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Abstract: This study focuses on the dynamics of the profit margin within the aviation MRO industry,
using operational data from a small and medium-sized enterprise (SME) MRO company between
2013 and 2021. Especially in SME MROs, profit margin analysis provides an advantage in competing
with the large companies that dominate the industry. Therefore, the operational data were prepared
for analysis to identify the variables related to the profit margin. This study’s data cleaning and
transformation processes can serve as a guideline for similarly sized companies. The research aims to
address the complex relationships among the factors influencing profit margins in this industry. The
objective is to utilise these factors in making strategic decisions to increase the profit margin of an
SME MRO company. Applying gradient boosting algorithms as the analytical framework should
allow identifying the correct relationships between the profit margin and input variables according to
time for the SME MRO company. Another important aspect of this study is to increase the accuracy of
the gradient boosting model by utilising the interactive grouping methodology. The variable selection
was performed by using the Gini indexes of the variables using interactive grouping as a criterion
in selecting the variables to be included in the model. After the data cleaning, transformation, and
selection, the input variables for the gradient boosting model were Part Description, Parts Billed
Current (part cost), Labour Billed Current (labour cost), Diff Shipping Entry (turnaround time (TAT)),
Diff Quote Entry (time to quotation (TTQ)), Manager, Department, and Status. In this study, the
profitability model indicates that the SME MRO company should initially focus on part numbers
and the departments, secondly on standardisation of and expertise in preferred workshop units, and
lastly, on highly qualified and effective technical department leaders and increasing labour. The
aviation industry emerges as a sector that requires such analytical studies. It is hoped that the study
will serve as a foundational work for SME MRO companies in the aviation industry.

Keywords: aviation; aircraft; aircraft components; maintenance, repair, and overhaul; MRO; data
science; gradient boosting; cluster analysis; interactive grouping; data analytics; Gini index; profit

1. Introduction

Maintenance involves the processes used to rehabilitate and restore the performance
of a system or device, ensuring it returns to its expected operating levels after deteriorating
over time [1]. The main objective of aircraft maintenance is to ensure the safety and
availability of the aircraft for flight operations by minimising operational disruptions due
to system failures. This goal is economically achieved best through the optimal use of
maintenance resources [2]. In aviation, this is specifically known as the maintenance,
repair, and overhaul (MRO) industry. The MRO industry encompasses a spectrum of
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entities, ranging from industry giants such as Airbus and Boeing to relatively smaller
MRO firms that provide maintenance and repair services to ensure aircraft operate safely
and efficiently.

The MRO environment is highly sensitive to macro factors such as the global economy,
geopolitical events, technical issues, environmental factors, and pandemics. Although
driven by post-pandemic challenges and geopolitical tensions, significant headwinds
remain for airlines, MROs, and original equipment manufacturers (OEMs) [3]. The MRO
industry is expected to get back on track by 2024, with the global aviation MRO market
making considerable progress in recovering from the COVID-19 pandemic. According to
Oliver Wyman, the size of the commercial aircraft MRO market reached USD 101 billion
in 2023, amounting to 98% of the 2019 pre-COVID peak in real dollars. MRO spending
is expected to set a new record of USD 104 billion in 2024. In the coming years, the MRO
industry is predicted to expand at an annual rate of 1.8% through 2034, reaching USD
124 billion [4].

The aircraft MRO market is segmented by MRO type into airframes, engines, compo-
nents, and line maintenance. The market consists of four main MRO categories: engine
MRO at 46% component MRO at 20% airframe MRO at 20% and line MRO at 14% [5].
The safety and availability of aircraft depend on comprehensive maintenance activities
across these segments [6]. Thousands of MRO companies operate worldwide, including
manufacturers, authorised MROs, and independent MROs, all adhering to defined pro-
cedures monitored by aviation authorities such as the Federal Aviation Administration
(FAA) and the European Union Aviation Safety Agency (EASA) [7]. To ensure aircraft
safety by economically performing maintenance, various methods in the MRO industry
are used, including reactive, proactive, and aggressive maintenance strategies. Indus-
try trends increasingly favour preventive and predictive maintenance, both part of the
proactive approach.

Preventive maintenance involves performing failure-finding tasks at regular intervals
to detect deterioration and extend the system’s remaining useful life. On the other hand,
predictive maintenance uses predictive algorithms and real-time condition monitoring to
estimate failure times and detect system degradation [8]. Data analytics play a critical
role in predictive and preventive maintenance, guiding MRO companies in becoming
competitive and differentiating themselves in the market [9].

Analytical methods in MRO are generally categorised into descriptive, predictive, and
prescriptive analytics [10]. Various techniques are applied in aviation, including Density-
Based Spatial Clustering of Applications with Noise (DBSCAN) and k-means clustering
for flight data [9], machine learning (ML) for maintenance data [11], system dynamics for
airline operations [6], and Bayesian networks for predictive maintenance [12].

In the MRO market, OEMs hold an advantage due to their control over repair procedures,
data, and materials. However, demand and capacity constraints also sustain small and medium-
sized enterprise (SME) MRO companies [13]. These smaller firms, however, often lack the data
science resources and expertise of larger MRO players and OEMs [11]. This study focuses on
how robust data analysis affects the business models of an SME MRO, rather than the general
importance of data for maintenance methods previously examined in the literature.

Oliver Wyman identifies the elements that disrupt MRO companies’ business mod-
els the most, including cost management, labour shortages, and economic factors [4].
These pressures necessitate that SME MRO companies emphasise value propositions to
differentiate themselves in this competitive industry.

Medium-sized MRO companies see much data science activity at the larger MRO
players and OEMs. The amount of data and applications are growing fast. However,
the smaller companies lack the resources and expertise [11]. This study investigates the
dynamics of profit margins within the aviation MRO industry, utilising operational data
from an SME MRO company collected between 2013 and 2021. Analysing the profit
margins of the SME MRO company offers a competitive edge over the larger companies
that dominate the industry. By focusing on these dynamics, the study aims to provide
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strategic insights to help the SME MRO company enhance its profitability and sustainability
in a highly competitive market.

The study was conducted using a structured dataset comprising 19,621 observations
from the SME MRO company for the training and validation datasets. The analysis involved
several steps: data understanding, data cleaning, new data derivation, data transformation,
variable grouping, variable selection, variable clustering, and variable reduction [14]. Gradi-
ent boosting algorithms were employed, followed by validation, to analyse profit margins.
The study utilises 19,621 operational data entries after all data preparation steps, split into
training and validation datasets, to discern the relationship between profit margin and
various operational variables, optimising processes and prioritising decisions to maximise
profitability. The interactive grouping methodology was employed to select significant
variables and enhance the model’s accuracy and efficacy. After variable grouping, the
Gini index was applied to determine which variables should be included in the gradient
boosting model. Furthermore, variable clustering was conducted to analyse which vari-
ables in the gradient boosting model clustered together, facilitating the interpretation of
the input variables for strategic decision-making. The misclassification rate and RASE
statistics were utilised to interpret and compare two different gradient boosting models
from a validation perspective.

The primary contribution of this study is that the analysis is based on real data from
the SME MRO company. By applying interactive grouping methods to the data, the study
facilitates the use of complex datasets in decision-making processes, thereby enhancing
the accuracy of the gradient boosting algorithm. The dynamics of the profit margin can
potentially be utilised by the SME MRO company when making strategic decisions to
increase its profitability.

2. Materials and Methods

In order to summarise the steps of the analyses conducted in Section 3, Figure 1
was prepared.

Figure 1. Flow chart of the study.

Figure 1 illustrates the steps taken from the raw data to obtaining the results.
Under the “Understanding Business Needs” step, the process begins with discussions

about and understanding the business needs with business stakeholders and obtaining the
data from the SME MRO company.

Under the “Data” step, this process continues with understanding the nature of the
data obtained for the business needs and performing data cleaning.

In the “Data Preparation” step, variables that could impact the profit margin, but are
not present in the raw data were derived and transformed.

In the “Variable Selection” step, data were grouped to have a monotonic relationship
with the target variable, explaining the profit margin in the best way. Variable selection
was performed using the Gini indexes of these grouped variables.

The data were divided into training and validation datasets, and a gradient boosting
model was run to compare the performance of models built with standardised variables
and grouped variables. The accuracy of the models was also compared using fit statistics
on the training and validation datasets.

The study utilised variable clustering to examine which variables related to profit
margin were grouped distinctively. Considering these clusters, strategic recommendations
for the SME MRO company are shared in Section 4.
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The details of the steps performed are provided in Sections 2 and 3.

2.1. Data and Data Preparation

In this study, the analysis focused on identifying the operational variables that influ-
ence the profit margin of an MRO company, London, UK. Due to the challenges faced in
simulating this type of operational data, it was decided to work with real-world data. This
dataset consists of structured data including nominal, categorical, and numerical variables
derived from an MRO company, based on real-time operational data entries [14].

Within the scope of the Understanding Business Needs and Data step in Figure 1,
initially, there were 83 variables in the raw operational data. Each variable was analysed
regarding the data meaning, data availability, missing data ratio, and data reliability.
Following the initial data-understanding phase, the decision was made to proceed with
30 variables out of the initial 83 for the rest of the data cleaning process.

In the research conducted using operational raw data comprising 30 variables belong-
ing to the SME MRO company, 21,708 observations covering the period from 2013 to 2022
were included. Following the data cleaning and transformation procedures mentioned
below consistent with industry standards, the analysis was continued with 19,621 observa-
tions and 30 variables. The data cleaning stages applied are included under the Data step
in Figure 1 and are listed below.

