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Abstract

:

The recommendation of the optimal selling rules for any product or service is challenging, owing to the complexity of the customer’s behavior and the competitiveness existing in the telecom retail industry. This study proposes a recommendation model for selling rules that utilizes a hybrid decision-making approach based on K-means and the C5.0 decision tree to analyze the historical sales information of telecom retailers. To evaluate the efficacy of the proposed recommendation model, it was used to analyze original data from a case company. The results indicated that the proposed hybrid decision-making approach resulted in sales content with a high gross profit and high agreement rates. The experimental results show each cluster that can be used to identify rules for the combination of good tariff items in different tariff ranges. Rules for the recommendation of special tariffs are also established to assist salespeople.
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1. Introduction


Concomitant with the advent of the Internet of Things (IoT), it became possible to obtain and store data quickly and cheaply in large quantities. However, owing to the huge amount of complex big data with multiple attributes involved, conventional statistical methods and data analysis tools can no longer suffice. Consequently, the question of how to extract effective and meaningful knowledge from these historical data has become an important research topic. In recent years, the most commonly used analysis method for big data involves applying data mining-related approaches to extract features and patterns from huge datasets [1,2,3] so as to obtain meaningful or valuable information.



Nowadays, in terms of big data, enterprises focus on Internet usage behavioral records and internal data. For the former, they primarily analyze behavioral records before the transaction, including web browsing records, hotspot analysis, and online purchase behavior [4,5]. The latter involves post-transaction records, such as sales receipts, sale mix, and merchandise turnover [6]. Data mining can be applied to analyze these different types of data effectively, observe the correlation between the data through a suitable data mining model [7], find important information hidden in the data, and provide enterprises with supporting evidence for improvement. Enterprises usually apply sales data to predictive marketing by analyzing historical sales data to predict future development in the market and further predict the enterprise’s future sales trends [8] as the basis for corporate decision making. Regarding decision making, enterprises or various industries can apply hybrid data envelopment analysis to solve performance evaluation problems [9].



This study utilizes a telecom cooperative store in Taiwan as the research object. The sales behavior of the telecom retail industry differs from that of the general retail industry, as the former is similar to that of the insurance industry. In the telecom retail industry, not only are goods sold, but it is also necessary to introduce telecom tariff bidding contracts that meet the needs of users. In particular, the sale of telecom tariffs is very complicated. A telecom carrier provides diversified telecom tariffs and contract periods [10] based on the needs of different customers. At the same time, it also provides different product discounts [11] and advance payment discounts [5] based on customer qualifications, county of residence, and professional status. Furthermore, it also provides different sales commissions to the telecom cooperative store for different telecom tariffs.



The important elements in the composition of project tariffs can be roughly categorized into seven items: commodity, commodity cost, commodity project price, project tariffs, number of contract periods, advance payments, and project commission. Among them, commodity project prices, advance payments, and project commission are affected by the different product discounts and advance payment discounts derived from factors such as customer qualifications, county of residence, and occupation. For example, with the same combination of smart mobile A and telecom tariffs, a contract period of 30 months or 24 months corresponds to a project commission of TWD 21,000 or TWD 16,000, respectively. With smart mobile A and smart mobile B, in combination with telecom carrier T, the project tariffs are both TWD 1599, and when the contract period is 24 months, the telecom tariff includes a project commission of TWD 16,000 and TWD 14,000, respectively. However, the seven items constituting the telecom tariff are all affected by changes in any factor such that hundreds of thousands of telecom tariff and commodity (TTC) mixes have been generated with combinations of different conditions. Consequently, salespeople may be unable to digest the content effectively and consequently sell a TTC mix that is unsuitable for the users and which also does not meet the corporate income.



Most of the existing studies on the telecom retail industry are primarily based on market segmentation or customer research. No study has been conducted on the improvement of gross profit in the telecom retail industry. Although several studies have been conducted on data mining and retail sales, no data exploration has been conducted to analyze the sales information of telecom retailers. Thus, the main purpose of this research study is to establish a recommendation model for selling rules by applying a hybrid decision-making approach based on K-means and the C5.0 decision tree to record historical sales under different TTC mixes and to select TTC mixes with higher revenue and higher transaction frequencies. The rules of these excellent combinations are further analyzed so as to allow salespeople to provide the TTC mix that meets the needs of and maximizes revenue for customers with different needs when selling. The contribution of the recommendation model for selling rules proposed in this research study is that, even with the same rules, different types of TTC mixes that include a variety of goods at different prices with different project tariffs can be proposed. Salespeople can therefore provide more types of TTC mixes in line with the customer’s needs and will thus have more opportunities to recommend TTC mixes with a higher gross profit to assist the telecom cooperative store in establishing effective sales behavior.



