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1. Introduction

1.1 Background and Scope

In a very result-driven industry like aviation, customer satisfaction is quickly becoming a
benchmark of success for the airlines. Understandably, Empyrean Airlines has appreciated the
strategic value of understanding what passengers experience and how this relates to loyalty,
rebooking, and net promoter score (NPS). What it endeavors to do is to go past the anecdotal
feedback and subjective surveys by using data-driven methods. Rather, it aims at exposing
practical patterns using extensive passenger data analytics. The current task entails the analysis
of a structured data set containing more than 100,000 records describing both quantitative and
qualitative passenger attributes. The emphasis is on assessing satisfaction ratings with respect to
in-flight experiences, demographics, travel logistics, and delay data (Shimaoka, Ferreira and
Goldman, 2024). This report illustrates how, based on the CRISP-DM methodology, a machine
learning-based approach can lead to the generation of predictive insight and service strategy as a
whole, which can integrate with business performance goals.

1.2 Objectives of the Study

The research seeks to observe and determine the critical factors that affect the passengers’
satisfaction in the context of Empyrean Airlines. More specifically, the research goal is to
develop predictive models that are capable of classifying whether a passenger is likely to be
satisfied or dissatisfied out of a set of possible passenger input features. Key questions addressed
include: What services most influence satisfaction? Are some demographic groups especially
susceptible to dissatisfaction? What is the effect of travel class on the sentiment? Addressing
such questions is the goal of this study, which targets building and testing machine learning
models that are not only accurate in their predictions but also explainable (Mohd Rozaini et al.,
2024). In that process it promotes data-driven decision-making in areas like service design, route
planning, and pricing strategy. Using historical data and predictive analytics, Empyrean Airlines
can predict customer sentiment and take action in advance, helping them maintain a competitive
advantage.

1.3 Methodological Approach

This study has a CRISP-DM framework underpinning it, a standard approach to approaching
data mining that drives systematic progression from business understanding to model
deployment. The process first involved the development of relevant business
objectives—knowing customer satisfaction drivers and translating them into a predictive
classification problem. Data understanding referred to how the variables were distributed and
related, while data preparation involved data cleaning, encoding, and scaling. Two techniques of
machine learning were actualized at the modelling phase: random forest and decision tree. These
were chosen for their ability to handle nonlinear patterns, categorical variables, and feature
importance checking. The models were trained and tested on train-test splits and scored on their
accuracy, the confusion matrices applied to, and the ROC-AUC scores.
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2. Key Factors Influencing Passenger Satisfaction

2.1 Overview of Influential Variables

To understand what key factors affect passenger satisfaction requires a close examination of
various data dimensions. Some of the most prominent features in the dataset included not strictly
related to service but rather aesthetic factors such as in-flight entertainment, comfort of the seat,
quality of the food and drink served, and cleanliness (Mizuno, Ohba and Ito, 2022). These
features are subjective measures of in-flight experience and are scored. Air travel logistics are
among the other important aspects, i.e., flight distance, arrival and departure delays, and travel
class (Palimkar, Shaw and Ghosh, 2021). Moreover, demographic variables—age, gender, and
continent of origin—offer a sociocultural perspective on the analysis. The importance of these
features was confirmed in the correlation analysis, as well as the feature importance rankings
achieved by the Random Forest model. In fact, in-flight entertainment had a 0.62 positive
correlation with satisfaction, which made it an area of priority for directed improvement.

2.2 Qualitative and Quantitative Aspects

The dataset had both qualitative and quantitative variables, which played different roles in
satisfaction modeling. Quantitative notes such as flight distance, departure delay, and arrival
delay testify to objective parameters. These may be harnessed to identify inefficiencies in the
flight operation that may be directly perceived in the travel experience. While qualitative, these
were converted numerically for machine learning compatibility (Liu, Gu and Wang, 2021). The
combination of such types of features highlights the multifactorial character of satisfaction. For
instance, the two members of the same flight can have diner satisfaction at different levels
depending on the food perceived or the friendliness of the staff.

