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ABSTRACT 

In today’s environment supply chains are in the conflict of being responsive and being 

efficient. It is not an easy task to be responsive while being efficient. In the efficiency efforts 

defect reduction is crucial. Defects are inevitable but their impact and the sources of them 

should be determined so that their impact on the processes could be decreased. To be able to 

do this, process engineers need to implement a defect management process that focuses on 

preventing defects, catching defects as early in the processes as possible, and minimizing the 

impact of defects, can yield significant returns. In today’s’ global world with the huge supply 

chains this could not be done without the help of our suppliers. Suppliers with a long term 

commitment and relationships help the factories in their process improvement and in cleaning 

the defects. Once the defects are identified then the related suppliers are identified. Then the 

quality improvement efforts could be done in the first tier supplier and the other suppliers 

upstream. Once there is a belief and knowledge on lean manufacturing in the supply chain the 

lean supply chain would be the naturally happy result. This paper provides a framework for 

the discussion about lean understanding and continuous improvement, how defect analysis 

initiates linked to the data analytics are broadening to enable improved lean supply chain, 

how decision trees as data mining tools support the decision on the branches of materials and 

their related suppliers that should be concentrated on.  
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INTRODUCTION 

The best and the most direct route to world class competitiveness for the products and 

services is through defect reduction on the processes. If the defect rates decreases, yields are 

improved, rework is reduced, warranty costs and the difference between customer needs and 

process performance decreases so the market potential increases. Productivity gains through 

continuous process improvement can contribute to profitability by supporting both revenue 

growth and cost reduction. In this context, leading organizations increasingly emphasize 
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continuous process improvement through “data driven decision-making” to achieve these 

benefits. 

In manufacturing companies there are big databases, various kinds of data are 

sometimes unorganized. If those data bases are not strategically managed, they stay as 

meaningless junk data not capable of producing knowledge.  Some companies are 

considering quality as a cost, not collecting and not analyzing data and they are not capable 

of producing information for the continuous improvement purposes. Continuous 

improvement understanding must be supported by management and should be in companies’ 

strategies. A strategy may be defined as a plan or method for obtaining some goal or result. 

Unlike other quality initiatives, continuous improvement has a strategic component aimed at 

not only developing management’s commitment and their active involvement. The steps 

involved in creating this strategy include identifying the key processes that affect the strategic 

business objectives of the organization highest impact processes are then targeted for 

improvement. Data mining tools are applied to the manufacturing data for the define stage of 

the quality efforts and to able extract knowledge to able to build up a strategy for the quality. 

Defects are considered as the one of the seven wastes in lean manufacturing and an element 

in a hidden factory concept. Continuous improvement on our defects should be considered 

after the detection of them. Continuous improvement efforts are common both in TQM and 

lean manufacturing, also in 6 sigma practices. We can call it Kaizen, we can call it DMAIC 

the concept should be with us in all our journeys in production. Defect detection starts with 

the discovery of the defects which includes the implementation techniques, methodology and 

standard processes to reduce the risk of defects. A defect is only discovered when it has been 

documented and acknowledged. Identification and analysis of the process in which a defect 

originated to identify ways to improve the process to prevent future occurrences of similar 

defects. The next step should be process improvement. Defect prevention should begin with 

an assessment of the critical risks associated with the system.  Getting the critical risks 

defined allows people to know the types of defects that are most likely to occur and the ones 

that can have the greatest system impact.  Strategies can then be developed to prevent them. 

 The major steps for defect prevention are as follows: Identify the critical risks facing the 

project or system.  These are the types of defects that could jeopardize the successful 

construction, delivery and/or operation of the system. For each critical risk, make an 

assessment of the financial impact if the risk becomes a problem. Once the most important 

risks are identified try to eliminate each risk.  For risks that cannot be eliminated, reduce the 
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probability that the risk will become a problem and the financial impact should that happen.   

