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Abstract Controlling, maintaining, and improving quality is a central topic in
manufacturing. Total Quality Management (TQM) provides several tools and
techniques to deal with quality related topics, which are not always applicable.
With the increased use of Information Technology (IT) in manufacturing there is a
higher availability of data with great potential of further improvements. At the
same time this results in higher requirements for data storage and processing with
demanding, time consuming sessions for interpretation. Without suitable tools and
techniques knowledge remains hidden in databases. This paper presents a meth-
odology to help analyzing root causes of nonconformities (NCs) through a pattern
identification approach. Hereby a methodology of Knowledge Discovery in
Databases (KDD) is adapted and used as a quality tool. As the core element of the
KDD methodology, the data mining, a well-known statistical measure from the
field of economics—the Herfindahl-Hirschman Index (HHI)—is integrated. After
presenting the theoretical background a new methodology is proposed and vali-
dated through an application case of the automotive industry. Results are obtained
and presented in the form of patterns in matrices. They suggest that concentration
indices may indicate possible root causes of NCs and invite for further
investigations.
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1 Introduction

Controlling and maintaining quality is a central topic in manufacturing. Increased
use of information technology in mass production entails more data availability
but also demands a great deal of data processing, interpretation, and presentation.
Total Quality Management (TQM) can be understood as a philosophy consisting
of values, tools, and techniques to increase customer satisfaction and continuous
improvement. Techniques for controlling process parameters are a central point
and deviations of those controlled measures signal need for action. Nowadays
information storage and processing capabilities exist but suitable tools are not
always available or must be tailored for answering specific questions of interest. If
suitable tools are not available knowledge remains hidden in databases [1]. Quality
tools and techniques offer a variety of methods to visualize and control process
data and statistics can be applied to gain certainty about cause effect relations [2].
These tools are remedies to numerous quality problems but might not always take
effect. The application case of this paper’s methodology for example offers too
many variables to be adequate for statistical analysis and visualizations of tradi-
tional quality tools do not serve as evaluation instruments.

Occurring nonconformities (NCs) at machines within the production steps are
aimed to be identified for further investigation of root causes. Hereby the traceability
of products in mass production with numerous machines at several production steps
is highly depending on the level of implementation of information technology. In
addition to that this becomes only transparent depending whether efforts for data
analysis, interpretation, and visualization are done. Knowledge Discovery in Dat-
abases (KDD) for example offers a general framework consisting of sub-elements to
generate knowledge from a dataset [3]. A core element is data mining (DM), a
method with the aim to identify patterns [3]. The developer who uses this method has
a high degree of freedom for using the kind of method as the DM step.

In this paper a new methodology is presented, which is validated through an
application case from the automotive industry. The study presented relates to a real
industrial problem. Quality related data of two consecutive manufacturing process
steps is evaluated and visually represented in a color highlighted matrix. These
matrices may identify the source of origin that caused the NCs to emerge. This is done
by including the total number of NC occurrences, measuring their concentration
among the machines, and highlighting in different shades the machines with the
highest incidents. The visualization takes into account production steps, production
volume, and nonconformities that occur at the machines within the production steps.
However, the source of origin is not identified and must be further investigated for
confirmation.

Results are of interest for academia and practitioners. Different disciplines such
as IT, quality, and economics are consolidated. The integration of an economics
concentration measure into a KDD methodology can be used as a quality tool for
quality engineers to identify possibilities to improve processes in mass production
with diverse NCs.
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This paper presents an efficient method for treating and visualizing data related
to process quality, namely NCs that are concentrated to single machines of two
consecutive production steps. The method is applied to an automotive high volume
production process of similar products varying in size, composition, and shape. A
literature review of relevant topics is given, a methodology suggested, and an
application case presented. The definition of the production steps under analysis is
firstly presented in this paper. Secondly, the identification and collection of rele-
vant data are done. In order to identify patterns an adapted methodology from
discovering knowledge in databases is used. After treating the data the core ele-
ment, data mining, is introduced and results can be obtained. An application case
of the automotive industry is presented, results of identifying NC root causes
discussed, and conclusions drawn.

2 Literature Review

The following section provides the theoretical background of relevant topics. TQM
and quality tools are reviewed and a method of pattern identification through
knowledge discovery in databases (KDD) is presented. The applied statistical
concentration measure is explained in detail.