2.3 Impact on Business Decisions

Determining satisfaction drivers helps Empyrean Airlines provide targeted business decisions
that would support a good customer experience and efficient operations. For instance, if in-flight
entertainment is identified as a key indicator of the success of the satisfaction strategy, the firm
might spend money on improving digital media or maximizing screen usability. Similarly, delay
data may be linked with the airport ground operation or flight crew efficiency, illustrating areas
for a process improvement (Disha and Waheed, 2022). The findings that come from the
application of the decision tree model can also be explainable to non-technical decision-makers
in visual forms such as flowcharts.

3. CRISP-DM-Based Modelling Solution

3.1 Business Understanding

At the core of Empyrean Airlines' strategy is the ideology that a data-driven perception of
customer sentiment can be beneficial in terms of competitive advantage to the airline.
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Leveraging predictive analytics is the strategy chosen by the company to close the gaps that
maximize customer satisfaction. Through the modeling of passenger satisfaction as a
classification problem, the business will therefore be able to use real-time inputs to predict
dissatisfaction and intervene sooner. Business understanding also needs to translate qualitative
challenges to quantifiable metrics (Sun et al., 2024). To give a sample, in-flight service quality,
which is frequently considered anecdotally, can be metricated using feedback scores. By
integrating satisfaction predictions into digital dashboards, Empyrean Airlines attempts to chart
operational improvements and streamline staffing and services.

3.2 Data Understanding

The dataset for this case study consisted of 103,904 records and various attributes, ranging from
demographic attributes and service ratings to information on logistics (Faiza and Khalil, 2023).
A substantial number of variables concerned with satisfaction were analyzed that used a 0 to 5
scale and correlated well with the variable to be predicted. Other variables such as the distance of
the flight, nature of travel, and what class one travels also helped contextualize satisfaction in the
overall travel experience (Yang, 2023).
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Figure 1 Data Understanding Code section with output

During the early inspection, it was established that though the dataset was reasonably clean, it
had 114 duplicated entries, and there were several inconsistencies in string formatting across
columns. Gender, class, and destination were categorical data that required encoding.

3.3 Data Preparation (ETL)

The ETL process was a series of structured tasks that would guarantee clean, consistent, and
modelable data. During the extract phase, the dataset was loaded in using Python’s Pandas
library with special parameters for encoding to manage special characters.
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v Step 3: Clean column names

[ ¢ [5] df.colums = df.colums.str.strip()

< v Step 4: Drop nulls and duplicates

7 [6] df.drop_duplicates(inplace=True)

*}

c df.dropna(inplace=True)
O v Step 5: Encode categorical variables

J [7] le = LabelEncoder()
cat_cols = ['Gender’, ‘Satisfied’, ‘Age Band', 'Type of Travel', 'Class’, 'Destination’, 'Continent’]
for col in cat_cols:
df[col] = le.fit_transform(df[col])

v Step 6: Prepare features and labels

J [8] X = df.drop(['Ref’, 'id", 'satisfied'], axis=1)
y = df['satisfied']
M"N e B2 E W

v Step 7: Standardize features

Figure 2 Extract, Transform, and Load Process

Before the transformation, there were 114 duplicate rows removed and the categorical variables
encoded by using LabelEncoder. Particular emphasis was laid down on how the variables of
gender, class, destination, and continent were to be coded numerically (Indra et al., 2022). Data
that were missing were not found, making imputation unnecessary. Numerical variables were
standardized using a StandardScaler such that models would not be biased due to changes in
scale. Next, the last dataset was split into training, validation, and test sets (70:15:15) so that the
original class distribution was retained. The data was rendered reliable and ready to be used to
train and test a robust model during the preparation cycle.

cO & Applied Modelling and Visualisation.ipynb % & g & 9 share 4 Gemini 0
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File Edit View Insert Runtime Tools Help
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= Vv Step 7: Standardize features
E

¥ [9] scaler = standardsScaler ()
B X_scaled = scaler.fit_transform(x)

<>
{x} v step8:split dataset

v

¥ [1] X train, X temp, y train, y temp = train test split(x scaled, y, test size=6.3, random state=42)

