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ABSTRACT  

This study is the final project that comes in fulfillment of the requirements of the School of Science 

and Engineering (SSE) in order to obtain a BS in Computer Science at Al Akhawayn University. 

The capstone project is used to validate several skills learned in one’s curriculum since it is the 

bridge from theory to real life practices. 

My capstone project has been a tumultuous series of hard work and perseverance, and this report 

summarizes the work behind it. This document clarifies how I implemented, for Al Akhawayn’s 

Vehicles, a prediction-oriented analysis that enhances the maintenance of its vehicles. Most 

specifically, it highlights the procedures that were performed with the help of business intelligence 

and predictive analytics processes. 

This report sheds light on the main methodology used: predictive analytics process. It also 

demonstrates the key variables used in this project, and continuously shows the steps of the 

implementation of the project. A discussion of STEEPLE analysis of the project will also be part 

of this report to give more sense to it. 
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RÉSUMÉ 

Cette étude représente mon rapport de synthèse qui répond aux exigences de la “School of Science 

and Engineering” (SSE) pour obtenir une licence en informatique à l'université d'Al Akhawayn. 

Le projet de fin d'études sert à valider plusieurs compétences acquises dans le cadre du programme 

d'études, car il constitue le pont entre la théorie et la pratique de la vie réelle. 

Ce document clarifie la manière dont j'ai mis en œuvre, pour les véhicules d’Al Akhawayn, une 

analyse orientée vers la prédiction qui améliore l'entretien de ses véhicules. Plus précisément, il 

met en évidence les procédures qui ont été réalisées à l'aide des processus d'analyse prédictive. 

Ce rapport met en lumière la principale méthodologie utilisée : le processus d'analyse prédictive. 

Il démontre également les variables clés utilisées dans ce projet, et montre en permanence les 

étapes de la mise en œuvre du projet. Une discussion de l'analyse STEEPLE du projet fera 

également partie de ce rapport pour lui donner plus de sens. 
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CHAPTER 1: INTRODUCTION 

Gilles Deleuze was a very prolific French philosopher. In the late 80’s, he predicted that 

information would become the most dominant form of commodity, in what he called “societies of 

control”. He was obviously not wrong. Businesses and governments now have access to 

gargantuan, unwieldy, often unstructured masses of data. It is now no longer just an afterthought 

delegated to IT, data is a powerful tool of control utilized by managers and strategists in nearly all 

industries. And since I wanted to learn about analytics from both a business and an IT perspective, 

I chose a predictive analytics project for my capstone. 

In a constantly changing economy, competition forces the industrialist to improve the performance 

of its production facilities to meet the needs of its customers. Because of its direct action on 

production, maintenance has become an essential factor for the performance of an organization. 

Even if the costs of maintenance are not negligible, those related to production shutdowns have a 

significant, even greater impact, on the production, products or services offered by the company 

and therefore on the customers. 

The implementation of a predictive model related to maintenance enables the optimization of the 

operations of maintenance and, above all, to carry out them at the right time, the ultimate objective 

being to ensure the quality of the product and improve the equipment availability rate to increase 

productivity. 

Moreover, the goal of this capstone project is to predict the failure time of certain vehicles using 

statistical models. At first, we will collect the data from the department of Ground and 

Maintenance at Al Akhawayn University in Ifrane (AUI), and this data will be mainly about their 

vehicles and their historical records. In this study, we will be using R programming as the main 

tool to perform a survival analysis and find the best model to predict the future failures of AUI’s 
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vehicles. After an intensive literature review, we chose to predict the time to failure of our vehicles 

using survival analysis since it is widely used in the predictive maintenance field to forecast the 

remaining lifetime of machines. Also, it is used in a variety of areas to examine the risk of an event 

occurring during a set observation period. Although this type of prediction is most commonly used 

in the medical community, it is also used extensively in economics (e.g. bankruptcy forecasting), 

mechanics (e.g. engine failure), electronics (e.g. life time of electronic components), social 

sciences (e.g. estimating the divorces) as well as in various other areas. To apply this analysis on 

our study, we need a distribution function. In our case, it will be Weibull Distribution. In fact, the 

Weibull model is a widely used method for survival analysis. It is used to model survival times 

with censored data when a probability distribution (usually the Weibull distribution) is assumed to 

exist.  

