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Literature Review for Data Mining and Industrial Applications 
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Abstract

Along with rapid improvement in data collection and storage technology, organizations have faced with vast 
amount of data. However, extracting useful and significant information has presented extremely challenging. 
For this reason, data mining techniques including generalization, characterization, classification, clustering, 
association, evolution, pattern matching, and data visualization increase in importance for solving a variety 
of industry problems. Data mining facilitates to search a huge database without any specific pre-determined 
hypothesis to obtain implicit, previously unknown, and potentially useful information. In literature, data 
mining techniques are applied a variety of area such as finance to detect fraud or risk to early warning 
system, customer relationship management (CRM) to analyze customer profile and behavior, manufacture to 
predict defections and quality improvement, banking to forecast bankruptcy, marketing and direct marketing, 
healthcare, information systems and so on. This study aims to reveal an overview about application of data 
mining techniques occurred in literature. Thus, a wide perspective related to various data mining techniques 
and its applications is gained for the researchers who are willing to study of future works.
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Introduction
In last decades, data gathering and storing technology has progressed rapidly. Although the collected huge 
amount of data includes considerable information, interpretation of the data is getting hard day by day. Data 
mining has emerged to benefit from increasing information to better understand the markets, customers, 
suppliers, operations, internal business processes, patients, students/teachers and so forth. It provides valid, 
comprehensible, and potentially useful knowledge from large data sets and thus facilitates decision making
process. Data mining integrates concepts from modern statistics, intelligent information systems, machine 
learning, pattern recognition, decision theory, data engineering, and database management[1]. It provides 
beneficial tools to find out complex and hidden relationships in large amounts of data. 

Data mining contains several algorithms that serve a variety of purposes such as prediction, description, and 
association etc. Classification techniques, especially decision tree, neural network (NN), support vector 
machine (SVM), naïve bayes, clustering, regression models, association rule algorithms are widely preferred 
to fulfill the goals. 

In literature, there are several data mining applications which are preferred for different areas such as CRM, 
medicine, finance and banking, manufacturing, education, marketing, information technology etc. This study 
focuses on four main areas as; finance/banking, CRM, manufacturing and marketing. Within this context,260 
published papers in English were reviewed which have been presented in several journal data bases like 
Science Direct, Scopus, IEEE Xplore, Wiley, Springer Link, and Emerald. The review, which includes 
conference proceedings and journal publications, states a general outlook as follows.
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Literature Review
Although a few data mining reviews have been provided in different times, all they referred only one aspect of 
data mining. Ngai et al. (2011) [2] made a review related to financial fraud detection, Rygielski et al. (2002) 
[3] and Ngai et al. (2009) [4] touched on data mining techniques used to CRM, Choudhary et al. (2009) [5]
and Köksal et al. (2011) [6] tackled manufacturing applications and quality improvement in manufacturing.
There is not any literature survey related to industrial applications of data mining. To fill the gap, this study 
gives an insight about data mining implementations in industries.

Even though first application was made in 1993, most of data mining studies belong to 2000s. Number of 
these studies have increased in progress of time and reached maximum number in between 2004-2006 years. 
CRM is becoming a widespread application area while it is followed by manufacturing and finance. In recent 
years, with the development in service industry, marketing applications have accelerated along with CRM.

This section presents a detailed literature review related to data mining and its applications. The research is 
arranged based on practices of data mining in various industries such as finance and banking, CRM, 
manufacture and marketing respectively. Moreover different data mining techniques like that Artificial Neural 
Network (ANN), Decision Tree (DT), CHAID Decision Tree and Logistic Regression are discussed in detail 
in terms of their usage rate.

Finance and Banking Sector
Data mining has already a major impact on business and finance. Financial markets generate large volumes of 
data. Analyzing these data to reveal valuable information and making use of the information in decision 
making present great opportunities and grand challenges for data mining[1].A great variety of data mining 
techniques has been widely applied to solve problems in finance fields, including financial early warning 
system[7, 8], fraud detection, financial distress and bankruptcy prediction[9], financial performance 
estimation[10, 11], credit risk management[12, 13], bank lending, and so on.

