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This thesis investigates optimal probability distribution fitting and predictive modeling for 

Mean Time Between Removals (MTBR) of Boeing 757 components. Historical data from 

2012 are analyzed using classical distributions, including Poisson, Weibull, and Log-Normal. 

The Log-Normal distribution provides the best historical fit based on KS test and AIC. 

However, its predictive accuracy declines for 2013–2014. To address this, non-classical 

models such as Random Forest Regressor (RFR), Support Vector Regression, and Gaussian 

Mixture Models are evaluated using Mean Squared Error (MSE). Among them, RFR 

achieves the lowest MSE and performs consistently across B757 subtypes. The study 

concludes that RFR is the most reliable model for predictive maintenance. By integrating 

statistical fitting with machine learning, this research supports more cost-effective and data-

driven maintenance planning. 
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1  Introduction 

1.1  Research Background 

Aircraft component maintenance and replacement are crucial for ensuring flight safety and 

operational efficiency. Traditional maintenance strategies, such as scheduled maintenance 

(fixed interval replacement) and reactive maintenance (replacing components after failure), 

are widely used but have notable limitations. Scheduled maintenance may lead to premature 

replacements and higher costs, while reactive maintenance increases the risk of unexpected 

failures, delays, and operational disruptions. 

To overcome these limitations, the aviation industry is moving toward data-driven 

maintenance strategies. By analyzing historical component replacement data, airlines can 

uncover failure patterns and apply predictive analytics to optimize maintenance timing. This 

approach supports predictive maintenance, reducing unnecessary replacements and 

improving overall reliability. 

The Boeing 757, as one of the most widely used commercial aircraft, provides an ideal case 

for studying data-based maintenance planning. Due to continuous operation, its components 

face varied failure behaviors. Establishing statistically-grounded replacement models allows 

for better prediction and optimization of maintenance policies. 

Furthermore, the integration of advanced statistical analysis and machine learning in 

maintenance planning has become a global trend. Airlines are increasingly adopting data 

science techniques to improve fleet management, reduce costs, and enhance operational 

decision-making. 

This study aims to bridge the gap between traditional distribution fitting and modern 

predictive modeling, offering a quantitative, interpretable, and actionable method to enhance 

component maintenance strategies using real-world B757 data. 

This thesis is based on original data and research independently conducted by Professor 

Minghui Yang during his time at Boeing. The dataset was provided by him to support further 

work in probability distribution modeling and predictive analysis. 
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1.2  Research Objective 

This study aims to analyze the historical replacement data of Boeing 757 components to 

identify their failure distributions and optimize predictive maintenance planning. 

To achieve this, the study will: 

1. Fit traditional probability models such as the Poisson, Exponential, Weibull, and Log-

Normal distributions to component MTBR (Mean Time Between Replacements) data. 

2. Evaluate the statistical fit of these models using the Kolmogorov–Smirnov (KS) test 

and Akaike Information Criterion (AIC). 

3. Use 2012 data to forecast 2013 and 2014 component behavior, and assess prediction 

accuracy using Mean Squared Error (MSE) as the primary performance metric. 

4. Compare multiple non-classical and machine learning models, including Random 

Forest Regressor (RFR), Support Vector Regression (SVR), Gaussian Mixture Model 

(GMM), Kernel Density Estimation (KDE), K-Nearest Neighbors (KNN), and Bayesian 

Ridge Regression. 

The core objective is to determine not only the best-fitting distribution for historical failure 

data but also the most reliable predictive model for future maintenance planning. While KS 

and AIC are useful for validating distributional fit, MSE is prioritized for its ability to 

quantify prediction error, making it more appropriate for selecting the best model for real-

world applications. 

1.3  Research Significance 

Applying probability distributions and predictive models to aircraft component replacement 

data has significant practical implications in aviation maintenance. By selecting the most 

appropriate failure distribution or predictive algorithm, airlines can: 

1. Reduce operational costs by minimizing unnecessary replacements. 

2. Improve aircraft reliability by proactively identifying parts likely to fail. 

3. Enhance decision-making in maintenance scheduling and inventory planning. 
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For example, if component failures follow a Poisson distribution, it suggests random 

independent failures, and scheduled maintenance may suffice. A Weibull distribution 

implies aging effects, requiring flexible, usage-based replacement strategies. A Log-Normal 

distribution, with its right-skewed behavior, often reflects infant mortality or early-life 

manufacturing defects—indicating a need for staged maintenance strategies such as early 

testing and targeted replacement of vulnerable parts. 

Additionally, this study focuses specifically on three B757 subtypes with sufficient data 

volume: B757-200, B757-200EM, and B757-200PCF, each with over 2,700 component 

records. This ensures statistical reliability and supports broader insights applicable to fleet-

wide predictive planning. 

By integrating statistical distribution fitting with modern machine learning models, this 

study presents a hybrid methodology for predictive maintenance that is both theoretically 

grounded and practically applicable. The findings not only contribute to aviation reliability 

engineering but also offer a transferable approach to other aircraft types and industrial 

applications involving complex system maintenance. 
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2  Background and Literature Review 

2.1  Traditional Maintenance Strategies in Aviation 

In the aviation industry, two primary maintenance strategies have historically dominated: 

scheduled (preventive) maintenance and unscheduled (corrective) maintenance. Scheduled 

maintenance is performed at regular intervals based on predefined time or usage 

thresholds, regardless of the component’s actual condition. While this method reduces the 

risk of in-flight failures, it may lead to unnecessary part replacements and increased costs. 

On the other hand, unscheduled maintenance occurs only after a failure is detected, which 

minimizes routine costs but poses higher risks to safety, flight delays, and overall aircraft 

availability. 

Despite their widespread use, both strategies face limitations in balancing reliability, 

safety, and cost-efficiency. As aircraft systems become more complex, relying solely on 

traditional approaches is insufficient for maintaining optimal performance. This has led 

researchers and industry practitioners to explore more adaptive and data-driven 

alternatives. 