Therefore, the objective of this capstone project can be formulated as follows: When does a 

Vehicle X break? Or, when does a Vehicle X need repair? 
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CHAPTER 2: STEEPLE ANALYSIS 

2.1- Social Implication: 

The goal is to encourage companies to use the same model in their logistics. With our solution, it 

would be easier for the organization to do certain tasks like enhancing the employees lives and 

making daily logistical activities. The mission of making the services more digital and the 

Moroccan market more open to digitalization is definitely in line with those social implications. 

Moreover, this initiative can not only improve companies' bottom line, but also help their corporate 

social responsibility goals. By reducing downtime and unexpected failures of equipment, worker 

injuries can be minimized, and wasteful production can be avoided.  This technique also results in 

an improved performance over time as well as an increase in employee morale.  

2.2- Technological Aspect: 

Using computer science is the technological aspect of the project, as the software R language 

would be responsible for implementing statistical methods in order to predict maintenance. The 

field of logistics and transportation is now undeniably linked to computer science, especially with 

the everyday changing innovations. Nowadays, applying data analytics is crucial to assess supply 

chain performance, and improve its overall cost efficiency.  

2.3- Economic Impact: 

The objective here is to achieve friendly costs through open source tools and environments. This 

latter objective would not only impact the logistics aspect, but will also lead to a positive forecast, 

as the company’s performance would be expected to be higher after using this solution. Most 
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naturally, the reason behind this significant change would be the decrease of the costs and better 

decision-making skills thanks to the new analysis. 

2.4- Environmental Impact:  

This analysis is intended to reduce the ecological problems related to the vehicles’ CO2 emissions 

and other unpredicted issues. This innovation was made to predict any vehicle exit from the 

commission so the organization will be able to deal with the problem before it happens. Most of 

the Moroccan companies are putting in place great efforts facing environmental issues mainly after 

the COP 22 that was hosted in Marrakech in 2016.  

2.5- Political aspect:  

Our analysis does not have any political purpose and it does not conspire with any political party. 

Nevertheless, it is in range of the instructions given by his Majesty King Mohammed VI 

encouraging Moroccan businesses of all fields to use new technologies in their activities.  

2.6- Legal framework: 

Not applicable since this innovation does not violate any law in the discipline of data analytics. 

2.7- Ethics and moral framework:  

As mentioned in the student statement, ethics and morality were taken very seriously and will be 

applied at all stages of this project. This solution is designed to serve the best interest of our society 

meaning that the organization should not harm any party involved in this project. 
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CHAPTER 3: LITERATURE REVIEW & DEFINITIONS 

3.1- Linear Regression 

Linear regression is a model that represents the relationship between a category and a set of 

features. It comprises a linear combination of variables and weights [1]. The objective of a linear 

regression is to pinpoint the parameter values that give the best description of feature and target 

columns. The prediction method is used to foresee labels using the training data and doing a 

comparison of them with actual labels, whereas the mean squared error method can measure the 

overall fit [2]. In order to use a linear regression, we first need to choose a feature that possesses 

the strongest correlation with the variables, in order for the relationship between the target column 

and the feature to be linear. To find the parameters for a linear regression model, there needs to be 

an optimization of the residual sum of squares of the model. This latter basically compares the 

predicted values to the actual ones [2]. 

Moreover, it is relatively easy to achieve a high compression efficiency using Linear Regression 

[1].  In other words, linear regression can solve the motion vector prediction. Indeed, the method 

can be used to foresee motion vectors for sequences using zoom motion. As a matter of fact, 

research shows that using a linear regression model will result in a decrease by 22% in the Mean 

Square Error (MSE). Research also highlights that the application of linear regression reduces the 

classifier’s complexity as well as the Mean Absolute Error (MAE) by up to 59% [1].  It has strongly 

been advised to use Linear regression over the neural approach due to its overall performance. 

That being said, linear regression represents itself as very efficient in terms of reducing the MSE 

and achieving compression [1].  
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3.2- Predictions Using R 

For certain implementations, predictive modeling is needed to forecast the conduct or performance 

of such cases based on historical data, and already established outputs and results. It's a very 

complicated and time-consuming process to run analytics on massive data sets manually. 