Data mining techniques have been widely used to accomplish task of management fraud detection in credit 
card, insurance fraud and general fraud problem. In literature there are some researches that giving an insight 
about the use of data mining techniques[2, 14] and investigate usefulness of data mining techniques in fraud 
detection area [15]. Kotsiantis et al. [16] used a variety of techniques including Artificial Neural Network 
(ANN), Decision Tree (DT), Logistic Regression, Bayesian Network, Support Vector Machine (SVM) to 
forecast fraudulent financial system and compare performance of these techniques with together. Similarly, 
Ravisankar et al.[17]utilize Multilayer Feed Forward Neural Network (MLFF), Support Vector Machines 
(SVM), Genetic Programming (GP), Group Method of Data Handling (GMDH), Logistic Regression (LR), 
and Probabilistic Neural Network (PNN) techniques to identify companies that resort to financial statement 
fraud. Neural Network [18-20], Classification and Regression Tree (CART) [21], and text mining techniques 
[22] are preferred to detect fraud. Especially credit card fraud is serious and growing problem so detection of 
this fraud has gained importance. Decision Tree (DT) [23, 24], Neural Network (NN) [25, 26], Self-
Organization Map (SOM) [27, 28], and Support Vector Machine (SVM) and Logistic Regression [29]
techniques are frequently preferred to serve this purpose. Also, commentators within the insurance sector have 
also pointed to the difficulties in estimating the prevalence and costs of insurance fraud[30]. Thus, disclosure 
of this fraud has become important for academic researches and several data mining techniques are applied to 
a variety of insurance sectors such as automobile[31-36], healthcare[37], medical insurance fraud [38]etc. 

Prediction of financial distress has been a topic of interest over the decades because of its great importance to 
listed companies, interested stakeholders and even the economy of a country[39]. If financial distress is
predicted effectively, managers of companies can initiate proactive measures to avoid deterioration before the 
crisis. Thus investors can grasp the profitability situation of the listed companies and adjust their investment 
strategies to reduce anticipated investment related losses. Support Vector Machine (SVM)[40-42] and Radial
Basis Function Support Vector Machine (RSVM)[43], Neural Network (NN) [44, 45] and Probabilistic Neural 
Network [46], Decision Tree (DT) [47, 48] and Ada Boosted Decision Tree [49] and k-Nearest Neighbors 
Techniques [50] are widely used in literature to predict and analyze financial distress. In addition to estimating 
of financial distress, predicting bankruptcy [51-59] and financial performance [60-62] has been applied as 
well.

Customer Relationship Management (CRM)
Many organizations have collected and stored numerous data about their current customers, potential 
customers, suppliers and business partners. However, the inability to discover valuable information which is 
hidden in data prevents the organizations from transforming these data into valuable and useful knowledge 
[63]. Data mining tools could help the organizations discover the hidden knowledge in this enormous data.
Analyzing and understanding of customer behaviors and profiles is foundation of development for a
competitive CRM strategy, so as to acquire and maintain potential customers and maximize customer value. 
Hence, application of data mining in CRM is an emerging trend in global market and academic researches.
Particularly data mining enables the extraction of hidden predictive information from large databases, thus
organizations can identify valuable customers, predict future behaviors, and make companies proactive with 
knowledge-driven decisions.

According to Kracklauer et al. [64] CRM consists of four dimensions such as customer identification, 
customer attraction, customer retention and customer development.

 
• Customer identification: CRM begins with customer identification that involves targeting the 

population who are most likely to become customers or most profitable to the company. Elements for 
customer identification include customer segmentation, target customer analysis and customer 
profile/behavior analysis. Data mining is a widely used technique in customer identification under 
different focus points with different techniques. In customer segmentation area there are  a large 
number of publications including decision tree [65, 66], SOM and Markov Chain[67-70], SOM and 
NN [71, 72], regression [73], k-means [74], k-means and SOM [75-77], k-means and rough set theory 
[78], k-means and association rule [79], SOM and fuzzy clustering and NN [80] and other clustering 
techniques [81-84]. Decision tree [85-87], SOM [88] and k-means [89] are preferred for target 
customer analysis tasks. Finally, in customer profile/behavior analysis decision tree [90, 91], decision 
tree and sequential pattern mining [92, 93], decision tree, naïve bayes and SVM [94, 95],
backpropagation NN [96] and fuzzy clustering [97] are widely utilized techniques.

• Customer attraction: Customer attraction is the phase following customer identification [4]. After 
identifying the segments of potential customers, organizations can give the effort and resources into 
attracting the target customer segment. A component of customer attraction is direct marketing which 
is a promotion process motivating customers to place orders through various channels [98-101].Avast 
number of researches that applied data mining techniques such as logistic regression [101], NN [102-
104], decision tree [105] and genetic algorithm [106, 107]are presented in literature.