( Defect management, 2016) 

Lean supply chain management represents a new way of thinking about supplier 

networks. Lean principles require cooperative supplier relationships while balancing 

cooperation and competition. Cooperation involves a spectrum of collaborative relationships 

& coordination mechanisms. Supplier partnerships & strategic alliances represent a key 

feature of lean supply chain management. Lean Supply Chain Management principles are 

driven from basic lean principles, they focus on the supplier network value stream The seven 

important lean principles are: Eliminate waste, synchronize flow, minimize both transaction 

and production costs, establish collaborative relationships while balancing cooperation and 

competition, ensure visibility and transparency, develop quick response capability, manage 

uncertainty and risk, align core competencies and complementary capabilities  and foster 

innovation and knowledge-sharing. 

Synchronized production and delivery throughout the supplier network is a central 

lean concept. Important concepts that should be considered are: Integrated supplier lead times 

and delivery schedules, flows from suppliers pulled by customer demand (using takt time, 

load leveling, line balancing, single piece flow), minimized inventory through all tiers of the 

supply chain, on-time supplier delivery to point of use, minimal source or incoming 

inspection, effective two-way communication links to coordinate production & delivery 

schedules,  greater efficiency and profitability throughout the supplier network and striving 

for zero quality defects essential to success. (Nightingale,2016) 

 

 Literature review  

 There are studies that are done on lean and responsive supply chains. Jurado and 

Fuentes (2014), studied lean management, supply chain management and sustainability. You 

and  Grossmann, (2008) worked on the  design of responsive supply chains under demand 

uncertainty. Cox and Chicksand (2005), studied the limits of lean management thinking. 

Folinas et al., (2013), explored the greening of the food supply chain with lean thinking 

techniques. Roh, et al.(2013) worked on the implementation of a responsive supply chain 

strategy in global complexity with the case of manufacturing firms. They mentioned that 

although a responsive supply chain is an integral part of order-winning manufacturing 

strategies, it has not been clear how firms build a responsive supply chain in global 

manufacturing environments. Firms also need to provide key implementation practices 
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sharing of information with customers, collaboration with suppliers, use of advanced 

manufacturing technology to achieve pull production to achieve responsiveness to the market. 

Purvis et al., (2014) studied the development of a lean, agile and leagile supply network 

taxonomy based on differing types of flexibility. The paper explores the meaning of 

flexibility in the context of lean, agile and leagile supply networks and articulates a supply 

network flexibility framework. Two key ‘sources’ of flexibility are investigated: vendor 

flexibility and sourcing flexibility. The paper introduces an extension of the ‘leagility’ 

concept beyond the simple material flow decoupling point concept. Two new types of 

leagility are put forward: (1) leagile with vendor flexibility systems, which combine the use 

of agile vendors with lean sourcing practices and (2) leagile with sourcing flexibility systems, 

which combine the use of lean vendors with agile sourcing practices.  Naylor et al.(1999) 

studied leagility also, they integrated the lean and agile manufacturing paradigms in the total 

supply chain. As the lean thinking and agile manufacturing paradigms have been developed 

there has been a tendency to view them in a progression and in isolation.  Gunasekaran et 

al.(2008) worked on responsive supply chain with a competitive strategy in a networked 

economy. Supply chain management (SCM) has been considered as the most popular 

operations strategy for improving organizational competitiveness in the twenty-first century. 

In the early 1990s, agile manufacturing (AM) gained momentum and received due attention 

from both researchers and practitioners. In the mid-1990s, SCM began to attract interest.  

Dües et al (2013) studied green as the new Lean: how to use Lean practices as a catalyst to 

greening your supply chain. Chen, and Cheng (2013), studied Supply chain management with 

lean production and RFID application they did a case study in expert systems with 

applications. Mohammaddust et al.(2015), developed lean and responsive supply chains. 

They did a robust model for alternative risk mitigation strategies in supply chain designs. 