Prediction output is often poor when done manually [3]. The R language has a diverse collection 

of simulation functions for both classification and regression, too many in reality, that keeping 

track of the syntactic complexities for each function has become harder and harder [4]. For 

variables to be used in a model, modifications can be necessary. Any models, including partial 

least squares, neural networks, and vector supporting computers, involve centering and/or scaling 

of the predictor variables. The pre-process method can be used to assess values for predictor 

modifications that can be added to the test set or potential samples [4]. Using resampling, train 

function could be used to choose values of model adjustment variables (if there are any) or / and 

to approximate model efficiency [4]. 

A class train object includes an item called finalModel which is a model equipped with the values 

of the tuning parameter chosen by the resampling. This method could be used to develop 

predictions for different samples in the classical way, using the forecast function of the model. The 

prediction functions in R in the most parts adopt a standard syntax, but special cases do exist [4].  

3.3- Weibull Model: 

Weibull Distribution is a continuous distribution named after the Swedish Scientist “Waloddi 

Weibull”.  It is a practical uncertainty model to find failure time [5]. Therefore, we can say that 

the Weibull model is a probability applied to lifetimes, which companies tend to use for liability 

control, and more precisely when the failure rate evolves as a power of time [6].  
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The Weibull regression model is based on two positive parameters, one related to the event and 

the other one to time scale. In this case, the function of the distribution of time-to-event is written 

as follows [7]:  

In (T) =   β0 + β1x  + σε 

Where β1 is defined as the parameter of the covariate, ε as the scale parameter, and σ  as the 

shape parameter. In contrast, the hazard function of this model can be written as:  

 

Where γ is equal to 1/σ, and normally referred to as a scale parameter; whereas λ is the shape 

parameter [7].  That is to say, the output of this model is the median survival time, which is very 

useful for this project, since our goal is to find the remaining lifetime of a vehicle or time-to-

failure.  

3.4- Survival Analysis:  

Statisticians started working with survival analysis in 1985 to analyze data related to medical 

research; however, after developing the package of survival analysis, people started working with 

it in many areas related to predictive analytics [8]. First of all, we can define the survival analysis 

as the study of the occurrence of an event over time using a branch of statistics, and its goal is to 

predict the variable of time until the occurrence of an event [9]. 

In general, the main characteristics of the survival analysis are (ti , δi): t is Time-to-event, and δ is 

the event. The time to event is defined as the time until an event occurs, whereas the event is 

referred to as the status indicator [10]. The event here is a dummy variable, meaning it is either 1 
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(event was observed), or 0 (event was censored). The event can be death, maintenance of a 

machine, malfunctioning of a device, divorce, graduation, crime, infection, bankruptcy, etc. [11]. 

In fact, in such studies, the aim is to estimate the distribution of survival times (survival function), 

to compare the survival functions of several groups, or to analyze how explanatory variables 

modify survival functions. The probability of survival is then described by the following functions 

[11]: 

● A distribution function (in our case Weibull Distribution): 

F(t) = P (T ≤ t).  

● A probability density: 

f(t) dt = P(t ≤ T < t + dt) or f(t) = dF/dt. 

● Survival function: 

S(t) = 1 − F(t) = P(T > t) 

● Hazard Function:  

h(t) = f(t)/S(t) 

All of the above functions can be easily implemented using R programming, and they can be found 

in the survival package [8]. The most important ones are defined as follows: 

● surv(time, event): creates an object of survival.  

● survreg(Surv(time, event) ∼ x, dist=’Weibull’): fits the weibull model. 

● coxph(): adjusts a Cox model. 

● summary(): to obtain a detailed summary of the requested results.  

● plot(): to make a graph.  
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3.5- Predictive Analytics and Maintenance 

Predictive analytics is the advanced use of several practices ranging from data mining, statistical 

algorithms, modeling and machine learning techniques to make predictions about the unknown 

future based on historical data [12]. Predictive analytics allows to transform data into future 

insights and deliver a complete data-driven system for a reliable risk management process [13]. 

A large number of existing studies in the broader literature have examined predictive analytics. 

