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Abstract—In the aircraft engine Maintenance, Repair, and
Overhaul (MRO) process, effective task planning relies heavily
on the expertise of lead engineers. However, when predictive
models are used to assist decision-making, issues with incomplete,
unbalanced, and inconsistent data can lead to errors in the
planning task. Therefore, reliable predictions are crucial for
optimising the operational efficiency. This paper proposes a
methodology to improve the prediction of maintenance times
for an aircraft engine MRO process by integrating K-means
clustering with Cosine and Jaccard similarity methods to define
a reliable prediction interval. This methodology was compared
with the predictions of the Simple Linear Regression method,
which resulted in the prediction interval approach significantly
reducing prediction errors, increasing prediction accuracy, while
optimising process management and maintenance task planning
throughout the MRO process.

Index Terms—Similarity Methods, Prediction, MRO, Aircraft
Engines.

I. INTRODUCTION

HE accuracy of machine learning (ML) models is funda-

mentally influenced by both the quality and quantity of
the data used during the training process [1]. The building of
reliable models comprises several steps, such as data collection
[2], data cleaning [3], and feature treatment [4]. These steps
help to balance the dataset and mitigate biases that could affect
the model performance [2]. However, even with meticulous
data preparation, there is no guarantee that a ML model will be
robust [1], as the evaluation metrics alone are often insufficient
to ensure that the model accurately reflects the complexities
of operations and processes [5].

When predictions support the decision-making in the main-
tenance planning process, errors may emerge due to a lack of
data, variations, or inconsistencies, compromising the reliabil-
ity of predictions and leading to operational inefficiencies [6],
highlighting the need for the continuous monitoring and refine-
ment of ML models. In the Maintenance, Repair, and Overhaul
(MRO) process of the aircraft engine sector, the maintenance
task planning highly dependent on the expertise of the lead
engineer [7], which can introduce potential risks, limitations,
or inaccuracies in the planning process, particularly when

critical data is unavailable, e.g., when new motors arrive for
repair without any historical data. Thus, the digitalisation of
the MRO process data analysis can reduce costs by optimising
the labour and machinery usage, enhancing the operational
efficiency and minimising errors [8].

One approach to improve the accuracy and reliability of ML
predictions is the application of similarity methods. Similarity
refers to the degree of resemblance between two or more
elements based on shared characteristics [9]. The majority of
approaches that apply similarity methods primarily focus on
Recommendation Systems (RS) using Collaborative Filtering
(CF) [10], and Natural Language Processing (NLP) [11], as
well as on improving ML techniques. Within ML, significant
progress has been made in areas such as classification, clus-
tering [12], [13], and feature selection [14]. However, the use
of similarity methods to enhance the final predictions of ML
models remains relatively unexplored, representing an area
with considerable potential for further research.

This paper is proposing to use similarity methods to develop
a robust methodology to determine a prediction interval for
maintenance time prediction, referring to a range in which a
future maintenance time is expected to fall, capturing both
model uncertainty and task variability. This methodology
enhances the prediction of maintenance times for the aircraft
engine MRO process by ensuring the optimal reliability and
accuracy while reducing planning errors. For this purpose,
the K-means algorithm is employed to define clusters that
categorise maintenance tasks into different classes based on
the complexity of the maintenance process. At the same time,
the Cosine and Jaccard similarity measures are used to identify
relationships between maintenance processes. The preliminary
results show a reduction of prediction errors in the case study
related to the aircraft engine MRO process.

The paper is structured as follows: Section II provides
an overview of related work on existing similarity methods
and their applications in the maintenance sector. Section
III describes the case study and introduces the proposed
methodology. Section IV presents the main results obtained
from the application of the methodology, including analyses



and quantitative metrics. Finally, Section V summarises the
conclusions and points out future work.