Remove Billed Profits less than or equal to 0 (remaining 19,780). Upon examination of
the data meeting these criteria, it was determined that these repairs had not occurred.

Remove entries containing the case study MRO company name as the customer
name (remaining 19,766). The records are maintained for internal transactions within the
company; therefore, these observations do not hold any significance in explaining the
profit margin.

Remove entries where the Last Shipment Date equals zero (remaining 19,755). It is
expected that these numerical data are not less than 0, and upon examining the transaction
details, erroneous records have been identified.

Remove entries where the Need Date equals “missing” (remaining 19,744). Errors
have been identified in observations that meet this criterion, and they have been excluded
from the analysis.

Remove entries where the Current Labour Billed exceeds 40,000 (remaining 19,622).
The labour costs cannot be at or above this amount, as like the company’s business scope
and due to the identified error, it was decided to exclude the model from consideration

Replace labour hours greater than 11,000 with “missing” (remaining 19,621). The
labour hours cannot be at or above this amount, and due to the identified error, it was
decided to exclude the model from consideration.

Table 1 contains the data (long list of variables) that are likely to enter the gradient
boosting model based on the result of the initial data analysis mentioned above. From the
remaining 30 variables after the initial data cleaning, data containing the same information
and unique numbers were extracted at this stage. Variables that may have meaning for the
model are included in the long list of variables. The derived variables in Table 1 are the
data created for the model, but not presented in the raw operational dataset.

From the remaining 30 variables after the initial data cleaning, data containing the
same information and unique numbers were extracted at this stage. Variables that may be
meaningful for the model are included in the long list of variables in Table 1. Additionally,
the derived variables in Table 1 were created for the model, but are not included in the raw
operational dataset.

The decisions regarding the inclusion of variables from Table 1 in the model, within
the scope of the Data step in Figure 1, are outlined below. As a result of these decisions, the
final variables selected from the long list of variables in Table 1 have been transitioned to
Table 2, which contains the short list of variables included in the model.

The profit margin, referred to as the Billed Margin Calculated, was calculated manually
and then standardised in Table 2, despite the availability of the billed margin original
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variable in Table 1. It was observed that, although few, some variables yielded incorrect
results in the automatic calculation of the billed margin original variable. Therefore, the
billed margin original variable was not used in the model development. The Billed Profit
and Total Billed Current variables from Table 1 were used to derive the target variable,
standardised Billed Margin Calculated in Table 2.

Table 1. Long list of variables.

Variable Definition

Billed margin original Profit rate from the raw data
Billed Profit Profit amount

Billing Date Last Billing Date
Customer Name Customer name
Entry Date Last Entry Date of the part (date)
Entry Date Num Entry Date of the part (dummy)
Invoice Number Unique invoice number
Labour Hours Labour hours
Last Ship Date Shipping date of the part (date)

Last Ship Date Num Shipping date of the part (Derived to Numeric)
Part Number Part number

Quote Date last Quote Date of the part (date)
Quote Date Num Quote Date of the part (Derived to Numeric)

Sales Invoice Sales invoice
Total Billed Current Total bill amount

WO Number Work order number
WO Type Work order type

Work Type Description Work type description
Labour Billed Current The selling price of labour
Parts Billed Current The selling price of parts

Department The department responsible for the part
Part Description Part description

Status Status of part

Table 2. Short list of variables.

Variable Definition

Billed Margin Calculated (Target) Profit margin (derived)

Diff Quote Entry The number of days between the arrival of the part and the
quotation (derived)

Diff Shipping Entry The number of days between the arrival of the part and the
shipping (derived)

Labour Billed Current The selling price of labour
Parts Billed Current The selling price of parts

Department The department responsible for the part
Part Description Part description

Status Status of part

The Last Ship Date and the Billing Date Last in Table 1 contained the same information;
hence, the Billing Date could not be included in the shortlist in Table 2. As will be explained
in the next paragraphs, the Last Ship Date was used to derive other variables, Diff Quote
Entry and Diff Shipping Entry in Table 2, and was not directly included in the model.

Customer Name, Invoice Number, Part Number, and Work Order (WO) Number from
Table 1 were not used in the model. They were only used for joining and similar data
preparation and control steps.

To differentiate between pre- and post-pandemic transactions, a dummy variable
named Entry Date Num was created from the Entry Date Last from Table 1. The Entry
Date Num variable is not included in Table 2, which lists the variables used in the model,
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because its Gini index calculated against the target variable was below the cutoff value
of 15.

It was decided to include the Labour Billed Current variable from Table 2 in the model
as it has fewer missing values instead of the Labour Hours variable from Table 1.

The Quote Date Last variable from Table 1 was not used directly in the model; however,
it was used to create the standardised Diff Quote Entry variable included in Table 2.

Since there is only one category left in the WO Type variable in Table 1 after the data
cleaning process mentioned above (remaining observations 19,621), WO Type was not
included among the variables to be included in the model.

The Labour Billed Current, Parts Billed Current, Department, Part Description, and
Status variables from Table 1 were included in the model and placed in Table 2, the short
list of variables, because they had a Gini index above 15 after interactive grouping.

The Work Type Description variable from Table 1 did not make it to the short list of
variables and is not included in Table 2 because its Gini index against the target variable
was below 15.

Within the scope of the “Data Preparation” step in Figure 1, following discussions
with industry professionals, derived variables including Billed Margin Calculated, Diff
Quote Entry, and Diff Shipping Entry were included in the final model in Table 1 containing
variables available in the dataset. The derived variable Billed Margin Calculated represents
the profit margin achieved for the aircraft part. Diff Quote Entry is a derived variable that
calculates the period between the Entry Date Last (the date the part enters the system) and
the Quote Date Last (the date on which the quote for the part is generated), expressed in
numeric format. Diff Shipping Entry is another derived variable, also expressed numerically,
that calculates the time between the Entry Date Last (the date the part was recorded in the
system) and the Last Ship Date (the date the part was shipped).

As a result of the decisions mentioned above regarding the data in Table 1, the list of
variables to be included in the model was obtained and is presented in Table 2. Within
the scope of the “Variable Selection” step in Figure 1, based on the Gini index, the theory
mentioned in Section 2.2 was used as the criterion for variable selection. Table 2 contains
the short list of variables that we decided to enter into the model after variable selection.

The mean and median values of the numerical variables included in the model, which
are listed in Table 2, are provided in Table 3.

Table 3. Descriptive statistics of numerical variables.

Variable Mean Median

Billed_Margin_Calculated 55.71 55.25
Diff_Quote_Entry 19.38 8.00

Diff_Shipping_Entry 58.64 31.00
Labour_Billed_Current 383.39 246.00
Parts_Billed_Current 2433.43 204.49

In Table 3, the mean and median values of Diff Quote Entry, Diff Shipping Entry,
Labour Billed Current, and Parts Billed Current suggest that the majority of the data are clus-
tered around low values, while a few extremely high values create a right-skewed distribution.

The descriptive statistics for the categorical variables included in the model and listed
in Table 2 are provided in Table 4. The aim is to manage the outlier problem by applying
Interactive Grouping to the data. In Section 3.3, the event rates of the data after grouping
are detailed comprehensively.

Table 4 illustrates the number of levels, mode value, and mode percentage value for
each categorical variable.
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Table 4. Descriptive statistics for categorical variables.

Variable Number of Levels Mode Percentage Mode

Department 8 48.25 Electromechanical
Manager 17 11.75 Manager1

Part_Description 1670 19.80 Pinion
Status 5 51.65 Ship

Before running the model, the numerical variables were standardised, and subse-
quently, all variables were grouped. Variable selection involved the application of the Gini
index [15]. Within the scope of the “Modelling” step in Figure 1, the gradient boosting
model was run with training and validation datasets in a ratio of 70% and 30% respectively.
The “Validation” step was tested as outlined in Figure 1.

Python and the SAS software were used for all data cleaning, preprocessing, and
model applications.

2.2. Interactive Grouping

The interactive grouping utilises models of non-linear functions of multiple modes of
continuous distributions. It computes initial bins through quantiles and allows interactive
splitting and combining of these bins. This is used to create bins, buckets, or classes for all
input variables, encompassing both categorical and interval variables. Bins are established
to decrease the number of unique levels and potentially enhance the predictive capability
of each input. The selection of robust characteristics is based on the Gini statistic, and the
chosen characteristics are grouped according to business considerations. This analysis aids
in structuring the data to reflect trends in profit margin ranking rather than modelling
idiosyncrasies, which could result in overfitting. Grouping attributes in some instances
also enhances predictive capability.

In the modelling process, interactive grouping plays a crucial role in minimising the
effects of outliers, as defined in Table 3. This method effectively reduces the adverse impacts
of outliers and significantly enhances model performance by grouping data. The Gini index
is widely recognised as a key selection criterion for assessing the uniformity of event rates
across different categories for manually grouped variables in interactive grouping and was
employed in the process of selecting variables [16]. Its selection is attributed to the Gini
index’s remarkable ability to measure distributional equality, reduce bias, and provide ease
of comparison and use [17].

The Gini index is expressed as a percentage. The Gini coefficient ranges from 0 to
1, so the Gini index ranges from 0 to 100. The Gini index measures the uniformity or
non-uniformity of a distribution. The lower the Gini index, the more uniformly distributed
a variable is. In the context of the profit margin model applying gradient boosting, the Gini
index is used to assess how evenly the event rates are distributed across the attributes of
a characteristic. Utilising the Gini index for computing feature importance also aided in
removing inefficient variables from the dataset [18].