Lemmens et al., (2016) made a review of integrated supply chain network design models and 

worked on key issues for vaccine supply chains. 

 There are studies done on the lean manufacturing and continuous improvement. 

Behrouzi, et al., (2010) studied lean performance evaluation of manufacturing systems with a 

dynamic and innovative approach. Many organizations around the world have attempted to 

implement it but the lack of a clear understanding of lean performance and its measurement 

will contribute to the failure of lean practices. This paper presents an innovative approach to 

measure the lean performance of manufacturing systems by using fuzzy membership 

functions. Kull et al (2014),  worked on the moderation of lean manufacturing effectiveness 
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by dimensions of national culture: Testing practice-culture congruence hypotheses. The 

successful use of lean manufacturing (LM) practices requires more than the use of tools. 

Although manufacturing facilities worldwide use LM practices, dimensions of a nation’s 

culture may moderate LM׳s effect on operating performance. Yang et al. (2014), worked on 

the lean production system design for fishing net manufacturing using lean principles and 

simulation optimization. Büyüközkan et al. (2015), studied the assessment of lean 

manufacturing effect on business performance using bayesian belief networks. Fullerton et 

al., (2014) studied lean manufacturing and firm performance with the incremental 

contribution of lean management accounting practices. Manufacturing firms operating in 

rapidly changing and highly competitive markets have embraced the continuous process 

improvement mindset. They have worked to improve quality, flexibility, and customer 

response time using the principles of Lean thinking. To reach its potential, lean must be 

adopted as a holistic business strategy, rather than an activity isolated in operations. The lean 

enterprise calls for the integration of lean practices across operations and other business 

functions. Arslankaya. et al.  (2015), worked on the maintenance management and lean 

manufacturing practices in a firm which produces dairy products. This study described the 

implementation of maintenance management and lean manufacturing techniques at the 

maintenance workshop in order to eliminate the losses due to breakdowns and to enhance 

productivity and the motivation of employees at an enterprise which produced dairy products. 

Oleghe et al. (2016) studied on the variation modeling of lean manufacturing performance 

using fuzzy logic based quantitative lean index. Nelson (2016) studied pull versus push: 

lessons from lean manufacturing, ın becoming a lean library. Starting in the 1940s and 

continuing to the present, the Japanese automotive industry, led by Toyota, created a new 

method of manufacturing based on a demand-driven, or “pull,” model. In this model 

inventory is not stored in large warehouses or parking lots but supplied when a new car or 

product is ordered by downstream consumers. This method is contrasted with the traditional, 

or “push,” method of manufacturing where products are constructed on an assembly line 

without regard for the upstream demand by the end user or consumer. A pull model, in 

contrast, depends on accurate and timely metrics about what materials or services are 

necessary to deliver the end product with minimal wastage in the manufacturing workflow. 

Indrawati and Ridwansyah, (2015) studied manufacturing continuous improvement using 

lean six sigma: with an Iron Ores Industry Case Application. In order to improve the 

manufacturing process capability, this research is conducted using lean six sigma method. 
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The first part is focused on waste analysis using process activity mapping. Then 

manufacturing process capability is evaluated. Further, failure mode and effect analysis is 

used as a basic consideration in developing the continuous improvement program. Based on 

the analysis, product defects, inappropriate processing and waiting are type of manufacturing 

waste that frequently occurs. A continuous improvement program is develop to overcome 

that problem.  

 Hartin and Ciptomulyono (2015)  examined the Relationship between Lean and 

Sustainable Manufacturing on Performance. The aim of this paper is to explore and evaluate 

previous work focusing on the relationship and links between Lean and sustainable 

manufacturing. This paper also examines impact of lean and sustainable manufacturing to 

improve performance. Many evidences suggested that Lean is beneficial for Sustainable 

manufacturing, dominantly on perspective environment and economic aspect. This paper 

identify major research gaps for integrated lean and sustainable manufacturing to improve 

performance business and modeling as a methodology approach. This paper provides a 

quantitative descriptive analysis and qualitative thematic analysis to provide an analysis of 

relationship lean and sustainable manufacturing and its impact on performance. 

