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Abstract

The automotive industry has faced significant challenges due to the large number of Tier 2 suppliers for Rear
Differential components, with 17 suppliers providing 32 different parts. This situation has resulted in increased
production costs and more complex supply chain management. This study aimed to analyze the clustering of Rear
Differential components in transmission systems using Hierarchical Cluster Analysis, with the goal of supporting
cost reduction in the automotive industry. Two clustering models were compared: Model 1, which excluded
procurement strategy matrix variables (Special Requirements, Raw Material Grade, Raw Material Type,
Manufacturing Process, Tier 2 Supplier Information, and Company Location), and Model 2, which incorporated
an additional variable related to the Procurement Strategy Matrix. The decision criteria for determining the optimal
number of clusters were based on four key factors: 1) Product design, 2) Characteristics, 3) Materials, and 4)
Manufacturing. The clustering results for both models revealed the same optimal number of 13 clusters; however,
the similarity matrix between the clusters differed. Furthermore, the number of members within each cluster
varied. Based on the criteria for determining the optimal number of clusters, Model 2, which included the
Procurement Strategy Matrix variable, demonstrated superior clustering efficiency compared to Model 1.
Ultimately, this research identified 13 optimal clusters, reducing the number of Tier 2 suppliers from 17 to 13,

representing a 23.53% reduction.
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1. Introduction

This research examined a pickup assembly
company from a case study in the eastern region of
Thailand. The study focused on the transmission
system, specifically the Rear differential, a commonly
used component in general vehicle models. This
resulted in variations in component parts in terms of
design. The Rear differential accounted for the highest
procurement cost, representing 37% of short-lot order
expenses, and had a high production volume in 2023.

The findings revealed that the company procured
rear differentials from a Tier 1 supplier, who, in turn,
sourced 32 parts of components from 17 Tier 2
suppliers. When considering suppliers providing
fewer than two component types per supplier, the Tier
1 supplier had to identify alternative suppliers. This
led to higher expenses, extended negotiation times,
and affected the automaker's cost management and
competitiveness.

This research emphasized the importance of
supply chain management and aimed to classify Rear
differential components using the Hierarchical Cluster
Analysis technique. The classification process utilized
two models: Model 1, which excluded six
procurement strategy matrix variables, and Model 2,
which included these six variables along with an

additional procurement strategy matrix variable,
totaling seven variables.

The seven variables selected for Model 2 were
chosen based on their relevance to procurement
decision making and their direct or indirect impact on
engineering design criteria, namely functionality,
material compatibility, and manufacturing process.
These variables are commonly used in strategic
procurement frameworks and include factors such as
cost impact, supply risk, supplier availability, volume
flexibility, technical complexity, and lead time. Each
of these variables influences how components can be
grouped effectively to support engineering efficiency
and supplier consolidation. By incorporating these
variables, Model 2 provided a more comprehensive

and realistic classification of parts, aligning
procurement strategies with technical specifications
and design constraints.

Once the Rear differential components with
similar characteristics were grouped, four key
engineering design criteria were applied to evaluate
the appropriateness of grouping related components
within each cluster. Subsequently, existing
manufacturers with production capabilities for each
group were identified to create a revised procurement
list. These capable manufacturers proposed prices for
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components within their respective groups (based on
the same order quantities), serving as a guideline for
supplier selection and cost reduction for the company.

1.1 Theory of Cluster Analysis

The study of cluster analysis using the Hierarchical
Cluster Analysis technique is a widely used method in
data analysis and statistics. This technique is applied
to divide cases (referring to items or organizations)
into subgroups of two or more.

The basic assumptions of the
clustering method are as follows [1],[2]:

1) When dividing cases, the number of cases
should not be too large (ideally fewer than 200).

2) It is not necessary to know the number of
groups beforehand.

3) Itis not necessary to know which case belongs
to which group initially.

4) The variables used for grouping must include
more than one variable, which can be qualitative,
quantitative, or a variable with a single value.

Selection of Variables or Factors Influencing Case
Differentiation. When selecting variables or factors
expected to influence the differences between cases,
qualitative variables can be used. These variables are
assigned only two possible values: 0 and 1. A variable
of interest is assigned a value of 1, while a variable not
of interest is assigned a value of 0, as shown in Eq. (1)

[2].

hierarchical

¥ = {1 if the characteristic is of interest 1)

t 0 if the characteristic is of interest
When X; It is the variable that influences the
differentiation between cases.

The data used for clustering has varying ranges for
each variable. Therefore, the data is transformed to
standardize the values of each variable, ensuring
consistency. This is done using standardization, as
shown in Eq. (2) [3].