From the perspectives of NHLBI (National Heart, Lung, and Blood Institute), the use of predictive 

analytics may enhance the ability of precision in public health to prevent disease, promote health, 

and reduce health disparities in populations [12]. On the other hand, a recent study by Michard 

and Teboul concluded that the prediction of mortality in patients admitted in the intensive care unit 

(ICU) can be improved using predictive analytics and advanced machine learning techniques [13].  

Predictive maintenance is the process of using several techniques and tools in order to predict and 

track when an operational equipment may fail. By deploying preventive maintenance and detecting 

possible defects to avoid any downtime, this data-driven method uses predictive data analytics 

tools to control a variety of equipment conditions and fix them before they result in failure [14]. 

The aim of predictive maintenance is to reduce downtime by mitigating the likelihood of 

unexpected failures [15]. This technique brings extensive repair and upkeep cost savings, mainly 

by minimizing the time the equipment is being maintained, reducing the cost of spare parts and 

supplies, and cutting down the production hours lost to maintenance [14].  

There have been numerous studies investigating the application of predictive maintenance and 

prognostic models to modern industrial systems. The majority of prior research has applied in  

electronics, aeronautical, automotive and industrial machinery. In the light of reported Models for 

Predictive Maintenance, it is conceivable that more applications of predictive maintenance are 
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implemented every day. The most interesting approach to this issue has been proposed by the 

authors Batzel and Swanson, who developed a framework for predicting electrical failures in an 

aircraft power generator to reduce downtime and avoid unexpected failures [14]. 

Model-based and data-driven methods constitute the two main categories of approaches to lifetime 

prognostic [14]. Remaining Useful Life (RUL) represents a basic notion in predictive maintenance, 

which is the length of time a component is likely to operate before it can no longer fulfill its 

intended function or requires repair or replacement.  An estimation of RUL typically depends on 

the data obtainable. While estimating the RUL, it is necessary to estimate the uncertainty of the 

prediction. The RUL model allows a confidence bound on the prediction based on the various 

condition indicators [14].    

The literature pertaining to Predictive Analytics for Roadway Maintenance raised several 

shortcomings of existing models since most prediction models for maintenance were built upon 

limited historical data. This research strongly suggests improving data modeling and tackle 

challenges of subjective assumptions and simplifications in deterministic and probabilistic models. 

On the other hand, a robust predictive analysis can be developed by integrating big-data analytics 

and advanced sensing technologies in prediction models for maintenance [15]. 
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CHAPTER 4: METHODOLOGY 

The methodology undertaken for this study can be summarized as follows:  

 

Figure 1: Predictive Analysis Process 

After defining our problem, which is finding the viable model that will predict an accurate failure 

time for each vehicle, we will be gathering the data needed for this project. The data collection 

step went through many excel files received from the Director of the ground and maintenance 

department at Al Akhawayn University; however, this data was divided into multiple files 

containing general information about the vehicles, and other files that hold data about the historical 

records for each period.  After that, we have to understand the available information in order to 

identify the relevant data for our analysis. In other words, this is a database programming step, 

where the original form of existing data must be reorganized to meet the needs of the project. 

The next step would be the initial analysis of data using the tools in R language. This step consists 

of a set of activities of statistical analysis in order to understand the correlation between the 

variables of our study; hence, we minimize the risk of having misleading results. The follow-up of 
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this latter will be building a predictive model. In fact, this step provides the intelligence needed in 

the data to model a relevant analysis and predict the future values of our target data, which is the 

failure time. For our study, we will be using the survival analysis along with the Weibull model to 

predict the remaining lifetime, which will help us forecast the failure time of each vehicle in our 

dataset. This method will be explained later on in this report.  

Finally, we have to validate our model before the deployment of the project. This is done by 

evaluating the efficiency and accuracy of our predictions by determining the mean error between 

forecasted time to failure and the actual one that we got from Mr. Jadid, director of the ground and 

maintenance department.  
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CHAPTER 5: PROBLEM DEFINITION & DATA COLLECTION  

5.1- Problem Statement Definition: 

Defining the problem to be solved helps to clarify the ideas in our heads, and to make them more 

accurate. To better define the framework of our problem, here are the useful questions we asked 

ourselves when we wanted to tackle a predictive analytics problem: What are we trying to solve? 

And why is it useful to solve it? 