Choomlucksana and Ongsaranakorn (2015) improved the productivity of sheet metal 

stamping subassembly area using the application of lean manufacturing principles. 

Companies frequently find techniques and tools to enhance productivity and quality for 

success in the long-term in order to maximize competitive advantage. To date, lean 

manufacturing principle is one of the successful improvement concepts that have been 

applied to eliminate waste and non-value added activities that occur in many companies. This 

paper explores a real work case study of the manufacturing sheet metal stamping process to 

demonstrate how lean manufacturing can help improve work efficiency. Lean and other 

improvement tools and techniques such as visual control, Poka-Yoke, and 5s were applied to 

help companies identify areas of opportunity for waste reduction and improve the efficiency 

of production processes. There are research done on continous improvement and TQM. 

Petruţa and Roxana (2014), Integrated six sigma with quality management systems for the 

development and continuous improvement of higher education institutions. Katzman and  

Paushter (2016) studied on the building a culture of continuous quality improvement in an 

academic radiology department. 

In the literature there are studies on the defect management and analysis. S. Ferretti, et 

al., (2013), monitored systems for zero defect manufacturing. Marcello et al., (2014), worked 
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on the design and management of manufacturing systems for production quality. They 

believed that manufacturing companies are continuously facing the challenge of operating 

their manufacturing processes and systems in order to deliver the required production rates of 

high quality products, while minimizing the use of resources. Production quality is proposed 

in this paper as a new paradigm aiming at going beyond traditional six-sigma approaches. 

Ahmad, et al., (2012) mentioned that in today’ s highly competitive market, the demand for 

quality is the single most critical factor for companies to survive in the ever-expanding global 

marketplace. The purpose of their paper is to propose relationship between TQM practices 

and business performance with mediators of Statistical Process Control (SPC), Lean 

Production (LP) and Total Productive Maintenance (TPM) based on extensive review of the 

literature. David (2005) studied on the defect analysis and basic techniques for management 

and learning. Defect analysis is defined as the study of the properties of defects themselves, 

as opposed to methods for predicting the number and nature of defects based on other 

properties of software, such as complexity models. Sarkar and Saren (2016), made a product 

inspection policy for an imperfect production system with inspection errors and warranty 

cost. During manufacturing of products, all produced items are considered as perfect in 

general. This viewpoint of taking all finished products are perfect is not correct always. 

Defective items may occur during the production process for several reasons. Their paper 

describes a deteriorating production process which randomly shifts to out-of-control state 

from in-control state. In case of full inspection policy, expected total cost together with 

inspection cost results higher inventory cost. Therefore, product inspection policy is better to 

use for reducing inspection costs. During product inspection process, inspectors may choose 

falsely a defective item as non-defective and vice-versa. Type I and Type II errors are 

incorporated in this model to make more realistic rather than existing models. Baykasoglu et 

al. (2011) classified defect factors in fabric production via Difaconn-miner, they did a case 

study on expert systems with applications. In their paper a data mining based case study is 

carried out in a major textile company in Turkey in order to classify and analyze the defect 

factors in their fabric production process. It is aimed to understand the causes of the defects 

in order to minimize their occurrence. The main motivation behind this study is to minimize 

scrap loses in the company and enabling more sustainable production via data mining.  Dhafr 

et al.(2006)  tried to improve the quality performance in manufacturing organizations by 

minimization of production defects. Their methodology comprises a model for the 

identification of various sources of quality defects on the product; this model would include 
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an analysis tool in order to calculate defect probability, a statistical measurement of quality, 

and a lean manufacturing tool to prevent the presence of defects on the product. The 

attribution of defects to their source will lead to a fast and significant definition of the root 

cause of defects. The techniques described in this paper were developed for an improvement 

project in a plastic parts painting manufacturing facility of a first-tier supplier to the 

automotive industry. Perner, et al.,(2016) tried to avoid defects in manufacturing processes, 

they did a review for automated CFRP production, robotics and computer-integrated 

manufacturing. Linear robots, numerically controlled machines and articulated robots are 

some of the major components in automation. In various applications, these single systems 

are linked together to become advanced mechatronic systems since they can realize special 

and general tasks. 