II. RELATED WORK

The field of maintenance management has changed signif-
icantly with the emergence of data-driven approaches, which
enable more effective decision-making and optimisation of
maintenance planning. Accurate predictions are essential for
the successful planning and execution of maintenance tasks,
and similarity methods have proven valuable in analysing
maintenance data. These methods help to identify patterns and
correlations, ultimately improving the operational efficiency.
Additionally, prediction intervals contribute to maintenance
planning by quantifying the variability and uncertainty, thereby
improving the reliability of maintenance predictions.

The studies conducted by [9], [15] and [16] present the
application of similarity measures, as summarised in Table I,
which provides an overview of the four common similarity
measures. Cosine and Pearson methods focus on vector-based
comparisons; while the Cosine measures the angle between
vectors, Pearson captures the linear relationships. The Jaccard
method is most commonly used for binary comparisons,
assessing the overlap between categorical data, while the
Euclidean Distance method measures the geometric similarity
based on absolute differences. Each method has strengths
and limitations, making its selection dependent on the data’s
specific characteristics.

Several studies have applied similarity measures to enhance
decision-making in the maintenance sector. The authors of [17]
introduced a similarity-based framework for monitoring rotat-
ing machinery using vibration signals, applying Cosine Sim-
ilarity and Euclidean Distance, and achieving high accuracy
with minimal labelled data. Similarly, [18] used Cosine and
Pearson similarity to analyse failure descriptions and estimate
downtime in Predictive Maintenance (PdM), demonstrating
effective failure prediction but highlighting the need for further
machine data analysis to understand downtime factors better.
In preventive maintenance, [19] applied weighted similarity
coefficients to cluster machines based on predicted failure
severity, aiming to reduce costs and optimise maintenance
efforts. However, the approach relied heavily on historical data
and lacked validation across diverse manufacturing contexts.
Additionally, [20] employed sequence matching and Cosine
Similarity to improve the accuracy of Bayesian maintainability
models, though challenges in the task representation and the
computational complexity of the remaining method.

In the context of prediction interval, the authors of [21]
combined Finite Element (FE) simulation data with ML to
improve short-term pavement rutting prediction accuracy from
90.3% to 94.2% (R?). The model quantified uncertainty by
running simulations multiple times to create reliable prediction
intervals, helping to improve the decision-making on road
maintenance. However, the multiple simulations could amplify
the effects of unreliable data, leading to inaccurate uncertainty
intervals. Similarly, [22] introduced a Confidence-Weighted
Extreme Learning Machine (CW-ELM) method that calculates

input-dependent prediction intervals to enhance the prediction
reliability. This method improves the prediction interval cov-
erage and efficiency, handling large datasets like skin colour
detection with 3.4 million samples in 11 minutes. However,
this approach may not be accurate if the data does not follow
a normal distribution or consistent variability.

Despite the significant advancements in similarity methods
for maintenance analysis and the application of prediction
intervals, challenges remain in accurately predicting mainte-
nance tasks times and improving the overall reliability. While
previous studies have demonstrated the potential of similarity
measures, there is limited work that specifically addresses the
accurate prediction of maintenance times. This study aims to
address these challenges by introducing a methodology that
applies similarity methods to calculate a prediction interval
and enhance the final maintenance prediction time, focusing
specifically on MRO aircraft engines.

III. INTEGRATION OF CLUSTERING AND SIMILARITY FOR
MAINTENANCE PLANNING

This section presents the case study’s specifications and
the methodology used to calculate an enhanced prediction
accuracy using similarity methods and clustering algorithms.

A. Description of the Case Study

The case study focuses on MRO services in an aircraft
engine maintenance line, using a dataset that includes main-
tenance tasks data from only a single engine model. The
maintenance process is organised into a structured task hi-
erarchy that contributes to the overall workflow. An engine
maintenance visit begins when this arrives for servicing, with
the maintenance process divided into distinct phases, such as
Evaluation, Disassembly, Cleaning, and Repair. Each phase is
managed by specialised departments and divided into smaller
operations that are critical for the successful completion of the
maintenance.