In this analysis, we want to solve the unexpected maintenance problems of vehicles; therefore, we 

are trying to predict when a vehicle will most likely go out of commission for repair or 

maintenance. This model can be very useful since it will help us forecast when a vehicle X will 

need repair, or when a vehicle X will break. 

5.2- Data Collection and Cleaning: 

In this phase, we will be collecting data and understanding it in order to identify the relevant 

variables for our analysis. We will also clean and transform data in preparation for our analysis.  

After defining our problem, we had to gather the needed information upon which we will base our 

analysis. To do so, we had to contact Mr. Jadid, director of AUI’s ground and maintenance 

department (G&M), who sent us many files containing information about their vehicles, and their 

historical repair records from different periods. Below is a sample of some historical records in 

one period given by Mr. Jadid (the second column contain some confidential data):  
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Figure 2: Sample data received from the G&M department 

Then, we had to understand the data we got from Mr. Jadidin and reorganized to meet the needs 

of the project. After identifying the relevant data for our analysis, we came up with the following 

variables that we think will be significant for the study: 

● Lifetime: the age of the vehicule so far (by days). 

● Event: it’s either 0 or 1. 0 means that it was broken in the last period we have in the 

available datasets; otherwise it’s 1.  

● Mileage: number of Kilometers traveled so far.  

● FuelConsumption: a measure of fuel consumption of the vehicle.  

● Repair_Rate: number of times the vehicle was repaired so far. 

● Average_TimeToFailure: average of how much time between each vehicle’s failure.  

● Cost_Repair: total expenses of repair and maintenance of the vehicle.   

After deciding on the variables, we created a table that will contain all the needed data on SQL 

Server Management Studio (SSSM). The code we used is as follows: 

CREATE TABLE VehicleData ( 

 Lifetime Int NOT NULL, 
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 Event Int NOT NULL, 

 Mileage Numeric NOT NULL, 

 FuelConsumption Numeric NOT NULL, 

 Repair_Rate Int NOT NULL, 

 Average_TimeToFailure Numeric NOT NULL, 

 Cost_Repair Numeric NULL, 

 PRIMARY KEY (Mileage, FuelConsumption) 

) 

In the code above, we created a composite Primary key since it has to be unique, compact (Not 

Null) and minimal. Later on, we had to insert 20 vehicles into the table. The following figure is 

the output of the table: 

 

Figure 3: SQL table containing the needed data. 
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To make the table more interesting, we added a trigger that will increment the Repair Rate by 1 

every time we update the Cost Repair since adding the cost of repair will automatically result in 

one more vehicle repair: 

 

Figure 4: SQL statement to create the desired trigger. 
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CHAPTER 6: INITIAL DATA ANALYSIS 

In this initial analysis, all the variables we have will be considered and examined using a variety 

of techniques. The purpose here is to determine which methods to use in order to find answers 

for our problem statement, and this is done by using graphs and applying statistics that will 

reveal the important patterns in our data. 

First, after collecting the data from AUI’s G&M department and organizing it into an SQL table, 

we imported it to R Studio by installing the RODBC library and by using the following code: 

 

Figure 5: Code to load data from SQL to R Studio 

Then, we took out some summary statistics on our dataset to get better information about our 

sample data using the summary() function. The results are as follows: 

 

Figure 6: Summary statistics of our dataset 

First thing that is of interest in the above summary is the proportion of the vehicles that are broken 

in the last period. In the “Event” variable, we notice that the mean is 0.7, which means that about 
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30% of the vehicles in the dataset are broken. Also, we can conclude that the vehicles we have are 

repaired about 40% of the periods available in our dataset on average. We can also confirm that 

from the following box plot: 

 

Figure 7: Box Plot of the Repair_Rate variable 

We got the above graph by implementing the boxplot() function on R studio. This box plot tells 

us that 50% of our vehicles are repaired in more than 4 periods available in our dataset. We can 

also notice that 25% of our dataset is repaired in about 6 periods or more.  

Moreover, after plotting all the variables using the boxplot() functions, we got many graphs that 

had the same interpretation as the above box plot; however, the one that was of interest is the 

average time to failure: 
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Figure 8: Box Plot of the AverageTimeTofailure variable 

While reviewing this box plot, we can identify 3 main outliers that are located outside the 

whiskers of the box plot. An outlier in statistics is a value that lies more than 1.5 times the length 

of the box from the whiskers.  