First, sort the data in descending order based on the proportion of events associated
with each attribute. Suppose a characteristic has m attributes. Then, the sorted attributes
are represented as groups 1, 2, . . ., m. Each group corresponds to an attribute, with group 1
having the highest proportion of events.

Then, for each of these sorted groups, calculate the number of events (nevent
i ) and

non-events (nnon-event
i ) in group i. Then, compute the Gini index.

The Gini index calculation is performed as in Equation (1):

Gini Index =

1 −
2 ∑m

i=2

(
nevent

i ×
(

∑i−1
j=1 nnon-event

j

))
+ ∑m

k=1
(
nevent

k × nnon-event
k

)
Nevent × Nnon-event

× 100 (1)
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Here, event Nevent and non-event Nnon-event are the total numbers of events and
non-events in the data, respectively.

2.3. Cluster Analysis

Cluster analysis consists of grouping objects (or variables) that are similar to each
other. Here, similarity is the concept that should be defined before starting the procedure.
Usually, a distance measure is used so that similarity becomes spatial proximity [19].

Cluster analysis is an important tool for “unsupervised” learning—the problem of
finding groups in data without the help of a response variable. A major challenge in cluster
analysis is to estimate the optimal number of “clusters” [20].

Variable clustering can be performed to reduce the number of variables. The rule
dictates selecting the variable with the minimum 1 − R2

ratio as the cluster representative.
This 1 − R2

ratio is given by Equation (2).

1 − R2
ratio =

1 − R2
own

1 − R2
nearest

(2)

Intuitively, cluster the representative to be as closely correlated to its cluster 1 − R2
own

to 1 and as uncorrelated to the nearest cluster 1 − R2
nearest to 0. Therefore, the optimal

representative of a cluster is a variable where 1 − R2
ratio tends to zero [21].

Even though variable clustering is used as a variable reduction methodology, here it
was applied to understand the similarity of variables well to utilise some strategic decisions
for the SME MRO company. The method visually presents how input variables were
grouped. As a result, suggestions are made in Sections 4 and 5 based on both these clusters
and individual variables. These clusters were instrumental in informing the strategic
decisions intended for the company.

2.4. Gradient Boosting Algorithm

Gradient boosting of trees produces competitive, highly robust, interpretable pro-
cedures for regression and classification, especially appropriate for mining less than
clean data [22].

Gradient boosting is a sophisticated boosting technique that iteratively resamples the
analysis dataset multiple times, generating results that aggregate into a weighted average
of the resampled datasets. Tree boosting involves the construction of a sequence of decision
trees that collectively form a single predictive model. Each tree in the sequence is fit to the
residuals of the predictions produced by the preceding trees, with these residuals defined
based on the derivative of a loss function.

Each iteration of the algorithm uses the data to grow a decision tree, and the accuracy of
the resulting tree is then evaluated. Subsequent samples are adjusted to address previously
identified inaccuracies. Since each successive sample is weighted according to the classifi-
cation accuracy of previous models, this approach is sometimes referred to as stochastic
gradient boosting. Boosting can be applied to binary, nominal, and interval targets.

The Stochastic Gradient Boosting Loss optimisation aims to reduce the losses generated
during the training process [23]. The residual for interval targets is defined using a squared
error loss function. To compute the residual for an interval target using squared error loss,
one subtracts the predicted value from the target value. For binary targets, the residual is
defined using the negative binomial log-likelihood loss function, also known as logistic loss.

Similar to decision trees, boosting does not make assumptions about the data distribu-
tion. For interval inputs, the model relies solely on the ranks of the values. For interval
targets, the impact of extreme value theory depends on the chosen loss function. Boosting
tends to be less prone to overfitting compared to a single decision tree. When a decision
tree fits the data reasonably well, typically, boosting enhances the model fit.
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The total loss over the entire dataset is then defined as the sum of the individual losses
of overall samples in Equation (3) [23]:

Ltotal = ∑
i

L( f (xi, θ), yi) (3)

where (xi) is the input and (yi) is the target value. It uses a decision tree with parameters θ
to predict the output ŷi for input (xi). The output can be any function of the parameters
and the input, represented as ŷi = f (xi, θ).

The optimisation algorithm focuses on estimating the values of the parameters θ that
minimise this total loss. This is typically performed using gradient descent, which updates
the parameters θ in the opposite direction of the gradient of the total loss concerning the
parameters in Equation (4) [23]:

θnew = θold − α∇θ Ltotal (4)

Here, α is the learning rate, which controls the size of the parameter update, and α∇θL
total is the gradient of the total loss concerning the parameters θ [23].

3. Results

The study utilised operational data from the SME MRO company, collected from
2013 to 2022. After discussions with sector professionals, derived variables were created
to examine the profit margin. Interactive grouping was applied for variable selection.
Among the grouped variables, those with a Gini index greater than 15 were chosen for
the model. The final dataset for model development included the variables listed in
Table 2 and contained 19,621 observations following the data cleaning process. Numerical
variables were standardised. The methodology involved using interactive grouping for
variable selection and gradient boosting for modelling. Validation analysis was conducted
by dividing the data into training and validation datasets with a 70:30 ratio, respectively.
Model fit statistics were compared between the gradient boosting models with standardised
variables and grouped variables. The results indicated that gradient boosting performed
better with the grouped variables. The following results were obtained using Figure 1.

3.1. Understanding Business Needs and Data

Initially, 83 variables in the raw operational data were analysed for the data meaning,
availability, missing data ratio, and reliability. After this initial data and business understand-
ing phase, 30 variables were selected for the subsequent data cleaning process. Data cleaning
procedures, as detailed in Section 2.1 were applied to the raw dataset of 21,708 observations.
After these procedures, the dataset was reduced to 19,621 observations.

3.2. Data Preparation

As was discussed with industry professionals, some variables in the raw data alone
might not be sufficient to explain the profit margin. Therefore, it was decided to create
some derived variables as detailed in Section 2.1. Additionally, numerical variables were
standardised for analysis.

3.3. Variable Selection—Interactive Grouping

Interactive grouping was used to comprehensively analyse the relationship between
the variables in the model and the profit margin. The continuous profit margin variable was
transformed into a binary variable in the interactive grouping. Considering the company’s
average profit margin of 0.56, a cutoff of the profit margin higher than 0.5 was used when
creating a new binary target variable for the interactive grouping.

All interval input variables were treated as such. Groups were generated by ranking
quantities so that each group contained approximately the same frequency. The initial
number of groups was set to four.
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After initial groups were obtained in the interactive grouping, final groups were
created with manual adjustments. Since the groups obtained after manual correction better
explain the relationship with the profit margin, these groups were also used in the gradient
boosting model.

Sections 3.3.1–3.3.8 contain the Gini indexes of the groups and variables obtained from the
result of the interactive grouping for each variable included in the gradient boosting model. The
Gini index was used to measure the relationship of each variable with the profit margin variable,
and variables with a Gini index below 15 were not used in the gradient boosting model.

3.3.1. Parts Description

Part Description refers to the name and definition of the component, based on its
location, shape, or function, which is approved for installation on type-certified aircraft.
Part Description helps us understand the unique part numbers that are coded with numbers
and letters by the OEM. Initially, four groups were created for the categorical variable Part
Description. The Part Description variable provides information about the name of the
aircraft part and covers 1670 different part numbers that the MRO company can repair
and overhaul for airline and aviation companies. The MRO capabilities for these parts are
extensive. To express the relationship between the binary profit margin variable (where
a profit margin greater than 0.5 is labelled as 1, while that which less than or equal to
0.5 is labelled as 0) and the categorical variable Part Description in a linearly monotonic
decreasing manner, parts with similar event rates among the 1670 parts were grouped. This
grouping was performed manually. Table 5 shows the adjusted groups.

Table 5. Classification of Part Description into groups.

Group Event Count Non-Event Count Group Event Rate Gini Coefficient Gini Ordering

1 1563 90 0.946 65.246 1

2 442 167 0.726 65.246 1

3 319 182 0.637 65.246 1

4 621 558 0.527 65.246 1

5 495 776 0.389 65.246 1

6 671 1371 0.329 65.246 1

7 558 1719 0.245 65.246 1

8 342 3861 0.081 65.246 1

In Table 5, for the parts included in group 1, the number of events representing parts
with maintenance or repair completed and a profit margin value above 0.50 is 1563, while
the number of parts with a profit margin value of 0.50 or below is only 90. This implies that
parts in group 1, with a group event rate of 0.946, are the most profitable parts.

In group 2, there are 442 parts with profit margin values above 0.50 and 167 parts with
profit margin values of 0.50 and below, resulting in a group event rate of 0.726.

In group 3, there are 319 parts with profit margin values above 0.50 and 182 parts with
profit margin values of 0.50 and below, yielding a group event rate of 0.637.

In group 4, there are 621 parts with profit margin values above 0.50 and 558 parts with
profit margin values of 0.50 and below, with a group event rate of 0.527.

In group 5, there are 495 parts with profit margin values above 0.50 and 776 parts with
profit margin values of 0.50 and below, resulting in a group event rate of 0.389.

In group 6, there are 671 parts with profit margin values above 0.50 and 1371 parts
with profit margin values of 0.50 and below, leading to a group event rate of 0.329.