 

Data mining and the decision trees 

Data mining has attracted a great deal of attention in the information industry and in 

society as a whole in recent years, due to the wide availability of huge amounts of data and 

the need for turning such data into useful information and knowledge. The information and 

knowledge gained can be used for applications ranging from market analysis, fraud detection 

and customer retention, to production control and science exploration (Han J., Kamber M., 

2006). Data mining can be viewed as a result of the natural evolution of information 

technology. The database system industry has witnessed an evolutionary path in the 

development of the following functionalities: data collection and database creation, data 

management and advanced data analysis. Data mining is an integral part of knowledge 

discovery in databases, which is the overall process of converting raw data into useful 

information. This process consists of a series of transformation steps, from data preprocessing 

to post processing of data mining results (Tan P.N. et al., 2006). Data mining is widely used 

in diverse areas. There are a number of commercial data mining systems available today and 

yet there are many challenges in this field. (data mining, 2016). Data mining is widely used 

for: Financial data analysis, retail industry, telecommunication industry, logistics sector, 

biological data analysis, other scientific supplications, intrusion detection. With the rapid 

development of database technology and the wide application of database management 

system, data mining is more and more used in logistics enterprise. It is a key problem how to 

use data mining with low cost and high efficiency (Fei Z., et al. 2010). 
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Databases are rich with hidden information that can be used for intelligent decision making. 

Classification and prediction are two forms of data analysis that can be used to extract models 

describing important data classes or to predict future data trends. Many classification and 

prediction methods have been proposed by researchers in machine learning, pattern 

recognition, and statistics. Most algorithms are memory resident, typically assuming a small 

data size. Recent data mining research has built on such work, developing scalable 

classification and prediction techniques capable of handling large disk- resident data. 

Classification and prediction have numerous applications including fraud detection, target 

marketing, performance prediction, manufacturing, and medical diagnosis. (Han, Kamber, 

p.285). Decision tree is one of the most widely used techniques for classification which is the 

task of assigning objects to one of several predefined categories. In practice, one wants to 

have a small and accurate tree for many reasons. A smaller tree is more general and also 

tends to be more accurate. It is also easier to understand by human users. In many 

applications, the user understanding of the classifier is important (Liu, p. 59-60). The 

Decision Tree procedure creates a tree-based classification model. It classifies cases into 

groups or predicts values of a dependent (target) variable based on values of independent 

(predictor) variables. The procedure provides validation tools for exploratory and 

confirmatory classification analysis. The procedure can be used for: 

Segmentation: Identify persons who are likely to be members of a particular group. 

Stratification: Assign cases into one of several categories, such as high-, medium-, and low-

risk groups. 

Prediction: Create rules and use them to predict future events, such as the likelihood that 

someone will default on a loan or the potential resale value of a vehicle or home. 

Data reduction and variable screening: Select a useful subset of predictors from a large set of 

variables for use in building a formal parametric model. 

Interaction identification: Identify relationships that pertain only to specific subgroups and 

specify these in a formal parametric model. 

Category merging and discretizing continuous variables: Recode group predictor categories 

and continuous variables with minimal loss of information.  

There are exponentially many decision trees that can be constructed from a given set 

of attributes. While some of the trees are more accurate than others, finding the optimal tree 

is computationally infeasible because of the exponential size of the search space. 