2

When

Z; : The standardized value of the i-th observation.

X; : The original value of the i-th observation.

X : The mean of the variable.

S : The standard deviation of the variable.

The process begins by defining one cluster as equal
to the number of data points. Then, the similarity or
distance between data points is considered, using the
Euclidean distance formula to calculate the distance
between the centroid of a cluster and all data points
within that cluster. This is done using Eq. (3), which
calculates the distance between the centroid and the
data points. the procedure continues by merging two
clusters by measuring the distance between their
centroids (Centroid Clustering). The distance of the
new combined cluster is then calculated. This process
is repeated until only one cluster remains. Once the

clustering is completed, no further changes will occur,
and the number of clusters is evaluated to determine
the most appropriate number of clusters to use. This
method ensures that the data is grouped in the most
meaningful way, allowing for the selection of the
optimal number of clusters based on the resulting
structure [1].

Distance (¢;,p) = /Z(cin - pn)2 (3)

The centroid of group j is defined as: ¢; =(¢;,, ¢;,,
ey cin) The data points in group j are represented as:
p =(p1, P2 ---> Pn)

Hierarchical clustering is particularly suitable for
this study, which involves real automotive
components, due to the relatively small sample size of
32 components. This sample size is similar to those
used in several other studies. Additionally, this
technique does not require prior knowledge of the
number of groups or their characteristics, making it
ideal for researchers' analysis. Its step-by-step
grouping process allows researchers to examine the
natural structure of the data, ensuring that the resulting
clusters are meaningful and aligned with both
engineering design criteria and strategic perspectives

1.2 Theory of the Procurement Strategy Matrix

The Procurement Strategy Matrix is a strategic
activity of a company, involving the management of
various processes abroad to meet the company's needs
for procuring goods and services essential for product
manufacturing (direct) or organizational operations
(indirect). It is divided into four components as
follows [4],[5]:

1) High Importance to the Organization but Low
Financial Value or Impact (High Level & Low Value)

This group is referred to as Engineering Items or
items with a Limited Number of Suppliers, used in
specialized production processes.

2) High Importance to the Organization and High
Financial Value or Impact (High Level & High Value)

This group is referred to as Unique Items,
components contributing to the final product, or items
that involve Integration with Suppliers.

3) Low Importance to the Organization but High
Financial Value or Impact (Low Level & High Value)

This group is referred to as Leverage Items or
Basic Production Materials.

4) Low Importance to the Organization and Low
Financial Value or Impact (Low Level & Low Value)

This group is referred to as Routine Purchases or
items with General Standard Specifications.

1.3 Literature review

The literature review for Cluster Analysis was
presented as follows:

S. Plungsri and K. PuntusavaseK [6] demonstrated
about stated that product size clustering was
conducted using three datasets, each containing 437
data points. The analysis determined the maximum
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number of products that could be stacked on a pallet.
The results showed that costs could be reduced by 2.9
million baht (13.43%), storage space could be reduced
by 2.19 million cubic inches (48.65%), and
transportation volume could be increased by 5,200
boxes per round (86.7%).

N. Wiroonsri, et al. [7] conducted a
Nonbhierarchical Cluster Analysis using the K-means
method to segment 588 pet food customers based on
transaction data. The analysis identified eight
customer groups and created 15 new variables derived
from the transaction data. These variables were
utilized to classify customers and develop sales
strategies.

ZH. Che |[8] proposed a mathematical
optimization model for clustering and supplier
selection. The clustering results were then used to
identify suitable supplier combinations using the
Analytic Hierarchy Process (AHP). The study
analyzed data from seven components, with ten
operational variables and ten suppliers. The objective
was to select one supplier for each component from
the ten available options.

A.T. Almaktoom, et al. [9] addressed the
measurement of service levels in supply chains and the
development of robust optimization methods for
system design. Results from a case study demonstrated
that implementing the proposed robust optimization
approach enabled the system to achieve a 90% service
level while minimizing performance costs and the
impacts of uncertainty.

D. Marini and J.R. Corney [10] proposed the use
of a Selection Matrix to support design processes
involving manufacturing methods that produced
shapes close to the desired final form. The primary
decision-making criteria for supplier selection and
ranking were established based on expert opinions,
which focused on factors such as product
characteristics, geometry, production processes, and
materials. This approach was aimed at reducing raw
material usage and machinery requirements while
aligning with production volume and material
demands.

