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ABSTRACT  

Healthcare information systems contain huge amount of data of hospital administrations and patients. 

It is significant if we could take use of them and bring benefit to hospitals. In recent years, the booming 

technology of process mining has proved that through mining event logs one can realize process model 

analysis, process diagnose and process conformance checking. However, it is not yet common on 

applying machine learning technology on event log data and further making predictions. In this thesis, 

we have worked on a sepsis event log which contains diagnose process information from 1049 

patients. Two process prediction experiments are set up for investigation on sepsis event log. The first 

experiment is predicting the last event of a patient, as a result we can achieve 84% of accuracy on 

unseen patient diagnose logs. The second experiment is predicting the remaining days of a patient in 

hospital. However, we are not able to get a satisfied result on model construction and prediction. 

Suggestions have been made for the future such as adding event dependency related features and 

increasing the experiment samples. Finally, we have concluded the experiments, and summarized a 

framework for event log mining. The framework contains five phases: on board, event log 

transformation, data pre-processing, feature selection and model selection. This framework has been 

used in both experiments and we conclude that the techniques we used can be applied to other event 

log mining problems as well.  
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Chapter 1 INTRODUCTION  

Nowadays, with the development of information technology, healthcare has becoming a popular field 

for investigating. The maturity of hospital information systems (HIS) [1] has brought new possibilities 

to process-aware information research. Healthcare processes are a series of activities aimed at 

diagnosing, treating and preventing any disease in order to improve health condition of patients. It 

has highly dynamic, highly complex, ad-hoc, and multidisciplinary characteristics [2,3]. By reading 

diagnose event process information, we can acquire much information about hospital administration, 

patient situation, and disease indicators. It has been proven that analysis of clinical and administration 

processes can benefit both hospitals and patients, such as improving the healthcare quality, 

shortening the patient waiting time and increasing process transparency. Different strategies have 

been applied in the healthcare system analysis in past decades, which includes business process 

redesign [4], lean [5], and process mining [6]. Process mining as a relatively young research discipline 

has been highlighted in many articles [2]. In this thesis, we are not working with the traditional process 

mining but seek for other directions such as forecasting events and predicting process time. 

There are a few limitations on the traditional way of process mining. Classically, we often directly 

analyze event logs with process mining tools such as ProM1  for process discovery, conformance 

checking and bottle neck shooting [7,8]. Additionally, the focus of process mining is still event-based 

analysis, it lacks the transformation from event-based analysis to object-based analysis. Moreover, 

hospitals show high demands from many aspects: medical decision making with help from historical 

records, forecasting the patients’ needs for optimizing the hospital resources, etc. These questions are 

hard to be solved by running process mining tools. Therefore, we are going to demonstrate a new 

methodology by applying machine learning algorithms on process information.  

In order to research a new methodology, we studied event logs2 from sepsis3 patient’s diagnose 

processes. The main goal is, through a case study, to create a methodology based on machine learning 

and process mining techniques, to make forecasts for hospitals from the process information. We have 

three research questions: 

Research question 1: To what extend can diagnose event log data, which are available by hospital 

administration systems, help to effectively predict the patient end event of a certain stage? 

Research question 2: Which diagnose results, organizations and events are important for determining 

the end event? 

Research question 3: After how many days there is enough information to predict the amount of time 

a patient will remain in the hospital? 

For these three research questions we have studied two tasks with the sepsis event logs: a 

classification task and a regression task. These two tasks are both concerning prediction of healthcare 

needs. 

In chapter 2, we introduce the technology we studied and applied. In chapter 3, we provide a general 

approach for the thesis, which includes the study plan for the two cases. Data overview and 

visualization of the event log are presented in chapter 4. From chapter 5 to chapter 6, we have 

explained the methods applied on the classification case with sub sections: data preprocessing, 

                                                           
1 promtools.org 
2 https://doi.org/10.4121/uuid:915d2bfb-7e84-49ad-a286-dc35f063a460 
3 Sepsis is a life-threatening condition that arises when the body's response to infection causes injury to its own tissues and organs. 
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dimension reduction and the sub result of each section. Chapter 7 is result chapter, we firstly 

summarized a framework based on the first case experience, then we conclude the result of 

classification. After that, we validated and modified this framework on the second assignment, which 

tries to take different record samples and attempt to predict the remaining days of a patient could 

stay in the hospital, this process and result are explained in the last section of chapter 7. Finally, we 

conclude the research in chapter 8, and future recommendations are provided for readers and future 

researchers. 
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Chapter 2 LITERATURE REVIEW 

2.1 DATA MINING TECHNOLOGY 
Data mining is a powerful methodology for pattern discovery in large volume data. In 1991, Frawley 

et al[9] have started to use knowledge discovery in database (KDD) to describe this methodology as 

“non-trivial extraction of implicit, previously unknown, and potentially useful information from data”. 

Gradually, data mining terminology has been used to describe applying data mining algorithms with 

computer to find patterns in the data.  In 2001, D. Hand [10] has represented data mining as “the 

analysis of (often large) data sets to find unsuspected relationships and to summarize the data in novel 

ways that are both understandable and useful to the data owner”. Along with the developing of 

technology, we have generated huge amount of data from daily life, people are eager for extracting 

information from the data, taking advantage of it so that there is a future benefit.  Working with data 

mining tasks can be complex, there is a data mining framework being introduced to help data scientists 

perform it in an efficient way. 

2.2 INDUSTRY STANDARD PROCESS OF DATA MINING   
In 2000, C. Shearer [11] has proposed a data mining framework named the cross-industry standard 

process for data mining (CRISP-DM) model, which has been widely applied by experts in data mining 

tasks. There are six phases involved: business understanding, data understanding, data preparation, 

modeling, evaluation, and deployment.  

 

Figure 1: CRISP-DM Framework [11]. 

Business understanding is the start phase of this approach. It can help the data analysts understand 

the background information of the industry, determine the business goals and actual mining purpose. 

In the second phase, the data analysts will work with the initial data collection and try to gain 

understanding from it, namely data understanding. Acquiring good understanding of data will provide 

a better idea of the consequential and inconsequential of the original data. Few steps are mentioned 

in the framework for increasing familiarity with data, which includes collection of initial data, the 

description of data, data exploration, and data quality verification. Quality of data [12] is a primary 

concern to be considered for adopting robust data analytics [13]. Poor quality data set could directly 

show negative effects on business decisions [14], such as incomplete information and duplication, 

which are often leading to untrustworthy statistics [15]. Therefore, exam the data quality is essence 
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before modeling. Data description and visualization, often applied for knowing data, especially for 

large scale dataset, could help to gain a basic understanding of data attributes and patterns.  In the 

third phase, we are focused on data preparation. In this step, tasks including data cleaning, data 

transformation and table (or record) selection in order to construct a high-quality final data set to be 

fed into a model. Data cleaning and transformation have been recognized as fundamental antecedent 

for modeling [16], such as improve data quality by removing errors and inconsistencies [17]. Selecting 

on a subset of data samples for a robust model, transform string values to numeric values are 

examples of steps that can be performed in this phase. Data preparation could be repeated several 

times depending on demand. More specifically, individual machine learning models have different 

requirements on the data format input. For example, Principal Component Analysis (PCA) requires 

standardizing the range of all the continuous initial variables. Therefore, sometimes it is needed to 

adjust a dataset to specific models by data transformation. After preparation of the dataset for 

modeling, the fourth phase modeling can be started. There are three disciplines form this phase: 

database management, computer science, and statistics [16]. Various modeling techniques are 

selected and applied for experiments on the datasets, e.g. traditional statistical methods such as 

regression analysis, clustering analysis, and non-traditional methods such as artificial neural networks, 

tree-based modeling. Model creation, selection, and validation are necessary in order to discover a 

proper model for a specific data mining question. Sometimes people from business domain are also 

required to assess the model with domain knowledge. Afterwards, in the fifth phase, evaluation of 

model and result should be performed to make sure it properly achieves the business objectively. A 

qualified data mining result should be able to provide a day-to-day business strategy [11]. When 

evaluate the predictive model, we could apply few score methods, such as checking the minimum 

square error (MSE) or accuracy on classification. Deployment is the last phase (the 6th one), it is mainly 

about finalizing the project and preparing documentation. Usually, a final report will be produced, 

which includes a summary of project experience, interview details with important project participants. 

Besides, a plan of monitoring and maintenance are required if the data mining result will be applied 

in the future daily work. 

2.3 MACHINE LEARNING  
One could imagine that manually working with big amount of data is hardly possible. Nevertheless, 

machine learning has brought the computational power to data mining tasks in the late 20th century 

[18], which provides a technique basis for data mining [19]. With machine learning, one could 

automate the processes that extracts patterns from data. Back to the past, Donald Michie [20], as one 

of the originators from Machine learning, has mentioned the concept of “computers could learn from 

experience”. This demonstrates the character of data used for learning the model that treated as 

“experience”, and it is occurred fact. In terms of business problems, machine learning is also 

considered as predictive analytics.  Computer could build predictive models by leveraging large 

collections of historical examples in a scale far beyond any individual professional has seen their whole 

life, such a model could help professionals make better decisions [21]. Prediction models are applied 

on price forecasting, risk assessment, dosage prediction, diagnoses and classification [21]. Some 

terminology especially used in machine learning is introduced shortly. For example, in machine 

learning, we denote labels as outcomes of the random variable that we would like to predict. Besides, 

each case is represented by a single row in tabular, and all the attribute for each single case, 

sometimes represented as columns in a tabular format or as attributes or as values, namely features. 

Sometimes the existing features are not good enough for machine learning algorithm to work with, 

extra features or cleaning duplicated features are needed to achieve a better performance of the 

model, in other words, feature engineering. 
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There are two types of learning algorithms that are widely applied in terms of building machine 

learning models: supervised learning and unsupervised learning. The choice of algorithms is strongly 

dependent on the input data and business objective. In supervised learning, each object (tuple in table 

format) is a pair consisting of an input, which is typically represented by a vector, and a desired output. 

However, unsupervised learning is widely applied on dataset which has previously unknown patterns 

and without pre-existing labels (target, or classes). Both classification and regression algorithms can 

be applied for supervised learning tasks, which will also be applied in this thesis. However, the problem 

that classification and regression contrapose is different. Classification problem aims at identifying to 

which of a set of categories a new observation belongs. For instance, classifying an image as a dog or 

a cat. Regression analysis aims at modeling the relationship between few features and continuous 

target variable, in other words, expected results are not classes but continuous numbers. 

 

Figure 2: Three classes of Iris.4  

A famous example of supervised learning in classification is to predict the type of Iris flowers [22]. The 

iris data has classified three types of Iris: iris setosa, iris virginica, iris versicolor, see Figure 2. In total 

it has 150 samples of irises, and each of them has four features. In this case, features are the 

measurement of iris: the length and the width of the sepals and petals. 

 An example iris measurement in table format is shown in Figure 3. The dataset has already indicated 

which type of iris for each tuple. From the data, one could build up a classification model by a machine 

learning algorithm. Learning from the existing samples of iris, one can give a rather accurate prediction 

on the unknow iris measurements, some experiment5 shows the classification model could reach 97% 

correct prediction.  

                                                           
4 https://medium.com/@jebaseelanravi96/machine-learning-iris-classification-33aa18a4a983 
5 https://machinelearningmastery.com/multi-class-classification-tutorial-keras-deep-learning-library/ 
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Figure 3: Table representation of data iris.6 

While training a model, data need to be fed to the model and the model should learn from a variety 

of cases. After having a model, one could use it for predicting new data, the unseen data, as a guideline 

for the future outcome [23]. A mature methodology working on data mining tasks can help people on 

miming data. The CRISP-DM framework has been introduced in 2.2 for improving the success of 

likelihood in predictive data analysis project. In this thesis, we have chosen this framework leading the 

project, and in the end adjust it and create a new framework which is based on the event log mining 

experience. 

2.4 DATA SOURCE  
The data explored are sets of facts. It can be acquired from various places, such as local database, 

internet. Volumes of website data come from the web applications due to the booming of social media; 

customer data can be acquired from business management tools, for investigating customer behavior 

and market trend [24]; hospital data could be retrieved from hospital system, getting information 

about patients or disease. Furthermore, data mining can be applied in supply chain management to 

identify trends, performance and support process management, inventory, production optimization 

[25]. Former examples have illustrated how people use data to benefit different industries. In this 

thesis, we are especially looking at event data from hospital management systems. Many studies have 

proved that healthcare systems could benefit from data mining technology [8,26]. Specifically, the 

characteristic of clinical process shows extreme complexity and flexibility [3], which increases the 

difficulty on process diagnose and interpretation. However, large information from the existing 

management tools used in hospitals have produced event record days and days, such as ISOFT, PAISs, 

Chipsoft.   

Event data can provide valuable sources of information for organizations that need to meet 

requirements associated with compliance, efficiency, and customer service [27]. The proper 

investigation on the process data can help understand the process better. Nevertheless, individual 

data elements within a process-based data set are not independent, which requires process mining 

technique to tackle this problem. Process mining [28] is a process centric technology that helps to turn 

event data into real value by discovering process, automatic bottleneck identification, revealing the 

actual people behavior, etc. The traditional process mining includes three types of work: process 

discovery, conformance checking, and performance analysis. Data mining, as an essential part for 

                                                           
6 https://medium.com/@jebaseelanravi96/machine-learning-iris-classification-33aa18a4a983 
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process mining [29], could bring other aspects to the event data. In this thesis, we focus on a different 

direction of process mining: applying machine learning models on clinical event data and performing 

process prediction. Understanding the event data at hand is the pre-steps for further data mining tasks.  

