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Abstract —This study aims to cluster the satisfaction levels of airline passengers in the business class segment
with business travel purposes who are categorized as disloyal, using the K-Means clustering method. The data was
sourced from the Airline Passenger Satisfaction dataset on Kaggle, then cleaned, filtered for disloyal business
travelers, and transformed into numerical format. The optimal number of clusters was determined using the Elbow
Method, which indicated an optimal value at k=3. Clustering was subsequently carried out with the K-Means
algorithm and visualized using PCA. Cluster quality evaluation employed the Davies-Bouldin Index, resulting in
a value of -0.5, indicating reasonably good cluster separation. These findings can help airlines understand patterns
of dissatisfaction among premium customers and design more targeted service strategies to improve their loyalty.
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L INTRODUCTION

The aviation industry plays a pivotal role in
supporting business activities in today’s era of
globalization [1]. For passengers traveling for business
purposes, comfort and service quality are critical
determinants of satisfaction and loyalty toward
airlines. Business-class travelers represent a premium
market segment that contributes significantly to airline
revenue. However, passengers in this segment often
exhibit disloyal behavior, easily switching to
competitors when service expectations are not met.

Disloyalty among business-class passengers poses
a considerable challenge for airlines. Given the high
expectations of this customer group, any failure to
deliver excellent service can directly harm the airline’s
reputation and result in substantial revenue loss.
Consequently, it is essential for airlines to thoroughly
understand the drivers of both satisfaction and
dissatisfaction within this segment.

Clustering analysis offers a useful approach for
examining passenger satisfaction data. By applying the
K-Means algorithm, disloyal business-class passengers
can be categorized into clusters based on similarities
across service evaluation attributes, such as seat
quality, cabin service, food, punctuality, and other
amenities. This enables airlines to identify passenger
groups with the highest levels of dissatisfaction and
uncover the underlying factors.

The objective of this study is to implement K-
Means clustering on data concerning disloyal
passengers in the business-class segment with business
travel purposes. The results are expected to provide

detailed insights into patterns of satisfaction and
dissatisfaction, thereby allowing airlines to design
more targeted service improvement strategies aimed at
retaining customers in this highly valuable premium
market.

II. RESEARCH METHOD

The data mining methodology in this analysis adopts
the Knowledge Discovery in Databases (KDD)
framework, consisting of data collection, data
cleaning, data transformation, data mining, evaluation,
and knowledge generation [2]. The every step can be
seen in Fig. 1.

Figure 1. The KDD process flows

A. Data Collection

The dataset used in this study was obtained from
the Airline Passenger Satisfaction Dataset on Kaggle
(https://www .kaggle.com/datasets/teejmahal20/airline
-passenger-satisfaction) [3]. This dataset contains
comprehensive information on passenger profiles and
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airline service experiences, which serves as the
primary foundation for subsequent analysis.

A. Data Cleaning

In the data cleaning stage, the dataset obtained from
Kaggle was processed to remove missing values and
duplicate entries to ensure optimal data quality.
Subsequently, the dataset was filtered to include only
passengers categorized as disloyal customer type,
business travel type, and business class. From this
filtering process, only specific attributes were selected,
namely ID, Age, Flight Distance, Seat Comfort, and
Cleanliness.

At the exploratory data analysis stage, statistical
summaries were conducted to understand the overall
characteristics of the dataset. The average passenger
age was 36 years, with flight distances ranging from
200 to 3000 miles. Service attributes such as Seat
Comfort and Cleanliness were rated on a 1-5 scale,
where most disloyal business travelers rated these
attributes below 3, indicating general dissatisfaction. A
correlation analysis also showed that Seat Comfort and
Cleanliness had the strongest positive correlation (r =
0.72), suggesting that passengers who rated seat
comfort highly also tended to give higher cleanliness
scores.

B. Data Transformation

Data transformation was carried out by converting
nominal data into numerical form through an
initialization process, enabling further processing in
the data mining stage [4].

C. Data Mining Process

In this stage, the data mining process was
conducted by applying algorithms or methods to
discover hidden patterns within the data. This
represents the core step of the KDD process, where
analytical techniques or artificial intelligence methods
are employed to extract meaningful information with
the potential to provide valuable insights [5].

D. Evaluation

In this stage, the clustering results were evaluated
using the Davies-Bouldin Index, which aims to
measure the quality of separation between data
clusters. A lower index value indicates better clustering
quality [6]. The mathematical formulation of the
Davies—Bouldin Index is expressed as follows:

k
1 max (S; + S;
DBI=—Z, =7
k £aj#1\ M
i=1

a) S;represents the average distance between each
data point in cluster i and its centroid (intra-cluster
distance).

where:

b) M;;denotes the distance between the centroids of
clusters i and j (inter-cluster distance).