2.1 TOM and Quality Tools

The subject Total Quality Management (TQM) is extensive, diverse, and influ-
enced on a subjective body of thoughts. There is no global definition of TQM and
companies often show highly diverse interpretations and uses [4]. It is generally
accepted to describe TQM as a philosophy equipped with a set of tools and
techniques with the target to increase customer satisfaction and continuous
improvement. Having a mindset of satisfying the needs of the internal customer is
achieved through tactics for changing a company’s culture and structured technical
techniques [5] and [6]. TQM is also understood as a management system con-
sisting of values, techniques, and tools, as three interdependent components [7].
Common used tools and techniques are summarized by [8] and presented in
Table 1.

Tools and techniques, as portrayed in Table 1, are described to be practical
methods, skills, means, or mechanisms used for a specific circumstance [2]. Their
purpose when applied is to achieve positive change and improvement [2] and [9].
In case the wide spectrum of TQM tools and techniques are not applicable a new
tool must be tailored to solve a specific problem. This tool generation process
entails efforts for data analysis, visualization, and interpretation. Knowledge
Discovery in Databases (KDD) for example offers a general framework to generate
knowledge from a dataset.
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Table 1 Quality tools and techniques used in industry [8]

The seven basic quality The seven Other tools Techniques
control tools management tools
Cause and effect diagram Affinity diagram Brainstorming Benchmarking
Check sheet Arrow diagram Control plan ~ Department purpose
analysis
Control chart Matrix diagram Flow chart Design of experiments
Graphs Matrix data analysis  Force field Failure mode and effects
method analysis analysis
Histogram Process decision Questionnaire  Fault tree analysis
program chart
Pareto diagram Relations diagram Sampling Poka yoke
Scatter diagram Systematic diagram Problem solving
methodology

Quality costing

Quality function
deployment

Quality improvement
teams

Statistical process
control

2.2 Pattern Identification Through Knowledge Discovery
in Databases

Knowledge Discovery in Databases (KDD) can be described as the complete
process of discovering useful knowledge from data [3]. The part of identifying
patterns that is relevant for further analysis is a core element [3] and referred to as
data mining, which is a specific procedure of KDD [1]. Harding et al. [10] define
data mining as a concept and algorithm mix consisting of machine learning, sta-
tistics, artificial intelligence, and data management. But terminology is ambiguous
and one must be aware that different communities hold different terms with same
meanings. Fayyal [3] compiled across communities the following names for data
mining, which is the term used in this paper: knowledge extraction, information
discovery, information harvesting, data archeology, and data pattern processing.
Figure 1 portrays the process of KDD that is described by [3] and starts by
selecting from a database the relevant target dataset. Preprocessing the target data
is relevant to remove noise and outliers for the data to be ready for further

- Pre- || D ini % i
| Selectlon> % l procreessing> fc;ll—'ﬁgtsion Hm Data Mining > | |,/ '”é?,'ﬁ{,“ﬁgﬁ}

al
Data Target Preprocessed Transformed Patterns Knowledge
Data Data Data

Fig. 1 The KDD process c.f. [3]
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processing. On the cleaned data the thoroughly identified or developed data mining
algorithm can be performed to generate patterns. The produced patterns must be
interpreted and evaluated for the knowledge to be discovered.

Fayyal et al. [3] mention that the data mining algorithm can be composed of a
specific mix of the model (the function of the model and the representation form),
the preference criterion (some form of goodness-of-fit function of the model to the
data), and the search algorithm (the specification of an algorithm for the path of
finding).

Recent reviews on KDD and data mining for manufacturing exist and indicate
the popular use of KDD [1, 10, 11]. Some reviews also deal with KDD and data
minding surrounding the topic of quality improvement [11] such as predictive
maintenance, fault detection, quality assurance, product/process quality descrip-
tion, predicting quality, classification of quality, and parameter optimization.

Koksal et al. [11] reported an increasing use of data mining applications for
quality related tasks. In those tasks applications for predicting quality are the most
widely used ones followed by classification of quality and parameter optimization.
There are plenty applications or algorithms respectively to perform data mining.
Some of them are maps for classification, regression, or clustering of data. Others
are summaries, dependency modeling of variables, and sequence analysis [3].
Model representation reach from decision trees over linear and non-linear models
to case-based reasoning and probabilistic graphical dependencies.