The remainder of this paper is organized as follows. Section 2 presents the existing studies related to data mining in the telecommunications industry and studies related to K-means clustering and C5.0 decision tree classification. Section 3 gives the research methodology based on rule analysis with C5.0 and the clustering process. Section 4 presents experimental results and discussion. Finally, Section 5 offers conclusions, research limitations, and directions for future research.




2. Related Work


This research study mainly focuses on telecom cooperative stores and data mining. The relevant literature on the telecom industry and data mining is therefore discussed from the following three perspectives: relevant development of the telecom industry in data mining, the use of data mining for sales behavior, and the data mining methods used in this research.



2.1. Data Mining in the Telecommunications Industry


The relevant studies on commercial applications of data mining in the telecommunications industry are focused mainly on market segmentation, consumer behavior, and customer loss [10]. Keramati and Marandi [12] used machine learning and a neural network to explore and analyze user service preferences, customer satisfaction, and consumer values and then performed cluster analysis of the differences between the clusters. Li et al. [13] explored factors of customer churn behavior and made research hypotheses based on accounting charge, usage, user data, and demographic variables. They reported that there is a significant relationship between the monthly call volume or usage and customer churn and that attention to gender and age can help increase the market share. Shirazi and Mohammadi [1] constructed a predictive churn model by utilizing big data. The data comprised information from web pages, the number of website visits, and phone conversation logs. They also examined the effects of different aspects of customers’ behavior on churning decisions. Cavalinhos et al. [14] provided an overview of what is currently known about the effect of the in-store use of mobile devices on the shopping experience to assist telecom cooperative stores in finding complementary TTC mixes. When a product is out of stock or a new product is on the market, it becomes possible to quickly understand the projected telecom tariff that the commodity can be matched with. The research mainly analyzed the tariffs proposed by telecom carriers to provide information to telecom cooperative stores as a reference for making decisions on TTC mix procurement.




2.2. K-Means Clustering


Sinaga and Yang [15] provided an unsupervised K-means clustering algorithm for finding the most representative data of each cluster as the cluster center from a large and multidimensional dataset. Through continuous iteration, the minimum value of the square of the distance between each data point and its cluster center is calculated, and the error of the distance within the cluster is gradually reduced. When the results of clustering no longer change, the clustering results and the cluster center obtained are approximately the optimal solution. K-means is an unsupervised machine learning method. It has the advantages of a high clustering speed and efficiency, and thus it is suitable for processing large datasets. The main principles of this algorithm are as follows: the K points are randomly selected as initial clustering centers, and then the distances between each sample and the total distance between clustering centers and each data are calculated [16]. Chowdhury et al. [17] attempted to solve the scalability problem of conventional K-means recommendation systems. The conventional recommendation systems based on K-means have randomly generated cluster center points initially, resulting in an unstable overall accuracy and increased training costs. Chowdhury et al. [17] proposed to select the cluster center points based on the underlying data structure and conducted a large number of experiments with five different types of datasets. It was concluded that the proposed method could converge faster than the conventional method, and the obtained clustering was more accurate. Ou et al. [18] used K-means for sales forecasting of perishable foods with multiple stores and communities, which is capable of providing operators with different marketing strategies for customers in different clusters to increase profits and save costs.



The K-means clustering algorithm calculates the distance between each data point and the cluster center and reduces the error function successively with the objective of minimizing the square error within each cluster. Its expression is as follows:


  a r g m i n   ∑   i = 1  k    ∑    x j  ∈  S i      ‖  X j  −  u i  ‖  2   



(1)




where K is the number of clusters, Si is the cluster data, ui is the cluster center of the Kth cluster, and Xj is the ith data in the Kth cluster.