In group 7, there are 558 parts with profit margin values above 0.50 and 1719 parts
with profit margin values of 0.50 and below, yielding a group event rate of 0.245.
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In group 8, there are 342 parts with profit margin values above 0.50 and 3861 parts
with profit margin values of 0.50 and below, resulting in a group event rate of 0.081.

During the initial phase of interactive grouping, separate groups were created for all
parts, and the Gini index for these groups was calculated as 69.169. Manual grouping was
performed to reduce the number of groups from 1500 to 8, which led to a slight decrease
in the Gini index to 65.246 in Table 5. A high Gini index indicates a strong relationship
between the profit margin and the Part Description variable. While this manual grouping
slightly reduced the Gini index, the interactive grouped Part Description variable can now
be monotonically associated with the event rate, i.e., whether the profit margin is higher or
lower than 0.50. This approach provides a better explanation of the target variable, namely
the profit margin. Therefore, it can be stated that there is a strong relationship between the
grouped part types and the profit margin.

3.3.2. Parts Billed Current

The Parts Billed Current variable, which contains information about part cost, is a
numerical variable. This variable represents material costs consumed and used during
the repair process. These direct costs are recorded in real-time to calculate actual costs
at any time to monitor and track the repair process. The relationship between profit
margin and part cost was analysed by categorising standardised part costs. Intervals were
determined for significant groups of the numerical variable for the binary target variable,
created as 0 and 1 for profit margin values above 0.50 or 0.50 and below. Table 6 shows the
adjusted groups.

Table 6. Classification of Parts Billed Current into groups.

Group Event Count Non-Event Count Group Event Rate Gini Coefficient Gini Ordering

1 3847 2986 0.563 49.050 2

2 1001 2491 0.287 49.050 2

3 163 3247 0.048 49.050 2

4 0 0 0 49.050 2

Initially, the Part Billed Current variable was divided into five groups as follows:
Parts Billed Current < −0.36, −0.36 ≤ Parts Billed Current < −0.33, −0.33 ≤ Parts

Billed Current < −0.08, −0.08 ≤ Parts Billed Current, and missing values. The Gini index
for this variable was calculated as 50.222 initially. Although the Gini index was high, there
was no monotonic relationship with the binary profit margin variable defined as the target
variable. Therefore, some modifications were made manually to the initial groups.

In Table 6, the group where missing values were classified was labelled as group 4.
Since there were no missing values in this variable, observations in this group were not anal-
ysed. Groups 2 and 3 were merged into group 1 due to the low number of events in group 3.
Within the combined group 1, there were observations with Part Billed Current < −0.33,
out of which 3847 were an event (i.e., profit margin above 0.50) and 2986 were a non-event
(i.e., profit margin at or below 0.50). The group event rate for group 1 was 0.563. It can be
inferred that observations in group 1, where part costs are low, have good profit margins.

Observations in group 2, with Parts Billed Current between −0.33 and −0.08, consisted
of 1001 event count observations (i.e., profit margin above 0.50) and 2491 non-event count
observations (i.e., profit margin at or below 0.50). The group event rate for Group 2 was
0.287. It can be inferred that observations in Group 2, where part costs are relatively higher
compared to group 1, have lower profit margins.

Observations in group 3, with Part Billed Current greater than −0.08, consisted of
163 event count observations (i.e., profit margin above 0.50) and 3247 non-event count
observations (i.e., profit margin at or below 0.50). The group event rate for group 3 was
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0.048. It can be inferred that observations in group 3, where part costs are relatively higher
compared to group 1 and group 2, have the lowest profit margins.

The Gini index for these groups is calculated as 49.050 in Table 6. Although slightly
lower compared to the initial Gini index from the initial groups, this Gini index indicates
that the interactive grouped Parts Billed Current variable can be monotonically associated
with the event rate, i.e., whether the profit margin is higher or lower than 0.50. This
approach provides a better explanation of the target variable, that material cost increases
reduce profit margins.

3.3.3. Labour Billed Current

The Labour Billed Current variable represents direct labour costs, calculated based on
direct labour hours booked during the rectification of the part. This variable is recorded in
real time to track total labour costs during the repair process. The Labour Billed Current
variable reflects the company’s labour efficiency and direct labour performance, which
are within its control; on the other hand, Parts Billed Current is an external cost driver
influenced by market fluctuations in material prices depending on location and purchase
timing. Table 7 shows the adjusted groups for Labour Billed Current.

Table 7. Classification of Labour Billed Current into groups.

Group Event Count Non-Event Count Group Event Rate Gini Coefficient Gini Ordering

1 3757 3133 0.545 42.664 3

2 858 2570 0.25 42.664 3

3 396 3021 0.116 42.664 3

4 0 0 0 42.664 3

Initially, the Labour Billed Current variable was divided into five groups as follows:
Labour Billed Current < −0.82, −0.82 ≤ Labour Billed Current < −0.29, −0.29 ≤ Labour

Billed Current < 0.34, 0.34 ≤ Labour Billed Current, and missing values. The Gini index
for this variable was calculated as 42.664. Although the Gini index was high, there was no
monotonic relationship with the binary profit margin variable defined as the target variable.
The adjustments made manually to the initial groups are given below:

In Table 7, the group where missing values were classified was designated as group 4.
Since there were no missing values in this variable, observations in this group were not
analysed. Groups 2 and 3 were merged under group 1 due to the low number of events
in group 2. Within the combined group 1’s scope, there were observations with Labour
Billed Current < −0.29, out of which 3757 were events (i.e., profit margin above 0.50) and
3133 were non-events (i.e., profit margin at or below 0.50). The group event rate for group 1
was 0.545. It can be inferred that observations in group 1, where labour costs are low, have
the best profit margins.

Observations falling into group 2, with Labour Billed Current between −0.29 and 0.34,
consisted of 858 event count observations (i.e., profit margin above 0.50) and
2570 non-event count observations (i.e., profit margin at or below 0.50). The group event
rate for group 2 was 0.250. It can be inferred that observations in group 2, where labour
costs are relatively higher compared to group 1, have lower profit margins.

Observations falling into group 3, with Labour Billed Current greater than 0.34, con-
sisted of 396 event count observations (i.e., profit margin above 0.50) and 3021 non-event
count observations (i.e., profit margin at or below 0.50). The group event rate for group
3, 0.116, suggests that observations in group 3 demonstrate a notable pattern in event
occurrence, where labour costs are relatively higher compared to group 1 and group 2,
which have the lowest profit margins.

The Gini index remains at 42.664 in Table 7 for the interactive grouped Labour Billed
Current variable, which can be monotonically associated with the event rate (i.e., whether
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the profit margin is higher or lower than 0.50). It provides an opportunity to explain
the target variable more effectively, for which the increase in labour costs reduces the
profit margin.

3.3.4. Manager

The Manager variable stands for the leader or mechanic of the specific technical depart-
ment in the MRO company. The company has sub-departments, which are experts based
on part types such as hydraulic, mechanic, pneumatic, electrical, and avionic. This variable
also monitors and measures the department’s performance or specific part contribution
to the company, as well as the expertise of the technical staff. The Manager variable pro-
vides information about the managers’ identity related to the operation and encompasses
58 managers. To express the relationship between the Profit Margin binary variable (where
a profit margin higher than 0.5 is labelled as 1 and <=0 is labelled as 0) and the categorical
variable of Manager in a linearly monotonic decreasing manner, variables with similar
event rates among the 58 managers were grouped. This grouping was performed manually.
Observations with a missing Manager variable were grouped separately. Table 8 shows the
adjusted groups.

Table 8. Classification of Manager into groups.

Group Event Count Non-Event Count Group Event Rate Gini Coefficient Gini Ordering

1 750 195 0.794 33.178 4

2 1530 1944 0.440 33.178 4

3 804 1233 0.395 33.178 4

4 1325 2669 0.332 33.178 4

5 415 1356 0.234 33.178 4

6 187 1327 0.124 33.178 4

In Table 8, for the managers included in group 1, the number of event counts have a
profit margin value above 0.50, which is 750 while the number of managers with a profit
margin value of 0.50 or below is only 195. This implies that managers in group 1, with a
group event rate of 0.794, are led to the highest profit margin operations.

In group 2 and 1530 managers with profit margin values above 0.50 and 1944 managers
with profit margin values of 0.50 and below. The group event rate for group 2 is 0.44.

In group 3, the observations with missing values in the Manager variable are classified.
There are 804 managers with profit margin values above 0.50 and 1233 managers with
profit margin values of 0.50 and below. The group event rate for group 3 is 0.395.

In group 4 are 1325 managers with profit margin values above 0.50 and 2669 managers
with profit margin values of 0.50 and below. The group event rate for group 4 is 0.332.

In group 5 are 415 managers with profit margin values above 0.50 and 1356 managers
with profit margin values of 0.50 and below. The group event rate for group 5 is 0.234.

In group 6, there are 187 managers with profit margin values above 0.50 and 1327 managers
with profit margin values of 0.50 and below. The group event rate for group 6 is 0.124.

The calculated Gini index considering these groups is notably high at 33.178 in Table 8.
A high Gini index can be interpreted as a sign of a strong relationship between the Profit
Margin and the Manager variables. Additionally, during the initial phase of Interactive
Grouping, separate groups were created for all managers, and the Gini index for these
groups was calculated as 34.677. Manual grouping was performed to transition from
59 groups to 6 groups, and this manual grouping slightly decreased the Gini index to 33.178.
A marginally lower Gini index, but grouped Manager variable that can be monotonically
associated with the event rate, i.e., whether the profit margin is higher than 0.50, will
provide a more comprehensive understanding of the Profit Margin. By interpreting this
Gini index, the Manager variable has a relationship with profit margin.
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3.3.5. Diff Shipping Entry

This variable represents the difference between the Shipment Date and Entry Date,
known as turnaround time (TAT) in the industry. TAT measures the duration a part
or component is in process at the MRO company site, serving as a critical indicator of
operational efficiency. Table 9 shows the adjusted groups.