• Customer retention: Customer retention is the central concern for CRM. Customer satisfaction, 
which refers to the comparison of customers’ expectations with the perception of being satisfied, is 
the essential condition for retaining customers[64]. Customer retention includes loyalty programs, 
one-to-one marketing, and complaints management [4].Loyalty programs involve campaigns or
supporting activities which aim at maintaining a long term relationship with customers. Data mining 
techniques, especially decision tree [108-111], SOM [112, 113], SOM and association rule 
mining[114], logistic regression[115, 116], NN, decision tree and k-nearest neighbor[117], genetic 
algorithm [118], k-means [119] are preferred to analyze and improve customer loyalty. Specifically, 
churn analysis, credit scoring, service quality or satisfaction constitutes part of loyalty programs.
Under those subtitles, logistic regression [120-124], logistic regression and some combined 
techniques such as SVM [120, 125], NN and decision tree [126, 127] are widely used. In addition to 
these techniques, decision tree [128], decision tree and NN [129], NN and SOM [130] are preferred.
One-to-one marketing refers to personalized marketing campaigns which are supported by analyzing, 
detecting and predicting changes in customer behaviors[131].Association rule mining (ARM) [131-
140], ARM and SOM [67, 141], ARM and NN [142]are frequently applied to one-to-one marketing
implementation. SOM [143-145], SVM [98], decision tree [146], NN [147, 148], nearest neighbor 
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[149] are also used to fulfill the purposes. A variety of data mining techniques as SOM [150], ARM 
[151, 152], SVM [153] are referred to complaints management which is another inseparable part of 
customer retention.  

• Customer development: Customer development involves consistent expansion of transaction 
intensity, transaction value and individual customer profitability [4]. Customer lifetime value 
analysis, value analysis, up/cross selling and market basket analysis are components of customer 
development. For life time value analysis tasks, classification techniques, particularly NN [154], NN 
and decision tree [155], SVM [156], nearest neighbor and ARM [157], linear regression [158],
bayesian network classifier [159] are applied. As distinct from life time value analysis, customer 
value refers to the potential customer contributions to an enterprise during specific periods. There are 
a few publications [160-162] related to value analysis in comparison with the life time value analysis. 
ARM [163] and hybrid model including ARM [164, 165] most popular techniques to up/cross selling 
implementation. Similar to up/cross selling phase, ARM [166-170] is overly applied to market basket 
analysis.

Manufacture
In modern manufacturing systems, huge amounts of data are stored in database management systems and data 
warehouses from all involved areas such as product and process design, assembly, materials planning, quality 
control, scheduling, maintenance, fault detection etc. [5]. Data mining techniques have been utilized in 
manufacture environment to analyze the enormous data and getting useful information.

This part follows on literature research based on six categories that are widely mentioned in literature. 

• Product design: Kusiak and Smith [171] focused on product design and its data mining applications 
providing a variety of industrial cases and scenarios related to clustering techniques. K-means [172]
and c-means clustering [173] are extensively preferred as clustering techniques. Also, some 
classification techniques such as neural network [174-176], decision tree [177, 178] and association 
rule analyze techniques [179] and sequential pattern [180] are used to product design process. In 
addition to common data mining techniques text mining [181] and semantic data mining [182]are 
applied to component design. 

• Manufacturing process design, monitoring and control: Relationship among machines may be 
necessary to design of production process. Chen [183] found certain sets of machines by using 
association rule and developed an effective configuration of cellular manufacturing. Also Cunha et al. 
[184]applied association rule to make assembly schedule. Monitoring and control and defect detection 
have vital importance to manufacturing process. Monitoring and control help to analyze abnormal 
condition and avoid loss. Along with advance in monitoring technology, automated monitoring and 
control system is adapted, thus analyzing of this process has become so complicate and difficult in 
time. Artificial neural network, genetic algorithm [185], support vector machine [186], self-organizing 
map [187], regression analysis [188], rough set theory [189] c-means clustering[190] are applied 
manufacture data to aim of monitoring and controlling. In addition to these, association rule mining 
[191] and clustering techniques like k-means [192] and k-nearest neighbor [193] are utilized to detect 
certain product defect.

• Job-shop scheduling: Job shop scheduling is an important and complex activity in manufacturing. A 
job shop model, typical in manufacturing, can be described as a set of jobs composed of sequences of 
operations that are processed on a set of machines. It is a decision making process which allocates 
limited resources over time to perform a set of jobs to meet objectives[194]. Decision tree [195],
regression tree [196], neural network [197], rough set theory[198] and genetic algorithm [194, 198]are 
used to make effective decision.

• Fault diagnosis: As data sets increase in size, exploration, manipulation and analysis become more 
complicated and resource consuming to evaluate probability of failure data relating to environment and 
operation condition. To deal with these situations identifying classes of process faults decision tree 
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[199-201] and support vector machine [202, 203], rough set theory and neural network [204] and k-
medoids and Gustafson-Kessel algorithm [205] are widely used. 