This case study was explored in [23], where a ML model
based on the Simple Linear Regression (SLR) method was im-
plemented within a graphical interface to predict maintenance
times at different levels (e.g., general, task, or operation).
The SLR method was tested among several models, including
Lasso, Ridge, Random Forest, Support Vector Regression,
Decision Tree, Gradient Boosting, and K-Nearest Neighbours.
All models were trained using five key features related to the
maintenance context: Phase, Department, Operation, Engine
and Estimated hours. The SLR model achieved an R? of
0.81, outperforming the evaluated models. However, due to
limitations in data incompleteness and imbalance for training
the ML model, e.g., lack of maintenance visits, limited engine
models, and new engines without historical data, the predic-
tions showed a percentage deviation of 22.1% compared to
the actual maintenance time. Although this solution facilitates
maintenance planning and decision-making, it has slightly re-
duced the reliability of the predicted maintenance times. With
this in mind, the objective of this paper is to propose mitigation
measures for this problem by calculating a prediction interval



TABLE I: Overview of similarity methods and their characteristics.

Similarity Method

Description and Range

Characteristics

Cosine [15], [16]

Measures the similarity between vectors through the
cosine of the angle between them. The range is from
0 to 1, where O indicates no similarity and 1 indicates
identical direction.

Focuses on the orientation of vectors, ignoring mag-
nitude. However, it is not sensitive to magnitude,
which may be a limitation when the magnitudes of
vectors differ significantly.

Pearson [15], [16]

Measures the linear correlation between two vectors.
Ranges from -1 to 1, where -1 indicates an inverse
correlation, 1 indicates a direct correlation, and O
indicates no correlation.

Effective at detecting linear relationships, but it as-
sumes linearity and is sensitive to outliers. This can
make it less reliable if the data deviates from a linear
trend or contains extreme values.

Jaccard [9], [16]

Considers the number of common occurrences be-
tween vectors, divided by the number of occurrences
that appear in at least one of the vectors. Ranges
from O to 1, where 0 means not similar and 1 means
identical sets.

Particularly useful for binary data and easy to apply.
However, it does not consider the magnitude of
values, limiting its use for continuous or non-binary
data.

Euclidean Distance [9], [16]

Measures the distance between vectors through the
line length between them. The range is from 0 to oo,
where 0 indicates identical vectors.

Easy to understand and effective for measuring ab-
solute differences between vectors. However, it is
sensitive to scale and does not perform well with

vectors with different magnitudes.

to enhance the prediction accuracy of the model by integrating
clustering and similarity methods.

B. Methodology

The proposed methodology, illustrated in Fig. 1, consists of
three main parts: ML Prediction, Clustering, and Similarity.
The main objective of the proposed model is to generate more
reliable and accurate predictions, and consequently promote a
more informed decision-making by the planning engineers.

The ML Prediction part of the methodology consists of
applying the ML prediction model developed in [23], which
was trained with the historical data to predict the time required
for the maintenance process. This prediction is based on the
selection of specific tasks to be performed, which are specified
by the engineer based on the client’s reported problems.

The second part, Clustering, of the methodology involves
the application of a clustering algorithm to classify the histor-
ical maintenance data into different types of maintenance. The
type of maintenance can differ depending on several factors
that can significantly affect the complexity and duration of
the process, such as the problems identified throughout the
maintenance process, the characteristics of the engine, and its
current physical condition. The results from the clustering will
be the basis for the application of the similarity methods.

Finally, the third part of the methodology, Similarity, fo-
cuses on the application of similarity methods to improve the
accuracy of the predictions associated with the maintenance
types identified in the clustering phase. These methods assess
the degree of similarity between different maintenance pro-
cesses, allowing for more accurate predictions by considering
patterns and relationships in the data. After this, the probability
of that type of maintenance occurring is calculated, and based
on that, the prediction interval is established and added to the
prediction time.

C. Prediction Interval Calculation

The main objective of this methodology is the enhancement
of the prediction accuracy by calculating the prediction inter-

val. This is based on the standard application of clustering, in
this case, the K-means algorithm, and the similarity methods.
The application of the similarity methods requires a more
detailed explanation.