2.3 The Herfindahl-Hirschman Index

The Herfindahl-Hirschman Index (HHI) also referred to as the Herfindahl Index is
a method to measure concentration [12]. Unaware of Hirschman’s published work
Herfindahl developed a similar method of measuring concentration at a later date
[12, 13, 14]. The equations are identical with the only difference of the square root
of Hirschman’s index on Herfindahl’s equation [13]. Herfindahl’s equation is
depicted in (1).

The index is the sum of the individual market shares of the participants in a
specific market. Thus one can state:

HHI = " a; (1)
i=1

. Xi
with a; = i (2)

j Y

The index is originally used in economics to measure competition in the marked
and the effects of mergers or to measure concentration of income of households
[12]. It is an adopted method of the department of Justice and Federal Reserve and
currently in use to analyze merger intents [12].
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Transferring this sense into the realm of quality can lead to the following
understanding: Each imperfect process of a production step produces output—
NCs—and the concentration to single machine among the total number of pro-
ducers is measured. For every production step (n-1 and n) the concentration of
every single NC is measured. A high HHI is referring to a high concentration,
which can be understood that the great majority of NCs is produced by (a) single
machine(s). Complementing to the HHI a visualization of all machines with their
NC occurrences may highlight the critical ones and might even help in identifying
root causes. This has to be proven after investigating the root cause.

KDD in engineering and quality related topics is well established and known.
However, data mining algorithms are plentiful and there is no strict definition for
existing models. This paper integrates a well-known statistical measure from the
field of economics as the data mining algorithm within the KDD methodology.
When applying the suggested method on a dataset it can be used as a quality tool
for fault detection in manufacturing.

3 Pattern Identification Methodology

In order to improve production processes and learn from data an adapted meth-
odology for pattern identification is suggested. The methodology is alike to the
KDD methodology with a concentration measuring method from the field of
economics as the data mining sub-step. The resulting patterns provide the basis for
interpretation and knowledge creation. Firstly, one can identify which NC occurs
concentrated at individual machines. Secondly, one can identify at which indi-
vidual machines specific NCs occur most. Additional knowledge serves to high-
light possible origins of NCs.

To obtain results one must first gather quality related data of the manufacturing
process, namely recording the NCs of the production processes of relevance. The
data of relevance must include information about the machines that the product
passed of all the relevant production steps and the type of NC that was identified at
the inspection station. The applied methodology in Fig. 2 is an abbreviated and
adapted KDD methodology as previously presented in Fig. 1.

Firstly, one must gather data over a determined period of time. In order to
retrieve data in a reliable manner the format of the input data file must be defined.
When having the input file the preprocessing of data can be started. This includes

ata refrieval and
preprocessin:

Input
- data file data
processing file
Database

Fig. 2 The methodology of the study
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Table 2 Retrieved data input file from database

Step n-1 Step n  Inspection

Barcode Machine Date Time Machine NC type Decision Date Time
1##%622 V1 2010-12-01 02:32:27 Al6 NCI15 Scrap 2010-12-01 00:11
1#%%699 X9 2010-12-01 00:04:53 R12 NC3 Repair ~ 2010-12-01 00:32
1##%244 Y8 2010-12-01 00:03:38 G19 NC2 Repair ~ 2010-12-01 00:33

spread sheet calculation which must be tailored or integrated to the previously
obtained input data file. In this paper the Herfindahl-Hirschman index is the
measure that serves as algorithm for the data mining sub-step.

The preprocessed data file provides information for every single NC: the
number of incidents, the appraisal decision, and the machines the product had
passed during production as presented in Table 2.

With basic calculations one can compute the occurrences of NCs according to
machines on basis of the retrieved data as presented. This results in a matrix with
machine number and NC type filled with the number of incidents as presented in
Table 3.

Applying the statistical formula (1) and (2) to the tables one can calculate the
HHI for a specific NC for one production step. After calculating for all NCs the
HHI for each production step one gains information about how concentrated NCs
are occurring at single machines. A specific visualization shall help in identifying
the NCs with higher concentration to production machines within each production
step.