Andreacchio et al. (2016) pointed out that preventive tasks often result in premature 

removal of components that may still have useful life, especially when managing large 

fleets. They propose using cyber-physical systems and RFID technology to track 

installation dates and optimize asset removal schedules. Similarly, Knotts (1999) 

emphasized the importance of quantifying fault diagnosis durations in traditional 

maintenance systems. His work highlights that maintenance downtime and time estimation 

methods play a significant role in overall dispatch reliability and cost control in civil 

aviation. 

These studies demonstrate that while scheduled and corrective maintenance provide 

foundational support, they must be complemented by more intelligent systems to cope with 

modern aircraft complexity and operational efficiency requirements. 
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2.2  Probability Distributions in Component Failure Modeling 

Modeling the failure behavior of aircraft components requires understanding the statistical 

patterns underlying replacement events. Various probability distributions have been 

applied in reliability engineering to capture different failure characteristics. 

The Poisson distribution is commonly used to model random failure events over time, 

assuming a constant failure rate. The Exponential distribution similarly describes the time 

between independent failures, while the Weibull distribution offers more flexibility by 

modeling increasing or decreasing failure rates. The Log-Normal distribution is 

particularly useful for skewed data where failures cluster early in a component’s life, 

reflecting phenomena like infant mortality. Other relevant distributions include Gamma 

and Negative Binomial, which accommodate overdispersion in count data. 

Recent research by Fidanoglu et al. (2017) applied the Weibull distribution to assess 

component reliability using maintenance data from civil aviation aircraft, successfully 

estimating the probability of failure for individual parts based on real operational logs. 

Jiang et al. (2023) proposed an improved modified Weibull distribution, which captures 

complex hazard rate behavior and demonstrated superior performance over traditional 

Weibull models when applied to an aircraft lock mechanism. 

These distributions provide the mathematical foundation for failure forecasting and 

maintenance decision-making. Accurate model selection ensures better risk estimation and 

cost optimization. 

 

2.3  Predictive Maintenance Using Machine Learning 

Recent advancements in machine learning have enabled the development of predictive 

maintenance models that outperform traditional statistical approaches in certain scenarios. 

Techniques such as Random Forest Regressors (RFR), Support Vector Regression (SVR), 

Gaussian Mixture Models (GMM), and Bayesian Regression have been increasingly 

adopted in the aviation domain. 
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Yang, LaBella, and Desell (2022) introduced a convolutional transformer architecture to 

improve predictive maintenance using flight sensor data. Their model outperformed 

traditional RNNs and was integrated into a real-world aviation system. Similarly, Korvesis 

et al. (2018) applied multiple instance learning for predicting aircraft failures based on 

post-flight reports, providing an early warning mechanism with substantial impact on 

maintenance planning. 

Panagiotis Korvesis (2017) also investigated multiple machine learning models including 

Gaussian Mixture Models and vector-based representations for logbook analysis, 

highlighting the potential of neural approaches to handle noise in aviation logs and forecast 

risks based on sensor fluctuations. 

Furthermore, Daily and Peterson (2016) emphasized the role of big data analytics in 

transforming predictive maintenance through the Industrial Internet, combining cloud-

based algorithms with real-time machine data to optimize fleet operations. 

Several studies have shown that hybrid approaches—combining statistical distributions 

with machine learning—offer enhanced predictive performance. This study continues this 

trend by comparing multiple model types for B757 component prediction tasks. 

 

2.4  Research Gap and Motivation 

Although existing literature extensively discusses probability-based and machine learning 

approaches for failure modeling, several gaps remain. First, most studies focus on a limited 

number of aircraft subtypes or use simulated data rather than real-world operational logs 

(Oster et al., 2013). Second, predictive maintenance research in aviation is often biased 

toward aircraft engines, lacking comprehensive coverage across other component systems 

(Stanton et al., 2022). Additionally, some machine learning models demonstrate high 

predictive accuracy in controlled datasets but face challenges in generalization and 

implementation under real operational constraints (Adryan, 2021). 

This study addresses these gaps by applying and evaluating both classical statistical 

distributions and non-classical machine learning models on actual maintenance data from 
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multiple Boeing 757 subtypes. The focus on real MTBR data enables practical 

comparisons using consistent evaluation metrics, such as MSE and KS tests. By identifying 

the most suitable models for predictive maintenance, this research contributes to the 

ongoing shift toward data-driven, scalable maintenance planning. It also bridges the gap 

between theoretical model fitting and practical fleet-level decision-making in aviation 

maintenance systems. 
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3  Methods 

3.1  Data Source and Preprocessing 

The dataset utilized in this study originates from a real-world operational log titled 

B757_RemovalCount.txt, which contains historical records of aircraft component 

replacements. The dataset encompasses various attributes relevant to maintenance tracking, 

including aircraft model, customer ID, month of replacement, component identifiers, and 

different types of replacement counts such as scheduled, unscheduled, and other. 

To ensure that the analysis remains focused and statistically robust, several preprocessing 

steps were carried out using Python and the Pandas library. The following criteria were 

applied to extract and clean the data: 

1. Filtering Relevant Records: Only rows starting with the prefix “D” were retained, as 

these represent individual component replacement entries. Summary rows containing 

“All” were discarded to avoid duplication or aggregation errors. 

2. Parsing Structure: Each line in the dataset was split based on whitespace delimiters, 

after which individual fields were mapped to specific columns: part number, aircraft 

model series, customer ID, month, part name, and replacement counts. 

3. Model Selection: Since the objective was to analyze the Boeing 757 specifically, only 

entries that contained the substring “757” in the model series were preserved. This 

ensured that components irrelevant to the B757 family (such as other Boeing models or 

unrelated aircraft) were excluded from the analysis. 