Thus, for two maintenance processes to be considered
similar, they must satisfy two premises: i) they must involve
the same tasks, and ii) have the same processing time for
each task. However, since maintenance processes may differ
in the number of tasks they include, the similarity between the
maintenance tasks is calculated using the Jaccard method, as
shown in Eq. (1).

_ |Ra|N|Rp]|
|RalU |RB|

where A and B denote the two vectors being compared, while
R represents the elements associated with each vector. This
method can measure the proportion of identical elements in
relation to the total number of unique elements. Thus, it
quantifies the degree of similarity between two maintenance
processes based on the overlap of their corresponding tasks.

Considering the similarity between the times of maintenance
tasks, the Cosine was used, represented by the Eq. (2).

J(A, B) (1)
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where [ refers to a set of indices used to indicate the positions
of non-zero values in a vector. The term r represents the value
of an element at a specific position within a vector, where 7 4;
indicates the value at position i in vector A, and rp; indicates
the value at position i in vector B. This equation compares the
vectors A and B.

Therefore, by individually addressing the specific character-
istics of the case study, the integration of the Jaccard and Co-
sine methods enhances both the accuracy and effectiveness of
measuring similarity between maintenance tasks. Combined,
these methods are not sensitive to vector magnitude, i.e., even
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Fig. 1: Methodology for enhancing the prediction accuracy combining clustering and similarity methods.

when one maintenance task has a significantly longer total
time than another, they can still reveal similar patterns across
similar tasks.

After the similarities are calculated, the probability of each
maintenance process occurring again in the future is calcu-
lated, i.e., identifying which process shares the highest degree
of similarity with the other. This probability is calculated using
the Eq. (3).

> Similaritysg

Prob; = 3)
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This equation calculates for each visit i the proportion
between the sum of similarities that exceeds 6 (a minimum
similarity value between 0 and 1) relative to the total number
of visits in the historical data. The value of § chosen was 60%,
an acceptable threshold when considering the complexity of
maintenance tasks performed, ensuring sufficient similarity for
a reliable comparison and considering the variability inherent
in maintenance processes. Based on these probabilities, the
prediction interval is defined according to Eq. 4

“4)

In this equation, the prediction interval (Prniervqr) is de-
termined by the absolute difference between the predicted
maintenance time with the highest probability (P,..,) and
the average maintenance time within the corresponding cluster
(P.iuster). This interval represents the expected range of de-
viation in future maintenance time estimations, capturing both
the similarity between visits and the specific characteristics of
each maintenance class. By incorporating this interval into the
case study, the prediction process becomes more robust and

Plnterval = Pmaac - Pclust6r|

accurate, supporting more effective management of time in the
maintenance process.

IV. EXPERIMENTAL VALIDATION AND RESULTS

This section describes the application of the proposed
methodology to the case study for predicting MRO mainte-
nance times. The achieved results were discussed, particularly
the integration of the K-means clustering algorithm with
the Jaccard and Cosine similarity methods to improve the
prediction accuracy.

A. Clustering Algorithm

The K-means algorithm was applied to perform clustering
and divide the historical data into classes representing the
different types of maintenance applied to MRO. Moreover, the
elbow method was applied, as illustrated in Fig. 2, to identify
the optimum number of clusters (k) to be used, considering
the historical data of the maintenance processes.

This method calculates the inertia, which is the sum of the
squared distances between each data point and the centroid of
its assigned cluster, where increasing the number of clusters
generally decreases the inertia, as the data points are more
tightly grouped within each cluster. The result showed that
the optimal number of clusters is between 3 and 4. This
result was confirmed by the maintenance company, as the
maintenance processes are divided into three classes, light,
medium, and heavy, according to their complexity. Fig. 3
illustrates the dispersion of maintenance processes across
the clusters obtained using the K-means algorithm, with the
number of clusters (k) determined by the elbow method and
the default hyperparameters applied.
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B. Analysis of Similarity

The similarity analysis was performed by comparing the
historical maintenance data in each cluster separately, thereby
improving the reliability and accuracy of the results by min-
imising the influence of unrelated maintenance processes. For
this purpose, the Jaccard and Cosine similarity measures were
applied to the possible cluster maintenance combinations,
generating the results shown in Fig. 4.