A. Srirattanapraphan and W. Songpan [11] stated
that user clustering based on actual usage behavior
was conducted to develop a method for optimizing the
use of data within the registration system. The users
were grouped into six categories using hierarchical
cluster analysis.

U. Moonpen and S. Mungsing [12] stated that the
optimization variables for clustering were used to
analyze the necessary characteristics of travel
packages. The clustering methods employed included
the K-means clustering method, hierarchical
clustering, random clustering, and the DBSCAN
clustering method.

A. Araveeporn and J. Promsanga, [13] stated that
the criterion used to compare the performance of
clustering was the average difference in data between

groups for the K-means clustering method applied in
three different ways.

W. Khalid, Z. N. Lee Herbert-Hansen Nadja [14]
showed the framework, based on k-means clustering,
aids international location decisions by providing
objective, quantitative outputs. It is fast, flexible, and
allows customizable indicators to suit decision-
makers' preferences.

After reviewing the literature, the researchers
found that previous studies [3-13] focused on
selecting appropriate clustering techniques to identify
suitable groups for companies to develop or create
strategies tailored to each group. For this reason, the
researchers applied clustering to the Rear differential
components in the transmission system of a case study
company, a pickup truck assembly plant in the eastern
region. The focus was on sustainability and alignment
with the company's values, creating key strategies to
enhance competitive advantage in supplier selection
[15]. This approach integrates engineering design
considerations with the Procurement Strategy Matrix,
differing from the majority of past research, which
typically focused on selecting suppliers based on a
single variable. This clustering approach reflects the
changes in the industrial world.

In reviewing previous research, it was found that
some studies, such as [8], used K-means clustering to
categorize suppliers based on product type, customer
demand, production cost, product quality, and
production time. However, it did not consider design
factors, which are crucial for capturing the complexity
of actual production processes. Moreover, K-means
clustering produces fixed groupings based on a
predefined number of clusters, which differs from
Hierarchical Cluster Analysis (HCA). HCA is more
suitable when the objective is to explore relationships
among data points flexibly, providing a more detailed
structure known as a dendrogram. Other research [2]
incorporated technical data but did not integrate
procurement strategies comprehensively. This study
aims to fill these gaps by combining both engineering
and procurement data to create clusters that not only
support efficient supplier selection but also align with
the strategic goals of the company.

This research involves variables where the exact
number of groups is unknown and aims to segment based
on qualitative variables. Therefore, the Hierarchical
Clustering technique was chosen to group the Rear
Differential components (Rear Assy, differential) by
establishing appropriate criteria for clustering. The
analysis focused on the similarity of data from variables
that demonstrate the differences between each variable,
which influences the clustering results.

2. Research Methodology

The research methodology involved studying
component parts of the Rear Differential produced by
Tier 2 suppliers using Hierarchical Cluster Analysis
with the SPSS statistical software. The analysis
involved inputting two models of variables, totaling
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seven types of variables, and creating 18 new sets of
data, each with 32 types. The data was presented in
tabular form. The detailed steps for applying the
methodology with the program were as follows:

1) Data Collection and Variable Definition (see
section 2.1)

2) Management of Qualitative Data and Creation
of New Variables (see section 2.2)

3) Data Transformation into Standardized Values
and Condition Checking (see section 2.3)

4) Clustering of Components Using Hierarchical
Clustering Technique (see section 2.4)

5) Results of Clustering Rear Differential
Components for Both Models (see section 3.1)

6) Comparison of Clustering Results for Both
Models Using Distance Metrics (see section 3.2)

7) Results of Suitable Clustering for Rear
Differential Components (see section 3.3)

8) Comparison of Suppliers Before and After
Clustering, Including Order Costs (see section 3.4)

9) Conclusion (see section 4)
2.1 Data Collection and Variable Definition

The researcher collected raw data of Rear
Differential Component Parts based on the design
principles of 32 component parts from 17 Tier 2
suppliers. The data was gathered using the
Procurement Strategy Matrix to evaluate components
according to their importance and market complexity,
as shown in Figure 1.

Raw Material Type, Manufacturing Process, Tier 2
Supplier Information, and Company Location

Subsequently, the components data derived from
the Procurement Strategy Matrix was used to create
clustering variables for Model 2, as shown in Table 1.
2.2 Management of Qualitative Data and Creation

of New Variables

The researcher managed the qualitative data by
converting it into quantitative form. Variables of
interest were assigned a value of 1, while variables of
no interest were assigned a value of 0. The new
variables were created as follows:

Model 1 created a total of 14 new variables, as
shown in data sets 1-14.