X_val, X test, y val, y test = train test split(X temp, y temp, test size=o.5, random state=42)

Figure 3 ETL : Standarize Features & Split Dataset

3.4 Modelling Techniques Used

Two models were chosen for this classification task. Random Forest and Decision Tree. The
three-class random forest classifier was selected because of its capacity to lessen overfitting
through ensemble learning. The Random Forest model combines many weak learners to output a
powerful prediction and hence enhances generalization over unseen data. The model is resistant
to the noise and multicollinearity (Hong et al., 2023). Moreover, it has feature importance
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rankings to make it useful for finding the degree of influence of each factor on satisfaction. The
decision tree classifier was presented with an advantage of transparency and simplicity.

<>
v Model 1: Random Forest

{(x}

o] %, [14] rf = RandomForestClassifier(n_estimators=100, random state=42)
rf.fit(X_train, y_train)
y_pred_rf = rf.predict(X_test)

O rf_acc = accuracy_score(y_test, y_pred_rf)
rf_auc = roc_auc_score(y_test, rf.predict_proba(X_test)[:, 1])

print(“Random Forest Classification Report:")
print(classification_report(y_test, y_pred_rf))

0

Random Forest Classification Report:

precision  recall fl-score support
[ 0.98 0.96 0.97 2783

1 0.99 1.00 0.99 12757

accuracy 0.99 15540
macro avg 0.99 0.98 0.98 15540
weighted avg 0.99 .99 .99 15540

Figure 4 Random Forest Classification Report: Code+Qutput

* v Model 2: Decision Tree
EORUZEE SN <IN « 3 |

ch D from sklearn.tree import DecisionTreeClassifier
dt = DecisionTreecClassifier(random_state=42)
dt.fit(X_train, y_train)
y_pred_dt = dt.predict(X_test)
dt_acc = accuracy_score(y_test, y_pred dt)
dt_auc = roc_auc_score(y_test, dt.predict_proba(X_test)[:, 1])

print("Decision Tree Classification Report:™)
print(classification_report(y_test, y pred_dt))

5% Decision Tree Classification Report:

precision  recall fi-score support
] 0.94 0.95 0.94 2783

1 0.99 0.99 0.99 12757

accuracy 0.98 15540
macro avg 0.96 0.97 0.97 15540
weighted avg 0.98 0.98 0.98 15540

Figure 5 Decision Tree Classification Report: Code + report
3.5 Evaluation Methods

In order to assess model performance, this study utilized two key metrics. Accuracy and
ROC-AUC (Receiver Operating Characteristic—Area Under Curve). Accuracy is the ratio of the
correctly guessed observations, and that gives an intuitive feel of how the model is working.
However, in the datasets where the class may be imbalanced, accuracy alone is inadequate (Gao
and Mavris, 2022). Using the test set, the evaluation worked to mimic actual real-world
performance and not overfit the models to the training data. The results showed that Random
Forest had more accuracy (99.00%) and ROU-AUC (0.9980) than Decision Tree (97.96% and
0.9779 ROU-AUC), which favors the Random Forest model clearly on both precision and
generalizability.

3.6 Deployment and Model Recommendation

Based on superior performance, equipped with the Random Forest model deployment within the
business systems of Empyrean Airlines is recommended. It is available with high accuracy and
the ability to adjust to new data over time. The model is also capable of being reduced to a
customer relationship management dashboard; it is capable of delivering real-time satisfaction

9
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predictions according to passenger profiles and the characteristics of flights. In such a role,
frontline staff would have the ability to be made aware of possible dissatisfaction risks and
provide individual support in advance (Salah-Ud-Din, SS and Al Ali, 2024). Further, the model’s
feature importance rankings can help in guiding the service development priorities. There should
be regular schedules of retraining and performance reviews to uphold the relevancy of a model
with data trends changing with time. Decision trees are not the best model but could be held for
training and early-phase analysis for their ease of use and interpretation.