2.4.1 Event log, another data format  

Event data represents a special format for process mining, it is called event log. An event log is a 

collection of traces which represent process instances that have been executed. Each event in an 

event log is assigned to an activity executed for a singular process instance (one trace) [27]. For each 

trace, all events belonging to that case are ordered in a chronological style. The most commonly 

representation of an event log object is .xes file7, which is an XML-based data source adhering to the 

standard.  

An event could have any type of additional attributes as far as it is capable. The more attribute it has, 

the more informative the event logs are. However, for research purpose it is required for the event 

log to contain the following information [30]: 

• A case id: identify per process instance; 

• A task name: the name of the activity that has been performed; 

• A user name: human resources indicator, who have performed this event; 

• A time stamp: the date and time of this event. 

Event logs from healthcare domain can be more informative, for example, patients record during 

consultation, age, gender, diagnose tests and diagnose test results. Certainly, for data privacy reason, 

some information is required to be anonymized. For instance, we usually do not see the patient names, 

instead, it will be presented as a unique number (patient id) or a string. Regardless of the names, what 

matters is the relationships how events are followed for a patient, how the diagnose results are 

compared with different tests. It is these relationships that data scientist will focus on.  

2.4.2 Event log in csv format 

The simplest form for storing even log is in a text file. Aside from that, we can store and export event 

logs in the CSV (command-separated values) format [30]. The reason why we choose CSV format is 

that, this format is more widely being accepted and simply programmable by Python, such as panda’s 

library8, which is a library in Python that can read CSV file into data frame. Additionally, this choice 

could also fulfill the further work with machine learning model fitting. In a CSV file, each event is 

usually stored in a single line, and the attributes of that set of events are separated by a symbol, such 

as a comma (,). An example event log stored in csv file, represented as a table is given in Table 1. 

Table 1 demonstrates a piece of event log from hospital diagnose process. One can see that there are 

two cases involved in this piece of record. Case A shows full record, from registration event till the 

release event, and each event is ordered by time. Case B shows only the first two events the patient 

has had.  More details are provided in this record, such as one event about diagnosed test, namely 

the “ER Blood Test”, from which the output is also recorded in the event log as ‘blood test’ value (and 

has ‘True’ in the record). Another detail provided in events is ‘blood pressure’ measurement, in which 

is represented by a numeric value. Table 1 is an example, normally more information included in a real 

case, such as more diagnose tests and results. With such event log data, it is possible to start the 

mining task. 

                                                           
7 https://xes-standard.org/ 
8 https://pandas.pydata.org/ 
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Table 1: An example event log of patients. There are two cases included: case A and case B. 

Case ID  Age  Event name Organization  Time stamp Blood test Blood pressure  

A 68 Registration A 2014-10-22 12:01:00   

A  ER Blood test H 2014-10-24 11:08:01 True 120 

A  IV liquid H 2014-10-24 17:20:18   

A  IV Antibiotics D 2014-10-26 12:03:09  110 

A  Release: A F 2014-10-28 11:12:59   

B 79 Registration A 2014-10-22 11:15:09  90 

B  ER Blood test H 2014-10-22 15:13:41 True  

2.5 WORKING WITH FEATURES 
In the previous sections, we have briefly explained machine learning terminology, features. A feature 

is an attribute which describes the object on which analysis and prediction is to be done. When data 

is presented in tabular format, it describes instances in rows and attributes in columns.  In machine 

learning, attributes (features) can be used to form a mathematical model to describe that object. 

Some algorithms such as neural networks take data input as a feature vector, which means that each 

instance is formed by features as an n-dimensional vector. However, not all the machine learning 

algorithms recognize data as feature vector, other algorithms, such as tree models, train the model by 

greedily searching through features that best classifies the dataset. Once the algorithms determine a 

set of ideal features, the tree model creates a split on that features (as branch) to form different 

decisions. From former explanation, we admit that features are important for model construction. In 

other words, the quality and quantity of features chosen, has direct influence on the predictive model9. 

In theory, any attribute can be a relevant feature in the dataset. However, finding the useful features 

are essential for high quality predictive models.  Few reasons disclose the necessity of feature 

engineering and feature selection. First, many challenging tasks contain big amount of irrelevant and 

redundant attributes. Research shows that it is possible to have hundreds of thousands of features in 

many domains [31]. Taking an example of gene problem investigation, gene from each patient could 

be disassemble to thousands of features. Proper feature engineering can eliminate the redundant 

ones and simplify the problem. Second, not all features are contributing for predictive strength and 

not all features are needed or already exist in the dataset, so that choosing the most predictive 

features means giving flexibility on model fitting. In other words, if the strong predictive features in 

the data are pre-filtered, we can acquire a rather representative data structure to feed the model, 

instead of using raw data. With feature engineering, it is possible to construct useful robust predictive 

new features for models. Properly formed features can furthest describe the structures inherent in 

the dataset, which allows to use standard models to achieve highly success on predictive, increasing 

the flexibility on model selection. Third, feature selection can help contribute to less complex model 

with tidy feature sets. A simpler model is always desired in terms of model construction. Not only easy 

to understand, but also easy to maintain and faster on running. More importantly, it can avoid 

overfitting. Overfitting is an often-occurred modeling error when a function is over closely fit to the 

limited set of data points. It results an overly complex model to explain idiosyncrasies in the data10. 

                                                           
9 https://machinelearningmastery.com/discover-feature-engineering-how-to-engineer-features-and-how-to-get-good-at-it/ 
10 https://www.investopedia.com/terms/o/overfitting.asp 
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An overfitted model could cause worse decisions with unneeded features [32]. Therefore, feature 

selection method could wisely construct the necessary feature sets. Finally, there are more potential 

benefits of feature engineering: facilitating data understanding and data visualization, shortening the 

measurement and storage requirements, reducing training time and utilization time, decreasing data 

dimension to improve model performance [31]. 

2.5.1 Feature engineering  

Without good features, it is pointless to do feature selection. And feature engineering aims at 

constructing useful features from existing data. The more features, the better [33]. Accordingly, 

feature engineering always comes first compared with feature selection.  In practice, feature 

engineering is writing a piece of code to develop new features and append to the original ones. From 

the original data, which record the historical data, we can extract useful to information to improve the 

predictive power. It could be the number of counts of certain behavior; it could be the date time 

extraction to seasons, to working hours; it could be the measurement of numeric values. Here are 

some potentially useful aggregate features for each case from the piece of data represented in Table 

1, the patients record from hospital: 

• Average time between each event; 

• Duration per case; 

• Total number of events;  

• Total number of a certain test;  

• Maximum, minimum, average, median, variance of value from blood pressure test; 

• End event; 

• Number of times each organization appears. 

With this method, one can transform original information to new numeric features. These new 

features can effectively, from statistic point of view, be applied on machine learning algorithms and 

build robust models. What a data scientist wants is to eliminate useless features and deduce the right 

set of features to create leads to the greatest gain on model predictive performance. With clear 

objective of data mining tasks, sometimes we need to compute our target through data engineering. 

This is because that raw data does not always contain the information that we want to predict. After 

we have extracted the target feature, we can use supervised machine learning algorithms for the 

future model construction.  

However, the event data in Table 1 is presented in event log format, in other words, each case is 

recorded as multiple events instead of one row per case. With this format of data, we cannot directly 

work with machine learning models because we want to have a prediction value based on case instead 

of event. Machine learning models need to learn from the past cases but not few events for each case. 

That is also the situation this thesis face. That means, data pre-processing required firstly before 

feature engineering.  

Specifically, data aggregation is necessary to deal with multiple events recorded for a case to 

summarize in one row. In the transformation, some information is considered counterproductive, 

then we could delete this information in this step. Of particular note there is no strict order for data 

preprocessing and feature engineering, in practice it is often based on necessary. Back to the example 

of data record for patient in hospital, Figure 4 illustrates the data pre-processing of this piece of data. 

The first table shows the raw data set (case B is not completely shown). After data pre-processing, we 

could generate the second table, in which each case is represented in one row.  



13 
 

 

Figure 4: Example of data pre-processing from event based to case-based record. 

After the explained data transformation, as result we have each case from the data represented in a 

row. This information is in a format that machine learning algorithms cannot recognize since we have 

features such as event name, which contains all the happened event names as string types (same for 

organization and time stamp features).  

Feature engineering can extract information from aggregated cells. The method we could follow is 

introduced at the beginning of this section. The goal is to obtain as much useful features as possible.  

Again, in the example of patient record, we could further work on the result dataset obtained in the 

bottom of Figure 4.  First, the event name feature contains many happened events. We could create 

a new feature to indicate the number of events that happened for each. If there is a significant event 

we want to track, we could create a new feature for summarizing the number of times for that event 

as well, however in the example all the event happened once. Second, for organizations, we could 

calculate the amount of time for each organization. Suppose we have 10 unique organizations, it 

would result in 10 new features. For example, case A would have value 2 under the “organizations 

_H_totaltimes” feature. Third, for timestamp, it is valuable for extracting more temporal features, 

such as duration of each case. So that duration could be a new feature for each case. We could easily 

acquire it by subtracting the last event timestamp and the first event time stamp. Finally, we have a 

series of diagnose tests for each patient, some of them are Boolean and we will not do anything yet. 

However, some tests, such as the “blood pressure”, could have more than one numeric value. We 

need to work on this set of numeric result tests and enlarge the feature sets. The most common way 

is calculating the maximum, minimum, average, median, variance of “blood pressure”. In this way, 

one feature has expanded to five new statistics features.  The example has covered most of strategy 

we applied in the thesis, however in reality more practice could be applied on feature engineering, 

based on difference of data source format, data volume and data representation.  Table 2 shows the 

result of the example in  Figure 4 after feature engineering. 
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Table 2: Result table after feature engineering the data in Table 1. 

Case 
ID  

Age  Total 
event  

Organization 
A total  

Organization 
H total  

Duration 
in days 

Blood 
test 

Maxblood 
pressure 

Min. 
Blood 
pressure1 

… 

A 68 5 1 2 6 True 120 110 … 

B 79 5 1 2 4 True  110 100 - 

 

With feature engineering, we have acquired many useful features from the original data. As a result, 

by keeping the new ones as well as removing the original features which machine learning algorithms 

cannot read, such as “timestamp” it represents in a long string format. In the end, the size of the 

dataset changed as well. From event-based data to case-based data, the row dimensionality 

significantly decreased. And the columns size changed from small to large after new features added.  

Besides adding new features, dealing with categorical data is another often encountered step during 

feature engineering. In computer science, categorical data are data represented in categorical 

variables, which is referred to as enumerations [34]. For instance, a ‘color’ feature with the 

values: ’red’, ’green’, ’blue’. It is a set of variables all represented in string format. As we known that, 

not all the machine learning algorithms could process this type of information, therefore certain data 

transformation is necessary11. Particularly, algorithms such as decision tree can learn directly from 

categorical data, but for the sake of experiment we desire to apply multiple machine learning 

algorithms and compare the result. Simply, we could use various methods to encode categorical data 

to numeric.  

2.5.2 Encoding methods for categorical data 

There are various encoding methods introduced in this page12. In this thesis we chose two widely used 

categorical data transform encoders: one-hot encoder [35] and Ordinal Encoder13. One-hot encoder 

is the most prevalent method by its simplicity [36]. It has also been named as ‘The standard Approach 

for Categorical Data’ by Kaggle14. This method can create one feature for each value in the categorical 

enumeration. For each new feature it creates, the encoder can value it 0 or 1. 1 indicates that this 

category feature is true for this object. 0 means that the row does not show this characteristic under 

this categorical feature. An example is given with diagnose result of a patient in Figure 5.  

                                                           
11 https://machinelearningmastery.com/why-one-hot-encode-data-in-machine-learning/ 
12 https://towardsdatascience.com/smarter-ways-to-encode-categorical-data-for-machine-learning-part-1-of-3-6dca2f71b159 
13 https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.OrdinalEncoder.html 
14 https://www.kaggle.com/ 
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Figure 5: One-hot encoder transforming categorical data to numeric representation. 

In this example, we transform one categorical feature named ‘Diagnose result’. It has three 

possibilities in this category: type 1, type 2 and type 3. Of course, they are recorded as string instead 

of numeric. After applying the one-hot encoding, three new features append to the original data. The 

ordinary feature “Diagnose result” has been totally transformed, so it is not useful anymore, we can 

further delete it. And the new features can easily indicate which patient has which diagnose result 

from 1 and 0 indicators. With the new vector of three features, machine learning algorithms can easily 

read and learn from the numerical representation and recognize the diagnose result of each patient.  

However, alone with the new feature created, a side-effect is that the number of features could 

increase dramatically, which leads to complex modeling. We need other method to balance this 

problem, such as feature selection.  

Ordinal Encoder works even simpler. It can convert a string value into a whole number. For a specific 

categorical feature, the first unique value that appears in this feature will be converted to 1, and the 

second different value will be converted to 2, until it covers all the possibilities. Nevertheless, a sharp 

defect of this method is that by ordinal encoding, it will transfer all categorical values to meaningless 

numbers, which misleads the machine leaning algorithm since the algorithm will treat the variable as 

continuous and assume that transformed value are meaningful. A simple example can explain this 

awkward situation. Say that a column contains string values: ‘first’, ‘third’, ‘second’. After ordinal 

encoding, we can map each value accordingly ‘first’ as 1, ‘third’ as 2, and ‘second’ as 3. But these 

integer values do not mean anything, they only represent as different labels. In this thesis, ordinal 

encoder has been applied to ‘True’ and ‘False’ values. Back to the example of patient record, assume 

we have more patients recorded now with blood test, we can transform the diagnose result as shown 

in Figure 6. 