Table 9. Classification of Diff Shipping Entry into groups.

Group Event Count Non-Event Count Group Event Rate Gini Coefficient Gini Ordering

1 1842 1396 0.569 30.367 5

2 1418 2097 0.403 30.367 5

3 953 2587 0.269 30.367 5

4 798 2644 0.232 30.367 5

5 0 0 0 30.367 5

Initially, the Diff Shipping Entry variable was divided into five groups as follows: Diff
Shipping Entry < −0.39, −0.39 ≤ Diff Shipping Entry < −0.25, −0.25 ≤ Diff Shipping
Entry < −0.01, −0.01 ≤ Diff Shipping Entry, and missing values. The Gini index for
this variable was calculated as 30.367. Although the Gini index was high, there was no
monotonic relationship with the binary profit margin variable defined as the target variable.
Therefore, some adjustments were made manually to the initial groups.

In Table 9, the group where missing values were classified is designated as group 5.
Since there were no missing values in this variable, observations in this group were not
analysed. Within group 1, there were observations with Diff Shipping Entry less than −0.39,
out of which 1842 were events (i.e., profit margin above 0.50) and 1396 were non-events
(i.e., profit margin at or below 0.50). The group event rate for group 1 was 0.569. It can be
included that observations in group 1, where Diff Shipping Entry values are the lowest,
have the best profit margins.

Observations falling into group 2, with Diff Shipping Entry between −0.39 and −0.25,
consisted of 1418 event count observations (i.e., profit margin above 0.50) and 2097 non-
event count observations (i.e., profit margin at or below 0.50). The group event rate for
group 2 was 0.403. It can be concluded that observations in group 2, where Diff Shipping
Entry values are relatively higher compared to group 1, have lower profit margins.

Observations falling into group 3, with Diff Shipping Entry between −0.25 and −0.01,
consisted of 953 event count observations (i.e., profit margin above 0.50) and 2587 non-event
count observations (i.e., profit margin at or below 0.50). The group event rate for group 3
was 0.269. It can be inferred that observations in group 3, where Diff Shipping Entry values
are relatively higher compared to group 1 and group 2, have lower profit margins.

Observations falling into group 4, with Diff Shipping Entry greater than −0.01, con-
sisted of 798 event count observations (i.e., profit margin above 0.50) and 2644 non-event
count observations (i.e., profit margin at or below 0.50). The group event rate for group
4 was 0.232. It can be inferred that observations in group 4, where Diff Shipping Entry
values are relatively higher compared to group 1, group 2, and group 3, have the lowest
profit margins.

After the manual grouping adjustment, the Gini index remained the same as the
initial interactive grouping at 30.367 in Table 9. The interactive grouped Diff Shipping
Entry variable that can be monotonically associated with the event rate—whether the
profit margin is higher or lower than 0.50—provides an opportunity to explain the profit
margin more effectively. As Diff Shipping Entry increases, the profit margin decreases. The
longer TAT decreases more in profitability, for which this data grouping is aligned with the
negative effect of TAT on profit.
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3.3.6. Department

The Department variable provides information about the department responsible
for completing the operation and encompasses different departments. Four groups were
created for the categorical variable of Department initially. To express the relationship
between the binary variable of profit margin (where a profit margin higher than 0.5 is
labelled as 1 and ≤0.5 is labelled as 0) and Department in a linearly monotonic decreasing
manner, variables with similar event rates among the 11 categories, including the missing
category, were grouped. This grouping was performed manually. Table 10 shows the
adjusted groups.

Table 10. Classification of Department into groups.

Group Event Count Non-Event Count Group Event Rate Gini Coefficient Gini Ordering

1 2452 2594 0.486 23.390 6

2 1171 2089 0.359 23.390 6

3 1388 4041 0.256 23.390 6

In Table 10, for the departments included in group 1, the number of event counts (with
a profit margin value above 0.50) is 2452, while the number of non-event counts (with a
profit margin value of 0.50 or below) is 2594. This implies that departments in group 1,
with a group event rate of 0.486, are the most profitable among the other groups.

In group 2, there are 1171 event count observations with profit margin values above
0.50 and 2089 non-event count observations with profit margin values of 0.50 and below.
The group event rate for group 2 is 0.359. Group 2 contains departments that generate
lower profit margins compared to group 1.

In group 3, there are 1388 event count observations with profit margin values above
0.50 and 4,041 non-event count observations with profit margin values of 0.50 and below.
The group event rate for group 3 is 0.256. Group 3 contains departments with the lowest
profit margins compared to group 1 and group 2.

In the initial phase of interactive grouping, separate groups were created for all
departments, and the Gini index for these groups was calculated as 25.080. Manual
grouping was performed to transition from 11 groups to 3 groups, which reduced the
Gini index slightly to 23.390, as shown in Table 10. Despite the marginal decrease in the
Gini index, the interactively grouped Department variable, which can be monotonically
associated with the event rate (i.e., whether the profit margin is higher or lower than 0.50),
offers a more comprehensive explanation for the profit margin. Interpreting this Gini index
reveals an association between the Department variable and the profit margin. It can be
inferred that certain department groups have higher profit margins compared to others.

3.3.7. Diff Quote Entry

This variable represents the time elapsed between the date a quotation is sent to the
customer and the work order for the part or component is generated. This metric measures
the time taken to provide a quote to the customer, an important performance indicator
for both the customer and the company, called time to quote (TTQ). Table 11 shows the
adjusted groups.

Initially, the Diff Quote Entry variable was divided into five groups as follows:
Diff Quote Entry < −0.25, −0.25 ≤ Diff Quote Entry < −0.18, −0.18 ≤ Diff Quote
Entry < −0.07, −0.07 ≤ Diff Quote Entry, and missing values. The Gini index for this vari-
able was calculated as 23.193. The Gini index was high, and there was a monotonic decrease
with the binary profit margin variable defined as the target variable. Some modifications
were made manually for the missing group in the initial groups.
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Table 11. Classification of Diff Quote Entry into groups.

Group Event Count Non-Event Count Group Event Rate Gini Coefficient Gini Ordering

1 1533 1301 0.541 23.193 7

2 1769 2964 0.374 23.193 7

3 879 2023 0.303 23.193 7

4 830 2436 0.254 23.193 7

5 0 0 0.000 23.193 7

In Table 11, the group where missing values were classified was designated as group 5.
Since there were no missing values in this variable, observations in this group were not
analysed. Within group 1’s scope, there were observations with Diff Quote Entry < −0.25,
out of which 1533 were events (i.e., profit margin above 0.50) and 1301 were non-events
(i.e., profit margin at or below 0.50). The group event rate for group 1 was 0.541. It
can be inferred that observations in group 1, where Diff Quote Entry is low, have good
profit margins.

Observations falling into group 2, with Diff Quote Entry between −0.25 and −0.18,
consisted of 1769 event count observations (i.e., profit margin above 0.50) and 2964 non-
event count observations (i.e., profit margin at or below 0.50). The group event rate for
group 2 was 0.374. It can be inferred that observations in group 2, where Diff Quote Entry
is relatively higher compared to group 1, have lower profit margins.

Observations falling into group 3, with Diff Quote Entry between −0.18 and −0.07,
consisted of 879 event count observations (i.e., profit margin above 0.50) and 2023 non-
event count observations (i.e., profit margin at or below 0.50). The group event rate for
group 3 was 0.303. It can be inferred that observations in group 3, where Diff Quote Entry
is relatively higher compared to group 1 and group 2, have lower profit margins.

Observations falling into group 4, with Diff Quote Entry greater than −0.07, consisted
of 830 event count observations (i.e., profit margin above 0.50) and 2436 non-event count
observations (i.e., profit margin at or below 0.50). The group event rate for group 4 was
0.254. It can be inferred that observations in group 4, where Diff Quote Entry is the highest
compared to group 1, group 2, and group 3, have the lowest profit margins.

The Gini index remains unchanged at 23.193 in Table 11. The interactive grouping of
the Diff Quote Entry variable initially shows a monotonically associated trend with the
event rate (i.e., whether the profit margin is higher than or equal to 0.50 or lower). This
provides an opportunity for a clearer explanation of the target variable, which is the profit
margin. There have been no changes to the groupings. The profit margin decreases as the
Diff Quote Entry increases, indicating the negative impact of quotation time on profitability.

3.3.8. Status

This variable indicates the status of a customer’s order at a specific time while the part
is under the repair process at the MRO company from entry to shipment date. Table 12
shows the adjusted groups.

Table 12. Classification of Status into groups.

Group Event Count Non-Event Count Group Event Rate Gini Coefficient Gini Ordering

1 1345 1467 0.478 19.876 8

2 2999 4762 0.386 19.876 8

3 667 2495 0.211 19.876 8

4 0 0 0.000 19.876 8
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In Table 12, group 1 consists of parts with a status indicating that they have been
shipped. The number of event counts, where the profit margin is above 0.50, is 1345, while
the number of non-event counts, where the profit margin is 0.50 or below, is 1467. This
suggests that parts in the shipped status included in group 1, with a group event rate of
0.478, are the most profitable among all status groups.