In order to handle outliers within the dataset, the approach used was to keep them since our 

dataset was limited, the results were critical. There was no need to exclude them because even 

small changes matter in our analysis. Moreover, these outliers can provide valuable information 

about our dataset.  

 After further investigation, the presence of outliers can be explained by the fact that the three 

vehicles have a low rate of repair compared to others (repaired only once or twice in all the 

available periods), which obviously means that the average time to failure will be much higher 

than the others. 

Before deciding on our model, we built a linear regression model to see if it will be useful to use 

it in our predictions. To do so, we used the following functions: 

linregmodel = lm(Lifetime~.-Event, data= data) 
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summary(linregmodel) 

We called the model linreg model, and we used the lm function to create a multiple regression 

model. Our dependent variable here is “lifetime”, the dot indicates that we are using all the other 

variables in our dataset, and the -Event means that we are using all of them minus the event 

variable. Then, to check out the output of this model, we use the summary() function: 

 

Figure 9: Output of the linear regression model 

From the above coefficients and their signs, we can conclude that the lifetime of the vehicles is 

negatively affected by fuel consumption, repair rate, and average time to failure. Whereas the 

mileage is positively affecting our dependent variable. In fact, the only thing here that is 

statistically significant is the intercept, which is the expected mean value of Y (lifetime) when all 

Xs (independent variables) are equal to 0. Therefore, in our case, using the output of the linear 

regression is inaccurate.  

We can conclude that we can’t rely on a linear regression model since, as mentioned before, about 

70% of the observations are not broken. This means that the lifetime in this case is not the actual 

lifetime until the vehicle is broken, but rather the lifetime is the life of the vehicle until now. 
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CHAPTER 7: PREDICTIVE MODEL 

This step is the core of the predictive analytics process. It is a set of techniques used for analyzing 

our predefined data in order to interpret them and make predictions about the future. Predictive 

modelling thus gives rise to predictions that must be considered as probabilities and not as real 

predictions, which will inevitably come true. That is to say, there is no guarantee that the output 

data will actually occur. 

As mentioned in the literature review, Remaining Useful Life (RUL) represents a basic notion in 

predictive maintenance, which is the length of time a component is likely to operate before it can 

no longer fulfill its intended function or requires repair or replacement. Nowadays, there are many 

techniques to estimate the RUL, and it really depends on the data to know which technique to use. 

One of the techniques is survival analysis that is used, in general, when we have failure data from 

similar machines. And since our data capture only information about vehicles and their historical 

failure records, we will be using a survival model. The survival model uses a probability 

distribution of the data to estimate the remaining lifetime. In fact, the Weibull distribution is widely 

used as a distribution function for survival analysis in Predictive Maintenance. 

7.1- Survival Model (Weibull distribution function): 

In order to create a survival model in R, we had to install the survival package using the install() 

function. Then, we loaded the package by using the library () function. The first step was then to 

set our dependent variables in R using the following function: 

dependentvars = Surv(data$Lifetime, data$Event) 
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In this case we want to provide the lifetime and whether or not the vehicle is broken, and we 

called the variable “dependentvars”. The next step would building the model, and to do so we 

use the following function: 

survreg = survreg(dependentvars ~ Average_TimeToFailure + Repair_Rate + Mileage + 

Cost_Repair,  dis t =  "weibull" , data  =  data) 

In the above model, we first input our dependent variables, which was the output of the previous 

function, and then our independent variables namely the average time to failure, repair rate, and 

cost of repair. At the end, we set the distribution argument equal to Weibull because we want the 

distances to be computed using the Weibull method, and then as usual we set data equals to data, 

which is our dataset. Later on, we check the output of the model using the summary() function: 

 

Figure 10: Output summary of our model 

After running our regression model, we concluded that our model was statistically significant, and 

all our variables are all significant for our analysis. Taking into account the Weibull distribution, 

the p-value of the model is smaller than the level of confidence. Using the Weibull distribution 

was relevant in order to fit the statistical model to our life data set. Moreover, according to our 
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literature, Weibull analysis is the leading approach for lifetime distributions.  Weibull is considered 

as one of the most applicable distributions when it comes to predictive maintenance. This statistical 

method allows us to predict failure and downtime trends in order to gain useful insights about the 

lifetime performance of components. After gathering data about failure over a time frame, Weibull 

is applied to fit the data to the distribution, then failure rates can be predicted and mean life of 

components can be thoroughly analyzed. 