 

Figure 6: True and False value transformation using ordinal encoder. 

In Figure 6, we can see that each “True” value has been mapped with 1 and “False” value has been 

mapped with 0. This is a simple way to represent useful information in numeric format. With data 
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transformation, we could maximize the information gain from the original data set. After feature 

engineering, we often result to a big number of features. On the one hand is informative, on the other 

hand, it can produce an over complicated model. Therefore, reducing feature dimension is the next 

problem. So, we need to apply dimension reduction method on the data set, which is a process of 

reducing the number of features in order to decrease the complexity of machine learning algorithm 

modeling. Usually, there are two ways of working: one is feature selection, another one is feature 

extraction. They are different methodology with the same reduction goal. 

2.5.3 Feature Selection  

Feature selection, also named variable selection, refers to the problem of selecting input variables 

that are most predictive of a given outcome [37]. Feature selection aims to select a subset of d features 

from the given set of D measurements (d<D), without significantly degrading the performance of the 

recognition system [38]. Improving the performance is the fundamental goal of performing feature 

selection, besides, it is possible to gain knowledge of which are the particularly relevant features for 

a certain problem, this can help data scientists understand the research. 

The majority of selection methods are divided into two types: filter method and wrapper method [39]. 

The filter methods usually do not evaluate the performance of feature selected subset on model fitting, 

which is a main disadvantage, several failed experiments has been given by Ron Kohavi in [39]. 

Researchers have admitted that wrapper methods work better than filter methods [40]. In terms of 

wrapper method, see Figure 7, it can search through the space of features subsets using the estimated 

accuracy from a machine learning algorithm to measure how good is a feature subset. In this thesis, 

we chose to apply wrapper method instead of filter method. 

 

Figure 7: The wrapper approach for feature selection [39].  

In the wrapper approach [41], the feature selection algorithm exists as a wrapper around the induction 

algorithm, which is a chosen machine learning algorithm for evaluation purpose. Before the selection 

algorithm starts, data sets are divided into two parts: training sets and test sets, one is prepared for 

searching, one is prepared for evaluation. Then, the feature search algorithms itself manage the 

searching procedure and uses the induction algorithm to evaluate each feature subsets in a loop. In 

the end, the algorithm will promote one feature subset according to the best result from evaluation. 

This feature sets will be applied further on another independent induction algorithm and an 

independent test set from data that are not used during the search for final evaluation.  

2.5.3.1 Sequential search methods 

A wrapper approach such as sequential feature selection has been experienced in this thesis. It is a 

family of greedy search algorithms [42] that are used to reduced initial d-dimensional feature space 

to a k-dimensional feature subspace (𝑘 < 𝑑). Furthermore, we could add “floating” property to the 

methods, so that it can dynamically change number of features added or eliminated at each step. And 

this method has been proved that it is both computationally effective and quality effective [38]. 
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The sequential feature algorithms (SFAs) is a proper implementation of wrapper approach. In a 

nutshell, SFAs can add or remove features based on the validation from classifier performance, until 

a feature subset of the desired size k is reached. More specifically, there are four different ways of 

working within SFAs: 

1. Sequential Forward Selection (SFS) [43] 

2. Sequential Backward Selection (SBS) [44] 

3. Sequential Forward Floating Selection (SFFS) [38] 

4. Sequential Backward Floating Selection (SBFS)[38] 

Therein SFFS and SBFS are the extensions to the basic functions SFS and SBS, respectively. With the 

floating variance we could let the algorithm experienced more feature sets possibility through 

additional exclusion or inclusion steps, extra features will be included or excluded to exam the result.   

The basic algorithm of SFAs are sequential forward selection (SFS) and sequential backward selection 

(SBS). The pseudo code of SFS is indicate as: 

• Specify the willing number of features p include in the feature sets. (𝑝 <  𝑑) 

• Input: 𝑌 = {𝑦1, 𝑦2, … 𝑦𝑑} , 𝑌  represent as the whole features, d is the total number of 
features. 

• Output: 𝑋𝑘 = {𝑥𝑗| 𝑗 = 1, 2, 3, … , 𝑘; 𝑥𝑗 ∈ 𝑌}, where 𝑘 ∈ {0, 1, 2, 3, … 𝑑}. 

o The algorithm returns a subset of features. 
o The number of selected features 𝑘 must be specified a priori. 

• Initialization: 𝑋0 = ∅, 𝑘 = 0. Initial selected feature set is empty, so 𝑘 is 0, the size of the 
subsets. 

• Step 1 (inclusion) 
o 𝑥+ = arg max 𝐽(𝑋𝑘 + 𝑥) , where 𝑥 ∈ 𝑌 − 𝑋𝑘 , 𝐽  is the validation of induction 

function. 
o 𝑋𝑘+1 = 𝑋𝑘 + 𝑥+, 𝑥+ is the feature that maximizes the 𝐽 function, so we add 𝑥+ to 

𝑋𝑘. 
o 𝐾 =  𝐾 + 1. 
o Repeat until the termination criterion is satisfied.  

• Termination: 𝐾 =  𝑝  
o We add features from feature subset 𝑋𝑘 until the feature subsets with size equal 

to 𝑘 contains the number of desired features 𝑝 that we specified before. 
 
Compared with SFS, SBS differs on the way for initialization. It stars from initializing all the features 
that are included, then perform feature elimination step by step in order to maximize the induction 
function, so is called “backward”. Until it reaches the termination 𝑘 =  𝑝, it will stop and return the 
selected feature subset 𝑋𝑘. See the pseudo code of SBS: 
 

• Specify the willing number of features p include in the feature sets. (p < d) 

• Input: 𝑌 = {𝑦1, 𝑦2, … , 𝑦𝑑}, 𝑌  represents the initial feature set, 𝑑  is the total number of 
features. 

• Output: 𝑋𝑘 = {𝑥𝑗| 𝑗 = 1, 2, 3, … , 𝑘; 𝑥𝑗 ∈ 𝑌}, where 𝑘 = {0, 1, 2, 3, … , 𝑑}. 

o The algorithm returns a subset of features. 
o The number of selected features 𝑘 must be specified a priori. 

• Initialization: 𝑋0  =  𝑌, 𝑘 =  𝑑. Initial selected feature set is the original whole feature set, 
𝑘 is equal to the size of whole feature d and it is the size of the subsets. 

• Step 1 (exclusion) 
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o 𝑥− = arg max 𝐽(𝑋𝑘 − 𝑥) , where 𝑥 ∈ 𝑌 − 𝑋𝑘 , 𝐽  is the validation of induction 
function. 
𝑋𝑘−1 = 𝑋𝑘 − 𝑥− , 𝑥−  is the feature that maximizes the 𝐽 function, so that when 
remove x- the rest of features can achieve best classifier performance. 

o 𝐾 =  𝐾 − 1 
o Repeat until the termination criterion is satisfied.  

• Termination: 𝑘 =  𝑝  
o We remove features from feature subset 𝑋𝑘  until the feature subsets of size k 

contains the number of desired features p that we specified before. 
 
SFS and SBS are possible being extend with floating method, simply adding extra conditional steps 
after step 1 for each algorithm.  For sequential forward floating selection (SFFS) algorithm, we need 
to extend the SFS algorithms with extra condition : after the step 1 we have included a feature from 
feature space that leads to the best performance, instead of repeating the 1st step, we apply 
conditional exclusion to check whether removing one of the features from feature subset 𝑋𝑘  can 
improve the performance. If this improvement is possible, we exclude that feature, then we go back 
to step 1, and repeat these two steps. In the end, when it reaches termination criterion it will stop and 
return the desired feature subset. Similarly, Sequential backward floating selection (SBFS) algorithm 
has added a conditional inclusion after the step1 exclusion in SBS. So, after we removed one feature 
from step 1, we have reached a best performance compared to the past, then we move to step 2 and 
perform conditional inclusion. We search for features that are not in selected feature sets and add it 
back to the selected feature set, then we can exam the experiment result whether the performance 
improvement is maximized. If so, we add this feature back to the selected feature sets. By allowing 
the conditional “floating down and up” steps, both methods are capable to correct wrong decisions 
made in the former steps, to approximate the optimal solution. 
 
Since SFFS and SBFS are extended with extra conditions for SFS and SBS, it exists a risk on increasing 
complexity of feature selection problem. Therefore, in the thesis we chose to apply two algorithms: 
SFS and SFFS. Besides feature selection methods, more approaches have been proposed such as 
feature extraction, which is a totally different way to achieve lower dimension objective. It will be 
introduced in the next section.  

2.5.4 Feature extraction 

Besides features selection, feature extraction is another often applied methodology to reduce feature 

dimension. When the input data is too large or it exists redundant data (e.g. two times record for both 

meters and feet), then it can be transformed into a reduced set of features. It starts from initial data 

set and build derived features which can as much as informative and non-redundant. Compared with 

feature extraction, feature selection is a method to determine a subset of the initial features, and 

feature extraction is extracting information and constructing combination of features from the original 

data. Many data scientists have proved that properly optimized feature extraction is essential to build 

successive model15. Some often applied techniques of feature extraction are Principal Component 

Analysis (PCA), Kernel PCA (KPCA), Independent component analysis (ICA), Linear discriminate analysis 

(LDA). In this thesis, we have chosen three statistical transformation methods PCA, LDA, and ICA for 

studying and experiencing.  

2.5.4.1 Principal component analysis  

Principal component analysis [45] is one of the most broadly used unsupervised algorithms, it has 

been invented by Karl Pearson in 1901 [46]. By applying PCA we do not need to know the labels of 

data but simply working with all the existing features, which is unsupervised. PCA is not only an 

                                                           
15 https:\reality.ai\it-is-all-about-the-features\ 
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essentially dimensionality reduction algorithm, but also a useful tool for noise filtering, visualization 

and feature extraction. It is highly based on Linear algebra, and only works with data in numeric format. 

So, the pre requirements of working with PCA is that all the features must be transformed into numeric, 

which can be done by feature engineering. Then, we often need to perform variable standardization 

afterwards. The goal of standardization is to standardize the range of continuous initial variables so 

that each of them can give equally contribution to the analysis. In other words, make variable in a 

same range of numbers to avoid biases results.  

When data are fitted with principal components, PCA will find the best possible characteristics of the 

data and represents them with limited number of PCs. PC is stand for principal components, which 

are defined as a linear combination of the data’s original variables. “One stone kills two birds” vividly 

describe this algorithm, since we kill (dispose of) the birds but with a stone (PC) we get most of the 

information from the original. PCs are not real but artificial attributes. It represents the directions of 

data that explain a maximal amount of variance. However, they can be as much as informative 

compared with real data but much simpler. Most of the information from the original data are 

squeezed into the first component from the whole set PCs we get. For better understanding this 

concept, an example of PCA transforming from 2D to 1D data are given in Figure 8. 

 

Figure 8: A line indicating the best position to capture the largest possible variance in a 2D scatter 
plot 16. 

Figure 8 shows two different lines (a) and (b) presenting the variance of data. When project all blue 

points on a line, one can largest possible explain the variance, then it is the first principal component. 

The data variance can be indicated by the distance between each red dot, which is the blue points 

projected on the line. The moment that the red dots most spread out, shows the maximum variance. 

When compared with a and b, we noticed that the red dot on a is much more crowed that the red dot 

on b, so the line (first principal component) we choose is indicated with the purple line (b is closer to 

that line). We could compute high dimensionality data with the same rules by PCA. The result of PCs 

is same as dimension of data d. But we only keep the first k components which can represent the most 

information17.  

Another example in Figure 9 explains the number of PCs variance differently. It indicates an example 

with 10- dimensional data and get 10 principal components. PCA try to put the maximum possible 

information in the first component which reached 40%. The maximum remaining information will be 

represented by the second PC, until it reaches the least information it could present. In practice, the 

desired number of PCs k is smaller than its original dimension 𝑑 (𝑘 <  𝑑). So, the desired situation is 

using the least number of principal components explain the maximum percentage of variance.  In the 

                                                           
16 https://leonardoaraujosantos.gitbooks.io/artificial-inteligence/content/principal_component_analysis.html 
17 https://scikit-learn.org/stable/modules/generated/sklearn.decomposition.PCA.html 
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case of Figure 9, we can keep the first five PCs, which already represent around 90% of information. 

This five-dimension data are significantly simplified compared with the original data. 

 

Figure 9: Percentage of variance (information) for by each PC18. 

Nevertheless, if we noticed that PCA can only represent very limit information with large number of 

components, the application of PCA will be meaningless. Then we need to seek other methods to 

reduce the dimension of original data.  

2.5.4.2 Linear Discriminant Analysis 

Linear Discriminant analysis (LDA) is a supervised dimension reduction algorithm being widely applied. 

It also often used to perform multiclassification tasks. We chose it as one of the candidates for feature 

extraction. LDA works similar as PCA, by projecting input data to a linear subspace and looking for the 

best explanation of the data [47]. Unlike PCA, LDA aims at finding the lines (discriminants) which 

maximize the separation between classes, therefore the predict label (classes) are known a priori. In 

Figure 10, it is obviously that LDA can recognized data by classes and each sub class is a discriminant. 