In group 2, which includes parts with a status of work completed, there are 2999 event
counts (profit margin above 0.50) and 4762 non-event counts (profit margin at or below
0.50). The group event rate for group 2 is 0.386.

In group 3, which includes the rest of the work completed and shipped parts, there
are 667 event counts (profit margin above 0.50) and 2495 non-event counts (profit margin at
or below 0.50). The group event rate for group 3 is 0.211.

The calculated Gini index considering these groups is 19.876. An acceptable Gini index
can be interpreted, which indicates a relationship between the Profit Margin and the Status
variables. Additionally, during the initial phase of interactive grouping, separate groups
were created for all statuses, and the Gini index for these groups was calculated as 20.865.
Manual grouping was performed to transition from 11 groups to 4 groups, and this manual
grouping slightly decreases the Gini index to 19.876 in Table 12.

The Gini index is slightly lower, but with an interactively grouped Status variable
demonstrating a monotonically increasing association with the event rate (i.e., whether
the profit margin is higher or lower than 0.50), there is a better opportunity to explain the
profit margin. Interpreting this Gini index indicates a clear relationship between the Status
variable and the profit margin. Consequently, the profit margin tends to increase as the
completion level of customer orders rises.

3.3.9. Summary of Interactive Grouping Results

The interactive grouping results explained above for individual variables are collec-
tively included in Figure 2 for all variables.

Figure 2. Gini index for grouped variables.

Figure 2 shows the Gini indexes explaining the relationships of the grouped variables
included in the model with the target variable. As seen in Figure 2, the variable that explains
profit margin best is Part Description, while the variable that explains it least is Status.
Before interactive grouping, there was no observed correlation between standardised input
variables and target variables.
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Following the manual adjustments made to the variable groups, a monotonic trend
was observed, indicating that the profit margin decreased as the variable group number
increased. The targeted monotonic trend between the input and target variable is illustrated
in Figure 3.

Figure 3. Comparison of event rates across different groups for variables.

In Figure 3, the numbers at the end of the variables on the x-axis indicate the groups.
As the group numbers progress from 1 to n, it can be said that the rate, that is a profit
margin above 0.5, decreases.

After performing manual adjustments on variable groups, a monotonic trend was
observed, indicating that the profit margin decreases as the number of variable groups
increases. The targeted monotonic trend between the input and target variable is illustrated
in Figure 3.

To show how successful the Part Description variable is in explaining the target
variable by manual grouping, the relationship of the 1670 parts in the Part Description
variable with the event rate before manual adjustment is shown in Figure 4.

Figure 4. Comparison of group event rates for Part Description.

Figure 4 indicates that establishing a relationship between the 1670 parts and the profit
margin was challenging before manual grouping.

Furthermore, during the data preparation phase, to differentiate between pre- and
post-pandemic transactions, a dummy variable named Entry Date Num was created. The
relationship of this variable with the target variable was limited, and therefore, it was not
included in the model. There was no difference in the profit margin variable before and
after the pandemic.
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3.4. Variable Clustering

The model was initially run by standardised input variables and a continuous target
variable to show the contribution of applying interactive grouping transformation to the
variables. Then, it was run with the newly grouped variables and binary target variables.
Before executing this algorithm, variable clustering was performed to measure the distances
between the input variables. The results are presented in Figure 5.

Figure 5. Variable clustering diagram.

In Figure 5, squares represent the individual terms and circles represent the cluster
centres. The names of the variables that were grouped show obvious similarity relationships.
Since the variables with similar factual attributes were clustered together [21], this can
be interpreted and analysed visually in Figure 5. Variable clustering provides groups of
variables where variables in a group are similar to other variables in the same group and as
dissimilar as possible to variables in another group. In this study, the variable clustering
method was not used as a variable reduction technique. Instead, it was used to make
the data more understandable by organising the variables into clusters. The variables
within these clusters were used to provide insights into the strategic decisions shared in
the Discussion and Conclusion sections.

When the diagram is examined, it is seen that Diff Quote Entry and Diff Shipping
Entry are in Clus2. This is a cluster that explains the concepts of TAT and TTQ, which
stands for the operational process [24]. Bidding time and TAT describe similar information
in Clus2. It can be concluded that TAT and TTQ differ from other variables. The Parts Billed
Current, Manager, Part Description, Labour Billed Current, and Department variables are
grouped as Clus1. One may conclude that Clus1 is a cluster containing information related
to the part. The Status variable is located in Clus3 alone. The status of part information is
disclosed in a separate cluster. The dendrogram of the variables is shown in Figure 6.

Figure 6 visualises the points grouped and the similarity of group members and shows
that the variables of TAT and TTQ are distinguished from the other variables.
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Figure 6. Dendrogram of variables.

3.5. Modelling and Validation—Gradient Boosting

In this study, the steps from data cleaning to validation are discussed to illustrate
how SME MRO companies can use analytical methods to inform their profit margin-
enhancing decisions. Two separate gradient boosting algorithms were applied, one for
grouped variables and another for standardised variables, and their results were compared.
The choice of gradient boosting was based on its demonstrated high performance in
classification problems [22,25]. Consequently, the study did not include comparisons with
other ML techniques.

During the course of this research, hyperparameter tuning was conducted manually
using a trial-and-error approach [26]. Initially, a range of values for key hyperparam-
eters was selected. Each combination of these hyperparameters was iteratively tested
by training the model on the training dataset and evaluating its performance on the
validation dataset. Adjustments were made to the hyperparameters based on the per-
formance outcomes. This iterative process was repeated until an optimal set of hyper-
parameters was identified, providing the best balance between training and validation
performance metrics. The tuned hyperparameters for Boost79 and Boost86 are discussed in
Sections 3.5.1 and 3.5.2, respectively. Optimisation methods could also have been used in
the selection of the hyperparameters.

Furthermore, the dataset is limited to a specific SME MRO company and spans from
2013 to 2021. This temporal and contextual limitation may affect the generalizability of the
results to other contexts or time periods.

Within the scope of the Modelling step in Figure 1, two different gradient boosting
algorithms were run, and their results are compared in this section. The Boost79 model built
with standardised variables has an RASE value of 0.637 in Section 3.5.1 for the validation
dataset, which is a very high error value. In the Boost86 model developed with grouped
variables, the 0.164 misclassification rate and 0.821 Gini value in Section 3.5.2 show that
a classification model could be established with this data transformation with a lower
error rate. A scatter plot was drawn to analyse the compatibility of variable importance
values in the models for the training and validation datasets. It can be inferred that the
scatter plot for the Boost79 model, Section 3.5.1, shows less fit in the training and validation
datasets than the scatter plot for Boost86 model, Section 3.5.2. It has been determined that
transforming continuous and categorical data into meaningful groups explains the profit
margin well in the Boost86 model compared to the Boost79 model. Interactive grouping
was used for this purpose, and a model with higher accuracy was obtained.

The confusion matrices for the Boost86 model, which demonstrated better predic-
tion performance, are presented in Tables 13 and 14 for the training and validation
datasets, respectively.
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Table 13. Confusion matrix for the training dataset.

Actual Positive (1) Actual Negative (0) Total

Predicted Positive (1) 3825 834 4659

Predictive Negative (0) 1202 7872 9074

Total 5027 8706 13,733

The confusion matrix for the model’s performance for the training dataset is shown in
Table 13 and provides a breakdown of actual positive and negative cases versus predicted
positive and negative cases. Here is a concise summary of the matrix:

Actual positive (1): 3,825 instances correctly predicted as positive.
Actual negative (0): 834 instances incorrectly predicted as positive.
Actual positive (1): 1202 instances incorrectly predicted as negative.
Actual negative (0): 7872 instances correctly predicted as negative.

Table 14. Confusion matrix for the validation datasets.

Actual Positive (1) Actual Negative (0) Total

Predicted Positive (1) 1589 397 1986

Predictive Negative (0) 567 3335 3902

Total 2156 3732 5888

The confusion matrix for the model’s performance for the validation dataset is shown
in Table 14 and provides a breakdown of actual positive and negative cases versus predicted
positive and negative cases. Here is a concise summary of the matrix:

Actual positive (1): 1589 instances correctly predicted as positive.
Actual negative (0): 397 instances incorrectly predicted as positive.
Actual positive (1): 567 instances incorrectly predicted as negative.
Actual negative (0): 3335 instances correctly predicted as negative.
Tables 15 and 16 below present key performance metrics for the model on the train-

ing dataset. These metrics include precision, recall, and F1 score, which are crucial for
evaluating the effectiveness of a classification model.

Precision measures the accuracy of positive predictions. A high precision indicates
a low false positive rate. Recall measures the ability of the model to identify all relevant
instances. A high recall indicates a low false-negative rate. The F1 score is the harmonic
mean of precision and recall, providing a balance between the two. This metric is useful
when a balance between precision and recall is desired.

Table 15. Performance metrics for the model on the training dataset.

Metric Value

Precision 0.821

Recall 0.761

F1 Score 0.790

In Table 15, a precision value of 0.821 indicates that approximately 82% of the instances
classified as positive are indeed positive. This high precision suggests the model makes few
false positive errors. A recall value of 0.761 implies that the model successfully identifies
76% of all actual positive instances. While this is a decent score, it indicates that there is
still room for improvement in detecting positive instances. An F1 score of 0.790, which
balances precision and recall, indicates an approximate value of 0.79. This score suggests
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that the model maintains a good balance between precision and recall, making it a reliable
classifier for the given task.