4. Data Transformation: The resulting filtered dataset was converted into a structured 

DataFrame. Composite replacement counts were created by summing scheduled, 

unscheduled, and other replacement categories to compute the total monthly 

replacement count per part. 

5. Export and Review: The cleaned dataset was exported to an Excel file for verification 

and reference. Additionally, a count of unique part types and the number of observations 
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per part was computed to understand sample diversity and support subsequent statistical 

testing. 

The final dataset consists of monthly replacement records of B757-200 components for the 

year 2012, which was selected due to its completeness and availability. The focus on a single 

year allowed for a consistent and manageable scope for distribution fitting, while still 

providing a representative snapshot of component failure behavior. This preprocessing stage 

ensured that the data used for analysis was both relevant and standardized, thereby enabling 

accurate and interpretable statistical modeling. 

3.2  Distribution Fitting and Evaluation Methods 

To investigate the statistical behavior of aircraft component replacements, several candidate 

probability distributions were selected for fitting to the empirical data. The objective was to 

identify the most appropriate model for failure forecasting and maintenance planning. The 

classical distributions tested include: 

1. Poisson Distribution: Models event counts in fixed time intervals with a constant event 

rate. 

2. Exponential Distribution: Used for modeling time between independent events with a 

constant failure rate. 

3. Weibull Distribution: Suitable for increasing or decreasing failure rates, widely applied 

in reliability analysis. 

4. Log-Normal Distribution: Assumes the logarithm of failure intervals is normally 

distributed, effective for skewed data. 

5. Gamma Distribution: A flexible model generalizing the exponential distribution. 

6. Negative Binomial Distribution: Appropriate for count data with variance larger than 

the mean. 

7. Normal Distribution: A baseline for symmetric data distribution. 

Each distribution was fitted to the MTBR (Mean Time Between Replacements) data using 

Maximum Likelihood Estimation (MLE). The following standard steps were followed: 
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1. Construction of histograms to observe empirical failure behavior. 

2. Estimation of parameters for each distribution. 

3. Visualization of theoretical PDF/PMF curves overlaid on empirical histograms. 

4. Model evaluation using both statistical tests and visual inspection. 

 

3.3  Goodness-of-Fit Testing 

3.3.1  Kolmogorov–Smirnov (KS) Test 

The Kolmogorov–Smirnov (KS) test was used to evaluate the closeness between the 

empirical distribution function Fn(x) of the observed data and the cumulative distribution 

function F(x) of the theoretical model. The KS test statistic is defined as: 

𝐷𝑛 = sup
𝑥
|𝐹𝑛(𝑥) − 𝐹(𝑥)| 

A p-value is computed based on D, representing the probability that the observed difference 

could occur under the assumed distribution. Interpretation is as follows: 

p-value > 0.05: No statistically significant difference; model is a plausible fit. 

p-value < 0.05: Significant difference; model does not fit the data. 

3.3.2  Akaike Information Criterion (AIC) 

To complement KS testing, the Akaike Information Criterion (AIC) was used for model 

selection. AIC penalizes model complexity while rewarding goodness-of-fit: 

𝐴𝐼𝐶 = 2𝑘 − 2𝑙𝑜𝑔𝐿 

where k is the number of parameters in the model, and L is the likelihood function. Lower 

AIC values indicate a better fit. 
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A lower AIC score indicates a better model. AIC supports relative ranking even when no 

perfect model exists. 

3.3.3  Mean Squared Error (MSE) 

While KS and AIC are valuable for assessing the goodness-of-fit between theoretical 

distributions and observed data, they do not directly evaluate a model’s ability to forecast 

future outcomes. Therefore, this study introduces Mean Squared Error (MSE) as an 

additional metric to measure the predictive accuracy of non-classical models. 

MSE quantifies the average squared difference between predicted values and actual 

observations: 

MSE =
1

𝑛
∑(𝑦𝑖 − 𝑦𝑖̂)

2

𝑛

𝑖=1

 

A lower MSE indicates higher prediction accuracy. Unlike KS and AIC, which focus on 

historical fit, MSE serves as a direct indicator of how well a model generalizes to unseen, 

future data. It is particularly important in evaluating machine learning-based models such as 

Random Forest Regressors or Support Vector Regression. 

 

3.4  Inclusion of Non-Classical Distributions 

To address limitations of traditional models, several non-parametric and machine learning-

based distributions were introduced: 

1. Gaussian Mixture Models (GMM): A flexible mixture of multiple Gaussians to 

approximate complex distributions. 

2. Kernel Density Estimation (KDE): A non-parametric method that smooths data to 

estimate its PDF without assuming any specific form. 

3. Bayesian Inference Models: Use prior knowledge and observed data to estimate 

posterior failure distributions, capturing uncertainty more comprehensively. 
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4. Random Forest Regressor (RFR): An ensemble learning method based on decision trees. 

It builds multiple trees on random subsets of data and features, and combines their 

outputs to reduce overfitting and increase robustness. 

5. K-Nearest Neighbors (KNN) Regressor: A simple yet effective non-parametric model 

that predicts outcomes based on the average of the closest data points in the training set. 

6. Support Vector Regression (SVR): A powerful algorithm that fits the best possible 

hyperplane within a margin of tolerance. It is particularly useful when the data has high 

dimensionality or non-linear relationships. 

These models were evaluated using AIC and KS for distributional fit, and MSE for predictive 

performance. The inclusion of MSE ensures a more realistic assessment of how well each 

model generalizes to unseen data. 

3.5  P-Value as a Forecast Validation Metric 

While p-values are useful for testing fit on historical data, they are also critical in forecast 

validation. In this study, models trained on 2012 MTBR data were used to predict 

distributions for 2013 and 2014. The predicted distribution was then tested against actual 

MTBR data using the Kolmogorov–Smirnov (KS) test. 