2.3. C5.0 Decision Tree Classification


Decision trees can be used in data mining to find rules from the classified data and use them for automatic classification and prediction of classification [19]. Depending on the different characteristics, classifications or decisions can be presented in a tree structure called a decision tree, based on which rules can be generated or discovered [20]. The C5.0 decision tree can effectively avoid noise and abnormal values in the training dataset, improve the processing of huge amounts of data, reduce memory consumption, increase accuracy, divide the dataset according to the maximum profit field [21], and handle continuous and categorical variables [22]. At present, C5.0 is widely used in related research studies in different fields. For example, Wang [23] proposed a classification model based on C5.0 to achieve effective descriptions of the clustering rules. The methods proposed herein can help retailers find and utilize complementary tariff products for mobile numbers as the basis for future sales and procurement. Chiang [24] applied the C5.0 decision tree for discovering valuable markets and mining useful customer rules that are applied to marketing information or customer relationship management (CRM) systems for identifying valuable customers and data-driven marketing strategies in Taiwan. Acquila-Natale and Iglesias-Pradas [25] utilized C5.0 to build a predictive model for identifying five categories related to perceived value, including perceived quality, monetary costs, non-monetary costs, hedonic elements, and brand knowledge, adding demographic characteristics and variables related to lock-in effects in multichannel shopping behavior.



The procedure of a C5.0 decision tree is as shown below:



Step 1. Dataset S is defined, which contains n different categories C as follows:



Ci (i = 1, 2, …, n)



S = {C1, C2, …, Cn}



Step 2. Expected information is calculated using the formula below:


  i n f o  ( S )  =   ∑   i = 1  n     (   C i  , S  )     | S |      log  2   {  f r e q  (     (   C i  , S  )     | S |     )   }   



(2)







S represents all data, and   f r e q  (     (   C i  , S  )     | S |     )    is the frequency of the ith category occurring in the dataset.



Step 3. Information gain is calculated.



According to the variable x, information of all data can be divided into m sub-datasets, expressed as


  I n f o  ( S )  = −   ∑   i = 1  n     |   S i   |     | S |    × i n f o  (   S i   )   



(3)







After dividing the data, the information gain by variable x is



Gain(A) = Info (S) − Infox(S)



Step 4. From Gain(A), the maximum information gain can be obtained and used as a branch node. The calculation procedure for other input properties is the same as the steps above, and when the result no longer changes, the calculation is stopped.



It is known from the above studies that, at present, the telecom retail industry is focused on market analysis and customer analysis. From the relevant research studies on data mining, it can be found that in many industries, data mining has already been introduced for sales-related analysis, but few research studies focus on the telecom retailer, who is close to consumers. Therefore, this research study analyzes the historical sales data of the telecom retail industry in an attempt to discover a project TTC mix with high gross profit that also meets consumer needs, thus providing a good project TTC mix model to salespeople to assist in sales.





3. Methodology


Based on data mining, this research study establishes a recommendation model for selling rules and provides accurate and highly similar TTC mixes to salespeople to assist with sales so that the salespeople can consider the needs of consumers and the interests of the company at the same time. The recommendation model for selling rules is a hybrid decision-making approach based on K-means and the C5.0 decision tree. This research study performs cluster analysis on historical sales data based on TTC mix components and gross profit to obtain the approximate optimal clustering results. However, the approximate optimal clustering results can neither express the clustering rules effectively and clearly nor be used as a model. Therefore, this research study will conduct rule analysis with C5.0 and establish a classification rule model based on the approximate optimal clustering results.



3.1. Research Framework


As shown in Figure 1, the framework of this research study consists of four stages: data acquisition and preprocessing, cluster analysis, rule analysis, and finally establishment of the proposed recommendation model for selling rules. The following subsections describe in detail the research roadmap.




3.2. Data Acquisition and Preprocessing


At this stage, the data required in this research study are acquired and sorted. Owing to the complexity in the components of the sales data of the telecom retail industry, it is necessary to determine the factors related to the problems this research study attempts to solve based on relevant research by scholars in the past and the practical experience of relevant personnel in the telecom retail industry as well as classify these factors based on relevant research by scholars in the past.




3.3. Cluster Analysis


At this stage, cluster analysis is performed on the data prepared such that data with high similarity can be classified into the same cluster until all the data in the dataset are given a clear classification. In this research study, K-means is used as the algorithm for the cluster analysis because of its high accessibility and fast convergence. Based on the calculated results of the silhouette coefficient, the number of clusters in the K-means algorithm is determined. Subsequently, cluster analysis based on the K-means algorithm is performed on the dataset acquired that has undergone preprocessing so as to obtain approximate optimal clustering results. The following are the steps in the procedure using the K-means algorithm in this research study:




	
Step 1. The number of clusters is set at K;



	
Step 2. K data points are selected as the cluster centers;



	
Step 3. The distance between each data point and each cluster center is calculated so as to classify the data point into its closest cluster;



	
Step 4. In each cluster, a new center is calculated using all data points belonging in the respective cluster;



	
Step 5. Step 3 and Step 4 are repeated until clustering results no longer change or the maximum number of iterations is reached.