Nevertheless, on the left side PCA explained data with two principal components based on data 

variance.  

 

Figure 10: Difference between PCA and LDA19. 

By applying discriminant equations20 , we can get multiple lines which differentiate classes most 

strongly. The lines are discriminants, considered as components in PCA. The number of possible 

discriminants is equal to the Min (k – 1, p), where k is the number of the classes and p represents the 

dimension of the data21. In Figure 11 we present an example of a 2-dimensionality data with 3 classes 

                                                           
18 https://towardsdatascience.com/a-step-by-step-explanation-of-principal-component-analysis-b836fb9c97e2 
19 https://stackoverflow.com/questions/33576963/dimensions-reduction-in-matlab-using-pca 
20 https://towardsdatascience.com/classification-part-2-linear-discriminant-analysis-ea60c45b9ee5 
21 https://scikit-learn.org/stable/modules/generated/sklearn.discriminant_analysis.LinearDiscriminantAnalysis.html 
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(in different color). In this example, LDA can compute Min(3-1, 2) = 2 discriminants. These two 

discriminants drawn clear lines between each class which is represented in three colors. The centroid 

of each class is located within the discriminant subspaces according to the perpendicular coordinates 

on that discriminants.  

 

Figure 11: LDA produces two discriminants on 2- dimensionality data22. 

2.5.4.3 Independent component analysis  

Independent component analysis (ICA)23 is the third feature extraction method we are introduced in 

this thesis. ICA is a general-purpose statistical technique in which observed random data are linearly 

transformed into components that are maximally independent from each other [48].  Some early 

projects [49,50,51] have shown and pointed out that ICA are mostly used on projects with neural 

networks and signal processing related topics. Especially it plays as dominant role in biomedical signal 

extraction. However, we are still curious about how capable it will be with event log transformed data.  

ICA is an unsupervised feature extraction method, which can be directly applied on dataset and 

transforms it to a new set of features. The output is a set of maximal independent component vectors. 

However, the output independent components are not weighted as PCA, which makes it a poor tool 

for dimensionality reduction. The advantage of ICA, according to Chatterjee24, is separating weak 

signals from multiple data sources with noise and artifacts. The purpose of applying ICA is to 

decompose signals into subcomponents (independent components) and identify the activity of 

distinct signal sources. An example picture in Figure 12 shows how ICA separate data into multiple 

independent components.  

                                                           
22 https://stats.stackexchange.com/questions/22884/how-does-linear-discriminant-analysis-reduce-the-dimensions 
23 http://ufldl.stanford.edu/tutorial/unsupervised/ICA/ 
24 https://towardsdatascience.com/dimensionality-reduction-pca-ica-and-manifold-learning-65393010253e 
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Figure 12: ICA separates data source into multiple independent components. 25 

So far we have introduced three different feature extraction methods in 2.5.4 and four similar feature 

selection methods in 2.5.3, they are all candidates for dimension reduction in this project. The 

experiment of this chapter is explained in Chapter 6. In the next phase, we need to apply machine 

learning algorithms on the reduced feature sets and build up prediction models. A few of selected 

machine learning algorithms will be introduced.  

2.6 MACHINE LEARNING ALGORITHMS 
If data is the knowledge we want to learn, machine learning algorithm is the artificial brain. Each of 

the algorithm has its own way of thinking and characteristics. Choosing the proper ones can certainly 

give a better-quality prediction result. Recall the theory of supervised and unsupervised learning 

introduced in 2.3, based on the problem at hand we choose to work with machine learning algorithms 

for supervised learning. In this thesis, we have two sub problems, one is classification task and another 

one is regression task. Classification is working with labeled data as input and predicted the label (class) 

for unknow data, the output is usually a set of known labels. Regression is identifying patterns of data 

and calculating the predictions of continuous outcome. The predictions are usually in numeric without 

range limited. For experiment purpose we have chosen three widely applied machine learning 

algorithms for supervised learning, and they are all possible for classification and regression tasks. 

Three algorithms include: Random forest, logistic regression and SVM. 

2.6.1 Random forest 

Random forest [52] is a famous ensemble prediction algorithm. It can combine the predictions of 

many decision trees in order to improve robustness over a single tree model. Each of the trees is 

constructed using a bagging sample method, which is an instance of a black-box estimator on random 

subsets from the original training set. Traditionally, a single decision tree can grow deep to learn highly 

irregular (high detailed) patterns, which leads to overfitting the training set and low bias but high 

variance. Random forest can use the bagging method to balance this situation. Within the forest each 

tree splits on the node based on the candidate feature set, which is a random subset of the feature 

set, named feature bagging. In other words, there are two randomizers being used in this algorithm, 

firstly is using bagging method generated low correlation trees, and another one is random feature 

selection on individual tree construction. For each single tree model, the algorithm allows trees to 

fully grow without pruning, this can significantly help to obtain low-bias tree. In the end, the random 

forest will aggregate the result by choosing the majority vote from each sub tree result (classification 

task) or mean value (regression task).  

The bagging procedure has significant meaning for random forest. It leads to better model 

performance since it decreases the variance of the model, without increasing the bias. While the 

                                                           
25 https://www.slideshare.net/FazleyRafy/independent-component-analysis-cocktail-party-effect-solution-presentation 
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predictions of a single tree are highly sensitive to noise in its training set, but the average of many 

trees is not, as long as the trees are not correlated. Simply training many trees on a single training set 

would give strongly correlated trees but with bootstrap sampling is a way of de-correlating the trees 

by showing them different training sets. Figure 13 shows an example of how random forest works. 

Given a training set 𝑋 =  𝑥1, … , 𝑥𝑛 with response 𝑌 = class 𝑂, class 𝑀, class 𝑁, Feature sets be 𝐷. 

Bagging repeatedly  𝐵 (𝐵 =  4)  times selects a random sample 𝑛𝑏 (𝑛𝑏 < 𝑛) with replacement of the 

training set 𝑋. For 𝑏 =  1, . . , 𝐵 ,  we apply further “feature bagging” on each sub sample set, by 

choosing d1 features from D form 𝑁𝐵 sub feature set with replacement and train the tree model.  As 

a result, we see that in total we have four non-correlated tree models and constructed with 𝑁1, 𝑁2, 

𝑁3, 𝑁4 different feature sets.  A low bias and low variance random forest classifier is constructed and 

fitted with unseen data, after combing the output of the four individual models by majority voting we 

get class 𝑁 which is the final result.  

 

Figure 13: Random Forest Algorithm26. 

These characteristics of random forest can achieve both low bias and low variance by averaging over 

a large tree model. It has been pointed out by [53] few reasons why we need to use random forest as 

a classifier: 

a) Suitable for many features’ dataset 

b) Suitable for multi classes classification problem 

c) Good performance with noise features as well 

d) Efficiently overcome overfit problem 

e) Able to handle both categorical and continuous variables 

Additionally, random forest can also tell data scientist the feature importance based on the original 

dataset, so this method is a feature selection method as well [54]. In this study, we have mainly applied 

this method as predictive model for prediction purpose. 

2.6.2 Logistic regression 

Logistic regression is an important machine learning algorithm, with purposes of modeling the 

probability of a random variable Y being 0 or 1 given experimental data. It can help data scientist 

predict the likelihood of an event happening or a choice being made. Different than random forest, it 

is a statistical linear model that uses a logistic function to model the response. The response could be 

‘pass’ or ‘fail’ for exam result prediction, ‘healthy’ or ‘sick’ for disease detection problem etc. It is also 

possible for regression problem, then logistic regression is estimating the parameters of a logistic 

model. Specifically, logistic regression is not an actual classifier. However, the model itself give output 

                                                           
26 https://blog.quantinsti.com/random-forest-algorithm-in-python/ 
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as probability for each class in terms of input data. By observing the probability of each value, we 

could predict the class it belongs to. The mathematical explanation has been explained by Andrew 

Ng27.  For multi classification case, the binary logistic regression has extensions to more than two levels 

of independent variables problem, this is modeled by multinomial logistic regression, also known by 

SoftMax regression. 

This algorithm has been widely applied in machine learning, mostly in medical fields, and some in 

social science. Practical assignments shows that logistic regression can predict the risk of a developing  

a given disease, based on the observed characteristic of patients, such as age, sex, diagnose blood test, 

etc. [55,56]. The past experiences proved that logistic regression can be a proper candidate for this 

thesis since the study has similarity on the characteristic of data.  

2.6.3 Support Vector Machine (SVM) 

Support vector machine abbreviated as SVM, is a linear classifier that is being widely used by machine 

learning experts. It is highly preferred by many because of significant performance on accuracy and 

efficiency computation. It is a proper choice for both classification tasks and regression tasks, 

especially more often seen in classification objectives. For regression tasks, there is an extension of 

SVM, it is called Support Vector Regression (SVR).  

The goal of SVM is finding a hyperplane in an n-dimensionality space that distinct the data. 

Hyperplanes are decision boundaries that help classify the data points. The hyperplane is built in an 

SVM model based on support vectors. It is a line in a 2-dimensionality dataset, a 2-dimension plane in 

a 3-dimenentioan data sets, and so on. And support vectors are data points that extremely closer to 

and from the hyperplane, which influence the position and orientation of that plane. By using these 

support vectors, we could maximize the margin of classifier to enhance the generalization ability. So, 

in SVM, only datapoints who can build for support vectors are used to build the classifier instead of all 

the data points.  

 

Figure 14: Support vector machine with optical hyperplane28.  

Figure 14 shows a 2-dimension dataset example with two classes, red square and blue dots. In the left 

side of the picture it shows that there are many possibilities to draw the hyperplane in order to 

separate two classes. However, we are aiming at finding the maximum margin between different 

classes through training data (right part of Figure 14), in order to provide the most accurate for classify 

unseen data.   

                                                           
27 https://akademik.bahcesehir.edu.tr/~tevfik/courses/cmp5101/cs229-notes1.pdf 
28 https://towardsdatascience.com/support-vector-machine-introduction-to-machine-learning-algorithms-934a444fca47 
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SVM has been applied in many fields, such as test and hypertext categorization, classification of image, 

recognizing hand-written characters29. We have considered this as a new methodology to apply on 

the event data. The result of the application with SVM can be validated and compared with other 

algorithms.  

2.7 EVALUATION METHOD  
In the former chapter, we have briefly covered machine learning techniques such as feature 

engineering and predictive models. After predictions made, we still need to evaluate the work. Besides 

discussing the result with professionals from certain field, some technique could help us to interpret 

the result. Especially, the objective is finding a high robust predictive model for the dataset at hand.  

In order to understand the result, this section will cover often seen machine learning terms which 

used to observe model fitting. The most often mentioned by data scientist are overfitting and 

underfitting, they are using to describe how well data are fitted with models. A train and evaluate 

manner named train-test-split often used for model fitting, sometimes it applied together with cross- 

validation30 to avoid overfitting. For model performance, some score measurement methods such as 

accuracy, loss, MSE, MAE are introduced to compare between models.  

2.7.1 Train-test-split  

In general, when data scientists get a piece of dataset to investigate a problem, they don’t have extra 

data to evaluate the result. One can imagine, using the same piece of data for both model generation 

and evaluation, the performance will always be showing a fake high score, which is not what we 

desired.  Therefore, people invented train-test-split method to solve this problem. By randomly 

splitting the raw data, we could get two set of data, one is training set, which is used for training model, 

another set is test set, which is used for evaluating model as “unseen” data, see Figure 15. By 

experience, we often take 70% as training data. As a larger portion of data, it could feed the model 

with more knowledge, since the more data the model learns, the more robust the model will be. After 

the model learned, we use the rest 30 % data as test data and run on the generated model. In other 

words, in supervised learning, we pretend that the label of the test data is unknown. By applying the 

trained model, we predict the test data’s label as predict result. Further, we could compare the predict 

result with the true label from test data in order to compare and evaluate model performance. In this 

thesis, we have applied this train-test-split with 70%-30% ratio for all experiments.  

 

Figure 15: Data sample train-test-split method. 

2.7.2  Overfitting and underfitting 

With previous introduced splitting method, the predictive model is trained on the training data, then 

we try to exam the model with training data and test data (as described in section 2.7.1), one of two 

things are often happened is, we overfit the model or underfit the model. These are undesired 

situations. For example, in Figure 16 the yellow points represent data points and the blue line is the 

model. Model is trying to fit the data with a shape, different methods can generate different models. 

Particularly, (a) represents overfitting and (c) represents underfitting. Overfitting means that the 

model we trained are too closely or exactly to a particularly set of data, and cause failure on predict 

future unseen data. The overfitting model are often complex and detailed, for example trained with 

                                                           
29 https://data-flair.training/blogs/applications-of-svm/ 
30 https://machinelearningmastery.com/k-fold-cross-validation/ 
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many parameters, see (a) shows the blue line is trying all the best to describe the yellow data points. 

Basically, the model learns to describe all the details, even include noise.  A reality example is a highly 

grown decision tree, it will lead to unseen data poorly fitting the model. In the feature engineering 

part, we have briefly described that fewer features can to some extend ease overfitting, by given less 

information for training the model.  

 

Figure 16: Overfitting, regularized situation, and underfitting31.  

 

Underfitting is contrast to overfitting, it means that the model fit the training data in a loose way. 

When underfitting happened, the model poorly catches the trend or patterns in the data. This is 

usually the result of an extreme simple predictive model; some parameters are considered missing. 

We could notice (c) in  Figure 16, a simple linear model apparently cannot describe the yellow data 

points. Underfitted model cannot be generalized to new data as well, which will also cause failure for 

the future unseen data. Nevertheless, we want to avoid both problems happening in data analysis. 