7.2- Predictions using Survival Analysis: 

Since we have a working model using our distribution function, we can now go back to our initial 

problem, which was predicting the remaining lifetime of our vehicles that are not currently broken. 

To do so, we made our predictions using the following function: 

Break  =  predict (survreg, newdata = data, type= "quantile", p=.5)  

This function will output the expected median time to death of each vehicle. It takes the model 

that we just built as the first argument, then we give it our data as a second argument, and finally 

we set the type argument equal to quantile and p, the percentile, is equal to .5 in order to get the 

median time to death for each vehicle.  

The output of this function is stored in a new variable that we called “Break”. This output will be 

used to calculate the remaining life time of each vehicle. At first, we will create a new data set 

using the following R statement: Prediction = data.frame(data$Event). This latter means that we 

have created a new dataset called “Prediction”, and its first column is the variable Event from 

our data, which is a column that indicates whether or not the vehicle is currently broken. The last 

step would be adding a column that will contains our final predictions, and this is done as 

follows: 

Prediction$RemainingLifeTime = Break - data$Lifetime 
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In the above function, we store the output of Break, which is the time to death, minus Lifetime, 

which is the current age of the vehicle, in a new column we called “RemainingLifeTime”. Below 

is our final dataset: 

 

 

Figure 11: Final data set containing our predictions 
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CHAPTER 8: TESTING THE MODEL  

In the final step of the predictive analytics process, we will be testing the model. In other words, 

we will evaluate our selected model to check its reliability and make adjustments if needed. In 

general, the goal of this step is to validate the predictive model and identify its weaknesses. In our 

case, we will be evaluating the efficiency and accuracy of our predictions by determining the mean 

absolute error between forecasted time to failure and the actual one that we got from Mr. Jadid, 

director of the ground and maintenance department. To do so, we designed a csv file containing 

the actual time to failure, which is the difference between the last time a vehicle was repaired until 

the last period available in our dataset. Below is a screenshot of our csv file: 

 

Figure 12: Test File 
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To import the above data into R studio, we used the following code:  

test =read.csv(file.choose(),header=TRUE) 

After successfully loading the data from our test file, we had to calculate the mean absolute error 

between forecasted time to failure and the actual one that we got from Mr. Jadid in order to validate 

our predictive model. By making use of the function accuracy() from the forecast library that we 

installed using R, we found the following: 

 

Figure 13: Output of accuracy() function 

The output that is of interest is MAE, which stands for mean error. It is essentially the average of 

all the absolute errors:  MAE = Avg(Abs( Actual - Forecast)) 

In our case, the mean absolute error is 5.19, which means that on average there is a 5 days 

difference between our predictions and the real values. Considering our lack of data, we can 

confirm the model, and we can conclude that our results appear almost consistent with the actual 

ones. 

To further show the accuracy of the model, we will plot the actual time versus the predicted one 

using the following function:  

plot(Prediction$RemainingLifeTime,test$ActualRemainingLT) 

Running the above function in R studio gave us the following graph: 
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Figure 14: Actual Time Vs Predicted Time 

To better understand this graph, we used the following function: 

plot(Prediction$RemainingLifeTime,test$ActualRemainingLT,type='l',col="red") 

 

Figure 15: Updated graph for: Actual Time VS Predicted Time 

 

We can see from the above graph that the results are accurate with minimal errors. This finding 

is unexpected because of the lack of data and the fact that the failure times are hardly predictable. 
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CHAPTER 9: TECHNOLOGICAL ENABLERS  

9.1- R Studio  

R is solely designed for being used in statistics for computing and graphics. R gives an authentic 

analysis where all the primordial statistics techniques are composed.  

● Programming and Statistical languages: 

This language is the most reputed in programming, specifically statistical tools, but it also is very 

efficient in statistical computations. Indeed, it has been created by statisticians themselves. 

● Simple and easy to learn: 

There is no need to understand the entire language mechanism in order to work with R 

programming, since it is going to be valuable for statistical analysis and visualization of data. 