The visualization in the form of patterns consists of two parts. Firstly, the
concentration of a specific NC among the machines of each of the two production
steps is calculated. This gives general information about whether a specific NC
appears concentrated at individual machines within one production step, as one
can see in Table 4. Secondly, the concentration index number of every NC for the
two production steps is compared. This gives information about whether the NCs
are very common and related with several machines or whether the NCs are
appearing very concentrated to single machines.

4 The Application Case

The suggested methodology in Sect. 3 is applied to an application case of a high
technology automotive parts producer. The company maintains a quality man-
agement system and is certified by quality standards such as DIN EN ISO 9000,
DIN EN ISO 9004, and ISO/TS 16949.



858 M. Donauer et al.

Table 3 Preprocessing of data to identify the number of occurrences according to machines

Step n-1 NCl1 NC2 NCn Step n NC1 NC2 NCn
Machine 1 X y z Machine 1 X y z
Machine 2 Machine 2

Machine n u v w Machine n u N w

Table 4 The HHIs of production step n-1 and n according to the NCs

a b c d e a b C d e
11 0.08 | 0.13 [ 0.04 | 0.05 | 0.04 11 0.03 | 0.05 [ 0.01 | 0.01 | 0.03
2| 015 | 0.08 | 0.19 [ 0.05 | 0.06 2[ 005 [ 0.05 | 0.02 | 0.07 | 0.02
3[0.09 [ 0.07 | 0.04 | 0.30 | 0.06 3[ 0.04 | 0.02 | 0.01 | 0.07 | 0.03
4/ 0.08 | 0.12 | 0.16 [ 0.15 | 0.05 4{ 001 | 0.02 | 0.04 | 0.03 | 0.01
5{ 012 [ 0.11 | 0.44 | 0.03 | 0.50 5( 0.06 [ 0.02 | 0.09 | 0.01 | 0.13
6{ 0.04 | 026 | 0.03 | 0.09 | 0.07 6{ 0.00 | 0.11 | 0.01 | 0.03 | 0.08
7{0.03 | 031 | 0.09 | 0.05 | 0.08 7{0.00 | 0.08 | 0.03 | 0.01 | 0.04

Step n-1 Stepn

4.1 Problem Description

The production process is composed of several production steps that do require
dominating well different scientific fields. Mixing of raw materials, assembling
subassemblies, and an injection akin process characterize the production steps.
Each step consists of numerous machines and every product passes exactly one
machine at every step. Barcodes are attached to the product and every machine
equipped with a barcode scanner saves the product machine relationship to a
database. Thus the database offers information about the history of the path of the
production steps and the individual machines that the products took. An inspection
station is installed at the end of the manufacturing line and humans inspect
manually the products upon conformance to requirements. Conforming products
are forwarded to be shipped to the customer. The type of NC is added to the
information system and a decision of the recoverability through rework or the
product to be scrapped is made. Due to the complex nature of the product and its
processes causes of nonconformities are manifold and attributable to process
failures, machine stoppages, incorrect composition, quality of raw materials, or
human error. In addition NCs are often only detectable at the finished product.
They vary from minor cosmetic to severe imperfections that may not be recov-
erable. The company uses brain storming approaches and is focused on reducing
scrap rates of specific NCs and form multi-departmental teams to initiate inves-
tigations. But root cause identification has proven to be difficult, which is why the
tool in this paper was developed.
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Database

|

f

alls

alls

Machine # Machine # Machine #
Operator # Operator # Operator #
Date and time Date and time Date and time
OK/NOK
NC type
Step 1 Step n-1 Step n Inspection

Fig. 3 The production flow and data input to the database

Figure 3 illustrates the production steps and the input of information into the
database. At the last two production steps before the inspection station corre-
sponding data is input into the database. This data contains information about the
specific production machine, the involved operator as well as time and date.

4.2 Overview of the NC Concentration

After applying the tool’s methodology one can build the tables illustrated below.
Table 4 presents the concentration of all NCs for the two production steps. The
numbers in the cells are the HHI results for each NC at the two production steps.
Results for step n-1 are depicted on the left and for step n on the right side of
Table 4. Each field is the concentration of NC incident of one specific NC of a
production step.