3.4. Rule Analysis


At this stage, the main purpose is to determine the significance of each factor and a collection of rules through rule analysis. In this research study, the approximate optimal clustering results obtained through cluster analysis are combined with their corresponding original data. The significance of each factor as well as the rule collection of each cluster are obtained through rule analysis. The factor significance represents the influence of each factor on the sales behavior, while the rule collection expresses that this selling recommendation is a specific cluster when the sales behavior meets certain conditions. The recommendation model for selling rules proposed in this research study generates easy-to-interpret rules for different clusters. The IF part of the rule contains a combination of data attributes and the conjunction word (and), and the THEN part of the rule is the predicted classification attribute, as illustrated in the following example:



IF commodity cost > TWD 5001 AND selling gross profit > TWD 5001, THEN selling recommendation is Cluster 1



With the recommendation model for selling rules established in this research study, the TTC mix with a relatively high gross profit and the TTC mix with a relatively large number of sales in each cluster are determined. These two types of TTC mixes are ordered in terms of telecom tariffs and commodity costs to recommend the corresponding TTC mix.





4. Experimental Results and Discussion


4.1. Case Company and Data Preparation


The main operations of the case company in this research study involve telecom tariff services and general telecom commodity retail. The telecom tariff system was provided by the three main telecom carriers in Taiwan: F, W, and T. Their data quantities and ratios are shown in Table 1. In addition, the main services of the case company were personal mobile services, corporate network communication services, simple voice resale services, and mobile value-added services. The telecom tariff sales data covering the period between March 2020 and April 2021 were obtained from the case company, and the dataset covers more than 100 retail outlets.




4.2. Dataset and Preprocessing


Based on relevant research studies on the telecom retail industry by scholars [8,10] in the past and the case company’s sales experience, the sales data between March 2020 and April 2021 were analyzed. Subsequently, we concluded that the appropriate data attributes include commodity cost, commodity project price, project commission, gross profit, advance payments, and project tariffs, for which different price ranges were defined. The commodity cost is the cost of the matching products for the project. Based on relevant research studies on telecom tariffs [26,27], a commodity cost with an interval of 5000 can be divided into four levels: low-price commodity, medium-price commodity, medium-to-high-price commodity, and high-price commodity. The commodity project price is the price of the project with commodity. Based on relevant research studies on telecom tariffs [6,27], a commodity project price with an interval of 4000 can be divided into four levels: low-price project commodity, medium-price project commodity, medium-to-high-price project commodity, and high-price project commodity. The commission is the profit earned by salespeople for selling projects. The salespeople can decide whether to return the commission to the consumers so as to improve the probability of successful contracts. For the case company, with an interval of 3000, the commission could be divided into 12 levels. This research defined the selling gross profit and divided it into four intervals: low, medium, medium-high, and high. Advance payments are the fees consumers pay to the telecom carrier in advance, which can be used to pay for future telecom-related services. Based on the relevant research studies on telecom tariffs [27], advanced payments with an interval of 7000 can be divided into four levels: small advance payments, medium advance payments, medium-to-large advance payments, and large advance payments. The telecom tariff provided prices for different combinations of services to the telecom carriers which, with an interval of 200, were divided into 14 levels in this research study.




4.3. Experimental Results


In this research study, the dataset was divided into five clusters based on the K-means clustering algorithm, and rule analysis was carried out for the five clusters with the C5.0 decision tree. Table 2 shows the statistics of each cluster. Cluster 1 contained 3146 sales data points, corresponding to 30.5% of all data, with a total of 3 rules. Cluster 2 contained 1691 sales data points, corresponding to 16.39%, with a total of 5 rules. Cluster 3 contained 2493 sales data points, corresponding to 24.17% of all data, with only 1 rule. Cluster 4 contained 1977 sales data points, corresponding to 19.16% of all data, with a total of 8 rules. Cluster 5 contained 1009 sales data points, corresponding to 9.78% of all data, with a total of 3 rules.



By using the C5.0 decision tree algorithm, a total of 20 classification rules for the category of selling recommendation were extracted from the dataset, and they are listed in Table 3. Based on the 20 rules, the average classification accuracy was over 95% so that it could aid the salespeople of the case company to have better judgment for their selling recommendations as customers inquired about related tariffs. With accurate evaluation of the selling recommendation over time, the salespeople can not only make selling decisions on time but can also urge customers to complete a purchase behavior so as to improve the transaction rate and profit of the company.