The best situation is to find a regularized model which could describe the data in a proper way, such 

as (b) in Figure 16. Moreover, observing the bias-variance trade off32  can be helpful as well to find the 

proper point to stop training the model.  

2.7.3 Score matrix 

Scoring is the most straight forward way to evaluate how a model is performed. It is numeric and easy 

to compare especially when we have situation such as multiple models working on the same 

prediction task or one model with multiple parameter settings. In machine learning, we are relying on 

minimizing or maximizing a function (score) for seeking a higher quality model. There are few often 

used scoring functions recommended by data scientist that will be introduced and applied in this thesis. 

Different evaluation functions serve different type of models. For classification task, we chose 

classification accuracy, log loss, and f1 score; for regression we chose MSE, MAE and R2 score.  

Classification accuracy is what we usually mean the term accuracy. It represents the ratio of number 

of correct predictions (label) to the total number of input samples. By formula: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 𝑚𝑎𝑑𝑒
 

It is the most well used scoring method for classification task. However, when data are unbalanced it 

is not accurate to give a good interpretation. For example, consider an extreme situation such as 95% 

data are labeled class A, then by predicting all as class A we have already a rather good score, but the 

model might fail on detecting other cases for unseen data. Therefore, it is not completely trustworthy. 

Decomposition the prediction result combined with other evaluation methods will be a doable 

approach for this problem. Therefore, more score methods are introduced in this thesis for 

evaluations.   

                                                           
31 https://towardsdatascience.com/train-test-split-and-cross-validation-in-python-80b61beca4b6 
32 https://towardsdatascience.com/understanding-the-bias-variance-tradeoff-165e6942b229 
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Log loss is one of the loss functions we chose for measure the classification performance. Especially 

this function is well performed for multi-class classification. When working with log loss, we must 

measure the probability to each class for all the samples. The value for log loss is from 0 to infinite. 

However, when we observe the change of log loss score, the closer to 0, the more accurate will be, 

the better we would like to see in terms of the model performance.  

F1 score is used to show the relationship between precision and recall. It has a range between 0 and 

1.  In general, we are curious how precise is the model as well how robust the model is, then f1 score 

could tell. Because, extreme situation such as a high precision but lower recall can give a good accurate, 

but also miss a large of instances that are difficult to classify. In order to measure this relation, we 

have the formula: 

𝐹1 = 2 ⋅
𝑝𝑟𝑒𝑖𝑠𝑖𝑜𝑛 ⋅ 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 

MSE and MAE are the most commonly used regression loss functions. MSE stands for Mean square 

error, which is the sum of squared distances (error) between true value and predict value, also named 

L2 loss. MAE stands for the mean absolute error, which is the sum of absolute different between true 

value and predict value, also named L1 loss. The objective is minimizing these two loss functions during 

model evaluation, when the prediction reaches exactly the true value, both of loss will be 0. Depending 

on the situation we can choose a proper loss to measure the performance. If we are focused on the 

outlier for prediction, we should choose MSE, since it is very sensitive for the error (squared difference 

will be extra sharp). If we want to ignore the outlier or consider it as noise, choosing a robust error 

measurement are important, then we should choose MAE. This method has especially been applied 

in the second assignment: the regression task (section 7.3). 

R2 score represents the ratio of variance from target that has been explained by the independent 

variables (predicted values) in the model. Generally, it is a measurement of how well unseen data are 

likely to be predicted by the model, through the ratio of explained variance. The best score is 1, 

nevertheless, the R2 score can be a negative value, which simply reflect that the predictive model is 

arbitrarily worse. When the score is 0, all the predicted values stay constant, which discarding the 

input features, this is not desired for the predictive model.  

The above six score matrixes have been introduced and applied in this thesis, epically for the 

experiment evaluation in section 6.5. In general, by comparing with scores we can find the differences 

and select the best fit algorithms for the event data.   
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Chapter 3 APPROACH  

In this chapter, we are going to introduce the thesis’ objectives. Then, an overview of approach will 

be described as a guideline for carrying out the research in this thesis. 

3.1 BACKGROUND 
This thesis is about sepsis patient data from a hospital ERP system. Sepsis is a life-threatening 

condition that arises when body’s response to infection causes injury to its own tissues and organs33. 

It is a frequent cause of severe diseases and deaths worldwide [57]. According to records in the United 

States, roughly 1.7 million adults’ cases occur annually, which contributes to 265000 deaths per year 

[58]. Such type of disease each year could cause lots of pressure to the hospital. Data scientists can 

help hospitals in order to gain more insight in patients’ diagnoses and better planning of hospital 

resources. The latter is possible by better predicting the patient’s clinical path. With this intention, we 

start to apply machine learning algorithms on the existing patient records and attempt to make 

predictions on the patient’s clinical path.  

3.2 DATA SOURCE  
In this research, we are using a real-life event log that contains events of sepsis cases from a hospital. 

The sepsis event log34  is obtained from the data archive of the 4TU.Centre for Research Data. The 

sepsis diagnose records are from 2013 to 2015. All the patient names are anonymous and presented 

by alphabetical case id. In total, it contains 1050 cases with around 15,000 events, hence each case 

has averagely 14 event records per patient. In the records there are different diagnose tests results 

and other information of the patients such as age. Not only patient related information, but 

organization information is included as well. The format of the data source is an event log format, 

which has been introduced in chapter 2. Challenging for this project is that much preprocessing work 

on this data is needed for it to be usable by machine learning algorithms. 

3.3 RESEARCH OBJECTIVE 
We are aiming at helping hospitals to predict patients’ future from existing diagnose and 

administration data. One can imagine that doctors in the hospital are usually experienced. Sometimes 

by observing the symptoms of a patient they could already tell what is about to happen next. Still, 

healthcare systems have the characteristic of high complexity, highly dynamic and ad hoc [59]. Within 

such special and flexible environment, it is useful to have a statistical helper to help those 

professionals making decisions. Especially, machine learning technology rapidly developed, and more 

and more successful examples are proven in many fields. Hence, we want to prove that this should be 

achievable by investigating event data from hospital. In real life, there are many topics possible to be 

covered, however, in this study we are focusing on predicting the last event of a patient (end event) 

and the duration of a patient stay in a hospital. 

The first assignment is about whether it is possible to predict the last event of sepsis patients, by 

investigating their diagnose event log is available by the hospital administration system. It is a 

supervised classification task, since we already have many examples of patient data and their last 

event. After working on the first topic, we also want to conclude a framework of which applying data 

                                                           
33 https://www.nlm.nih.gov/ 
34 https://data.4tu.nl/repository/uuid:915d2bfb-7e84-49ad-a286-dc35f063a460/object/citation 
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mining technology on event data. From hospital point of view, we wish to help the doctor make clinical 

path predictions based on the past events. 

The second assignment is about predicting the remaining number of days of the clinical journey of a 

sepsis patient, which is a regression task. The main idea of this experiment is to predict the remaining 

number of days by using the available event data. Some people only have a short visit after few 

diagnose tests, some people stay for hundreds of days. Hence, predicting the duration of stay can be 

beneficial for the hospital administration, such as planning. Additionally, we will use the framework, 

which is concluded from the first assignment. At the same time, we will examine and improve this 

framework for future research. 

3.4  GENERAL APPROACH  
In section 2.2 we have introduced the CRISP-DM framework, which is a common routine for data 

mining. Generally, we have followed it as a guideline and have some parts adapted to the specialty of 

this research. The approach is shown in Figure 17. In this approach, we especially designed a few 

experiments for research purposes, indicated as the “Experiment loop”. Particularly it means that for 

each assignment we run two types of dimension reduction algorithms and compare to three machine 

learning models. After that, we get two results: one is the classification result, indicated with a star 

logo, and a regression result shown with numbers (see Figure 17). 

 

Figure 17: General approach. 

Initially, we studied the business background and reviewed healthcare related literature. Then, we 

continued with data exploration. We present this in Chapter 4, it will give an idea of what the data is 

about. In Chapter 5 we describe the data preprocessing which is needed to convert event-based data 

to case-based data. In this chapter we also describe feature engineering with the purpose of extracting 

all the available information from the event log, by appending new features (characteristics) to the 

case-based data. This results in datasets with a dimension of 225 features.  

After feature engineering we have two sets of data for the two assignments, both with high 

dimensionality. High dimensional data could cause complex modeling and overfitting (Section 2.5). 

Therefore, finding a proper way to reduce the dimensionality is the goal for the next step. Several 

methodologies for feature reduction were applied, and the experiments are shown in Chapter 6. More 

specifically, we mainly focus on two types of methods: feature selection (FS) and feature extraction 

(FE). Each of the methods has a few candidates. In order to find the best performance, we have tested 

each candidate and evaluate with three machine learning models. This process is represented as the 

“experiment loop” in Figure 17.  
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As mentioned, there are two machine learning parts involved in this thesis: classification and 

regression. The procedure of working with them is similar, but the target characteristics are different, 

which causes differences in some stages. This is the reason that we have split this work into two sub 

tasks. We firstly started the classification task, then we started the regression task. The learnings of 

the first task are used for the second one. The process and results of the regression task are shown in 

Chapter 7. In the end, the way of working for event log mining is summarized as a framework and 

represented as one of the outcomes. 

In the coming chapters, the details of the two assignments are explained, including approach and 

results.  
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Chapter 4 DATA EXPLORATION 

Understanding the original data source is essential when starting the data mining task. The data source 

for this project is stored as event log (2.4.1), in . xes format. Many applications support this type of 

input file, such as ProM35. One way of reading these files is by PM4Py36. PM4Py is an open source 

library that supports process mining algorithms in the Python programming language. We have used 

it in the initial phase of the project, within a Jupyter Notebook37, which is a Python programming 

environment. 

We first read out the records and reviewed a few instances of it. There are 1050 cases (patients) in 

this event log file. Each patient has averagely taken 14 events in their sepsis diagnosis path. There are 

16 recorded activities in total, see Figure 18. 

 

Figure 18: Sepsis activity distribution. 

From Figure 18, we noticed that the most happened events are “Leucocytes” 38and “CRP”39. These two 

tests happened roughly 45% of all the events, more than 3000 times each. Few of them happened less 

time such as “Release” related events, they mainly happened in the later stage of the diagnose process, 

most of them are especially shown as the last event of each patient. We also noticed that “release A” 

is the most seen last event of a patient, relatively, “release E” will be a rare case, not much patients 

end with that.  

Moreover, many other attributes are covered in this event log: patient’s age, diagnose test results, 

event names, timestamps, and encoded case id. This has been summarized in Appendix Ⅰ. 

In Figure 19 , we have plot first 9 patients record from the event log to get a general idea (plotting by 

Seaborn library40).  

                                                           
35 http://promtools.org/doku.php 
36 http://pm4py.pads.rwth-aachen.de/ 
37 https://jupyter.org/ 
38 Leucocytes: White blood cells (leucocytes) are the cells of the immune system that are involved in protecting the body against both infectious disease and 

foreign invaders. 
39 C-reactive protein (CRP) is a ring-shaped, pentameric protein found in blood plasma, whose circulating concentrations rise in response to inflammation.  
40 https://seaborn.pydata.org/ 
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Figure 19: First 9 patients’ record. 

We can see that for the first 9 patients, 13 activities have happened on them which is indicated on the 

left side (the total activities involved here are 16). The horizontal axis “Patient Id” represents different 

patients, ranging from 1 to 9 in patient appeared order. The vertical axis “Event Timeline” indicates 

the time order when each event has happened per patient. We noticed that, in these 9 cases, patient 

2 has the most events, 14 in total. Patient 4 has smallest number of events, 8 in total. The figure shows 

a pattern: all of patients start with the pink one, which is “ER registration”, then it comes with orange 

event. In the middle some green and blue events are shown for different cases. It ends mostly with 

grayish blue event, which represents “Release A”. Other possible last events are also shown, such as 

“Release B”, “Return ER”. By that we know different cases can end up with a different result, most of 

them start with “ER Registration”. Few events happen repeatedly. We notice that “CRP” and 

“Leucocytes” can occur repeatedly.  

Moreover, there are 23 diagnose test results recorded for each patient, most of them have values 

“True” and “False”, except attribute “Diagnose”. We have mapped “True” and “False” to 1 and 0 

respectively for plotting the majority test in the histograms in Figure 20. 
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Figure 20: Diagnose test result. 

Obviously, all of them are either 0 (“False”) or 1 (“True”), but there is not a strong pattern we can see 

from the plots. Besides, in the event log there is still a “Diagnose” attribute, it has more diverse result. 

Noticeable, this “Diagnose” does not necessarily represent the final diagnose result, is neither the 

prediction label, but a normal attribute in this case. It shows 145 types of diagnose result out of 1050 

cases. The most common one is C and B (both are more than 10%). See Figure 21. 



34 
 

 

Figure 21: Distribution of the “Diagnose” attriute (the labels represent different diagnoses). 

Moreover, organization information is process related information provided by the event log. By 

checking which activity is executed most by which department, is key to understand the responsibility 

of each department. Figure 22 shows the distribution of organizations over the activities, represented 

by different colors. The horizontal axis represents 16 activities, and the vertical axis is the number of 

times that each activity happened. 

 

Figure 22: Organization information for 16 activities. 

We notice from Figure 22 that “organization B” is the one responsible for all three numeric diagnose 

tests. The unknow organization represented with “?” is responsible for “Return ER”. “Organization A” 

is involved in many events as well, such as “ER Registration”,” ER Sepsis Triage”, and “IV” related 

activities.  