The results show that warmer colours (i.e., stronger reds
and values closer to 1) are associated with a higher correlation
between maintenance visits, while colder colours (i.e., stronger
blues and values closer to 0) are associated with a weaker
correlation. However, the individual analysis of the results
does not fully represent the true relationship of similarity
between the maintenance visits, as the performed maintenance
tasks significantly influence the similarity measure more than
the maintenance time. To address this, weights of 0.7 and 0.3
were assigned to the Jaccard and Cosine results, respectively,
to generate a mixed similarity measure. These values were
chosen to emphasise the greater importance of the task simi-
larity captured by the Jaccard method, while still incorporating
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Fig. 4: Results of similarity analysis using the Jaccard method
(left side) and Cosine method (right side).

the aspects captured by the Cosine similarity. The resulting
mixed similarity provides a more balanced and representative
measure, as illustrated in Fig. 5.

Using the probability equation (Eq. (3)), the maintenance
visits with the highest probability of being repeated in the
future had values of 40%, 55% and 16% for clusters 1, 2 and
3, respectively. These probabilities indicate that maintenance
processes in cluster 2 are the most probable to happen again
in the future. In contrast, the probability for cluster 3 exhibits

IThe days presented in this figure have been omitted to protect the
confidentiality of the company’s sensitive information.
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Fig. 5: Mixed Similarity by combining Jaccard and Cosine results.

greater uncertainty, suggesting that processes in this cluster
may be more variable and more complex to predict. Thus,
to enhance the prediction and reliability of the model used
by [23], the maintenance with the highest probability in each
cluster was selected to calculate the prediction interval. The
identified prediction intervals are for cluster 1 of 3.31 days,
cluster 2 of 4.17 days, and cluster 3 of 2.57 days.

C. Evaluation of Prediction Interval

To assess the efficiency of the developed methodology, a
comparison was made between the actual maintenance time
and the predicted maintenance time with and without the
adjustment using the calculated prediction interval. These
predictions were generated using the Simple Linear Regression
model trained in [23], based on historical maintenance data.
The results of this comparison are illustrated in Fig. 6.

The first graph displays green bars representing the actual
maintenance time, overlaid with a blue line indicating the
predicted time using the ML model. The second graph presents
a similar structure, but the blue line is now accompanied by
error bars representing the prediction intervals. A qualitative
analysis suggests that including the prediction intervals allows
the predictions to reflect the actual maintenance times more
accurately. Complementing this, a quantitative analysis was
performed and the results are presented in the Table II, which
reports the absolute errors, calculated as the average difference
in time units between the predicted and actual maintenance
times. It also presents the corresponding percentage deviations,
which express the error relative to the actual time and provide
a standardised way to compare prediction accuracy.

Therefore, the table shows that, when comparing the en-
gineer estimation with the prediction using the interval, the
absolute error reduces by 46.2%. At the same time, the
percentage deviation demonstrates an even larger improve-
ment, decreasing by 72.2%. This indicates that even a small

2Values for Engineer Estimation and ML Prediction are sourced from [23].
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Fig. 6: Comparison between the actual maintenance time and
the predictions.
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TABLE II: Impact of prediction interval on prediction accu-
racy.?

Approach Absolute Error (Days) Percentage Deviation (%)
Engineer Estimation 24 17.4
ML Prediction 3.8 22.1
ML Prediction with Interval 1.8 6.8

change in absolute error can result in a relatively significant
reduction in the percentage deviation, making the improvement
in predictive accuracy more significant. Furthermore, the use
of the prediction interval for estimating maintenance time
proves to be more efficient and reliable when applied to the
MRO maintenance process.