4.4. Discussion


This research study used a hybrid decision-making approach based on K-means and the C5.0 decision tree to analyze a total of 10,316 data points from more than 100 communications retail stores to establish a recommendation model for selling rules, from which a recommendation list was selected. The following summarizes the characteristics of each cluster and puts forward respective suggestions, as shown in Table 4. Cluster 1 was represented by consumers who did not have much demand for commodity or telecom tariffs. It was assumed that if the salespeople can effectively increase consumer demand for telecom tariff, the gross profit can be increased effectively. Cluster 2 was represented by consumers who preferred mid-to-high-priced commodity, but they also hoped to have mid-to-high-priced telecom tariffs so as to obtain good commodity project prices. Cluster 3 was represented by consumers who had a relatively high demand for mobile and telecom tariffs and were willing to pay a premium commodity project price. The combination of high-price commodity with high-price telecom tariffs can create a good gross profit. Cluster 4 had similar commodity pricing to Cluster 1 but was better than Cluster 1 in that the consumers were willing to pay for relatively high project tariffs. If the consumers in Cluster 1 could be directed to Cluster 4, the gross profit could be increased effectively. Cluster 5 was represented by consumers who preferred high-price commodities and hoped to get some discounts at the commodity project price. However, the gross profit of commodities brought by high-cost commodities is not high. Therefore, it is recommended that the salespeople recommend relatively high telecom tariffs for this type of consumer to obtain relatively high project commissions, and part of the project commissions can also be given back to consumers to increase the sales success rate.





5. Conclusions


This research study used a hybrid decision-making approach comprising K-means and the C5.0 decision tree to establish a recommendation model for selling rules. Taking the telecom retail industry as the research target, thousands of historical sales data were analyzed using the proposed model so as to assist salespeople in providing TTX mixes that not only meet the customer’s needs but also maximize profit based on the different needs of the customers. The recommendation model for the selling rules of the case company contained 20 classification rules and 5 clusters for the following practical values: (1) providing accurate TTC mixes to assist salespeople in sales and (2) providing more highly similar TTC mixes to salespeople.



In the past, salespeople in the telecom retail industry could not provide the most suitable commodity mix immediately during sales as there are simply too many commodity mixes. However, using the proposed recommendation model for selling rules, salespeople are able to find the appropriate commodity from a huge pool of commodity mixes when they understand that the consumer needs a high-price commodity. Using the recommendation model for selling rules proposed in this research study, salespeople can not only obtain the commodity mix that meets the consumer needs but also recommend highly similar commodity mixes, such as a commodity mix in the same cluster but with a different telecom tariff or a different commodity cost. As such, the salespeople have more opportunities to provide a commodity mix with a higher gross profit.



One limitation of this research study is that it only analyzed the data of successful sales (i.e., TTC mixes that failed to sell or were not purchased by consumers were not included in this research study). In addition, the endpoint sales systems of the case company’s physical channels are all computer applications, so salespeople and customers cannot communicate on the same interface. Through computers, the salespeople obtain commodity information and provide customer information through spoken explanations. It is not a virtual channel that can record the browsed commodities, time, and preferences of every customer.



The suggestions for future development of this research are as follows. First, with the popularization of smart mobile devices in recent years, the research results can be presented to first-line salespeople through smart mobile devices in the form of an app to assist salespeople in sales and to provide more customized services according to consumer needs so as to improve consumer satisfaction. Second, artificial intelligence technologies such as face recognition, crowd analysis, and commodity recognition can be used to obtain information on other unsuccessful transactions in addition to successful sales data. In this way, the model proposed in this research study will become more robust.
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Figure 1. Research framework. 
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Table 1. The dataset among three telecom carriers.
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	Telecom Carrier F
	Telecom Carrier W
	Telecom Carrier T
	Total





	Number of data
	6900
	1869
	1547
	10,316



	Ratio of data
	66.89%
	18.12%
	14.99%
	100%
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Table 2. Summary of clusters.
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	Cluster
	Number of Rule
	Number of Data
	Ratio of Data