Nevertheless, efficient algorithms have been developed to induce a reasonably accurate, 
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albeit suboptimal, decision tree in a reasonable amount of time.  These algorithms usually 

employ a greedy strategy that grows a decision tree by making a series of locally optimum 

decisions about which attribute to use for partitioning the data. ID3, C4.5, C&RT, QUEST 

are examples for the decision tree algorithms. (Tan, Steinbach, Kumar, p.151-152). There are 

growing methods in that field: 

Chaid: Chi-squared Automatic Interaction Detection. At each step, CHAID chooses the 

independent (predictor) variable that has the strongest interaction with the dependent 

variable. Categories of each predictor are merged if they are not significantly different with 

respect to the dependent variable. 

C&RT: Classification and Regression Trees. C&RT splits the data into segments that are as 

homogeneous as possible with respect to the dependent variable. A terminal node in which all 

cases have the same value for the dependent variable is a homogeneous, "pure" node. 

Quest: quick, unbiased, efficient statistical tree. A method that is fast and avoids other 

methods' bias in favor of predictors with many categories. Quest can be specified only if the 

dependent variable is nominal.  (IBM, p.1) 

 

Application 

Problem definition 

In the analysis the distribution of the defects and the sources of those defects are 

wanted to be analyzed.  On the number of defects the material type, the production month and 

the day, the shift that is produced and the controller is considered for their effects. The 

material types and their suppliers are so important, it is effected by the supplier selection and 

procumbent decisions. In today’s supply chain understanding the suppliers are considered as 

partners. So before changing the supplier the improvement studies on the suppliers 

production processes should be done. One of the wastes in lean manufacturing is defects and 

those defects are consequence of the defects from the supplier so if the quality improvements 

are done cooperatively the lean success in the supply chain is inevitable. 

This study is done on an electronics factory, data are driven from an assembly line of a type 

of television. There are 12 fields and 25311 records. Data set is consisted of month, firm no, 

supplier, day of inspection, shift, code, material description, place, controller, status and day. 

1. DATA PREPARATION 

In the Table 1, the distribution of the variables used in the analysis could be seen. 

Table 1- Data Audit 
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Figure 1 is about the distribution of the months. The 9th month has more defects when it is 

compared to the seventh, eighth and the nineth month. It can be seen in the Figure 2 as well. 

 

Figure 1- Distribution of month 

 

Figure 2- Histogram of day of inspection 

The Figure 3 shows the distribution of the days that the defects are done. 1 is coded as 

Sunday and it is the day that the most of the defects are done. 

 

 

Figure 3- Distribution of day 
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The Figure 4 shows the distribution of the shift. In the 2. shift the biggest number of defects 

are found out from the analysis. The factory’s first shift starts at 08:00 ends in16:00, 2. Shift 

is between 16:00- 24:00 and the 3.shift is between 24:00- 08:00.   

 

Figure 4- Distribution of shift 

In Figure 5, one can see the number of defect in the two factories of the company. In the 

analysis it is found that the first factory has 63% defect rate which is more than the second 

factory’s 36.95% defect rate.  

 

Figure 5– Distribution of place 

In Figure 6 distribution of the materials can be seen. Logos are the material that contains 

biggest number of defects. 

 

Figure 6- Distribution of material 

The pare to chart of the defected materials can be seen in Figure7. According to the Paretos 

80/20 rule, if 20 % of the defects could be improved than the rest of them could be solved. 
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Figure 7- Pareto chart of the defected materials 

 

Figure 8- Distribution of controller 

The controller SD found so many defaults. (Figure 8) But in the Table 2 it is found that this is 

the total amount that he inspected.  In the Table 2, the matrix shows that the number of  

defects that the controlled, which is coded as binary,1 is coded for defected  and the 0 code is  

for the undefected parts.  

Table 2- Matrix of controller by status 

 

In the Table 3 one can see the number of defects coming from the suppliers. The biggest 

number is from the supplier B, 693 defected units. The name of the suppliers is confidential 

information so that their names are coded. In the decision tree the biggest number of defects 
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are coming from the “logo material group” which are procured from the supplier B. “Solder 

materials” as defected products are procured from supplier A. 