Model 2 created a total of 18 new variables, adding
the procurement strategy variables, with data sets 15-
18. Each model generated 32 data points per new
variable set, as shown in Table 2.

Table 1 Defining the Variable Models for Clustering
Rear Differential Components

Variables of Model 1 Variables of Model 2
(1) Specific Requirement | (1) Specific Requirement
(2) Material Type (2) Material Type

(3) Material Category (3) Material Category

(4) Forming Process

(4) Forming Process

(5) Specific Data for Tier
2 Suppliers

(5) Specific Data for Tier
2 Suppliers

(6) Geographical Location
for Tier 2 Suppliers

(6) Geographical Location
for Tier 2 Suppliers

=| P5: Gear Side P3: Bearing Front
8| P9: Gear Pinion Side P4: Bearing Rear
| P16: Gear Pinion P6: Nut Lock

| P17: Ring Gear P7: Oil Seal

P21: Compinion Flange P20:Spicer, Drive Pinion
P26: Bearing side (LH)

P27: Bearing Side (RH)

P14: Washer Solenoid

P15: Shim Differential (Rear)
P19: Washer Adjust

P24: Washer Thrust, Side
P25: Washer Thrust, Pinion
P28: Shim Adjust (LH)

P29: Shim Adjust (RH)

Low value

P10: Shaft Pinion
P18: Bolt Drive Gear
P22: Bolt Bearing Cap
P23: Case Differential
P31: Bolt Washer

= P32: Taper Roller Bearing
& P30: Position Switch

%‘. P11: Shim Bearing (Front) P1: Case Carrier

= P12: Shim Bearing (Rear) P2: Case Diff

% P13: Shim, Gear Side P8: Pin Lock

Low Level

High value
Supply Risk

Figure 1 Rear Differential Components from the
Procurement Strategy Matrix

The raw data collected was then used to create
clustering variables for Model 1, which did not
include the Procurement Strategy Matrix variables.
The six variables used for clustering in this model
were: Special Requirements, Raw Material Grade,

(7) Procurement Strategy
Matrix

2.3 Data Transformation into Standardized Values
and Condition Checking

To handle non-numeric variables, the Binary Data
technique was used to convert the data into a format
suitable for clustering. The data was then standardized
to reduce discrepancies caused by different
measurement units. This transformation involved
adjusting the values of all variables so that the
minimum value became 0 and the maximum value
became 1. The new variables were stored in the raw
data file, preparing the data for clustering the Rear
Differential components.

This research examined the basic conditions of the
variables used for clustering by comparing the
standardized data transformation for Model 1 and
Model 2. It was found that Model 2 showed a greater
difference in the stamping process variable than
Model 1, while the Special Material variable in Model
2 had a lower value compared to Model 1.

These results indicated that Model 2 exhibited
more similarity in terms of special materials than in
the stamping process. The verification of these basic
conditions was shown in Table 3.
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Table 2 New Variables Derived from Model 1 and Model 2 Variables

. Clustering Variables
Data Set New Variables Variable of Interest = 1 Variable of No Interest = 0
Data Set 1 | Define Manufacturer Country Manufacturer in Thailand Not a Manufacturer in
Thailand
Data Set 2 | Define Stamping Type Stamping Not Stamping
Data Set 3 | Define Casting Type Casting Not Casting
Data Set4 | Define Forging Type Forging Not Forging
Data Set 5 | Define Completed Part Type Completed Part Not Completed Part
Define Tier 3 Manufacturer Manufacturer in Thailand Not a Manufacturer in
Data Set 6 .
Country Thailand
Data Set 7 | Define Material Type Steel Not Steel
Data Set 8 | Define Material Characteristics | Long Steel Bar Not Long Steel Bar
Data Set 9 | Define Special Material Special Material Not Special Material
Data Set 10 Define Brec151on Requirement Requires Precision Does Not Require Precision
for Turning
Data Set 11 Define Need for Property Requires Property Does Not Requires Property
Improvement Improvement Improvement
Define Surface Coating Requires Surface Coating Does Not Requires Surface
Data Set 12 . >
Requirement Coating
Define Specific Knowledge Manufacturer Knowledge Not Manufacturer
Data Set 13 .
Requirement Knowledge
Data Set 14 | Define Workpiece Complexity | Complex Workpiece Not Complex Workpiece
Data Set 15 | Define Engineering Parts Engineering Parts Not Engineering Parts
Data Set 16 | Define Specific Identity Specific Identity Not Specific Identity
Data Set 17 | Define Basic Manufacturing Basic Manufacturing Not Basic Manufacturing
Data Set 18 | Define Normal Purchase Normal Purchase Not Normal Purchase