• Quality monitoring, analysis and improvement: Quality improvement of industrial products and 
processes requires collection and analyses of data to cope with quality related manufacturing problems. 
[6]. Owing to advances in data collection systems and analysis tools, data mining (DM) has widely 
been applied the quality problem in manufacturing. Neural network [206], association rule mining 
[207], support vector machine and k-means [208] for quality improvement, fuzzy clustering techniques 
[209] for quality improvement, back propagation neural network [210], self-organizing map, k-means, 
decision tree [211] for quality prediction, decision tree, k-nearest neighbor and naïve bayes[212] for 
quality control, neural network [213] for quality performance assessing are used extensively. 

• Yield improvement: Data mining has proved to be important for yield improvement which is a key 
element to maintain efficiency of semiconductor manufacturing[5]. A variety of classification 
techniques such as decision tree [214],[215, 216], hybrid form decision tree with neural network [217, 
218], neural network [219-221] and hybrid form neural network with spatial statistics [222], regression 
analysis [223], genetic programming [224], a combination of neural network, self-organizing map and 
pattern recognition [225], decision tree and sequential pattern [226] are preferred in semiconductor 
manufacture to improve yield. In addition to semiconductor sector, decision tree technique [227],[228]
is used to enhance productivity in other electronic manufacture sector. 

Marketing

Marketing is one of leading areas where data mining techniques have been applied. Data mining enables 
organizations to sort through vast amounts of customer data by discovering purchase behavior of customer 
[67], [229]pattern of price information [230], interest group [231] and forecast sales [232], [233], [234],
demand [235] and product availability [236] and so on. This is a vital importance for marketing departments
of any organization in any sector. If an organization knows what their customers require and are able to 
predict what their spending patterns will be, remarkable amounts of time and money can be saved[237].

Understanding customers’ buying habits and identifying their profiles are essential in marketing. Data mining 
can provide that information[237]. K-means and apriori algorithm are extensively used together to discover 
customer profile [238], to mine customer knowledge [239], [240], [241], to discover purchase pattern [242], to 
analyze return pattern [243]and store segmentation [244]. Also, other clustering techniques such as 
hierarchical clustering with association rule [245], CAVE clustering algorithm to identify similarity between 
categorical values [246], fuzzy c-means with neural network to explore customer profile [247] are preferred. 
Market basket analysis [248] is utilized on the purpose of segmentation. In addition to these, as we mentioned 
in CRM part, the general incidence of data mining use for direct marketing[249],[239], [250], cross-
selling[251], [252]and one-to-one marketing[253]has grown day by day.

According to Chen et al. [254]recent marketing research has suggested that in-store environmental stimuli, 
such as shelf-space allocation and product display, has a great effect on consumer buying behavior and may 
induce substantial demand. And also retail industry is also realizing that it is possible to gain a competitive 
advantage utilizing data mining. Association rule mining technique [255], [254], [256], [167, 257] and 
sequential pattern [258]are frequently preferred to self-space allocation in retail. Market basket analysis[259],
[167], [260] is a marketing method used by many retailers to determine the optimal locations to promote 
products and develop efficient store layout. 

Conclusion
Aim of this review is to give an insight about data mining applications in different industries. Popular areas 
and applications are presented and gaps are discovered. In our research, 260 studies are viewed by scanning 
several journal databases. Although first application made in 1993, most of data mining studies belong to
2000s. Number of these studies has increase in progress of time and reached maximum number in between 

2004-2006 years. According to the literature research, CRM is the most popular area over others in every year
by being involved in 108 studies after 2000. CRM is followed by manufacturing which many of studies were 



198

published in the middle of 2000s. Earliest manufacturing application was presented in 1993and from that time
60 studies related to manufacturing have been appeared in literature. Contrary to CRM and manufacturing, 
finance and baking applications have flourished during the recent years. Totally, 57 publications are found and 
the first study in this area was written in 1997. Lastly, marketing applications have increasingly developed in 
time and 40 papers were submitted in between 1997-2014. When examining the data mining techniques;
classification techniques, especially, decision tree, neural network, support vector machine, naïve bayes are 
more preferred in comparison with other techniques. Also, hybrid models that are used for classification, 
clustering and rule based techniques together, have come in to prominence. 

As a conclusion, mining of data is a young field to be improved by both industries and universities. Especially 
dealing with big data analytics will help organizations learn the expectations and satisfaction of their 
customers via their feedbacks and behaviors. After investigating many publications, marketing is determined 
to have a potential as an emerging trend for data mining while considering the profitability of its 
implementations and the virginity in academic approaches.  
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