E. Knowledge

The knowledge presentation stage involves
delivering the analysis results in the form of
visualizations or representations that are easy to
interpret. The objective of this stage is to clearly and
informatively convey the insights or patterns
discovered during the data mining process to users or
decision-makers [6].

I11. RESULT
B. Data

Table 1 presents the outcome of a series of
processes, starting from data collection, data cleaning
to remove missing values and duplicates, and the
transformation of nominal data into numerical forms.
These steps were carried out to ensure that the data
used in the analysis possesses high quality and aligns
with the requirements of modeling. Consequently, the
data presented in this table is ready to be utilized in the
data mining stage to uncover relevant patterns and
information.

Table 1. Data Results

No 1d Age D]irslg:llZe co?:f‘(:rt Ci:lee:Isll
1 70990 32 802 4 2
2 87447 42 373 4 4
3 88249 24 444 2 2
4 3949 27 764 2 2
5 61426 40 2419 4 4
6 102981 39 546 2 2
7 73906 27 2342 2 2
8 100462 48 759 2 2
9 20310 26 900 1 1

10 55823 49 1416 2 2
11 74101 38 641 2 2
12 64475 23 282 4 4
13 123812 25 544 2 2
127 78463 34 526 4 4

C. Data Mining Process

At this stage, data processing was performed using
the K-Means algorithm to group the data based on
specific similarities. The optimal number of clusters
was determined using the Elbow method, executed
through Python code in Google Colab to obtain the best
k value [7]. Once the number of clusters was
established, the clustering process was continued in
RapidMiner using the K-Means algorithm to group the
data according to the results derived from the Elbow
method analysis.

a) Elbow Method

The Elbow Method in Fig. 2 is a technique used

to determine the optimal number of clusters (k
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value) in clustering algorithms, particularly K-
Means [7]. This method operates by calculating the
Within-Cluster Sum of Squares (WCSS) for
different numbers of clusters [8]. WCSS reflects
how closely data points in a cluster are grouped
around the cluster center. The results are then
plotted in a graph, where the X-axis represents the
number of clusters and the Y-axis represents the
WCSS value [8]. The “elbow point” on the graph
indicates the optimal k value, where the reduction
in WCSS begins to slow down significantly. This
point is considered the best compromise between
the number of clusters and the efficiency of data
segmentation.
1e8 Result Elbow Method

WCSS
w
|

2 a 6 8 10
Number of clusters
Figure 2, Elbow Method

Based on the test results using the Elbow
Method, the elbow point on the graph was observed
at k = 3. This indicates that the optimal number of
clusters for the dataset is three. At this point, the
reduction in WCSS begins to slow, meaning that
adding more clusters beyond this value does not
significantly improve the quality of cluster
separation. Therefore, k = 3 was selected as the
optimal number of clusters to be used in the
subsequent clustering process with the K-Means
algorithm.

b) K-Means Algorithm

The data clustering process in this study was
conducted using the K-Means algorithm,
implemented through the RapidMiner software.
RapidMiner was chosen because it provides an
interactive interface that facilitates the construction
of clustering workflows without requiring manual
coding [9]. By applying K-Means in RapidMiner,
the data that had undergone cleaning and
transformation was grouped according to its
characteristics, based on the predetermined number
of clusters, which was three. The results can be seen
in Fig. 3.

The K-Means modeling in RapidMiner was
carried out using three main components: Retrieve
(to load the dataset), Clustering (to apply the K-
Means algorithm), and Performance (to evaluate
the clustering results) [10]. This process produced

cluster visualizations that facilitated further

analysis.
- e R Twwome  Ambegs M

Process + E +3w

Figure 3. K-Means Modeling in RapidMiner
D. Evaluation
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Figure 4. Performance Evaluation

Based on the evaluation results shown in the Fig. 4,
the obtained Davies-Bouldin Index value is -0.500.
This value indicates that the clustering results have
good quality, with clusters that are relatively well-
separated and compact. Although in theory the Davies-
Bouldin Index is usually positive, the negative result in
RapidMiner can be interpreted as an indication that the
constructed clustering model has a fairly optimal
cluster structure [11].