Table 3 Comparison of the Standardized Values Using Two Model Variables

Standardized Val Variables of Model 1 Variables of Model 2
tandardized Values Mean Std. Deviation Mean Std. Deviation
Manufacturer Country 0.72 0.457 0.72 0.457
Forging Type 0.25 0.440 0.25 0.440
Casting Type 0.09 0.296 0.09 0.296
Stamping Type 0.34 0.483 0.34 0.483
Completed Parts 0.66 0.483 0.66 0.483
Tier 3 Supplier Country 0.13 0.336 0.13 0.336
Raw Material Type 0.94 0.246 0.94 0.246
Raw Material Characteristics 0.47 0.507 0.47 0.507
Special Material 0.28 0.457 0.28 0.457
Machining Precision 0.97 0.177 0.97 0.177
Property Improvement (Heat Treatment) 0.16 0.369 0.16 0.369
Coating/Painting Process 0.28 0.457 0.28 0.457
Special Requirements 0.09 0.296 0.09 0.296
Part Complexity 0.38 0.492 0.38 0.492
High Level & Low Value Parts - - 0.16 0.369
High Level & High Value Parts - - 0.25 0.440
Low Level & High Value Parts - - 0.28 0.457
Low Level & Low Value Parts - - 0.31 0.471

2.4 Clustering of Components Using Hierarchical

Clustering Technique

The number of groups to be divided was defined as
k groups, where the number of parts equaled the
number of groups and clusters. In this study, there
were a total of 32 types, which correspond to 32

clusters

The clustering process began with 2 clusters and

increased progressively. Random representatives for

clustering were designated as R1, R2, ..., Rk, and the
results of each cluster were labeled C1, C2, ..., Ck. The
members of each cluster, representing rear axle
components, were denoted as P1, P2, ..., Pk.
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As the number of clusters decreased, the distance
or similarity between data points was recalculated, and
this process was repeated until the members of each
cluster no longer changed. The clustering process was
based on the proximity of data points, where the
closest data points were connected and grouped
together. Subsequently, the next closest data points
were connected, and the process continued.

The clustering sequence was illustrated using a
dendrogram, showing the hierarchical results for
Model 1 and Model 2, as depicted in Figures 2-3.

Dendrogram
Centroid Linkage, Euclidean Distance

56.85

. H H
100.0¢ !
NUp b A S S

EEE TR T R R A

Similarity

Observations

Figure 2 Dendrogram of Clustering by the variables of
Model 1

Figure 3 Dendrogram of Clustering by the variables of
Model 2

3. Research results and analysis

The analysis of clustering results using the variables
from Model 1 and Model 2 was summarized as follows:
3.1Results of Clustering Rear Differential

Components for Both Models

The analysis focuses on evaluating the
appropriateness of the cluster using engineering-based
design criteria and examining the stability of the
clustering results. The discussion includes the use of

different models, selected variables, and the optimal
number of clusters (k).

Since the clustering results did not provide
statistical values or hypothesis test results, the
verification was conducted based on four key
engineering-based design criteria for analyzing
suitable clusters, which include:

1) Material used in production.

2) Usage Characteristics.

3) Design Characteristics.

4) Manufacturing process.

These criteria were used as a framework to assess
the consistency of cluster membership. The
verification process was conducted repeatedly until
the cluster memberships remained unchanged and
stable.

When k=13 was applied, the clustering results
from Model 1 and Model 2 differed. Specifically,
component P20 in cluster C7 could not be clearly
separated based on the variables used in Model 1.
Although the cluster members shared similar attributes
in terms of material and manufacturing processes, the
design criterion did not distinctly differentiate the
components in Model 1, leading to a lack of clarity in
the grouping.

In the same random (R12), Model 2 met all four
evaluation criteria with a 100% pass rate across all
groups. This led to a more stable clustering result,
where group members remained unchanged, and their
characteristics could be identified according to the
defined criteria. The use of Model 2 variables
improved the accuracy of the clustering process by
grouping components with identical or similar
characteristics. By applying the appropriate clustering
criteria and repeating the process until stability was
achieved, the group structures were confirmed to be
consistent. For confirmation of the optimal cluster,
where k = 14 was applied, the results did not show a
significantly clearer structure compared to k = 13.
This confirmed that the optimal number of clusters
was k = 13, considering the stability of the grouping
and the effectiveness in classifying the components
according to the specified criteria.