 

Table 3- Defect amount in supplier 

Supplier 0 1 

B 17 693 

C 2 448 

X 13 407 

Z 4 323 

A 0 32 

 

2. MODELING 

 

Figure 9- Model 

In the Figure 9 the constructed model can be seen. In the data mining analysis, 

decision tree technique is used. Since the data was big, sampling is done for the decision tree. 

In practice, one wants to have a small and accurate tree for many reasons. A smaller tree is 

more general and also tends to be more accurate. It is also easier to understand by human 

users. In the Figure 1 it is seen that the number of controlled units were highest in the 9th 

month. In the 9th month more inspection is done. In the decision tree also it is found that 

month was important on the number of defects. 
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Figure 10– Decision tree 

In both branches of the decision tree 99.744% defective units are found in the 9th month and 

after that month 93.151% defects is found out. The defects after the 9th month can be see in 

Table 4. Logos have the highest number of defects in this branch. Also controller effect is 

also important AD and SD controllers’ (%100) of the parts are found to be defective. 

Table  4- Matrix of material by status  

Material 0 1 

Boxes 0 3 

Basilide 1 446 

Bobines 0  3 

Entegrated  circuits 0  1 

Cables 0  32 

Chemical Materials 0  10 

Connectors 0  120 

Lcd mechanical equip. 0 14 

Solder 0  22 

Logos 16 236 

Placets 0 1 

Placet function 0 9 

Polyuretans 0 1 

Satelite  receiver 0 26 

Scart Soccets 0 52 

Bobins 0 2 

Remote controllers 0 5 
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Conclusion 

Manufacturing firms operating in rapidly changing and highly competitive markets 

have embraced the continuous process improvement mindset. Defect Rate is a KPI for 

quality. This is used to measure the amount of product faults. Depending on the type of 

product manufactured and the volume at which it is manufactured, this KPI may be measured 

as faults per unit or defects per million. Data were collected from the manufacturing plant, 

which indicated that the daily defect rates were significant. These figures gave a clear 

indication that the number of defects could be significantly reduced to a few parts within the 

total production. After the analysis collaborative quality improvement studies are done on the 

first tier suppliers for the defected units and 60% improvements are done on the defect rate 

KPI.  Quality is a predictable degree of uniformity and dependebility, at low cost and suited 

to the market. Improvement and innovation are both required if a form is to be healthy in the 

future. The purpose of process improvement is to modify current methods to continuously 

reduce the difference between customer needs and process performance. Continuous quality 

improvement and cost reduction are necessary for an organization’s health and competitive 

economy. Quality improvement requires never ending reduction of variation in product and 

or process performance around nominal values. Supplier partnerships and strategic alliances 

bring important mutual benefits. Reduced transaction costs (cost of information gathering, 

negotiation, contracting, billing), improved resource planning & investment decisions, greater 

production predictability and efficiency, improved deployment of complementary 

capabilities, greater knowledge integration and R&D effectiveness, incentives for increased 

innovation (through cost-sharing, risk-sharing, knowledge-sharing) and increased mutual 

commitment to improving joint long-term competitive performance. Lean supplier networks 

offer significant competitive advantages: Exhibit superior performance system-wide, greater 

efficiency, lower cycle time, higher quality, not an accident of history but result of a dynamic 

evolutionary process, not culture dependent but are transportable worldwide, can be built 

through a proactive, well-defined, process of change in supply chain management 

(Nightangale, 2016). 

This paper focuses on the lean supply chain management systems with its emphasis on 

continuous improvement and defect reduction. Identification of opportunities for eliminating 

defects as a means of achieving continuous improvement was considered to be important. 

Data Mining is used for data analytics, to make this knowledge actionable within the 

enterprise to improve business processes and identification of the defects. 
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