Table 5 provides information about which NC corresponds to the HHI pre-
sented in the fields of Table 4 by comparing the horizontal and vertical index
numbers and letters. NC18 in field ‘4¢’ for example has an HHI of 0.16 in step n-1

Table 5 Corresponding NCs for HHI in Table 4 for step n-1 and n

a b ¢ d e
1 NC1 NC8 NC15 NC22 NC29
2 NC2 NC9 NC16 NC23 NC30
3 NC3 NC10 NC17 NC24 NC31
4 NC4 NCl11 NC18 NC25 NC32
5 NC5 NC12 NC19 NC26 NC33
6 NC6 NC13 NC20 NC27 NC34
7 NC7 NC14 NC21 NC28 NC35
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and an HHI of 0.04 at step n. Both numbers are not comparable with each other
because the numbers of machines are different for the two production steps.
However, within one production step they do become comparable with each other.
NC33 and 19 (Field 5e and 5c) show the highest HHIs for step n-1. NC33 and 13
(Field 5e and 6b) show the highest HHIs for step n.

4.3 Result Tables of the Production Steps

Production step n-1 consists of fewer machines than the ones in production step n.
The machines at each production step operate in parallel and exactly one machine
at each production step is passed for the product to be produced. The route that the
product takes from one production step to another depends on the set-up config-
uration of the machines. Different configurations allow producing products varying
in a size, composition, and shape.

Following the suggestions of Table 4 the highest NC occurrences shows NC33
for both production steps. The NC occurrences at the machines are delineated in
Fig. 4. Each field of the matrices represents one specific machine. The machines
are located in lines and are numbered. Step n-1 consists of four lines (V, W, X, and

NC33 Line

27
28
29
30
31
32
33
34
35
36
37
38

AlB[c|D[E[FI[G[A]I[J[K[LIM[N][O[P]Q[R[S][T
1 Jolofolofo]olo]o]o]o[1]olo]o[o]1i]o]o[o0]o0
2 |[oJo]lo]oJo[1]o]oJololo]o]lolol1[o[1]o]o]o0
3 |0]olo]loJoJo]o[1]olo]o]o]o|o|o]o0][0]0|o0]o0
2 [ol1]o]o]ofolo[ofo[1]o]o]o]o]oloo[1]0]0
5 [0]o|oJo|1]o]o]oJoJo]1]o]ofo]o[o]o0]0[o0]o0
6 |oJo|o|oJoJo]o]o|1]o]o]o]o|oJo[o]o]o0|o0]o0
7 |[oJo|o]oJolo]o]oJololo]o][1]olo[o]o]|i5]0]o0
8 |oJlololololo[o]lo|l1]olo]o]ololoo]|1]a]o]o0
9 |[oJlololololof[o]olol1[o[o]ololo[o]2]0]o0]0
10 o]1]olo]lo|1]ojolo]o]o|loJo]o]o]o|o|o]o]oO
11 |o]ojojo|o]oJoJolo]o|1]oJo]o]o]o|o|o]o0]oO
12 1]ojolo]o]o|oJolo]o]o|o|o[o[o]o|o|o]0]o0
e line 130[o0jofojo[o|1]o]o[o[o]o[ofo[o]1]o0[6[0]0
B v Twl x T v 14 [0]o0Jo|1]0]o0]o0ojolo]o]o|oJo]o[o]o|o0|13]o0]o0
15 [0][1]o|1]o0]ofo|1]o]o]o|ojo[o]o]o|1]o]o0]o0
11 2 Seiem 1 16 [a]olo]o]oJololoflofo]lo[oJolo[o]o]o[o]o]o0
2 | 1 3 3 8[ 1w [ofofol2]0 1{ofofofJofofofofofof[o[o]o]o
3| 3o 2] 1 E[1slofofo]o]o oloJojoJofo[1]1]o]oo[1][0]o0
a| 1 | o oo HETEN 0 0|1]oJojo|1]o]o]2]o0]o0]o]o]o0
s| 1] 0] 0] o HEAD 0 oJlolojo|1]o]o]oJoJo[i]o]o]o0
¢l ¢« fol 1o HE oTolole oloTol s Tololalo
7 oL R 1 L2 23 0 0o 0]ofo]1
8 NUSSIENO a 0 24 0 0o ojlo|o]o
9 0 1 3 2 25 olofofo
w]| 4 | 4 0] o0 % o[1]o]o
0]o]o]o
0jofo]o
olofo]o
olofoo

0]o]o

0o[o]o

0ol 1]0

o[o]o

0[o]o

1 0

0

0

Fig. 4 Result presentation of process step n-1 (left) and n (right)
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Y) each with 10 machines. Step n consists of 20 lines (A, B, ..., T) each equipped
with machines varying in number between 16 and 38.