This indicated that the variables used in Model 2
had a significant impact on the clustering process. The
inclusion of Model 2 variables allowed for more
accurate grouping, as members with similar or
identical characteristics were grouped. By applying
the engineering-based design criteria and iterating
until stable results were achieved, it was ensured that
the members within each cluster remained unchanged.
Details of the evaluation results are presented in
Tables 4-5.
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Table 4 Example of Clustering and Results of Component Members Using Model 1 Variables When k = 13

Random Grouping Criteria for Appropriate Grouping Analysis
Randomizations | Number of | Cluster Members | Criteria 1: Criterial 2: | Criterial 3: | Criterial 4: IE::s(i)n
(Times) Groups (k) (Parts) Material | Characteristics | Design | Manufacturing criteri f
Cl P1, P2, P23 v v v v
P3, P4, P26
i I AV v v

2 P27

C3 P35, P9 4 v v v
C4 P6 v v v v
C5 P7 4 v v v
C6 P8, P10 v v v v

R P P R
(k=13) P20, P24, P25,
P28, P29

C8 P16 v v v v
C9 P17 v v v v
C10 P18,P22,P31 |V v v v
Cl1 P21 v v v v
C12 P30 v v v v
C13 P32 v v v v

Note: In particular, component P20 within cluster C7 could not be separated based on the variables in Model 1.

Table 5 Example of Clustering and Results of Component Members Using Model 2 Variables When k =13

Random Grouping Criteria for Appropriate Grouping Analysis
Randomizations | Number of |Cluster Members| Criteria 1: Criterial 2: | Criterial 3: |  Criterial 4: PE:still(l)g
(Times) Groups (k) (Parts) Material | Characteristics | Design | Manufacturing criteria
Cl1 P1, P2, P23 v 4 v v
< |porn o | 7 / d ‘
C3 P5, P9 v v v v
C4 P6 v v v v
C5 P7 v v v v
C6 P8, P10 v v v v
R12 P11- P15, P19,
(k=13) Cc7 P24, P25, P28, v v v v 100%
P29
C8 P16 4 v v v
C9 P17 v v v v
C10 P18, P22, P31 v v v v
Cl1 P21 v v v v
C12 P30 v v v v
Cl13 P32 v v v v

3.2 Comparison of Clustering Results for Both

Models Using Distance Metrics

Hierarchical clustering analysis was performed to
compare the two models with different sets of
variables. Model 1 used 14 variables, while Model 2
included 18 variables. The clustering process was
conducted with k = 13, based on the similarity or
dissimilarity of the centroids (Centroid Clustering),
the Euclidean distance between the centroid and all

data points in that group was calculated. The distance
for the new group is computed. This process continues
until only one group remains, and once the grouping
was complete, no further changes will occur.

The results revealed that adding more variables in
Model 2 increased the distance between clusters, and
the centroids of the variables showed greater
differences, as illustrated in Figure 4.
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Comparison Cluster Centroids of Variables
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Model 2
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Number of Cluster (k =13)

Figure 4 Comparison Cluster Centroids of Variables
(when k =13)

The comparison of the distances between cluster
centroids revealed that Model 2 had higher centroid
values than Model 1, indicating a broader and more
diverse data distribution. The addition of more
variables in Model 2 resulted in more distinct clusters
and an increase in the number of clusters (k) enhances
the clarity of the grouping process. The increased
distance between the centroids suggests that the
separation between clusters is better, with greater
differentiation between them, which helps make the
data grouping process clearer and more efficient.
This enhanced the accuracy in distinguishing the
members of the differential carrier assembly
components, as shown in Figure 5. For example, the
summation of Distances between Cluster centroids in
Model 1 was 78.63, and Model 2 was 86.417, or
Cluster C5 shows that Model 1 was 105.42 and Model
2 was 109.87

The larger distance between cluster centroids in
Model 2 confirms that the grouping process has

improved, contributing to higher
distinguishing the members
components.

accuracy in
of Rear different

Comparison of Distances Between Cluster Centriod

120 ~==%-=- Model 1
Model 2
A
100 N
1 \\
1
80 Y i \\ ,"‘\
AN g \ ‘ Sy
Ya-beay i S N

60
40
20

1 2 3 4 5 6 7 8 9 10 11 12 13
Number of Cluster (k =13)

Figure 5 Comparison of Distances between Cluster
Centroids (when k = 13)

3.3Results of Suitable Clustering for Rear

Differential Components

This research focused on examining the clustering
analysis process by using appropriate clustering
criteria and repeating the process until stable results
were achieved. This meant that the members within
each group no longer changed. After random trials, it
was found that the most suitable clustering occurred
when k = 13, which represented the highest level of
alignment with the defined criteria. For the results of
clustering the Rear differential components using
variables from both models, it was found that there
were 13 groups, but there were differences in the
group members, particularly with P20, which showed
different results. The results were shown in Table 6.