After the general overview of the event log, in the next chapter, we are going to present data pre-

processing on the available event data.  
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Chapter 5 DATA PREPROCESSING  

5.1 INTRODUCTION 
In this chapter we describe the data preprocessing that is required before we can apply machine 

learning on it as depicted in Figure 23. The first step involves converting the XML based event log 

format to a table/CSV file format using the PM4Py Python library. In this table, each row is 

representing an event instance. Hence, for each case there are multiple rows (events). Each column is 

an attribute/field. 

 

Figure 23: Data transformation 

The second step is to clean the event-based data. It is needed in order to have a high-quality data set. 

For example, we need to do something with missing data or irrelevant (no-contribution) data, 

examples of what we cleaned: 

• The ‘Diagnose’ field has 24% of times a missing value (see Appendix I). We keep these events 

and ensure the field is set to Numpy.NaN. In addition, there are 24 event records without a 

case id, keeping them could cause mistakes, as such we delete them. 

• We removed fields that always have the same value (non-variance), since they do not 

effectively contribute to the machine learning we do later. 

• We noticed question marks in the values, which means the person who recorded it might 

consider it as a null value. In this circumstance, we keep it as it was. For example, the attribute 

“Organization” can be “org_?”. 

 

Figure 24: Data transformation of case “A”. 

The third step is to transform the data set from event based to case-based. This is done by combining 

rows per case, since we want a row to represent a case (patient). As a result, the first CSV file has 

15214 rows (events in total), after the second step, it ends up with 1049 rows (1049 cases in total). An 

example from event-based to case-based is shown in Figure 24. Notice that this processing step is not 

trivial. For example, multiple rows have overlapping fields. To solve this, we do feature engineering, 

which is described in section 5.2. 
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In addition to solely making sure we can combine rows as described above; we also need to convert 

the resulting fields (columns) to meaningful features (columns in our implementation), dropping 

irrelevant fields (like ‘case’/patient ID, since a row already uniquely identifies a case), and smartly 

combine fields to create new useful features. This is also described in section 5.2. 

For the classification task we omit the last event of a case, since that represents the target. For the 

regression task we only include those events that we do not filter out. More details follow in this 

chapter. 

5.2 FEATURE ENGINEERING 
Feature engineering is a method to extract valuable features and discard redundant information from 

the original data set. The methods we apply here have been introduced in chapter 2.5.1. In this chapter 

we describe how we apply these methods to real data. 

First, for all the True/False diagnose tests attributes which are represented in Figure 20, an ordinal 

encoder is used to map “True” and "False” to 1 and 0 respectively. 

In the list below we list the attributes that will give problems if we combine multiple events into a 

single case row. For these attributes we will create new features and drop the original attribute: 

1. Multi-numeric attributes: “CRP", “LacticAcid”, “Leucocytes” 

2. Categorical attributes: “Diagnose”, “event name”, “organization” 

3. Temporal attribute: “timestamp” 

In addition, we need to create a target attribute: for the classification task, we appended a column 

which is the “end event”. For the regression task, we append “remaining days” for prediction target. 

The following subsections give more detail. 

5.2.1 Multi-numeric attributes 

The first step is about extracting information from the three multi-numeric attributes: "CRP", 

"LacticAcid", "Leucocytes". In event logs, we often see that one can execute one activity multiple times. 

When one activity repeatedly happened with different records produced, we need to find a way to 

summarize this activity. We could store these occurrences in an array. However, this results into 

various array sizes among rows, which is not convenient for machine learning algorithms.  

Descriptive statistics is an alternative way, which refers to methods for summarizing and organizing 

the information in a data set [60]. Some of the statistical methods are used to calculate each patient’s 

per numeric test record, creating the average, minimum, maximum, variance, and median as five new 

features. If this patient has no result of the test, it will show 0 to all these five features. In total there 

are three numeric tests, so after this step, 15 new features will be appended on the new data source. 

An example shows how “CRP” test is transformed into new features, see Figure 25. The original 

attributes are dropped. 
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Figure 25: Numeric tests transformation. 

5.2.2 Categorical attributes 

In the second step, we are going to deal with categorical features. In the original dataset, we have the 

patient characteristic categorical feature “Diagnose” and process related categorical features “event 

name” and “organization” (organization involved). Since we combine multiple events, we need to have 

an encoding that works for our use case. We therefore use a one-hot encoder for each categorical 

attribute. "One Hot" refers to a state in electrical engineering where there is only a single bit with a 

value of 1, the “hot” bit. 

When we apply a one-hot encoder on “diagnose”, it generate features for all possible diagnoses 

(categories) “diagnose_type_1”,…,”diagnose_type_n”, “diagnose_type_none” (indicating no 

diagnose). If the diagnose is type 3, then feature “diagnose_type_3” will be “1”, all others will be “0”. 

As a result, 145 new features are added to just represent the “Diagnose” attribute, and the original 

categorical feature “diagnose” is dropped. The side effect of this method is that it will make the data 

source become very complex. But still it is one of the most popular way acknowledged by data scientist 

to do categorical data transformation. 

The other two attributes “event name” and “organization” also need to be transformed. We include 

them because we want to use diagnose process related information. A high frequency of certain 

events for example could give useful information for the predictive model, e.g. it could predict more 

required treatments or tests. In order to summarize “event name” we create a feature (column) for 

each type of event/activity and use it to store the number of times the event/activity happened: 

“activity_1_nr_of_times”, …, “activity_n_number_of_times”. In addition, we record for each patient 

how many events he/she has encountered in total. For the “organization” attribute we follow the 

same strategy. 

5.2.3 Temporal attribute 

The original data is an event log and has timestamps recorded for each event. By observing 

timestamps, we can see and later predict how long a patient is in hospital. In section 5.2.4 we describe 

how we use timestamps to filter data for the regression task. For the classification task, we do not 

filter, but add a feature “number of days”. This is a subtraction of the timestamp between the second 

to last event and first event. We do not include the last event, since that is what we want to predict 

with only the information until the second last event. The original “timestamp” attribute is removed 

in both cases. 

5.2.4 Target 

The last feature that we append is the target, which is what we want to predict. The machine learning 

algorithm learns many different cases and makes predictions for the target based on its knowledge 
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for unseen cases. The target though is different for the classification task and regression task, all other 

attributes, except the temporal one, are the same. It is because both tasks are mining information 

from the same data source, when we designed the input data set for model fitting, we have already 

maximized the information in there with feature engineering. However, the target feature is different 

due to different research objectives. 

The classification task is aiming at predicting the next/end event of a sepsis patient. So, we use each 

case’s last event as the target, named as “end event”, which is a set of all possible activities (16 in total, 

indicated in Figure 18) according to the event log.  When preparing the input data source, we need to 

exclude the last event information from the original event data. It is because the last event is what the 

model needs to predict, so it is the target of that case. After prediction, we can compare the answer 

given by the model with the target. The procedure is described in Figure 26. 

 

Figure 26: Create the first classification task input data source. 

For the regression task, we want to predict the remaining days of a patient in the hospital based on 

different days of record. We therefore introduce the timeframe filter. The timeframe filter has one 

parameter X denoting the number of days we want to have in the dataset for each case. Note that we 

start counting days for a patient from the first event for that patient, see Algorithm 1 for more details. 

After running this algorithm, we have each patient’s remaining days in terms of X that is used as the 

target. Patients left before X days are excluded and the last event included is within X days for a patient. 

Figure 27 is a visualization of the timeframe filter. 
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Figure 27: Apply timeframe filter on the record for the regression task. 

Algorithm 1: Retrieve first X days record 

 

5.3 FINALIZE THE DATA SOURCE 
After feature engineering, we have an informative case-based CSV input data source, with dimension 

1049*225. For the classification task, we have followed the steps mentioned above for diagnose tests, 

numeric diagnose tests, categorical data, temporal information and target. We end up with the 

feature set as shown in Appendix III, having 225 features of a patient’s case. 

For the classification task, only a single dataset is required. For the regression task we need to make 

a dataset for each timeframe filter (by following the procedure outlined above). This allows us to 

investigate the prediction power for various timeframe filters. For example, it is interesting for hospital 

to understand, how many days record we need in order to do predictions that are accurate enough 

for them. 

Result:  a dataset with all the cases with only first X day's record 

Input:  event based data ED 

Output: data frame records 

records = Data frame() 

foreach caseId in getListOfUniqueCaseIds(ED) do 

 events     ⟵ getEvents(ED, caseId) 

 lastEvent  ⟵ getLast(event) 

 firstEvent ⟵ getFirst(event) 

 

 if (lastEvent.timeStamp – firstEvent.timeStamp) ≥ X then 

 cutDay    ⟵ firstEvent.timestamp + X 

 filtered  ⟵ getFiltered(events, timeStamp < cutDay) 

  /* combine events and do feature engineering */ 

 record        ⟵  makeCaseRecord(filtered)  

  /* remaining time for a patient */ 

 record.target ⟵ lastEvent.timestamp – getLast(filtered)  

 

 add record to records 

 end 

 return records 

end 
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As a result, we have prepared a dataset for the regression task with timeframes from 5 days to 30 

days. This means we have 25 tables in this dataset, with 225 features each, but each with their own 

row count. Each individual table is extracted from the same event-based dataset (see Figure 23). In 

total Algorithm 1 is repeated 25 times for 25 different timeframes. The size of each of these 25 tables 

is shown in Figure 28. We have 673 cases which are longer or equal to 5 days out of a total of 1049 

cases available. 

 

Figure 28: Data samples after day filter applied for regression task. 

5.4 CHAPTER SUMMARY  
Above, we have introduced the conversion from the sepsis event-based log, to case base datasets 

(CSV based) optimized for machine learning algorithms. As a result, we have changed the data 

dimensionality from 15214*32 to 1049*225 for the classification task; we have extracted 25 sub data 

files with 225 features each for the regression task. Notice that the number of cases is different 

considering different timeframe filters. However, the 225 features are highly informative but also 

highly dimensional, this will lead to a complex model if we use this data to feed the model. Hence, in 

the next step, we are going to apply dimension reduction techniques to simplify the dataset, at the 

same time keeping as much information as we can, then we can apply them for training the predictive 

model.   
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Chapter 6 DIMENSIONALITY REDUCTION  

6.1 EXPERIMENT SET UP FOR FEATURE SELECTION AND FEATURE EXTRACTION 
In section 2.5 two commonly used methodologies to reduce dimensionality were introduced. These 

methods are often applied before training the machine learning model. One is feature selection, one 

is feature extraction. In this section, we are going to experiment with these two methods on the 

classification task and conclude the best candidate for event log transformed data.  

 

Figure 29: Feature extraction and feature selection methods. 

Figure 29 indicates a few candidate algorithms to represent each type of dimension reduction method. 

For feature extraction, we have applied PCA, ICA, and LDA individually on the dataset (outcome of 

section 5.3) and then concluded a good one from three of them to represent feature extraction. For 

feature selection, we have chosen sequential feature selector, which contains four sub algorithms: 

SFS, SBS, SFBS, SFFS. Two of the sequential feature selectors have been applied and evaluated on the 

same dataset. During the process, we kept using the same machine learning models to evaluate, then 

we checked the accuracy score, f1 score, loss for each performance. In the end, we compared between 

feature selection and feature extraction, in order to choose a method on dimension reduction and 

further construction of robust model. 

6.2 PROCEDURE OF FEATURE EXTRACTION  
Feature extraction algorithms are statistical methods, which requires one more step for preparing 

data, so that we need to normalize data before dimensionality reduction. This is called data 

normalization. Essentially, applying normalization on data will result in the same range of values for 

each of the input features. This can avoid huge values such as attributes like light years, which can 

cause high variance and lead to false results. Moreover, applying data normalization could safeguard 

the input of data in a numeric format, which is a rigid requirement for algorithms like PCA. In this 

thesis, we applied standard scalar normalization to normalize the feature set by a method from sklearn 

standardScaler41. In Figure 30, a simple example of original data (in blue) and normalized data (in green) 

is compared. We took randomly one row (case) from the train data set and plot it. The x-axis 

represents the case index, which is 0 in this case, the z-axis represents the name of the column 

(feature), and the y-axis represents each feature’s actual value. We noticed that in the original data, 

                                                           
41https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.StandardScaler.html 
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the values have range from 0 to 10,000, which is a big range. And some of the points, such as “crp 

variance” can be a rather big number. However, after the data normalization, we could see that all 

the values are compacted between -2 and 4, this significant decrease the different of each point, and 

still keep the data variance.  

 

Figure 30: Data before normalization (blue) and after normalization (green), one case (row) example. 

After data normalization, we started the experiments with three feature extraction algorithms, the 

process is described in Algorithm 2. Before we fit data with each algorithm, we first divided the 

transformed data into a training set (70%) and test set (30%). The training set is used to construct the 

model, the test set is used for evaluation on unseen data. Then we transformed the data with three 

methods, one by one. For each algorithm, we need to define the number of features/components we 

want the extraction method to generate, we set this to n. Then we need to fit and transform both 

train and test data with the actual algorithm, for example PCA with n components. After the fit and 

transform step, we get a totally different data set than the input, from original dimension reduced to 

the n number of features. Then, we fit the transformed data set on predictive models with training 

data and test data. Three machine learning algorithms are used for model fitting: Random Forest, 

Logistic regression, and Support Vector Machine (SVM). After each model fitting, the results are 

recorded in score matrixes. Information such as: model name, train set accuracy, test set accuracy, 

loss function, and F1 score are stored. For each time experiment, we kept the result. In the end, we 

have plotted all scores for comparison in Figure 31.  
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Algorithm 2: feature extraction method fit with three models 

 

In this experiment, we not only want to find the best suitable feature extraction method, but also a 

proper 𝑛; the number of features we want to reduce to. This is the reason why we have a loop over 𝑛 

(1 ≤  𝑛 ≤  50). So, in this experiment setup we only allow maximum 50 features/components to 

represent the dataset, for the sake of keeping the simplicity of the model. With different number of 

features, we can also observe how the predictive power of the model changes. In the next section, we 

will illustrate the result and explain it.  