	Cluster 1
	3
	3146
	30.5%



	Cluster 2
	5
	1691
	16.39%



	Cluster 3
	1
	2493
	24.17%



	Cluster 4
	8
	1977
	19.16%



	Cluster 5
	3
	1009
	9.78%
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Table 3. Rules obtained by using C5.0 decision tree classification.
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	Number
	Rules for the Category of Selling Recommendation
	Accuracy





	Rule 1.1
	IF commodity cost < TWD 5001, and gross profit < TWD 5001, THEN selling recommendation is Cluster 1
	100%



	Rule 1.2
	IF commodity cost between TWD 5001 and TWD 10,000, and gross profit < TWD 5001, THEN selling recommendation is Cluster 1
	99%



	Rule 1.3
	IF commodity cost < TWD 5001, and project commission between TWD 3001 and TWD 6000, THEN selling recommendation is Cluster 1
	97%



	Rule 2.1
	IF commodity cost between TWD 10,001 and TWD 15,001, and gross profit < TWD 5001, THEN selling recommendation is Cluster 2
	100%



	Rule 2.2
	IF commodity cost between TWD 10,001 and TWD 15,001, and commodity project price between TWD 4001 and TWD 8000, THEN selling recommendation is Cluster 2
	100%



	Rule 2.3
	IF commodity cost between TWD 10,001 and TWD 15,001, and commodity project price between TWD 8001 and TWD 12,000, THEN selling recommendation is Cluster 2
	100%



	Rule 2.4
	IF commodity cost between TWD 10,001 and TWD 15,001, and commodity project price > TWD 12,000, THEN selling recommendation is Cluster 2
	100%



	Rule 2.5
	IF commodity cost between TWD 10,001 and TWD 15,001, and gross profit between TWD 10,001 and TWD 15,001, THEN selling recommendation is Cluster 2
	100%



	Rule 3.1
	IF commodity cost > TWD 15,001, and commodity project price > TWD 12,001, THEN selling recommendation is Cluster 3
	100%



	Rule 4.1
	IF gross profit between TWD 5001 and TWD 10,000, and commodity project price < TWD 4001, THEN selling recommendation is Cluster 4
	100%



	Rule 4.2
	IF commodity cost between TWD 5001 and TWD 10,000, and gross profit between TWD 5001 and TWD 10,000, THEN selling recommendation is Cluster 4
	100%



	Rule 4.3
	IF commodity cost < TWD 5001, and gross profit between TWD 10,001 and TWD 15,000, THEN selling recommendation is Cluster 4
	99%



	Rule 4.4
	IF commodity cost < TWD 5001, and gross profit between TWD 5001 and TWD 10,000, THEN selling recommendation is Cluster 4
	96%



	Rule 4.5
	IF commodity cost between TWD 5001 and TWD 10,000, and gross profit between TWD 10,001 and TWD 15,000, THEN selling recommendation is Cluster 4
	97%



	Rule 4.6
	IF project tariffs between TWD 401 and TWD 600, and gross profit between TWD 5001 and TWD 10,000, and commodity project price between TWD 4001 and TWD 8000, THEN selling recommendation is Cluster 4
	100%



	Rule 4.7
	IF commodity cost < TWD 5001, and gross profit > TWD 15,000, THEN selling recommendation is Cluster 4
	89%



	Rule 4.8
	IF commodity cost between TWD 5001 and TWD 10,000, and gross profit > TWD 15,000, THEN selling recommendation is Cluster 4
	100%



	Rule 5.1
	IF commodity cost > TWD 15,001, and commodity project price between TWD 8001 and TWD 12,000, THEN selling recommendation is Cluster 5
	100%



	Rule 5.2
	IF commodity cost > TWD 15,001, and commodity project price between TWD 4001 and TWD 8000, THEN selling recommendation is Cluster 5
	100%



	Rule 5.3
	IF commodity cost > TWD 15,001, and commodity project price < TWD 4001, THEN selling recommendation is Cluster 5
	100%
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Table 4. Summary of clustering results.
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	Item
	Cluster 1
	Cluster 2
	Cluster 3
	Cluster 4
	Cluster 5





	Commodity cost
	Medium-low
	Medium-high
	High
	Medium-low
	High



	Commodity project price
	Low
	Medium-low
	High
	Low
	Medium-high



	Gross profit
	Low
	Low
	Low
	Low
	Low



	Project tariffs
	Medium-low
	Medium-high
	High
	Medium-high
	High



	Project commission
	Low
	Medium-low
	Medium
	Medium
	Medium



	Advance payments
	Low
	Low
	Low
	Low
	Low
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