Table 6 Comparison of Cluster Members Based on Variables from Model 1 and Model 2 When k = 13
Clustered Using Model 1 Variables Clustered Using Model 2 Variables
Clustering Mggzzesrllip Components Name anlll;itrzrhip Components Name
Cl 3 P1, P2, P23 3 P1, P2, P23
C2 4 P3, P4, P26, P27 5 P3, P4, P20, P26, P27
C3 2 P35, P9 2 P5, P9
C4 1 P6 1 P6
C5 1 P7 1 P7
C6 2 P8, P10 2 P8, P10
C7 11 P11, P12, P13, P14, P15, P19, 10 P11,P12, P13, P14, P15, P19,
P20, P24, P25, P28, P29 P24, P25, P28, P29
C8 1 P16 1 P16
C9 1 P17 1 P17
C10 3 P18,22,31 3 P18,22,31
Cl1 1 P21 1 P21
Cl12 1 P30 1 P30
Cl13 1 P32 1 P32

Based on the analysis from the R13 sampling round
(k =14), it was found that part P20 could not be distinctly
separated from group C7. The classification using Model
1, which includes six variables (Special Requirements,
Raw Material Grade, Raw Material Type, Manufacturing

Process, Tier 2 Suppliers, and Company Location) along
with considerations of differences in Design Criteria,
yielded ambiguous results. The grouping could not be
clearly distinguished, thereby presenting challenges in
selecting suitable suppliers for group C7. This was due to
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the possibility that no single supplier could handle the full

range of part types within this group.

Therefore, although the use of variables in Model

1 contributes to technical consistency within groups in

terms of materials and manufacturing processes,

further consideration of design aspects and supplier
capabilities is necessary to ensure optimal suitability.

This research demonstrated that the use of clustering

variables in Model 2, combined with the Procurement
Strategy Matrix, enhanced the decision-making process
for selecting the appropriate clusters. This approach
focused on carefully considering the relationships within
each group. Additionally, reducing the changes in group
membership directly impacted on the significant reduction
in analysis time, which was a key factor in making the
clustering process more accurate and efficient.

3.4 Comparison of Suppliers Before and After
Clustering, Including the Cost Approximation
The analysis of the Hierarchical Cluster Analysis

results allowed for the identification of parts that could

be sourced from the same supplier. By considering the
increase in production volume within groups C1, C2,
and C7, and selecting suppliers with strong potential
based on the company’s cost reduction policy,
potential cost savings per purchase order for each part
were achieved to offer more competitive prices.

The cost reduction strategy was driven by:

1) A reduction in administrative handling costs
per supplier.

2) A reduction in transportation and logistics
costs, and

3) Additional savings from the consideration of
hidden costs, such as testing and validation expenses
when switching suppliers or modifying parts.

These factors were carefully evaluated to ensure that
the potential supplier would achieve sustainable cost

benefits without compromising quality or production
stability. Furthermore, it was observed that some of the
existing suppliers within the same clusters exhibited
historical operational risks related to logistics and
transportation (such as frequent delivery delays and
customs clearance issues), exchange rate volatility
(affecting the stability of procurement costs for imported
components), and slow claims processing in cases of
product defects. In response to these risks, the researcher
evaluated and selected potential suppliers within each
cluster. These suppliers demonstrated higher potential for
long-term strategic partnerships, offering improved
operational reliability and lower risk profiles compared to
the existing suppliers.

As aresult of this approach, Group C1 achieved a 9%
cost reduction, while Groups C2 and C7 saw a 5%
reduction. In total, the cost reduction for the differential parts
across these three groups was 7%. For the other groups (C3,
C4,Cs5,C6,C8,C9,C10,C11, C12, C13), only one supplier
was involved in each group. The results indicated that
grouping parts with multiple suppliers led to more
significant cost reductions. The comparison of potential
suppliers and projected costs was shown in Table 7

The researcher analyzed the reduction in the number of
suppliers and found that grouping similar parts together
helped reduce supply chain management from 17 suppliers
to 13 suppliers (a 23.53% reduction). This resulted in a
reduction in the cost of ordering Rear Assy, differential
from 1,579 million baht to 1,527 million baht (a 3.3%
reduction). This was based on an order of 140,000 Rear
Assy, differential in the year 2023. As a result, the
company was able to save 52 million baht annually on the
total order volume for the year. The results were shown in
Table 8.