Despite showing strong fit on 2012 data (e.g., log-normal with lowest AIC), the KS p-values 

on future data dropped below 0.05. This suggests that the log-normal model, though 

statistically robust for one year, lacked predictive stability over time. 

In addition to p-values, the Mean Squared Error (MSE) was also computed between the 

predicted and observed MTBR histograms. The MSE provides a quantitative measure of the 

average squared difference between the model’s predicted density and the actual empirical 

density. A lower MSE indicates better prediction accuracy in terms of shape and magnitude. 

Together, the KS p-value and MSE offer a more comprehensive assessment of forecast 

validity. While the p-value evaluates overall distributional similarity, the MSE quantifies 

point-wise prediction error, enabling more informed and data-driven model selection. 
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4  Result  

4.1  Data Preprocessing and Extraction 

To extract the required information from the original data file B757_RemovalCount.txt, I 

developed a data preprocessing script using Python. The program first reads the entire text 

file and filters out rows that start with "D" but do not contain "All" (since "All" rows are 

summary data and are not used in subsequent analysis). For each valid data row, the program 

splits the row using whitespace as the delimiter, stores each field separately in a list, and 

then constructs a Pandas DataFrame. The resulting table includes columns such as part 

number, model series, customer, month, part short name, unscheduled replacement count, 

scheduled replacement count, other replacement count, and total replacement count. The 

program further filters out data where the model series contains "757" and exports the results 

to an Excel file. 

Additionally, it counts all unique 757 part types and the number of records for each type. 

 

 

Figure 1. Filtered B757 Component Replacement Data by Subtype and Record Count 

4.2  Statistical Analysis-Poisson 

To investigate whether the Mean Time Between Replacements (MTBR) of the 757-200 and 

757-200PF parts in 2012 follows a Poisson distribution, I implemented the following 

procedure: 
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First, the dataset was filtered to include only records related to each target model and further 

limited to the year 2012. The filtered data was grouped by Part_No, and for each part number, 

the records were sorted chronologically. The time intervals between consecutive 

replacements were calculated in months and used as MTBR samples. The following code 

snippet illustrates the extraction of MTBR data: 

 

 

Figure 2. Python Code Snippet for MTBR Data Extraction 

 

Since the Poisson distribution is defined on non-negative integers, all MTBR values were 

rounded to the nearest integer and any invalid (negative) entries were excluded. The Poisson 

parameter λ was then estimated as the mean of the cleaned MTBR values. A histogram of 

the rounded MTBR data was plotted along with the Poisson probability mass function (PMF). 

To evaluate the goodness of fit, the Kolmogorov–Smirnov (KS) test was applied. A p-value 

above 0.05 was considered sufficient evidence that the observed MTBR values followed a 

Poisson distribution. 

 

 

Figure 3. KS Test Implementation for Poisson Distribution Fit 
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Figure 4. Poisson Distribution Fit for 757-200 MTBR Data 

 

 

Figure 5. Poisson Distribution Fit for 757-200PF MTBR Data 

 

Figure 6. Summary of KS Test Results for Poisson Distribution 
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Model KS Statistic p-value Conclusion   

757-200 0.3773 0.0000 The MTBR distribution does not fit a Poisson 
distribution.   

757-200PF  0.4802 The MTBR distribution fits a Poisson distribution.   
 

Table 1. Summary of KS Test Results for Poisson Distribution 

 

4.3  Statistical Analysis – Weibull 

To examine whether the MTBR values of the 757-200 and 757-200PF parts in 2012 follow 

a Weibull distribution, a similar method was used. After filtering the dataset to retain only 

the target models and data from the year 2012, the data was grouped by Part_No, and 

replacement records for each part were chronologically sorted. Monthly intervals between 

successive records were computed and treated as MTBR samples. The code below outlines 

this procedure: 

 

 

Figure 7. Python Code Snippet for Weibull Distribution Analysis 

 

The Weibull distribution was then fitted to the MTBR data using the maximum likelihood 

estimation (MLE) method. The estimated shape (k) and scale (λ) parameters were used to 

plot the probability density function (PDF), which was compared with the histogram of the 

actual data. 

To statistically assess the fit, the Kolmogorov–Smirnov (KS) test was used. A p-value 
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greater than 0.05 was interpreted as evidence that the MTBR values follow a Weibull 

distribution. 

 

 

Figure 8. Weibull Distribution Fit for 757-200 MTBR Data 

 

Figure 9. Weibull Distribution Fit for 757-200PF MTBR Data 

 

Figure 10. Summary of KS Test Results for Weibull Distribution 
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Figure 11. Python Code Snippet for MTBR Data Preprocessing 

Model KS Statistic p-value Conclusion 

757-200 0.3573 0.0000 The MTBR distribution does not fit a Weibull 

distribution. 

757-200PF 0.2096 0.7513 The MTBR distribution fits a Weibull distribution 

 

Table 2. Python Code Snippet for MTBR Data Preprocessing 

 

4.4  Statistical Analysis - Model Selection Using AIC 

In the previous analysis, I applied two common distribution models (Poisson and Weibull) 

to the failure data of the 757-200 parts in 2012. However, neither model provided an 

adequate fit. To address this, I employed a broader model selection approach to identify the 

probability distribution that best describes the monthly failure counts. 

I tested the following probability distributions: 

1. Exponential Distribution: Assumes a constant failure rate, often used in reliability 

analysis. 

2. Normal Distribution: Assumes a symmetric distribution of failure counts. 

3. Log-Normal Distribution: Used when failure times are skewed and positively 

distributed. 

4. Gamma Distribution: A generalization of the exponential distribution that allows for 

varying failure rates. 