● Important community support: 

Large collections of libraries are the result of R’s big community support. These libraries possess 

a wide choice of applications, specifically the graphical libraries. This latter successfully helps 

the R development environment. 

● Open-Source: 

The R programming language is an easy and open source for anyone to use, without the need of 

the licence. Most naturally, this is how the massive community support takes place. 

● Interacts with Databases:  

The important number of libraries makes it easy to interact with plenty of databases, likewise to: 

Rotacle, RmyQL, etc. 
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9.2- SQL (Structured Query Language) 

SQL represents a standard language used in programming for accessing and managing databases. 

Characterized by its high speed and well-defined standards, SQL is easy to learn, and can execute 

queries against the database. Under SQL, it is not necessary to use a considerable amount of code 

in order to manage the database system. 

9.3- Microsoft Excel  

Microsoft Excel is considered as one of the most reliable data visualization and analysis tools. 

Mainly used to bring data together, Excel spreadsheets represent the most common way to display 

important information and other data relevant to any business process. Nowadays, Excel is 

considered as a vital tool for data visualization in every business function. Moreover, Excel 

spreadsheets serve as a basis to clean and transform data before running the adequate analysis.  

 

 

 

 

 

 

 

 

 

 

 

 



39 
 

CHAPTER 10: CONCLUSION & FUTURE WORK 

The broad implication of this research is to address the issue of unexpected maintenance failures 

of vehicles.  These findings provide a potential mechanism to build a predictive model that enables 

us to forecast the failure time of each vehicle within the dataset. Collectively, our results appear 

almost consistent with the actual ones provided by the director of the ground and maintenance 

department, which features the accuracy of the predictions presented.  

The promising benefits of predictive models and technological advancements do not come 

seamlessly. In point of fact, predictive modeling presents a number of limitations when putting it 

in practice. The main challenge faced while conducting this research was gathering a relevant 

dataset that was representative of the issue and choosing the right parameters for this analysis. 

Available data was scarce. Consequently, one of the model’s limitations is the relatively small 

dataset used, which can cause overfitting and biases in the predictions. Another challenge was to 

adapt the scope of this research to the unforeseen consequences of the current global pandemic. 

The main adjustment in our research was in the data since the initial plan was to work with mileage 

sensors, GPS, and temperature sensors in order to generate accurate data that will detect when a 

vehicle will be close to failing. However, in light of what is currently happening in the world, the 

research was subject to limited data provided by the director of AUI’s ground and maintenance 

department.  Therefore, future research should be conducted in more realistic settings in order to 

build reliable predictive models for sufficiently large and comprehensive datasets. Moreover, due 

to recent advancements in computing power and data quantities, further research should be devoted 

to the development of sophisticated predictive algorithms for maintenance using machine learning 

and artificial intelligence.  
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Most companies in Morocco do not recognize the promising benefits of applying predictive 

analytics to optimize their business functions. Further work is certainly required to disentangle 

these complications and shortfalls within the Moroccan context. As part of the pilot capstone, 

additional work has been performed with an SBA team (the student Yasmine Benmamoun, and 

the student Anis Bernoussi) in parallel with this research, in order to investigate how a similar but 

improved model can benefit a company like Zine Capital Invest. The following is a poster we 

made for the innovation we suggested to Zine Capital Invest: 

 

Figure 16: Poster - Zine Capital Invest: Driving into the Agricultural Future 

To further show the profitability of switching to predictive maintenance as a logistic plan, we 

worked on the following financial analysis: 
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Figure 17: Financial data for the Pilot Capstone 

 

Figure 18: Net Present Value (NPV) calculations for the Project Profitability 

Having been part of the pilot SBA team as well, I took part in the financials, in order to ensure 

the viability of the project. We estimated that a number of 4% of the vehicle's cost will be added 
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in a year. The results show that the net present value (NPV) equals around 1,755,904 MAD, 

which means that the project will hopefully be profitable. As for the return on investment (ROI), 

which is 65.2%, shows that the implementation of the suggested innovation will be beneficent 

once again. 

Overall, completing this pilot capstone project taught us the great virtue of patience. There were 

times when our educated guesses suffered discomfort while attempting to uncover the most useful 

insights for our project.  
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