6.3 RESULT OF FEATURE EXTRACTION METHOD 
The main goal of the experiment is selecting a best candidate of extraction methods and observe a 

proper number of features for prediction. The plot of the result is shown in Figure 31. 

Result:  A figure of performance which record three feature extraction 

   methods with three predictive models from 1 to 50 components 

Input:  classification data set with 1049*225 dimension as Data 

Output: score matrix, figure of result 

score_matrix ← ሾ⬚ሿ 
train_data, test_data ← train_test_split(Data) 

/* Experiment with 𝑛 number of components */ 

for 𝑛 ← 1 to 50 do 

 /* Transform data with each FE method and fit three candidate models */ 

 foreach feature extraction method 𝑓 in [PCA, LDA, ICA] do 

  Initialize 𝑓 with component = 𝑛 

  xtrain ← fit 𝑓 and transform train_data.X 

  xtest ← transform test_data.X on 𝑓 

  foreach model 𝑚 in [Random Forest, Logistic Regression, SVM] do 

   initialize 𝑚 as predictive model 

   𝑚 ← 𝑚 fit on xtrain, train_data.target 

   /* Evaluate with score matrix test accuracy, train, accuracy, loss, f1 score */ 

   train_score ← 𝑚 predict on xtrain 

   test_score  ← 𝑚 predict on xtest 

   log_loss    ← 𝑚 predict on xtest predict probability 

   f1_score    ← 𝑚 predict on xtest 

   append String(𝑚), train_score, test_score, log_loss, f1_score to score_matrix 

  end 

 end 

 summarize score_matrix 

 plot score_matrix 

end 
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Figure 31: Result of feature extraction (FE). 

From Figure 31 we see directly that PCA performs better than the other two feature extraction 

algorithms. In the design of the layout, each row represents one measurement: first row is test/train 

accuracy (ACC) 42, second row is log loss43, third row is F1 score44. For classification accuracy and F1 

score, the higher the better. For log loss score, if predict probability of true label is low, the log loss is 

very high. So, we want a low score for log loss. There are three columns: the first column shows the 

result from Logistic Regression, the second column shows the result from random forest classifier, the 

third column shows the SVM classifier result.  The lines are present in three different colors. From the 

result, we see that the line of LDA and ICA overlap, which means they behave very similar in certain 

conditions. In that case, we see most of graphs only showing two lines, the orange or the green 

(represent LDA and ICA both) with a blue line (PCA).  From the first row, we noticed PCA have both 

high accuracy by logistic regression and support vector machine, and we noticed that LDA and ICA 

behave extremely poor on Support Vector machine, such as the accuracy is floating around 40%. 

However, PCA with SVM and PCA with Logistic Regression show good combination, no matter from 

accuracy, loss score and f1 score. In terms of Random Forest, they all show overfitting since the 

training score are much higher than the test score. Surprisingly, random forest shows significant high 

                                                           
42 Accuracy is the count of predictions where your predicted value equals the actual value. 

43 Log loss takes into account the uncertainty of your prediction based on how much it varies from the actual label. This gives us a more nuanced view into the 

performance of our model.  As the predicted probability decreases, however, the log loss increases rapidly. 
44 F1 score can be interpreted as a weighted average of the precision and recall, where an F1 score reaches its best value at 1 and worst score at 0 
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log loss compared to the other two algorithms. Which means the random forest model has high 

uncertainty for prediction, even after more than 25 components involved, it reached its lowest around 

2, compared with other models the log loss is around 0.5. Besides, LDA and ICA with logistic regression 

are not as bad as SVM, but it still shows less ability than PCA from accuracy, and it also has a lower F1 

score, which means PCA explained data has stronger ability on presenting the original data.  

From the analysis above, we have concluded the following: 

1. PCA is the best candidate when compared to ICA and LDA on feature extraction. 

2. PCA has good performance with Support Vector machines, as well as with Logistic Regression.  

3. PCA shows the best performance with 38 components on Logistic Regression, achieving 84% 

accuracy on the test set and 88% on training set. 

4. Random forest is not suitable working with feature extraction fitted data, because it can lead 

to poor performance.  

5. When we use around 20 components/features, we have achieved a stable performance, and 

the trend of accuracy, log loss, and f1 score show no obvious increase or decrease anymore. 

6.4 PROCEDURE OF FEATURE SELECTION EXPERIMENT 
Feature selection (FS) is a completely different way on dimensionality reduction compared to feature 

extraction (FE). Generally, it is a search method, which means it searches through the original feature 

set and picks up 𝑘 features from the original. Feature extraction is constructing 𝑘 new features from 

the original data set. 

As we have mentioned in Figure 29, we have chosen the sequential feature algorithms (SFAs) method 

among many others. Within this method, there are two base methods: Sequential forward selection 

(SFS) and Sequential Backward Selection (SBS). Moreover, the extension of SFS is the Sequential 

Forward Floating Selection (SFFS) and the extension of SBS is the Sequential Backward Floating 

Selection (SBFS). These algorithms are explained in section 2.5.3. In a nutshell, SFS adds one feature 

at a timestep, based on the classifier performance measurement until a feature subset of the desired 

size 𝑘 is reached. SBS works the contrary, it starts with the original feature set, and removes one 

feature at a timestep based on the classifier performance measurement, until it reaches the size 𝑘. 

The extension to SFS and SBS is done with an extra step called “floating” (abbreviated as F) introduced 

by P. Pudil [38]. This gives the algorithms SFFS and the backward version SBFS. After adding the floating 

step, each round for SFFS will have a conditional exclusion step. And SBFS will have a conditional 

inclusion step. This algorithm gives more possibilities to converge to a better solution than SFS and 

SBS. 

We noticed that the design of the four algorithms is highly similar except the order is different, two 

are backward, another two are forward. For the sake of time efficiency, we decided to choose only 

the forward ones, SFS and SFFS. Hence, the experiment is set up with two algorithms out of four for 

constructing different 𝑘  feature sets. Besides, according to Ferri [61] and Pudil [38], the floating 

method is proposed as a good performing and effective method, making SFFS a good choice. 

Refresh the purpose of the experiment, first we want to find the best performing algorithm, and 

second a proper size 𝑘  of feature sets (𝑘 <  225). Taking the result from the feature extraction 

experiment, we find that around 20 to 30 features is a proper choice. So, when we design the 

experiment for feature selection, we set up a range from 10 to 50, which covers the ideal result and a 

wider range for new possibilities. For each 𝑘, the result is the best 𝑘 features from the feature set. We 

need to iterate over all 𝑘 mentioned, because for 𝑘 = 20 the algorithm might for example perform 
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better than for 𝑘 = 30 features. The input data for the feature selection algorithm has dimensionality 

1049 * 225 (224 features with target). 

For the implementation, listed in Algorithm 3, we use a mature machine learning library MLXTEND45, 

which supports the sequential selector method. The algorithm fits the complete dataset with the two 

feature selection methods and evaluates with the random forest classifier the accuracy score. The 

classifier works as an objective function during feature selection, so that each step the algorithm will 

estimate the classifier’s accuracy in order to make a select decision. The feature set which can make 

the classifier achieve the highest accuracy, will be selected for that 𝑘 . We chose random forest 

because it has a good name on performing classification (mentioned in section 2.6.1). Noticeable, the 

accuracy only reflects the performance of the feature set, but not the real predictive power of the 

model, since we are not training the model yet. 

Algorithm 3: Feature selection on SFS and SFFS 

Result: the best performing FS algorithm with a selected feature set 

Input: classification data set with 1049*225 dimension as data 

Output: the best sub feature set f, best algorithm 𝑎 

SFS_scores = ← ሾ ሿ 
SFFS_scores = ← ሾ ሿ 
SFS_selected_feature_set = ← ሾ ሿ 
SFFS_selected_feature_set = ← ሾ ሿ 
/* Experiment loop on k with k best features of original feature */ 

for 𝑘 ← 10 to 50 do 

 /* create a classifier for objection function */ 

 forest ← initialize Random Forest model 

 /* initialize two Feature selection candiates */ 

 SFS(forest, 𝑘) ← initalize Sequential forward selection with 𝑘 the number of features to be selected, 

                             forest as objective function 

 SFFS(forest, 𝑘) ← intialize Sequential Forward Floating Selection with 𝑘 the number of features to be selected,  

                               forest as objective function, floating method set to 𝑇𝑟𝑢𝑒. 

 SFS ← fit SFS on Data.X and Data.Target 

 SFFS ← fit SFFS on Data.X and Data.Target 

 /* Record the performance */ 

 append the SFS selected best 𝑘 features to SFS_selected_feature_set 

 append the SFS selected best 𝑘 objective score(Accuracy) to SFS_score 

 append the SFFS selected best 𝑘 features to SFFS_selected_feature_set 

 append the SFFS selected best 𝑘 objective score(Accuracy) to SFFS_score 

end 

plot SFFS_score and SFS_score on one figure, compare the accuracy and fine best, the best behaving 

if best is from SFS then 

 𝑓 ← SFS_selected_feature_set 

 𝑎 ← SFS 
end 

if best is from SFFS then 

 𝑓 ← SFFS_selected_feature_set 

 𝑎 ← SFFS 

end 

6.5 RESULT OF FEATURE SELECTION EXPERIMENT  
The result of the experiment on comparing the algorithms SFS and SFFS is shown in Figure 32. For both 

SFS and SFFS 40 features sets are calculated. The figure allows to compare SFS and SFFS to each other, 

but also allows to analyze the effect of 𝑘. The horizontal axis represents the 𝑘 value from 10 to 50, 

and the vertical axis shows the performance measurement, which is the accuracy score. 

                                                           
45 http://rasbt.github.io/mlxtend/user_guide/feature_selection/SequentialFeatureSelector/ 
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Figure 32: SFS compare with SFFS on accuracy. 

In Figure 32 there is an accuracy range of 1.5% point. A higher dimensionality does not mean a higher 

accuracy and a lower dimensionality also does not mean poor performance. Especially, we noticed 

two points that are relatively higher than others. From 10 till 23, SFS and SFFS have selected the same 

feature sets. Noticeable, the first highest point is when SFFS and SFS has 18 features selected, with 

accuracy 0.878, see the label with “Max”. SFFS is performing better than SFS for 𝑘 ≥ 31. There is 

another point similar to the first one, when SFFS has selected 37 features.  

Table 3: SFS and SFFS selected feature sets. 

 

For the feature selection method experiment we cannot conclude which one behaves better. Both 

SFFS and SFS achieve the same best score 0.878 and yield the same set of 18 features. The features 

are: totalevent, nrofdays, Leucocytes_nroftimes, CRP_nroftimes, LacticAcid_nroftimes, IV 

Liquid_nroftimes, IV Antibiotics_nroftimes, Admission NC_nroftimes, organization_B , organization_E  

organization_H, Diagnose_AA, Diagnose_ED, Diagnose_KA, Diagnose_NB, Diagnose_PE, Diagnose_S, 

Diagnose_SB. SFFS also reached the same accuracy with 37 features.  

We admit that SFS and SFFS are effective on feature selection by the result shown in Table 3.  In the 

following step we will compare feature selection with PCA and get the final evaluation.  

6.6 FINAL EVALUATION  
In the former section, we have experimented with both feature extraction and feature selection. As a 

result, we have chosen PCA for feature extraction and both SFS and SFFS for feature selection. In this 

section, we will evaluate all of them with three machine learning algorithms and compare the result 

 

Algorithm Number of features 
Feature sets presented 

as feature id 
Accuracy 

SFS 18 
23, 39, 41, 42, 43, 46, 47, 48, 
58, 61, 64, 83, 110, 143, 160, 

173, 185, 187 
0.878 

SFFS 18 
23, 39, 41, 42, 43, 46, 47, 48, 
58, 61, 64, 83, 110, 143, 160, 

173, 185, 187 
0.878 

SFFS 37 

5, 7, 11, 13, 23, 39, 41, 42, 
43, 45, 46, 47, 48, 49, 53, 55, 
61, 64, 65, 69, 80, 83, 87, 97, 
105, 107, 110, 143, 148, 164, 
168, 173, 174, 185, 187, 201, 

211 

0.878 
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with score matrixes, which includes training data accuracy score, testing data accuracy score, log loss, 

and F1.  

The evaluation results are shown in Table 4. To generate those, we started from the feature selection 

result and chose the best 18 selected features as indicated in Table 3. Then, we used the selected 

feature set to fit the original data and created a new dataset. With the new dataset, we performed 

the three machine learning algorithms for model generation. We also ran the same experiment with 

PCA as feature extraction instead of feature selection. Additionally, we have added the original data 

set with high dimensionality (225 features) for comparison. 

Table 4: Result of dimension reduction methods. 

 

In the result, we noticed that after applying the dimensionality reduction methods, the feature set 

dimension has effectively decreased, at the same time the predictive power is preserved or improved. 