The left matrix in Fig. 4 presents the number of occurrences of NC33 for every
machine of production step n-1. As one can see machine number Y2 is related with
99 NCs among a total number of 141 NCs. All other machines of this production
step show numbers of occurrences between zero and four. The right matrix in
Fig. 4 presents the number of occurrences for every machine of production step n.
In comparison to step n-1 the NCs occur more fragmented. Machine number R8
has the highest number of NCs (47). Machine number R7, R14, and 022 show
number of occurrences of 15, 18, and 13. All other machines do not produce NCs
or only few.

The above obtained results highlight the high concentration of NCs to machine
Y2 of production step n-1. Thus, the number of occurrences is very concentrated to
one single production machine and steps for further analysis of root causes of the
NC must be done. A possible tool for doing that can be the cause and effect
diagram from Table 1. This lists all possible factors of contribution such as
operator, machine, method, or material and one can observe and investigate with
this structured help the root cause if there is one to find.

A first observation may indicate that this machine (Y2) is the main contributor
of the NC and that the root cause might be found when further analyzing this
machine. However, this information shall be taken as a direction and invite for
further investigation and must be considered cautiously. Additional information is
required to gain higher certainty of this assumption. The methodology indeed does
take into account the total number of a specific NC. But it does not consider the
total number of the products based on the set-up configuration of the production
machines. This means the method does only take into account NC types regardless
of further product features, such as size, shape, or composition.

Furthermore, when comparing the two matrices in Fig. 4 there is a mismatch in
total numbers of NCs. While step n-1 has a sum of 141 occurrences of NC33, step
n shows 155 occurrences. Theoretically both numbers should match since every
product passes exactly one machine at each step. This inconsistency has to do with
incomplete datasets, which are attributable to technical defects of scanned bar-
codes or neglect of data entry by operators, among others.

Similar matrices as presented in Fig. 4 are obtainable for all other NCs pre-
sented in Table 5 and ready for interpretation to discover knowledge. But pre-
senting these figures would exceed the frame of this paper.

5 Conclusion

This paper proposes a methodology to help analyzing root causes of NCs. Visually
represented discovered knowledge supports to identify possible root causes in
mass production. An economic concentration measure (HHI) is integrated as the
data-mining element of the KDD method. The proposed methodology can be used
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as a quality tool and is validated by an application case from the automotive
industry. Data tables are generated with different cell shadings according to the
concentration of specific incidents. An incident in this context is an occurrence of a
specific NC. These tables may help in disguising main contributors of NCs
exposing them to the user to be further investigated.

Results indicate that with the applied visualization technique it is possible to
identify single machines that are highly related with specific NCs and may be the
originator. Further investigation of the likelihood of being the originator of NCs is
required as the next step.

The methodology integrates several disciplines namely IT, quality, and eco-
nomics. A well-known and established economical concept finds in quality an
additional field of application. Quality engineers of industrial companies may find
interest in using the tool to identify root causes in high volume production with
numerous machines and diverse NCs. According to the presented results the visual
representation of the data helps to quickly understand which NCs show the highest
concentrations to machines at different production steps. The highly visual results
ease the interpretation and further analysis to constantly improve production quality.

While initial findings are promising, further research is necessary. As a start, the
success rate of being able to identify the root cause of an NC after having high-
lighted a possible contributor must be identified to further validate this tool. This
tool is currently developed to be used offline. With further development and
integration to the installed IT system of a company it can turn into an online tool.
Additional development can even automatically alert responsible persons when a
critical value of concentration is exceeded and further investigations of root causes
become attractive.

As this paper demonstrates combining knowledge of different disciplines can
result in new emerging methods, tools, and knowledge. The authors highly
encourage cross- and interdisciplinary research.
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