Table 16. Performance metrics for the model on the validation dataset.

Metric Value

Precision 0.800

Recall 0.737

F1_Score 0.767

In Table 16, a precision value of indicates that approximately 80% of the instances
classified as positive are indeed positive. This high precision suggests that the model
makes few false positive errors. A recall value of 0.737 implies that the model successfully
identifies 73.7% of all actual positive instances. While this is a decent score, it indicates that
there is still room for improvement in detecting positive instances. The F1 score, which
balances precision and recall, is approximately 0.767. This score suggests that the model
maintains a good balance between precision and recall, making it a reliable classifier for
the given task.

The presented performance metrics indicate that the model performs well, with high
precision and a reasonable balance between precision and recall. The consistency of
these metrics between the training and validation datasets further validates the model’s
robustness and generalizability. However, there is potential for further improvement,
particularly in enhancing recall to ensure more positive instances are correctly identified.

The outputs of the Boost79 and Boost86 models will be examined in subsequent
Sections 3.5.1 and 3.5.2, respectively.

3.5.1. Gradient Boosting for Standardised Variables versus Continuous Target Variable

The gradient boosting model was run multiple times using different hyperparameter
tuning strategies. Parameter values for models other than the best model are not provided.
To construct the Boost79 model gradient boosting model, a training proportion of 70% was
utilised. The square loss function was exclusively employed as the splitting rule. The base
learner was designed with a maximum of three branches and a depth of five. The number
of iterations and the shrinkage parameter were set to 40 and 0.1, respectively.

Table 17 presents the fit statistics for the model results when the profit margin variable
is used as a numerical variable, utilising ungrouped standardised variables.

Table 17. Fit statistics for the training dataset and validation dataset: continuous target variable.

Model (Continuous Target Variable) Train RASE Validation RASE Train ASE Validation ASE

Boost79 0.593 0.637 0.405 0.351

Boost83 0.609 0.640 0.410 0.372

Boost84 0.621 0.645 0.416 0.386

Boost82 0.747 0.776 0.603 0.558

Table 17 shows that the Average-Squared Error (ASE) and Root-Average-Squared
Error (RASE) values are very high and indicate that the model does not fit the training data
well. The Boost79 model built with standardised variables has an RASE value of 0.637.

Table 18 presents the importance of the training and validation datasets for the
Boost79 model.
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Table 18. Variable importance.

Variable Name Training Importance Validation Importance

Parts Billed Current 1.00 1.00

Labour Billed Current 0.681 0.603

Diff Quote Entry 0.335 0.294

Diff Shipping Entry 0.311 0.252

Part Description 0.278 0.297

Status 0.277 0.272

Manager 0.149 0.155

Department 0.108 0.095

When looking at the order of importance of the variables in Table 18 obtained for stan-
dardised variables before grouping, the order is Parts Billed Current, Labour Billed Current,
Diff Quote Entry, Diff Shipping Entry, Part Description, Status, Manager, and Department.

Figure 7 presents the scatter plot of variable importance for the training and validation
datasets. Variable importance uses the reduction in the sum of squares from splitting a
node, summing over all nodes in the split-based approach to calculate the importance [22].

Figure 7. Scatter plot for importance of Boost79.

In Figure 7, the variable importance values of the Boost79 model are not similar in the
training and validation datasets compared to the Boost86 model, which will be shown in
the following subsection.

3.5.2. Gradient Boosting for Grouped Variables versus Binary Target Variable

Under Section 3.1, all variables were grouped, and those with a Gini index greater
than 15 were selected for gradient boosting modelling. For variable grouping, the target
variable, profit margin, was also converted from a numerical variable to a binary variable.
The models were constructed in this sub-section using the transformed variables.

In each model, different hyperparameter tuning strategies were applied, and the
model was run multiple times to achieve the best model. To construct the Boost86 model, a
training proportion of 70% was utilised. The square loss function was exclusively employed
as the splitting rule. The base learner was designed with a maximum of three branches
and a depth of five. The number of iterations and the shrinkage parameter were set to
40 and 0.1, respectively. Table 19 presents a subset of results from the gradient boosting
models applied to interactively grouped variables derived from the binary-converted profit
margin variable.
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Table 19. Fit statistics for the training dataset and validation dataset: binary target variable.

Model (Binary Target Variable) Training MCR Val MCR Train ROC Val ROC Train Gini Val Gini

Boost86 0.148 0.164 0.925 0.911 0.849 0.821

Boost63 0.154 0.167 0.919 0.909 0.839 0.818

Boost64 0.156 0.168 0.916 0.908 0.833 0.815

Boost65 0.183 0.186 0.893 0.889 0.785 0.779

Table 19 shows that the misclassification rate, ROC index, and Gini value yield similar
results for training and validation datasets for different models. By an examination of
Table 19, the validation misclassification rate was considered the primary criterion for
selecting the best model. The misclassification rate represents the percentage of incorrectly
predicted outcomes. In the Boost86 model, which was developed using grouped variables,
the misclassification rate is 0.164. This transformation of the target variable and input data
using interactive grouping has positively impacted the model’s accuracy.

When examining the ROC curves for the training and validation datasets, it is observed
that the model referred to as the Boost86 model made the best predictions for both datasets.

Figure 8 presents the ROC Curves based on the predictions of different models.

Figure 8. ROC Curves for different gradient boosting models.

In Figure 8, the blue line in the graph represents the Boost86 model. It can be seen that
the area under the ROC Curve for both the training and validation datasets is greater than
that of the other models. It is observed that the model referred to as the Boost86 model
makes the best predictions for both datasets among the other models.

Figure 9 presents the misclassification rate versus the number of iterations for the
Boost86 model.

Figure 9. Misclassification rate vs. iteration number.
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In Figure 9, a lower misclassification rate means better model accuracy. In addi-
tion, when the figure is examined, it is observed that, when the number of iterations
approaches 40, the difference between the training and validation datasets becomes stable.

Figure 10 presents the misclassification rates for the target categories (1: the profit rate
is higher than 0.5, 0: the profit rate is lower than 0) across different gradient boosting models.

Figure 10. Misclassification rates across different gradient boosting models.

In Figure 10, the top row presents the misclassification rates for the training dataset,
while the bottom row shows the rates for the validation dataset, analysed based on the
binary target variable. It is a graphical representation of the MCR values in Table 19.
Although the error rates are close compared to the other models, Boost63 and Boost64,
the Boost86 model demonstrates fewer errors in predicting a profit margin below 0.5 for
the training (6.07%) and validation (6.74%) datasets. Furthermore, the Boost86 model
demonstrates fewer errors in predicting a profit margin above 0.5 for the training (8.75%)
and validation (9.63%) datasets.

Table 20 presents the importance of training and validation datasets for the Boost86 model.

Table 20. Variable importance.

Variable Name Train Importance Validation Importance

GRP Part Description 1.00 1.00

GRP Parts Billed Current 0.542 0.655

GRP Labour Billed Current 0.493 0.499

GRP Manager 0.402 0.377

GRP Status 0.335 0.309

GRP Diff Shipping Entry 0.219 0.140

GRP Diff Quote Entry 0.197 0.107

GRP Department 0.192 0.122
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In Table 20, the variable importance values of the Boost86 model are very close to each
other in the training and validation datasets. This is one of the positive criteria for model
accuracy. The order of importance of the grouped variables entering the model is Part
Description, Parts Billed Current, Labour Billed Current, Manager, Status, Diff Shipping
Entry, Diff Quote Entry, and Department.

Figure 11 presents the scatter plot of variable importance for the training and
validation datasets.

Figure 11 illustrates the scatter plot of variable importance for the training and
validation datasets.

Figure 11. Scatter plot for importance of Boost86 model.

The scatter plot in Figure 11 reveals that the variable importance values for the training
and validation data are closely aligned, improving model accuracy and reliability [22].

4. Discussion

Data analytics certainly becomes more critical for MRO companies to use their data for
better planning and to be more effective, predictable, and profitable despite data analytics
being new in this industry. The data available to MRO companies, including technical
information, aircraft performance data, malfunction details, and reasons for failures, are
largely held by aircraft manufacturers, OEMs, and airlines, and standardisation of these
data is still a work in progress.

Real-world data were used in the study. As the raw operational data were not suitable
for modelling, the study carried out the processes involved in data preparation (data clean-
ing, data preparation, creating derived variables, data transformation, data selection, etc.).
These challenging processes were discussed in detail in Section 2.1. Variables were exam-
ined to retain those with high data quality, while errors and inconsistencies were eliminated
from the dataset. Additionally, after consultations with professionals, several derived
variables believed to explain the profit margins were created.

Furthermore, due to the difficulty in accessing such real-world data, the results were
specific to the component maintenance segment of the SME MRO company. This study
utilises data spanning from 2013 to 2021. Unique factors such as the company’s organi-
sational structure, market position, and specific operational challenges have significantly
influenced the findings. Therefore, while the findings provide valuable insights for this
company, caution should be exercised when generalising these results to other settings.

An interactive grouping method was employed for variable transformation. Interac-
tive grouping also addressed the issue of outliers in the continuous variables, ensuring that
the influence of extreme values was minimised, leading to more robust and reliable models.

As detailed in Section 3.5, hyperparameter tuning was performed manually [26],
without the use of optimisation methods. Numerous models were developed for various
hyperparameter combinations, targeting similar and minimal misclassification rates in the
training and validation datasets.
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The selection of gradient boosting for this study was driven by its proven efficacy in
classification tasks [22,25]. Consequently, comparisons with other ML techniques were not
included in this research.