Table 7 Selection of Potential Suppliers from the Clustering Results Using 2 Model Variables (k = 13)

Before Clustering After Clustering Cost Reduction
Cluster Original Parts Original Cost Potential Forecasted Ratio
Supplier (Baht) Supplier Cost (Baht)
Cl1: 3 parts ggé gé? P23) 2,707 SC1 2,463 -9%
SC3 (P3, P4)
C2: 5Sparts | SC13 (P20) 1,579 SC3 1,494 -5%
SC15 (P26, P27)
SC8 (P11, P12, P13,
C7: 10 parts | P14, P15, P28, P29) 338 SC8 321 -5%
SC12 (P19, P24, P25)
Total 7 Suppliers 4,624 THB 3 Suppliers 4,278 THB

Table 8 Results of Analyzing the Reduction in the
Number of Suppliers and the Cost of Purchasing Rear
Assy, differential in 2023

Criteria Before After Reduction
Clustering | Clustering Ratio
Number of )
Suppliers 17 13 23.53%
Cost of 1,579 1,527
Ordering | million | million 3.30%
in 2023 baht baht

4. Conclusion

The findings of this study highlighted the increasing
pressure on the automotive industry to enhance
efficiency and reduce costs in response to intensifying
competition and evolving market demands. A
fundamental aspect of addressing this challenge involved
the analysis and management of transmission system
components, which played a pivotal role in improving
operational efficiency and optimizing supply chain
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management. Through the application of Hierarchical
Cluster Analysis techniques, this study achieved cost
reduction by systematically clustering differential gear
components.

The clustering variables, which captured product
characteristics, production processes, and design
constraints from Model 1, were integrated with the
Procurement Strategy Matrix variables from Model 2. A
comparative analysis of the clustering results for rear
differential components revealed that while the total
number of clusters remained unchanged, the inclusion of
Model 2 variables, when combined with the Procurement
Strategy Matrix, resulted in a greater differentiation of
data between clusters. This refinement enhanced the
accuracy of cluster identification by grouping rear
differential components based on intrinsic relationships
within each cluster, thereby ensuring alignment with the
appropriate clustering criteria.

The study’s findings on cluster analysis demonstrated
that establishing an optimal cluster configuration of
comprising 13 groups, based on four key criteria related
to design and development functions, ensured that the
resulting clusters aligned with engineering logic and
practical applications in component design, this
clustering approach resulted in a reduction in the number
of Tier 2 suppliers from 17 to 13, representing a 23.53%
decrease. Moreover, existing suppliers expanded their
capabilities to manufacture up to three additional types of
components. This strategic reallocation of production
enabled the company to prioritize suppliers with higher
manufacturing potential, thereby enhancing their
capacity to accommodate a broader range of parts.
Furthermore, the analysis also contributed to the
company’s cost reduction strategy, as evidenced by a
3.3% decrease in the cost of Rear Assy, differential in the
2023 order.

From a theoretical perspective, this study contributes
to the broader discourse on supply chain optimization and
component clustering by demonstrating the synergistic
benefits of integrating Design-level and strategic-level
variables. The approach reinforces theoretical
frameworks on modular production systems and supplier
consolidation, providing empirical evidence that supports
the alignment of design constraints with procurement
strategies. Despite its contributions, the study has certain
limitations. The research was conducted within a single
automotive manufacturer and focused on a specific
component group, which may limit the generalizability
of the findings to industries with differing supply chain
structures. Future research should explore the
applicability of this approach across diverse sectors and
consider reflecting market variations. Additionally, this
research provided valuable recommendations for
procurement strategy development. The variables
utilized in this study, particularly those related to design
and the integration of the Procurement Strategy Matrix,
offered a structured approach for enhancing flexibility in
response to fluctuating market demands while
simultaneously reducing the time required for analysis.

This study encountered several challenges that
affected both the development and implementation of
the proposed model. One of the primary limitations
was the restricted access to technical data from the
supplier, which impacted the precision of the model
and the ability to control costs effectively.
Determining the optimal cluster (k) required
numerous iterations to ensure that the clustering
structure was both stable and meaningful. In addition,
the evaluation of clusters and the comparison of
component costs with potential suppliers proved to be
complex. These challenges directly affected the
efficiency of decision-making processes and the
strategic management of resources, emphasizing the
importance of comprehensive data integration and
cross-functional collaboration for future
implementation.
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