4. Model Evaluation and Comparison

} E/ [26] comparison = pd.DataFrame({

"Model™: ["Random Forest", "Decision Tree"],
d "Accuracy": [rf_acc, dt acc],

"aUuc": [rf_auc, dt auc]

] )
print(“Model Comparison:™)
print(comparison)

Figure 6 Model Evaluation and Comparison: Code

=~ Model Comparison:
Model Accuracy AUC
@ Random Forest ©.990099 ©.998019
1 Decision Tree ©.979601 0.967910

Figure 7 Model Evaluation and Comparison: Output

4.1 Chosen Loss Function and Metrics

In the case of binary classification tasks, as in this study, loss functions and evaluation metrics
reflect the effectiveness of the model. Even though the Scikit-learn defaults were used to train
models employed in this study, there is an underlying mechanism of optimization: the
minimization of a kind of log loss during the process of probabilistic estimation. Log loss
punishes high-confidence wrong guesses more than high-confidence correct guesses (Tian et al.,
2021). This loss function is actually implicit in such algorithms as random forests when
estimating probabilities. In addition, we used two key metrics for assessment: accuracy and
ROC-AUC. The measures of accuracy refer to the percentage of correct predictions and deliver
an intuitive understanding of model correctness.

4.2 Comparative Analysis of Models

Having trained both models on the preprocessed dataset, the success of the model was checked
on a set of test data that the models had not been trained on to validate the appropriateness of the

10
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model for the unseen test set. The Random Forest classifier gave a great test accuracy of 99.00%
and a ROC — AUC score of 0.9980, implying high, not just average, performance. Contrary to
the same, the accuracy and the ROC-AUC for the decision tree classifier were 97.96% and
0.9679, respectively (Carvalho et al., 2021). These scores remain respectable but play less well
to the idea of generalization than the ensemble approach. The difference in the level of this
accuracy further accentuates the advantage of using ensemble techniques to form an ensemble of
prediction estimates from various learners.

4.3 Strengths, Weaknesses, and Justification

Random Forest is renowned for its robustness and generalizability in problem spaces with
different datasets. It reduces overfitting by collaborative prediction of several decision trees with
the help of bootstrap aggregation. However, its complexity may render real-time prediction
time-consuming and unintelligible (Bunchongchit and Wattanacharoensil, 2021). On the
contrary, the situation with the decision tree model is marked by its simplicity and transparency.
Each decision node is visually easy to grasp, making it ideal for communicating to non-technical
stakeholders.

5. Communicating Insights Through Visualization

5.1 EDA Output Interpretation

Visualization was crucial to understanding the relationships between variables and informed
model feature selection. A heatmap was created to visualize correlations with the satisfaction and
other features. Strong positive associations with inflight entertainment (0.62), seat comfort
(0.55), cleanliness (0.52), and food and drink (0.50) were found. These metrics validated current
assumptions about what causes the satisfaction (Gupta et al., 2021). Class-specific count plots
indicated that passengers in business class had a higher rate of satisfaction than those in economy
class.

v Exploratory Data Analysis (EDA)

Y @ plt.figure(figsize=(12, 8))
sns.heatmap(df.corr(), cmap='coolwarm")

plt.title("Correlation Heatmap")
plt.show()

Figure 8 Heatmap EDA Performance: Code section

Heatmap on distance of flight stratified by satisfaction status revealed polarization in satisfaction
for longer journeys, implying that the service experience is more important during long flights.
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Figure 9 Correlation -Heatmap

5.2 Model Performance Visualization

Confusion matrices were implemented to evaluate classification outcomes of both models. For
Random Forest, the matrix showed high true positive and true negative rates with little
misclassification. Random Forest indicated a curve near the top left-hand corner of the plot
corresponding to high sensitivity and specificity (Guo, Grushka-Cockayne and De Reyck, 2022).
The area under this curve was proving excellent separability of the model. These graphical
outputs endorsed the numerical assessment and offered intuitive visualizations of the model’s
performance, which are necessary when presenting findings to decision makers who are unlikely
to follow technical measures.
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; (> sns.heatmap({confusion_matrix(y_test, y pred rf), annot=True, fmt="d', cmap='Blues")
plt.title("Random Forest - Confusion Matrix")

plt.show()
Lot Random Forest - Confusion Matrix
12000
10000
o - 2682 101
- 8000
- 6000
- 4000
- - 53
- 2000