5. Negative Binomial Distribution: Suitable for over-dispersed count data. 

To evaluate the goodness-of-fit for each distribution, I used the Akaike Information 

Criterion (AIC), which balances model complexity and fit.  
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Figure 12. AIC Scores for MTBR Distribution Fitting (757-200, 2012) 

 

Figure 13. Log-Normal Distribution Fit for 757-200 MTBR Data 

Distribution AIC Value 

Exponential 8240.28 

Normal 9504.56 

Log-Normal 5782.02 

Gamma 6790.40 

Negative Binomial 8285.64 

 

Table 3. Log-Normal Distribution Fit for 757-200 MTBR Data 

 

Among all tested models, the log-normal distribution produced the lowest AIC value 

(5782.02), suggesting that it provides the best representation of the MTBR data for the 

757-200 components. In contrast, other models, such as the exponential (AIC = 8240.28), 

gamma (AIC = 6790.40), and negative binomial (AIC = 8285.64), showed considerably 

higher AIC scores, indicating suboptimal fit. This finding reinforces the conclusion that 

MTBR exhibits a positively skewed pattern, best captured by a log-normal distribution. 
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Figure 14. Python Code for Log-Normal Distribution Visualization 

 

Figure 15. Log-Normal Distribution Validation Across B757 Subtypes 

4.5  Validation of Log-Normal Distribution Across B757 Subtypes 

The earlier analysis focused on determining the best-fitting failure distribution model for the 

757-200 and 757-200PF aircraft components in 2012. However, conclusions drawn from 

just one or two variants may not be sufficient for informing broader maintenance strategies 

across the B757 family. To support more generalized decision-making and enable consistent 

failure modeling for future datasets, it was necessary to expand the analysis to all major 

B757 subtypes. 

The goal of this section is not simply to repeat distribution fitting, but to identify a robust 

and generalizable statistical model that can be applied across different B757 variants with 

reasonable accuracy. This would allow operators and analysts to adopt a standard modeling 

framework, especially in cases where variant-specific data may be limited. 

To this end, failure records from the year 2012 were extracted for six representative B757 

models, namely 757-200, 757-200EM, 757-300, 757-200PCF, 757-300EM, and 757-200PF. 
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For each aircraft type, replacement intervals were calculated at the part level, and the 

resulting Mean Time Between Replacements (MTBR) values were used to form the input 

sample for distribution fitting. Seven common probability distributions—exponential, 

normal, log-normal, gamma, negative binomial, Poisson, and Weibull—were then fitted to 

the MTBR data using maximum likelihood estimation. 

 

 

Figure 16. Python Function for Distribution Evaluation 

 

Figure 17. AIC Rankings of Distributions for B757 Subtypes 

Model BestAIC Exponential Normal LogNormal 

757–200 5782.022549 8240.284880 9504.562750 5782.022549 

757–200EM 4307.840033 5261.416207 6169.508810 4307.840033 

757–300 979.296000 1175.504845 1303.441509 979.223639 

757–200PCF 1603.896503 1836.851600 2117.007839 1603.896503 

757–300EM 618.760301 718.625220 826.223290 618.760301 

757–200PF 43.167579 43.167579 45.718432 43.482456 

 

Table 4. AIC Rankings of Distributions for B757 Subtypes-1 



27 
 

 

Model Gamma NegBinom Poisson Weibull 

757–200 6790.395223 8280.754716 8277.708480 7469.049452 

757–200EM 4753.613494 5355.464637 5399.858525 4939.256413 

757–300 1056.699924 1165.469309 1109.157153 1100.822261 

757–200PCF 1724.049886 1871.593427 1916.750657 1771.757867 

757–300EM 667.141366 728.212055 740.229839 689.473459 

757–200PF 43.343876 43.983119 43.400344 43.315876 

 

Table 5. AIC Rankings of Distributions for B757 Subtypes-2 

 

By comparing AIC rankings across all variants, the log-normal distribution consistently 

emerged as the top or near-top performer, suggesting it is the most universal and stable model 

for failure prediction within the B757 series. This insight provides a strong foundation for 

using log-normal models in future tasks such as failure forecasting, maintenance planning, 

or digital twin simulation, even in cases where detailed per-variant modeling is impractical. 

4.6  Validation of the Predictive Capability of the Log-Normal Model Using 

Future Data 

To evaluate the predictive capability of the log-normal model identified in the 2012 analysis, 

the fitted distribution was applied to the MTBR data of the B757-200 components in the 

subsequent years 2013 and 2014. The goal was to determine whether a model that performed 

well on historical data could generalize to future failure behavior. 

Using the shape and scale parameters obtained from the 2012 MTBR sample, probability 

density functions were generated and compared against the observed MTBR distributions 

for both 2013 and 2014. Visual comparisons were supported by formal Kolmogorov–

Smirnov (KS) testing to quantify the goodness-of-fit. The results were as follows: 
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Figure 18. Log-Normal Model Prediction vs. Actual MTBR (757-200, 2013) 

 

Figure 19. Log-Normal Model Prediction vs. Actual MTBR (757-200, 2014) 
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Figure 20. KS Test Results for Log-Normal Model Prediction 

 

In 2013, the KS test yielded a p-value of 0.0001, indicating a statistically significant 

deviation between the predicted and observed data. In 2014, the p-value further dropped to 

0.0000, reinforcing the conclusion that the log-normal model no longer matched the actual 

failure behavior. 

These p-values, both falling well below the 0.05 threshold, provide strong statistical 

evidence that the log-normal model—although a strong fit for the 2012 dataset—does not 

retain predictive accuracy when applied to future years.  

4.7  Identifying the Optimal MTBR Prediction Model Using High-Volume B757 

Subtypes 

4.7.1  Comparative Evaluation of Non-Classical Models 

To ensure statistical robustness and meaningful model evaluation, this section focuses 

exclusively on three B757 subtypes whose datasets contain a sufficiently large number of 

records: B757-200, B757-200EM, and B757-200PCF. Each of these subtypes has over 2,700 

maintenance records, making them ideal candidates for predictive analysis and model 

comparison. 