E. Knowledge

Examptesas Chstwng) 8 Permascsvocn Petommce;

Figure 5. Visualization of Results

Based on the clustering visualization in the Fig. 5,
the data was successfully grouped into three clusters
distinguished by color: blue (cluster 0), green
(cluster 2), and orange (cluster 1). Each cluster
demonstrates different patterns in terms of flight
distance.

a) Cluster 1 (orange) consists of passengers with
relatively long flight distances.

b) Cluster 0 (blue) includes passengers with
medium flight distances.

¢) Cluster 2 (green) is dominated by passengers
with short flight distances.

This information can serve as valuable insights for

decision-making, such as developing service strategies
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based on flight segments or planning more targeted
promotions according to cluster characteristics.

A. Implementation

At the implementation stage, an interactive web-
based application was developed to perform clustering
using the K-Means algorithm. This application was
built using the Python programming language and the
Streamlit framework, which enables the creation of a
simple, intuitive, and responsive user interface. The
goal is to allow users to easily execute the clustering
process and directly obtain visualizations of the results.

a) Interface

K-Means Clustering

Figure 6. Interface Design

The application interface in Fig. 6 was designed
to be simple and user-friendly, including for non-
technical users. A CSV file upload feature is
provided as the main input method. Once the file is
uploaded, the system automatically displays the
initial data ready for the clustering process.

b) Clustering Results

Table 2 presents a portion of the clustering
results generated by the K-Means algorithm after
determining the optimal number of clusters (k = 3)
using the Elbow Method. The dataset contains
disloyal business-class passengers with business
travel purposes, who were grouped based on four
numerical attributes: Age, Flight Distance, Seat
Comfort, and Cleanliness. The clustering process
produced three distinct groups labeled as Cluster 0,
Cluster 1, and Cluster 2, each showing different

passenger characteristics and satisfaction patterns.
Table 2 Clustering Results

. Seat Cl
No Id Age Dl.:hght comfor QIeanl ust
istance t iness er
1 70990 32 802 4 2 0
2 3949 27 764 2 2 0
3 10046 48 759 2 2 0
2
4 20310 26 900 1 1 0
5 55823 49 1416 2 2 0
6 10797 40 825 5 5 0
2
7 66384 38 1562 2 2 0
3 10040 45 1011 4 4 0
4

. Seat Cl
No Id Age thht comfor C.leanl ust
Distance t iness er
11994 | 29 1009 3 3 0
? 8
10158 | 29 1099 5 3 0
10
4
674 | 61426 | 40 2419 4 4 1
675 | 73906 | 27 2342 2 2 1
187
3 | 78463 | 34 526 4 4 2

Cluster 0 is dominated by passengers with
medium to long flight distances and low ratings in
seat comfort and cleanliness, typically scoring
between | and 2. This group represents the most
dissatisfied travelers, indicating that inadequate
comfort and hygiene standards may strongly
influence their lack of loyalty. Cluster 1 consists of
passengers with moderate flight distances who
provide higher scores for comfort and cleanliness,
ranging between 4 and 5. These passengers can be
categorized as relatively satisfied but still exhibit
disloyal behavior, possibly due to non-service-
related factors such as flight schedules or ticket
prices. Meanwhile, Cluster 2 includes passengers
with shorter flight distances and moderate
satisfaction scores (2-3), representing a neutral
group that is neither highly dissatisfied nor
particularly loyal.

Overall, the clustering results indicate that
flight distance and in-flight service quality,
particularly seat comfort and cleanliness, are the
most influential factors differentiating passenger
satisfaction patterns. These insights can help
airlines identify which service aspects should be
prioritized for improvement. For example,
enhancing seat comfort and cabin cleanliness could
address dissatisfaction among Cluster 0 passengers,
while maintaining consistent service quality may
retain relatively satisfied passengers in Cluster 1.
For Cluster 2, focusing on efficiency and
punctuality could help increase engagement and
satisfaction levels among short-distance business

travelers.
Table 3 K-Means Iteration Process

Nea cl
No Id C1 C2 C3 ust
rest er

1 709 | 209.04 | 547.11 162.22 2 0

90 54496 42476 82342

03668 66792 87376
71 2 75

2 874 | 638.03 | 119.85 | 591.28 1 2
47 99674 40779 92693
00162 44807 09024

3 882 | 567.12 | 189.04 | 520.00 1 2
49 25617 49681 19230
09547 95400 73367
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Nea Cl
No Id C1 C2 C3 ust
rest er

4 | 394 | 247.16 | 509.04 | 200.02 | 2 0
9 | 59361 | 32201 | 74981
64350 | 68975 | 09634
94 44 9