Figure 10 Random Forest — Confusion Matrix : Code+ Output

v

. [18] sns.heatmap(confusion_matrix(y_test, y_pred_dt), annot=True, fmt="d’, cmap='Greens')

plt.title("Decision Tree - Confusion Matrix")
plt.show()

(4

Decision Tree - Confusion Matrix

| 12000
10000
o - 2643 140
8000
- 6000
-4000
- - 177
-2000
0 1

Figure 11 Decision Tree — Confusion Matrix
5.3 EDA Role in Model Selection

The exploratory data analysis conducted initially during the project took a crucial step towards
informing model selection and parameter tuning. The recognition of such highly correlated
variables as inflight entertainment and cleanliness facilitated a concentration of modeling efforts
on the features with outstanding predictive power (Helgo, 2023). Furthermore, plots that
indicated skewed feature distributions and outliers influenced preprocessing, such as scaling and
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encoding (Krishna et al., 2023). With the understanding of these patterns, it was possible to
choose the algorithms that are able to manage non-linear relationships and ragged data types
such as random forests; assumptions, EDA became a bedrock for data-driven model design and

evaluation.

; [21] print("\nEDA Justification:")

[

print("""
EDA helped identify high-correlation features like inflight entertainment, seat comfort, cleanliness, etc.,

and guided our model selection. Random Forest was chosen for robustness, and Decision Tree for interpretability.
Both models used accuracy and AUC for evaluation. Feature scaling was applied to improve generalization.

")

best_model = comparison.loc[comparison["Accuracy”].idxmax()]["Model"]
print(f"\n Recommended Model: {best_model}")

Figure 12 Recommended Model: Code

EDA Justification:

EDA helped identify high-correlation features like inflight entertainment, seat comfort, cleanliness, etc.,
and guided our model selection. Random Forest was chosen for robustness, and Decision Tree for interpretability.
Both models used accuracy and AUC for evaluation. Feature scaling was applied to improve generalization.

Recommended Model: Random Forest

Figure 13 Recommended Model : Output
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6. Conclusion and Recommendations

6.1 Key Findings

The main purpose of this study was to model and to forecast passenger satisfaction based on the
data collected by Empyrean Airlines. After applying the CRISP-DM methodology, Python-based
tools were used to cleanse, transform, and analyze the data. Two models, Random Forest and
Decision Tree, were tested. Experiments indicated that in both accuracy and AUC, Random
Forest achieved superior results to Decision Tree. Specifically, Random Forest reached 99%
accuracy and a 0.9980 ROC-AUC score. The exploratory data analysis indicated that such
factors as in-flight entertainment, comfort of seats, and cleanliness are the best determinants of
satisfaction. The visualizations facilitated the EDA and the model evaluation process.

6.2 Business Recommendations and Next Steps

From analysis, we recommend that Empyrean Airlines should reallocate investments into
improving areas of satisfaction to determine the needs of customers most relevant to satisfaction,
such as in-flight entertainment, seat comfort, and cleanliness. These could be achieved through
digital entertainment platform upgrades, better ergonomics of seats to be provided, and better
cleaning protocols. The prediction and decision support should be implemented in the Random
Forest model within internal analytics platforms in real-time. It could help customer service units
to determine the passengers with high potential to be dissatisfied so they could be catered to on
time.

15
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8. Appendices

Google Colab Link for Code:

https://colab.research.google.com/drive/1Jg5b002BY8SONplcuE7vlvo88ufyXuRc?usp=sha
rin

° sns.countplot(data=df, x="Class', hue="Satisfied")
plt.title("satisfaction by Class™)
plt.xticks(rotation=45)
plt.show()
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Figure 14 Satisfaction by Class
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o sns.histplot(data=df, x="Flight Distance', hue='Satisfied', bins=30, kde=True)
plt.title("satisfaction vs Flight Distance")
plt.show()
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Figure 15 Satisfaction Vs Flight Distance: Code+ Output
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