Using 2012 maintenance data as input, a series of non-classical models were trained to 

independently forecast the Mean Time Between Removals (MTBR) for both 2013 and 2014. 

MTBR was calculated by dividing the number of active months (i.e., months in which 

removals were recorded) by the total number of removals per part number in a given year. 

The models tested include: 
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Figure 21. Non-Classical Models Configuration for MTBR Prediction 

 

1. Gaussian Mixture Model (GMM) 

2. Kernel Density Estimation (KDE) 

3. Support Vector Regression (SVR) 

4. Random Forest Regressor (RFR) 

5. K-Nearest Neighbors (KNN) 

6. Bayesian Ridge Regression 

The performance of each model was assessed using two statistical criteria: 

 

 

Figure 22. Model Evaluation Metrics Calculation Code 

 

1. Mean Squared Error (MSE) 

2. Kolmogorov–Smirnov (KS) test 

While the KS test evaluates whether the predicted values follow the same distribution as the 

observed ones, MSE was selected as the primary evaluation metric because it directly 

measures the numerical accuracy of predictions. MSE penalizes large errors more heavily 

due to the squaring operation and is therefore more sensitive to real-world forecasting 

precision. As the primary objective of this study is accurate future prediction of MTBR, 

MSE carries greater practical significance than KS or AIC. 
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For each of the three subtypes, the six non-classical models were applied to predict 2013 and 

2014 MTBR values separately. Model performance was ranked based on MSE, with KS 

statistics and p-values provided for additional insight into distributional similarity. 

The Random Forest Regressor (RFR) consistently produced the lowest MSE in most cases, 

indicating that ensemble-based models offer superior generalization ability for MTBR 

behavior prediction. Its consistently accurate predictions for all three B757 subtypes 

demonstrate that the model performs reliably under varying data conditions, which supports 

its application in predictive maintenance planning for B757 fleets. 

 

Figure 23. Comparative MSE Results of Non-Classical Models 

Model Year Algorithm KS_stat p_value MSE 

757-200 2013 RFR 0.247887 5.515192e-10 1.111832 

757-200 2014 RFR 0.323944 7.087928e-17 2.107821 

757-200PCF 2013 RFR 0.350649 1.345834e-04 2.724242 

757-200EM 2013 RFR 0.281553 5.30232e-04 1.168246 

757-200EM 2014 RFR 0.310680 8.57161e-05 3.999645 

757-200PCF 2014 RFR 0.337662 2.744445e-04 1.222496 

 

Table 6. Comparative MSE Results of Non-Classical Best Models 
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Based on the comprehensive evaluation of six non-classical models applied to three high-

volume B757 subtypes—B757-200, B757-200EM, and B757-200PCF—the Random Forest 

Regressor (RFR) emerged as the most effective model for future MTBR prediction. Across 

both 2013 and 2014 forecasts, RFR consistently yielded the lowest Mean Squared Error 

(MSE), demonstrating its superior ability to generalize from historical data and produce 

accurate forecasts. 

The success of RFR can be attributed to its ensemble structure, which reduces overfitting 

and captures non-linear patterns more effectively than single-model approaches. 

Furthermore, RFR maintained stable prediction performance across different aircraft 

subtypes, making it a reliable tool for data-driven maintenance planning in aviation. 

4.7.2  Benchmarking the RFR Model Against Initially Considered Statistical 

Distributions 

To further validate the superiority of the Random Forest Regressor (RFR) for MTBR 

forecasting, this section compares its performance with three statistical models that were 

initially considered as candidate solutions: Poisson, Weibull, and Log-Normal. These 

distributions are commonly used in reliability modeling and were fitted using 2012 MTBR 

data from the B757-200 and B757-200EM subtypes. 

Each distribution was used to generate predicted MTBR values for 2013 and 2014. The 

evaluation was conducted using two metrics: Mean Difference (absolute deviation of mean 

values) and Mean Squared Error (MSE). 

 

 

Figure 24. Python Code for Statistical Models Prediction 
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Across all scenarios, RFR consistently produced substantially lower MSE values than the 

statistical models. In particular, the gap widened significantly in 2014 for both subtypes, 

where classical models exceeded MSE values of 11, while RFR maintained MSE below 4. 

These findings confirm that although Poisson, Weibull, and Log-Normal distributions are 

theoretically sound and often used in failure modeling, they fail to adapt to the data 

complexity inherent in real-world MTBR behavior. In contrast, RFR’s ensemble-based 

structure enables better generalization and more accurate predictions. 

This comparison reinforces the conclusion from Section 3.7.1 that RFR is the most suitable 

model for MTBR prediction among both classical and non-classical candidates. 

 

Figure 25. MSE Comparison Between RFR and Statistical Models 

Model Year Distribution Mean_Diff MSE 

757-200 2013 Poisson 0.6927 4.6606 

757-200 2013 Weibull 0.8195 5.6694 

757-200 2013 LogNormal 0.8699 6.6348 

757-200 2014 Poisson 0.0680 5.1688 

757-200 2014 Weibull 0.0589 6.3687 

757-200 2014 LogNormal 0.1093 8.3530 

757-200EM 2013 Poisson 0.2414 4.3381 

757-200EM 2013 Weibull 0.1324 4.2315 

757-200EM 2013 LogNormal 0.3487 5.1606 

757-200EM 2014 Poisson 1.3698 12.9148 

757-200EM 2014 Weibull 1.4789 11.7200 

757-200EM 2014 LogNormal 1.2626 12.7764 

 

Table 7. MSE Comparison Between RFR and Statistical Models 
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4.8  Validation of the Predictive Capability of the RFR Model 

To verify whether the Random Forest Regressor (RFR), selected as the optimal model in the 

previous section, generalizes well beyond the initially tested aircraft subtypes, this section 

evaluates its performance on two different B757 models: B757-300 and B757-300EM. 

