 6. 

 
Fig. 6. Mean absolute deviation graph. 

The results of the Mean Absolute Deviation (MAD) 
calculation in Fig. 6 show that TOPSIS has the highest ranking 
stability in Weight 1 (89) but is sensitive in Weight 3 (270). 
Conversely, Fuzzy TOPSIS is relatively unstable in Weight 1 
(209) and most sensitive in Weight 2 (301), but shows the best 
stability in Weight 3 (144). In general, TOPSIS is more stable 

in the initial weights, while Fuzzy TOPSIS performs better in 
certain weights, but with greater fluctuations. 

2) MSE: The following are the MSE results of the two 

methods used, as shown in Fig. 7. 

 
Fig. 7. Mean square error graph. 

The Mean Square Error (MSE) results in Fig. 5 show that 
TOPSIS has the smallest error in Weight 1 (18.486) and 
increases significantly in Weight 2 (161.467) and Weight 3 
(147.712). Conversely, Fuzzy TOPSIS has the lowest MSE for 
Weight 3 (51.791) but the highest for Weight 2 (223.736). In 
general, TOPSIS is more stable at the initial weights, while 
Fuzzy TOPSIS performs better for Weight 3, despite having 
larger error fluctuations. 

3) SC: The following are the SC results of the two methods 

used, as shown in Fig. 8. 

 
Fig. 8. Spearman correlation graph. 

The Spearman Correlation results in Fig. 8 show that Fuzzy 
TOPSIS has a very high and consistent correlation in all weight 
scenarios: 0.9933 (Weight 1), 0.9862 (Weight 2), and 0.9968 
(Weight 3). Meanwhile, TOPSIS recorded the highest 
correlation in Weight 1 (0.9715) and the lowest in Weight 2 
(0.8695), with a moderate value in Weight 3 (0.9341). Overall, 
Fuzzy TOPSIS demonstrated better ranking stability compared 
to TOPSIS across all weight scenarios. Overall, Fuzzy TOPSIS 
demonstrated better ranking stability compared to TOPSIS 
across all weight scenarios. 

Based on the results of testing using three evaluation 
metrics, namely Mean Absolute Deviation (MAD), Mean 
Square Error (MSE), and Spearman Correlation (SC), it was 
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found that TOPSIS showed the best stability at the initial weight 
(MAD = 89; MSE = 18.486; SC = 0.9715), while Fuzzy 
TOPSIS outperformed it at Weight 3 (MAD = 144; MSE = 
51.791; SC = 0.9968) and maintained consistently high 
correlation values across all weight scenarios. However, Fuzzy 
TOPSIS tends to experience greater error fluctuations in 
Weight 2. These findings indicate that the selection of the 
appropriate method and weight settings significantly influences 
the stability and accuracy of the ranking results. 

Based on sensitivity analysis using MAD, MSE, and 
Spearman's Correlation (SC), it can be concluded that at the 
base weight (Weight 1), TOPSIS shows the best ranking 
stability—characterized by relatively low mean absolute 
deviation and mean square error as well as high ranking 
correlation with the reference. However, when the weights are 
shifted (particularly in the Weight 3 pattern), Fuzzy TOPSIS 
(FTOPSIS) is superior in maintaining consistency in the order, 
as reflected in the SC value that is very close to 1, even though 
the error profile increased in the Weight 2 configuration. 

V. CONCLUSION 

This study fills the gap by constructing a simple, field data-
based model, comparing two approaches (FAHP–TOPSIS and 
FAHP–FTOPSIS), and then testing the stability of the results in 
scenarios of minor changes and significant weight changes. 
From this, practical guidelines that are easy to follow are 
compiled: Fuzzy TOPSIS is more appropriate when the data 
tends to be vague but the changes are small, while TOPSIS is 
more suitable when the focus of the assessment shifts 
significantly. The process is easy to repeat, and the consistent 
peak results in both approaches show that the recommendations 
produced are reliable. 

The results of the comparative ranking analysis using the 
FAHP-TOPSIS and FAHP-FTOPSIS hybrid methods to 
support decision making in selecting potential products for 
home-based sellers. The alternative ranking results show that 
the first-ranked alternative is the same in both the FAHP-
TOPSIS and FAHP-FTOPSIS methods: alternative A5948; 
however, the scores are different. In the FAHP-TOPSIS results, 
the score for this alternative is 0.945977, while in the FAHP-
FTOPSIS results, this alternative receives a score of 0.67910. 
This proves that the addition of the Fuzzy approach to TOPSIS 
does not affect the product ranking results but does affect the 
score values of the product alternatives. 

The sensitivity test results show that, FAHP-TOPSIS is 
stronger in dealing with changes in criterion weights, with the 
best results for weight one. Mean Absolute Deviation 89, Mean 
Square Error 18.486, and Spearman Correlation 0.972. 
Conversely, FAHP-FTOPSIS shows superiority at weight 
three—Mean Absolute Deviation 144, Mean Square Error 
51.791, and Spearman Correlation 0.997, though its 
performance is more fluctuating at other weights. Practically, 
for baseline weighting scenarios in product selection, TOPSIS 
is the most stable choice; while for scenarios with weight 
variations (e.g., shifting seller preferences), FTOPSIS offers 
better ranking robustness, with the caveat that controlling error 
variance at certain weights remains necessary. 

In short, FAHP-FTOPSIS is the safer choice for messy, 
real-world settings with uncertain or shifting preferences 
because it keeps rankings more stable. FAHP-TOPSIS can be 
attractive when decision makers have crisp, well-defined 
weights and you mainly care about minimizing numerical error. 
So, use FAHP-FTOPSIS as the default under ambiguity; switch 
to FAHP-TOPSIS when preferences are clear and consistency 
is less of a concern. 

These findings can serve as a practical guideline for sellers. 
When preferences are uncertain or may shift over time as is 
common in dynamic marketplaces, FAHP-FTOPSIS should be 
the default because it keeps rankings stable and reliable under 
ambiguity. When priorities are crisp and well agreed upon, 
FAHP-TOPSIS can be used to emphasize minimal numerical 
error. In both cases, the resulting rankings are actionable: 
sellers can use them to shortlist products, allocate budget, and 
schedule promotions with greater confidence. We also 
recommend reviewing weights periodically (e.g., when market 
conditions or campaign goals change) and re-running the 
analysis so that the ranking continues to reflect current strategy 
and risk tolerance. 
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