To balance the trade-off between the complexity and interpretability of the gradient
boosting model, variable importance values are discussed in Sections 3.5.1 and 3.5.2.

Two gradient boosting algorithms, Boost79 and Boost86, were compared in the study,
with the details explained in Section 3.5. The Boost86 model, utilising grouped variables,
demonstrated better performance with a lower misclassification rate and higher Gini value
compared to the Boost79 model, which uses standardised variables. In addition, with
variable clustering, clusters were created at the level of variables entering the model, and
variables within the same cluster and separate clusters were analysed Figure 5. Variable
clusters will guide strategic decisions by allowing a better understanding of the data
(see Figure 6).

This study is based on the output of the gradient boosting algorithm, showing that
profitability is not only related to direct variables such as Parts Billed Current and Labour
Billed Current, but also to indirect variables like TAT, TTQ, Department, Manager, and
Status. In the standard perspective, profitability is calculated mathematically by subtracting
direct costs (labour and materials) from the price, and companies focus on increasing prices
and reducing costs in this narrow philosophy. However, supply chain challenges and
labour shortages, particularly after COVID-19, are prompting MRO companies, especially
SME MROs, to explore alternative areas where they can devise unique strategies to boost
profitability and differentiate themselves from their competitors.

The study draws attention to the Part Number variable, which refers to the unique
and specific part code. There are thousands of parts installed in aircraft systems, and each
aircraft model and type uses different parts, requiring different maintenance procedures,
special equipment, tools, and materials, and specific workforce qualifications. Having
many part numbers in the MRO capability list requires managing different tools, equipment,
machinery, materials, and labour, which is a huge effort and cost burden on the management.
It proves that finding the optimum and the best part number is the most important variable
in the profitability model, where the best model output is shown in Table 20. Interactive
grouping by the Gini index confirms that 1563 parts in group 1, shown in Table 5, provide
a significant profit of over 0.5. Thus, the profitability model developed through gradient
boosting gives important strategic business outcomes: MROs should focus on defining part
number capability lists and prioritise the part numbers they choose to service.

The model confirms that direct variables related to profit margins, such as Parts Billed
Current and Labour Billed Current, significantly affect profitability, as in Table 20. Certainly,
as long as you reduce your material costs and provide more standard work, that is a higher
number of the same parts, this will reduce your direct labour costs and contribute positively
to profitability.

The most crucial results of this study are the identification and verification of hidden
factors affecting profitability:

Manager: Each department provides repair services for its specific parts, so the
department and its leader could play a critical role in the profitability; we addressed this
factor based on the models in the study [27]. The model outputs indicate the leader’s
performance, such as planning, managing the process, finishing the tasks, and releasing the
parts into service, is related to profitability. The Boost86 model with a validation ROC of
0.911 shows the manager’s strong impact with a validation importance of 0.377, while the
Boost79 model with a validation RASE of 0.637 indicates a lower impact of the Manager
variable with a validation importance of 0.155. Per the analysis, an effective department
leader, herein the manager, creates a distinctive effect on profitability, which is another
business strategy the MRO company should consider.

Repair Status: The status of parts during repair impacts profitability. MROs issue a
release-to-service certificate and invoice upon completion of the repair process, enabling
profits upon shipment to the customer. In the Boost79 model, for the standardised variables,
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the Status variable has a 0.272 validation importance (see Table 18 and Figure 7) and is in the
last three rows. On the other hand, the Boost86 model, which uses an interactive grouping
of variables, ranks the variable higher with a validation importance of 0.309 (see Table 20
and Figure 11). Completing work promptly leads to higher turnover and effective time
management, which maximises employee productivity and positively impacts business
management. Incomplete tasks and prolonged work-in-progress statuses in the shop
system result in reduced profitability and adversely affect overall performance.

Shipment Time: In the Boost79 model, the Diff Shipping Entry variable has a validation
importance of 0.252, while it decreases to 0.140 in the Boost86 model. Both the Diff Shipping
Entry and Diff Quote Entry variables are clustered separately, complementing each other
and making similar contributions to the model shown in Figure 6. The model shows that
faster jobs yield more profits, but longer jobs are less profitable; here, in this study, a shorter
delivery date generates a profit margin above 0.50 with an event rate of 0.569 and longer
dates reduce profitability with an event rate of 0.232, Table 9. This variable continues to be
essential for customers and MRO companies, as it assists in managing labour and material
resources by optimising time management.

Quote Time: This variable measures the time from entry to the shop to inspection
completion, called TTQ. After inspection, the MRO determines the materials and labour
needed for repair. These factors contribute to a quote price, factoring in the profit margin,
which is then submitted to the customer for approval. The Diff Quote Entry variable is in
the same cluster as the Diff Shipping Entry. Shorter quote times result in a higher event rate
(0.541) with profit margins above 0.50, while longer quote times have a negative impact
with a lower event rate (0.254) (see Table 11). Despite a reduced validation impact in the
Boost86 model compared to the Boost79 model, the Diff Quote Entry variable continues to
be important for the profit margin model. If the parts are quickly inspected, in a short time,
the MRO company can calculate a quoted price and identify the projected profit margin for
the part number.

Shop unit (Department): This variable also aligns with Part Number and Manager in
the same cluster (see Figures 5 and 6). In this analysis, the Electro-Mechanical Department
produces a higher event rate of 0.486 and an above 0.50 profit marginthan the other shop
units, with the Electronics Department and Fuel Systems Department having a 0.359 event
rate and the Hydraulic-Pneumatic Department a 0.256 event rate (see Table 10). Therefore,
it is evident that some shop units have become more standardised and have more specific
processes, which lead to a more profitable business. The Department variable carries the
least influence compared to the other variables in both the improved model Boost86 model,
with a validation importance of 0.122, and the standardised variables Boost79 model, with
a validation importance of 0.095. It is essential to ensure that the department for specific
part numbers has qualified manpower under the right unit leader, as this plays a critical
role in contributing to the profitability model and achieving business targets.

When variable clustering was performed for the above variables that were significant
according to the gradient boosting algorithm, three basic clusters were created. Clus1
contains the variables Part Description, Parts Billed Current (part cost), Labour Billed
Current (labour cost), Department, and Manager (Figure 5). It can be stated that Clus1
primarily comprises information about the part. Updating the capability list with high-
profit margin parts and combining high-profit margin departments with high-performance
managers can increase profitability. Furthermore, changes in other variables in Clus1 can
positively affect the labour cost of the part in Clus1

The second cluster, Clus2, includes TAT and TTQ. The fact is that Clus2 contains data
for only two variables, which can be interpreted as meaning that the processes are indepen-
dent of the Part Description, Parts Billed Current, Labour Billed Current, Department, and
Manager variables in Clus1. It could be recommended to make general improvements to
the processes, regardless of the part.
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5. Conclusions

This study focuses on building a solid and sustainable profit margin model for the
SME MRO company and addresses which variables are key to success in its future business.

The results of the models provide an authentic approach to MRO business manage-
ment. Profitability is not only affected by direct, numerical variables such as labour and
material costs, but also by qualitative variables such as Part Number, Manager, Department,
and Status at significant levels. The study shows that the Part Number, Manager, and
Department variables are in the same cluster as the Labour Billed Current and Parts Billed
Current variables based on variable clustering. This provides a strategic overview to the
MRO company as focusing on specific part numbers of certain departments with strong
department leadership will bring sustainable success in profitability.

Another interesting view identified is that operational variables TAT and TTQ, which
are also key performance metrics for the MRO company’s success in the presence of its
customers, are separated from the other variables for different clusters. Focusing on those
variables also brings an advantage to the company as extra room for the profitability margin.
In cases where competition is harsh, that option will bring strategic leverage to the business.

While the study offers valuable insights, it is important to acknowledge its limita-
tions. First, the data used are from a single SME MRO company and are specific to the
component maintenance segment, which may limit the generalizability of our findings to
other segments or companies within the aviation industry. Additionally, the data span a
specific period.

Future research should consider incorporating data from multiple SME MRO com-
panies and different geographic regions. Furthermore, exploring alternative analytical
techniques and machine learning algorithms may provide further insights. Investigating
other segments within the aviation industry could also help in identifying unique factors
influencing profit margins across different operational areas. The models can also be ap-
plied to other MRO segments such as engine, airframe, and line maintenance. Thus, the
gradient boosting model for SME MROs developed in this study can be transformed into a
more precise and robust MRO business forecasting model. This approach will enable us to
assess the inclusiveness of the model for the entire MRO industry.

It is expected that future research will be able to conduct cross-studies using different
data to produce similar results. Since this is the first study of its kind, its accuracy is
expected to be verified through such cross-studies. This is a pioneering study; if there had
been an opportunity to access similar operational data from different companies, the study
could have been more comprehensive.

By addressing these limitations and pursuing the suggested research directions, future
studies can build on these findings and contribute to a more comprehensive understanding
of profit margin dynamics in the SME MRO industry.
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Abbreviations
The following abbreviations are used in this manuscript:

MRO maintenance, repair, and overhaul
WO work order
ASE Average-Squared Error
RASE Root-Average-Squared Error
MCR misclassification rate
OEMs original equipment manufacturers
SMEs small and medium-sized enterprises
TAT turnaround time
TTQ time to quote
Val Validation
ROC Receiver Operating Characteristic
ML machine learning
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