These subtypes were not included in the original model selection phase and therefore serve 

as unseen test cases. 

 

 

Figure 26. RFR Model Implementation for MTBR Prediction 

 

Using the 2012 MTBR values of each model as input features, the RFR model was trained 

to predict the Mean Time Between Removals (MTBR) for the years 2013 and 2014. The 

MTBR was calculated by dividing the number of active months (months in which parts were 

reported) by the total number of recorded removals for each component. The predicted 

MTBR values were then compared with the actual MTBR values, with the key performance 

metric being the Mean Difference between the predicted and actual average MTBR values. 

Mean Difference is defined as the absolute difference between the predicted and actual mean 

MTBR values, and it serves as a direct measure of how accurately the model captures the 

overall failure interval trend. This metric was selected over others such as MAE or MAPE 

because it better reflects the model’s ability to estimate fleet-level maintenance intervals, 

which is more meaningful for long-term planning than errors in individual component 

predictions. 
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Figure 27. RFR Prediction vs. Actual MTBR (757-300, 2013) 

 

Figure 28. RFR Prediction vs. Actual MTBR (757-300, 2014) 
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Figure 29. RFR Prediction vs. Actual MTBR (757-300EM, 2013) 

 

Figure 30. RFR Prediction vs. Actual MTBR (757-300EM, 2014) 
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Figure 31. Summary of RFR Prediction Performance Metrics 

Model Year Mean_Difference MSE 

757-300 2013 0.0016 1.94 

757-300 2014 0.1649 2.22 

757-300EM 2013 0.0723 0.05 

757-300EM 2014 0.3407 1.34 
 

Table 8. Summary of RFR Prediction Performance Metrics 

 

In both B757-300 and B757-300EM, and across both years, the RFR model produced small 

Mean Differences (ranging from 0.0016 to 0.3407), indicating that the predicted average 

MTBR values closely align with actual values. For B757-300, the Mean Differences were 

0.0016 (2013) and 0.1649 (2014), while for B757-300EM, they were 0.0723 (2013) and 

0.3407 (2014). These results confirm that RFR not only performs well on previously trained 

subtypes but also generalizes effectively to related aircraft types. 

Although the MSE values (1.94 and 2.22 for B757-300, and 0.05 and 1.34 for B757-300EM) 

indicate that a few components may have larger deviations in predicted MTBR, these are 

likely influenced by outlier cases. Most predictions remain close to actual values, and the 

low Mean Differences support the conclusion that the RFR model reliably captures the 

overall maintenance interval trends. This demonstrates its consistent performance and 

applicability as a fleet-level MTBR forecasting tool in predictive maintenance planning. 
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5  Discussion 

5.1  Practical Implications for Aircraft Maintenance Strategies 

The application of probability distribution fitting in this study reveals crucial insights for 

enhancing aircraft maintenance strategies, particularly for aging fleets such as the Boeing 

757-200. Traditionally, airlines have relied on scheduled maintenance policies, replacing 

components based on fixed intervals defined by flight hours or calendar time. While this 

approach is straightforward, it may not reflect actual wear-out patterns or failure risks under 

varying operational environments. 

This study found that the log-normal distribution best fits the replacement data of B757 

components. This distribution implies that the majority of failures occur early in a 

component’s life—a pattern commonly referred to as “infant mortality.” These early failures 

are often caused by manufacturing inconsistencies, improper installation, or early-use 

stressors, rather than age-related degradation. 

From a maintenance planning perspective, this failure behavior supports the adoption of 

staged or phase-based replacement strategies. In such strategies, more resources are allocated 

during the early phase of a component's lifecycle—through enhanced inspections, early 

replacements, or quality checks—while components that pass this phase can be safely used 

for longer periods, reducing unnecessary replacements and conserving maintenance costs. 

Furthermore, the implementation of Condition-Based Maintenance (CBM) and Predictive 

Maintenance (PdM) becomes more justified. These approaches rely on real-time monitoring 

and data-driven models to determine optimal maintenance timing. By integrating the failure 

distribution findings of this study into predictive frameworks, maintenance teams can reduce 

unplanned downtime and optimize resource allocation. 

In addition to distribution fitting, this study also applied various machine learning models to 

predict future component behavior. Based on 2012 data, models were evaluated by 

forecasting 2013 and 2014 replacement counts. Among all tested approaches, the Random 

Forest Regressor (RFR) consistently produced the lowest Mean Squared Error (MSE), 
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highlighting its strong generalization ability. This result demonstrates the potential of 

ensemble learning techniques in practical, real-world predictive maintenance tasks. 

5.2  Engineering and Reliability Interpretations of Distribution Fitting 

Each distribution tested in this study reflects a different engineering assumption about 

failure behavior: 

1. The Poisson distribution assumes random, memoryless events and is suitable for 

modeling failures driven by external shocks. However, based on the Kolmogorov–

Smirnov (KS) test and AIC results, Poisson did not adequately describe the failure 

behavior of B757 components. 

2. The Weibull distribution is commonly used in reliability engineering due to its 

flexibility in modeling increasing or decreasing failure rates. Despite this, the model did 

not fit the data well, which may suggest that component failures are not primarily driven 

by time-related degradation but by early-life variability. 

3. The log-normal distribution, which yielded the best fit, suggests that failures result from 

multiplicative effects—such as slight differences in manufacturing, material strength, 

or installation—that compound over time. The long tail in the distribution represents 

components that survive early stress and perform reliably, underscoring the importance 

of initial quality control and usage context. 

From a systems engineering perspective, this implies that failure risk is not uniformly 

age-dependent. Instead, variability in production or operating environment is likely the 

dominant factor. These findings support enhancements in procurement policies, supplier 

evaluation, and burn-in testing, which can reduce early failures and improve overall fleet 

reliability. 