5 614 | 1408.0 | 2164.0 | 1455.0 0 1

26 09588 83408 94155

03553 74375 02915
61 74 14

6 102 | 465.03 | 291.56 | 418.27 1 2

981 65577 98887 14429

02725 05949 64972
13 9 2

7 739 1331.0 | 2087.0 | 1378.0 0 1
06 30803 10541 03991
55039 42043 28594

8 100 | 25237 | 504.73 | 206.40 2 0
462 07590 06212 49418
03494 22845 01304

9 203 111.50 | 645.03 | 64.031 2 0

10 78472 33324 24237

57491 72051 43284
25 4 9

10 558 | 405.26 | 1161.3 | 452.69 0 1
23 41114 41035 30527
13779 18303 41037

11 741 370.03 | 386.38 | 323.30 2 0

01 64846 45234 63562

87658 99583 62910
86 2 47

12 644 | 729.10 | 27.073 | 682.01 1 2
75 01302 97274 39294
97615 13617 76517

13 123 467.12 | 289.04 | 420.00 1 2
812 63212 15195 35714
45121 08876 13386

187 | 784 4.850. | 27.131 4.381. 1 2
3 63 030.92 | .162.8 | 346.82

7.736. | 94.354 | 4.893.
440 .500 000

Table 3 presents the iterative process of the K-
Means algorithm in determining the optimal cluster
assignment for each data point. During each
iteration, the algorithm calculates the distance of
every data point to the centroids of all clusters (C1,
C2, and C3). The “Nearest” column indicates the
smallest distance value, which determines the data
point’s temporary cluster membership. After all
data points are assigned, the centroid positions are
recalculated based on the wupdated -cluster
compositions. This iterative process continues until
convergence is reached, meaning that the centroid
positions no longer change significantly.

The information presented in Table 3 illustrates
how the algorithm gradually stabilizes the
clustering structure through multiple iterations,
ensuring that each data point is grouped into the
cluster with the highest similarity and minimum
distance to its centroid.

b) Result Visualization

In Fig. 7 explained to understanding of the
clustering results, Principal Component Analysis
(PCA) was applied to reduce the multidimensional
dataset into two principal components that capture
most of the variance in the data. This dimensionality
reduction technique allows complex, high-
dimensional relationships among variables such as
Age, Flight Distance, Seat Comfort, and Cleanliness
to be visualized in a simpler two-dimensional space
without significant loss of information. The reduced
results were then visualized in a scatter plot, where
each cluster is represented by a different color, and
the centroid positions are marked with an “X”
symbol to indicate the cluster centers.

2000 A

1000 4

Komponen PCA 1 (Ver

—50 —iO (IJ 1’0 2‘0 3,0 40 50
Figure 7. Visualization of Results

Through this visualization, it becomes easier to
observe the distribution, separation, and
compactness of the three clusters. Passengers within
the same cluster appear closer together, reflecting
high similarity in their service evaluation patterns,
while clusters that are farther apart indicate groups
with distinct satisfaction characteristics. The
visualization also confirms the numerical results
obtained from the Davies—Bouldin Index, showing
that the clusters are well separated and demonstrate
consistent internal cohesion. Consequently, PCA-
based visualization provides both an intuitive and
analytical means of validating the effectiveness of
the K-Means clustering process.
c) Elbow Method

The developed application also integrates the

Elbow Method. This method utilizes the Within-
Cluster Sum of Squares (WCSS) value across
different k values to determine the most optimal
number of clusters. The elbow point in the graph
indicates the best k value, and from the dataset
testing, the optimal number obtained was k = 3, as
illustrated in the Fig. 8.

1le8 Elbow Method

2 4 3 8 10
Jumlah Cluster (k)

Figure 8. Elbow Method
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IV. DISCUSSION

The results of this study show that K-Means
clustering is effective for segmenting business class
passengers with business travel type who are
categorized as disloyal customers. Using the Elbow
Method, three clusters were identified as optimal, each
displaying distinct characteristics, particularly in terms
of flight distance and seat comfort. These attributes
appear to be the most influential factors in shaping
passenger satisfaction within this premium segment.

From a practical perspective, the segmentation
provides useful insights for airlines in designing
service strategies. For instance, passengers with longer
flight distances may require greater attention to seating
comfort and in-flight amenities, while those on shorter

and representative. Each cluster exhibited distinct
characteristics, particularly in terms of flight distance
and seat comfort. These findings provide valuable
insights for airlines in formulating more focused and
relevant service improvement strategies aimed at
enhancing customer loyalty in the premium segment.
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