In addition, to provide a more general prediction of the
maintenance time for each cluster, which can be used as an
initial estimate for a new maintenance process, the average
prediction of the clusters was combined with the defined
prediction intervals to assess how they compare with the actual
maintenance time, as shown in Fig. 7.

Thus, with the introduction of the prediction interval, it
is possible to include the times of the maintenance process
efficiently, even in a more generic prediction. To evaluate these
measures, the percentage deviations of the actual maintenance
times in relation to the prediction intervals were calculated,
resulting in values of 14.4%, 12.3%, and 12.5%, respectively.
These results show that even in a general prediction, intro-
ducing the prediction intervals allows for greater accuracy
compared to the predictions realised by the engineers.

D. Feedback from company

According to the company holding the case study, the
prediction approach improves the reliability of the Turnaround
Time (TAT) for the aircraft engine maintenance. Since TAT is
an important Key Performance Indicator (KPI) in the MRO
sector, accurate and realistic predictions of the maintenance
times are essential for ensuring customer satisfaction and
avoiding contractual penalties.

By leveraging historical maintenance data, the ML analyses
past interventions on similar engines, considering the expected
work scope to calculate a more realistic TAT. This reduces
unexpected schedule deviations and enables a more reliable

commitment to the customer, preventing unforeseen delays in
the planned shop floor tasks.

The main advantage of this approach is the mitigation
of risks associated with the unpredictability of maintenance
execution by identifying patterns in similar engines, allowing
the MRO shop to predict:

o Components with a higher probability of premature wear;

o Probability of encountering unexpected damages (addi-
tional works from the initial work scope);

e Critical areas requiring detailed inspection before main-
tenance begins;

With these insights, the MRO shop can prepare for potential
issues in advance by ensuring spare parts availability, optimis-
ing resource allocation, and proactively notifying customers of
potential scope adjustments.

V. CONCLUSION

The task planning of aircraft engine MRO processes heavily
relies on the expertise of lead engineers. Digitalising MRO
data analysis is crucial for reducing costs and minimising
planning errors. While similarity methods have shown strong
potential in various applications, including ML predictions,
their use in improving maintenance time estimation remains
limited.

This paper presents a methodology that integrates clus-
tering and similarity methods to define a prediction interval
to enhance MRO time prediction accuracy, addressing key
challenges such as data incompleteness and imbalance in
training the ML model. Maintenance tasks were classified
using the K-means clustering algorithm, while the Jaccard
and Cosine similarity measures served as the foundation for
defining the prediction interval.

The achieved experimental results demonstrate that im-
plementing similarity methods to assess maintenance pro-
cess similarity effectively defines a prediction interval that
complements the predictions generated by the ML model.
The quantitative analysis shows that this approach reduces
the absute error by 46.2% and the percentage deviation by
72.2% significantly improving the accuracy and reliability
of MRO prediction time, while minimising planning errors.
Additionally, the general prediction analysis showed lower
percentage deviations compared to the estimations made by



engineers, confirming the effectiveness of prediction intervals
even in less specific scenarios.

In future studies, methodological improvements will be
considered, including the validation of the methodology with
data from different aircraft engines, ensuring a broader appli-
cability. Alternative clustering algorithms will be evaluated,
as they may better capture the complex patterns present in
maintenance data. To support this, different techniques for
determining the optimal number of clusters will be explored
to improve clustering accuracy. Furthermore, the current em-
pirical selection of similarity weights will be refined through
a principled validation strategy or sensitivity analysis. Finally,
incorporating additional features like cluster ID may enhance
the model’s predictive performance.

Moreover, a further critical challenge that will be addressed
in future work is the prediction of MRO operation times for
new engines for which historical data is not available. In
such cases, similarity methods may be employed to identify
comparable engines based on their physical characteristics,
thereby enabling the proposed methodology to estimate the
MRO task times for these new engines.
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