5.3  Cross-Component Effects and Systemic Failures 

While this study focuses on individual component failure behavior, real-world aircraft 

systems exhibit interdependence. Components are interconnected through mechanical, 
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electrical, and thermal interfaces, meaning the failure of one part can impact the health or 

performance of others. 

For example, the failure of a temperature sensor may lead to incorrect engine control 

parameters, increasing wear on associated parts. Likewise, excessive vibration in one 

subsystem can accelerate wear in adjacent components. 

Although this study’s dataset does not include relational or time-synchronized failure data, 

future research can benefit from multivariate modeling and Bayesian network analysis to 

capture such systemic interactions. Modeling these dependencies would improve prediction 

accuracy and enable more sophisticated maintenance tools, such as health monitoring 

systems that infer risk from both direct and indirect indicators. 

5.4  Comparison with Previous Literature and Industrial Practice 

This study adds to the growing body of research advocating for data-driven maintenance 

strategies in aviation. While many previous studies and industry practices rely on Poisson or 

Weibull models due to their simplicity, the results here show that these models may not 

adequately capture real-world failure behaviors in B757 components. 

Despite the continued use of fixed maintenance intervals—often driven by regulatory 

compliance or logistical convenience—the trend is shifting toward Performance-Based 

Logistics (PBL) and Data-Driven Fleet Management (DDFM). In other high-reliability 

industries, such as railways and robotics, log-normal and gamma distributions have been 

more widely adopted to reflect real operational variability. This study suggests that aviation 

maintenance can similarly benefit from moving beyond idealized statistical assumptions. 

A further contribution is the use of Akaike Information Criterion (AIC) for model 

comparison, which provides an objective framework to balance goodness-of-fit with model 

simplicity—an essential consideration in industrial applications where interpretability is 

critical for implementation. 
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5.5  Limitations of the Current Study 

Despite its contributions, this study has several limitations: 

1. Temporal Scope: Only data from the year 2012 was used for modeling, limiting the 

ability to identify long-term trends or temporal variations in component behavior. 

2. Data Coverage: The dataset includes only replacement counts and lacks contextual data 

such as flight cycles, environmental conditions, or mission profiles that could 

significantly affect failure rates. 

3. Granularity: Detailed information about individual failure events, such as timestamps 

or fault codes, was not available. This prevents the use of time-to-event models like 

survival analysis or hazard functions. 

4. Economic Analysis: The study does not include a cost model, though the proposed 

strategies suggest potential cost savings. Future work could quantify these savings 

through integrated cost-benefit analysis. 

5. Independence Assumption: Component failures were modeled independently, which 

may not reflect actual system interactions and dependencies. 

6. Model Scope: While several common distributions and non-classical models were 

tested, the study did not explore custom or hybrid models such as deep learning or 

mixture-based survival models. 

Additionally, this study focused only on three B757 subtypes—B757-200, B757-200EM, 

and B757-200PCF—each with more than 2,700 records. This ensures statistical robustness 

but limits generalization to other variants with less data. 

5.6  Recommendations for Future Research 

To address the limitations outlined above, future research may explore the following 

directions: 

1. Longitudinal Analysis: Include multi-year maintenance records to identify trends over 

time and assess the impact of fleet aging and operational changes. 
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2. Integration of Covariates: Augment the dataset with operational variables such as usage 

intensity, climate exposure, and repair history to enable regression-based reliability 

models. 

3. Event-Level Failure Data: Leverage detailed failure logs to perform event history or 

survival analysis, improving the modeling of failure timing and risk. 

4. Systemic Modeling: Apply systems engineering and network-based approaches to 

capture inter-component dependencies and simulate cascading failures. 

5. Economic Modeling: Incorporate cost data to quantitatively evaluate the benefits of 

predictive maintenance strategies under different failure assumptions. 

6. Advanced Algorithms: Explore the use of hybrid or machine learning models (e.g., 

ensemble methods or neural networks) to improve prediction accuracy and adaptability. 
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6  Conclusion 

This study investigated the failure behavior of Boeing 757 components using real-world 

replacement data to identify suitable probability distributions and predictive models for 

maintenance planning. The research was divided into two main parts: statistical distribution 

fitting and predictive model evaluation. 

In the first part, the MTBR (Mean Time Between Replacements) data for B757-200 and 

B757-200PF in 2012 was fitted to classical probability distributions such as Poisson, Weibull, 

and Log-Normal. Although the Poisson and Weibull models showed moderate fits for certain 

aircraft variants, the log-normal distribution consistently demonstrated the best performance 

across multiple B757 types when assessed using AIC. However, when the 2012 log-normal 

model was applied to future MTBR data (2013 and 2014), its predictive performance 

declined significantly, as evidenced by low KS p-values. This highlighted the need for more 

flexible modeling strategies for long-term forecasting. 

In the second part, six non-classical models—including Random Forest Regressor (RFR), 

SVR, KDE, GMM, Bayesian Ridge, and KNN—were compared using data from high-

volume subtypes (B757-200, B757-200EM, and B757-200PCF). RFR consistently achieved 

the lowest Mean Squared Error (MSE) and minimal mean difference between predicted and 

actual values. Further validation on B757-300 and B757-300EM confirmed RFR’s 

generalization capability, with mean differences below 1.2%. These results suggest that RFR 

is not only accurate but also robust across different subtypes, making it a practical choice for 

fleet-wide predictive maintenance applications. 

In conclusion, the study successfully demonstrated a hybrid methodology that integrates 

traditional distribution fitting with machine learning-based forecasting. The log-normal 

distribution was identified as the most suitable for historical failure modeling, while RFR 

emerged as the best predictive model. These findings can inform data-driven maintenance 

policies that reduce costs, improve reliability, and enhance operational decision-making in 

the aviation industry. 
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