And the run time has significantly decreased. The results show that dimension reduction is worth to 

apply before model training. Specifically, for each methodology we have bolded the highest testing 

score. The testing score on accuracy shows the predictive power on unseen data, therefore we have 

especially attached importance on this attribute. Among the original data and other two reduced data, 

the best predictor was generated by Random Forest, scored 0.860. However, the logistic regression 

has two best results on predicting unseen data compared with the other two algorithms. The 

drawback of Random forest is that, when comparing the training and testing score, it tends more to 

overfit than other algorithms (big difference on train and test score). It also often has a higher log loss, 

which means the model is unconfident. However, logistic regression is good in handling this situation, 

it can create a more accurate model than the other ones, its F1 score is also relatively higher than 

others, which means it can produce a robust model. 

In conclusion, SFS algorithm with Logistic regression is the best combination for dimension reduction 

and model selection. It can select the most efficient feature subset and maintain a relatively strong 

predictive power. It can better represent the original data than PCA. Since event data normally are 

formed with concrete attributes, such as age and test results. Nevertheless, if we use feature 

extraction, the new constructed features are not easily understood because they only explain the 

variance of data instead of the true value of any attribute, which is in the shape of scaled numbers. 

Nevertheless, if we use feature selection, we will use the subset of the original features before model 

 

Algorithm 
Number 

of 
features 

Runtime (s) Evaluation 
Model 

Random 
Forest 

Support Vector 
Machine 

Logistic 
Regression 

Original data 
(no algorithm 

applied) 
225 5.36 

Train /test 
accuracy 

0.985/0.844 0.894/0.438 0.91/0.86 

Log loss 2.435 1.596 0.687 

F1 0.808 0.319 0.822 

PCA 38 0.74 

Train /test  
accuracy 

0.992/0.822 0.866/0.832 0.881/0.838 

Log loss 3.088 0.669 0.607 

F1 0.79 0.778 0.798 

SFS/SFFS 18 0.40 

Train /test  
accuracy 

0.962/0.86 0.862/ 0.80 0.846/0.844 

Log loss 2.955 0.649 0.651 

F1 0.838 0.758 0.793 
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construction. In other words, the meaning of the features is kept, and we could easily understand 

which feature/characteristic is important for the target. 

6.7 CHAPTER CONCLUSION  
In this chapter we have done three experiments on feature extraction and two experiments on feature 

selection. In the end, we have compared both with each sub experiment result. We have concluded 

that dimension reduction methodology is very useful on reducing the complexity of a predictive model. 

It is strongly recommended to apply it on the input data before model construction. Considering the 

characteristics of event data, we chose to use the feature selection method, which can keep the 

original categories. Most important, it can effectively simplify the feature set. Though with more 

computation time, the original feature set behaves good as well when using logistic regression. The 

choice between SFS and SFFS is not trivial, because the results are close. In conclusion, we see that 

dimension reduction is useful and recommend sequential feature selector for dimension reduction. 
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Chapter 7 RESEARCH RESULT  

In this chapter, we firstly present the event-based data mining framework (EDMF), which is a 

summary of the steps for the classification task, followed by the results of it in the second section. In 

the last section, we demonstrate the regression task procedure, which is based on the EDMF. Lastly, 

we summarize this task and provide suggestions for improvement. 

7.1 FRAMEWORK 
 

 

Figure 33: The result framework EDMF have five steps involved. 

The framework we have introduced, namely event-based data mining framework (EDMF), is presented 

in Figure 33. This framework is created based on the CRISP-DM model introduced in section 2.2.  

However, it is more specialized and adapted to event log characteristics. Moreover, this framework 

has involved more technique details, from event log transformation to the choice of dimensionality 

reduction. 

Within this framework, five phases are involved. It starts with the “On board” phase, which is intended 

for the researcher to understand the background of the project’s field. At the same time, we propose 

to start exploring the event log, such as checking the process model and exploring example traces.  

The second phase deals with the data format. We advise to use the PM4py library to efficiently 

transform from event log to CSV formatted data. Next, the event-based data is transformed to case-

based data, if required for the research objective. 

The third phase is about data pre-processing, which includes creating new features and removing 

redundant information. More importantly, event logs often involve categorical data, this type of 

information must be transformed to numeric. In addition, descriptive statistics can be used to 

summarize a list of values, by for example the maximum and variance of it. 

The fourth phase is to do feature selection to reduce the dimensionality of the data, if the data of 

previous phase is high dimensional. This ensures simplicity and high efficiency of the model fitting. 

Then, in the last step the reduced dataset is fed to machine learning models. The choice of model is 

Model
 selection 

• Select three suitable machine learning algorithms for model construction.
• Create three models with selected feature sets.
• Validate against score matrix find the best model and get the prediction result.
• Discuss the result with field experts.

Feature selection

• Apply sequential feature selection methods on feature sets with proper 
range.

• Selecting the best performance featrue set.
• Recreate the input data from the selected featrue set.

Data 
preprocessing

• Append meaningful features.
• Apply One-hot encoding on all  the categorical data.
• Apply descriptive statistics method on multi-numeric features.
• Remove duplicates and useless features.

Event log 
transformation

• Transform event logs to CSV file with PM4py.
• Transform event based file to case based file.

On board
• Explore the event log.
• Explore the field background.
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difficult, because it depends on the properties of the data being worked on. In general, we recommend 

trying three widely used machine learning models and validate on score matrixes. After a few 

prediction experiments are done, discussing the predictive models and results with professionals from 

the specific field and getting feedback is important. Furthermore, we have also applied this framework 

on the regression tasks, more details will be introduced in section 7.3. 

7.2 PREDICT THE END EVENT OF ALL THE CASES – A CLASSIFICATION PROBLEM 
The first task is considered a supervised learning classification problem. We already know all the 16 

possible activities as they show up in the event log. The goal is to predict the end event of each case, 

one case present one patient. For the sake of gaining understanding of the sepsis clinical path 

prediction, we have set up research questions at the start of the project for this classification task: 

Research question 1: To what extend can diagnose event log data, which are available by hospital 
administration systems, help to effectively predict the patient end event of a certain stage? 

To address this research question, we started with checking the event log from a hospital ERP system 

and converted it to a machine learning algorithm readable format. Furthermore, we did data cleaning 

and data pre-processing in order to improve the data quality. Then we have used feature selection to 

get a subset of features. With this subset, we have created three predictive models. In the end, we 

selected the best performing one, which is the logistic regression, which reached an accuracy of 84.4% 

on unseen data. To some extent, with the 1049 real life cases, we have shown that this is possible by 

using past records of a sepsis patient and making a future forecast.  

Research question 2: Which diagnose results, organizations and events are important for 

determining the end event? 

In order to figure out what are important factors for prediction of the end event of a patient (where 

he/she stops the clinical path), we could check the feature selection algorithm’s choice. We believe 

the algorithm selects the most predictive ones in terms of the target. In section 6.5 we have described 

the experiment and the selected feature sets, yielding 18 features in total. Table 5 shows these 18 

selected features with a group based on their properties.  

Table 5: Selected features in groups. 

Group id Feature group Type Count 

1 
Diagnose_AA, Diagnose_ED, Diagnose_KA, 
Diagnose_NB, Diagnose_PE, Diagnose_S, 
Diagnose_SB 

Diagnose result 
indicator from the 
past stage 

7 

2 

Leucocytes_nroftimes, CRP_nroftimes, 
LacticAcid_nroftimes, IV Liquid_nroftimes, IV 
Antibiotics_nroftimes, Admission 
NC_nroftimes, totalevent, nrofdays 

Event record related  8 

3 
Organization_B , Organization_E , 
Organization_H 

Organization involved 
information 

3 

 

From the selected features, in group 1 seven diagnose results are important for predicting the future 

event. These features are appended features from “Diagnose” in the original event log. Moreover, in 

group 2, we collected all the selected features which indicate the event statistics. For example, the 

number of times that “Leucocytes” occurs, shows an important factor for prediction, so does “CRP”, 

“LacticAcid”, etc. Patients who have been more involved in these tests show different end event 
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(target) than patient experienced less. In Chapter 4, we have visualized traces that show that 

“Leucocytes” is one of the events that happens more than once for a patient. And it also shows 

variance on different cases. So, the number of times that “Leucocytes” was selected is an important 

attribute. However, we found that the numeric result of these tests has not been selected. This shows 

that the algorithm can select the most significant ones and reduce redundant ones. If we select both, 

it can give redundant information and leads to a more complex model. Such as we noticed from the 

results of feature selection in Table 3 where 18 features yield the same result as 37 features. In 

addition, we have features from group 3 that involves organization information. Three organizations 

are selected: B, E, H.  This indicates that the organization information is useful, by checking the number 

of times it was involved, which can help the model improve the predictive power. Information shown 

in this table could also be useful as a reference for the hospital. They could check individual attributes 

and consider why they are important, it can sometimes reflect a problem or a specialty. 

7.3 PREDICT REMAINING DAYS – A REGRESSION PROBLEM  
“Predicting of the remining days in hospital” is the second assignment of this thesis. We have followed 

the framework in section 7.1. A research question was set up to start the regression task.   

Research question 3: After how many days there is enough information to predict the amount of 
time a patient will remain in the hospital? 

A concrete example of this research question: A patient is in the hospital for 5 days and some events 

already happened. For planning, the hospital/doctor tries to guess how long the patient will stay in 

the hospital. After 10 days, the hospital/doctor has now more information about the patient and some 

more events happened as well. The hospital/doctor now wants to have a "better guess". To try to 

identify when there enough events to guess accurately enough, we have produced several pieces of 

records (data files) with a different day filter. This method of data preparation has been explained in 

section 5.2.4. 

7.3.1 Data overview of regression problem 

Initially, we have checked the case duration for all the records, which is indicated in Figure 34. It shows 

that for 30% of patients the case duration is relatively short, no longer than 2 days. However, we do 

have more than 50% of cases which take longer than 5 days.   

 

Figure 34: Case duration from the raw data. 

Furthermore, we have checked the correlation between the features and target before feature 

selection. Especially when the prediction target is numeric, which makes it feasible for checking the 

correlation between each feature and target. We have taken first a five days record as an example to 

check the correlation. Originally there are 224 features (including one-hot encoded ones for diagnose, 

diagnose test, event statistics and organization information). A threshold (greater than 0.05) on 
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correlation with target was applied, this yields 18 features that are relatively correlated with target, 

see Figure 35. 

 

Figure 35: Correlation on features and target. 

It indicates that diagnose result as “PC” ad “IB” are relatively higher correlated with the remaining of 

the days. In reality, diagnose results can estimate a patient’s treatment path, and we see that most of 

the high correlation features are diagnose result indicators. Besides, some diagnose test features such 

as “SIRSCritLeucos” and “SIRSCritTachypnea” are relatively important for the remaining number of 

days. Moreover, “Organization_v” also shows a high correlation with target. 

7.3.2 Process of regression task 

Initially, we have prepared 25 datasets (section 5.3) for the regression task, with all the same 225 

features. High dimensionality data requires feature selection.  As well as from the correlation graph, 

we noticed that only a small group of features are correlated with the target. An example data set 

data546 was fitted with the feature selection algorithm SFS. The feature selected result is evaluated 

on the Mean Square Error with three machine learning regressors. The result has been indicated in 

Figure 36. We notice that when data applied feature selection, the Mean Square Error is lower for two 

out of three different machine learning algorithms. Feature selected data also shows a better model 

fitting than the original data fitted model, since R2 score is higher for both SVM, and Logistic Regressor, 

and slightly better in Random Forest.  

 

                                                           
46 In the experiment, if data are retrieved from the first five days record, we name it data5, and so the rest. Data5 has the most samples, containing 673 cases. 

Figure 36: Feature selection has increased the quality of prediction. 
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Moreover, we noticed that Random Forest Regressor has always achieved a better performance as it 

shows the lowest Mean squared error and highest R2 score. As a result, we decide to apply only 

random forest regressor for the different days examination.  

7.3.3 Result of regression task 

In section 7.3.2, we have made several choices before examining research question 3, such as applying 

feature selection on each sub dataset and evaluation with Random Forest. So far, we created 25 

datasets from applying 5 to 30 days filter on the original 1049 cases. Afterwards, each data set is first 

be feature selected then evaluated with Random Forest regressor. Particularly, the score matrixes of 

the Mean Square Error (MSE), Mean Absolute Error (MAE), and R2 score are chosen based on the 

regression property.  The differences on prediction result are measured and indicated in Figure 37. 

We noticed that, all the data sets have rather high MSE, above 4000. Moreover, along with longer 

days record retrieved, in other words, the model knows more event data on what happened before, 

the prediction error not decreased but undulated with uptrend. The minimum MSE happens when we 

train a random forest regressor with the first five days record. This observation is reflected on MAE as 

well. The error rate slowly increases when data records for longer days are used. However, the R2 

score, which describes how well a model fits the data, is low and undulated, between -0.2 to 0.1. 

However, it does show that a 30 days record fits better than others, but still not higher than 0.1.      

From the experiment output, the result shows contradiction to our assumption that the prediction 

would be better.  In common sense, when we master more records in the past, it will probably give a 

better estimation on the remining days for the patient. However, the result shows when we take first 

five or eight days record to predict perform better than record from later days. We have interrupted 

the result and seek for the reason. In order to do so, we take 8-days record and checked its true value 

and predicted value. The plot result is shown in Figure 38. 

For a better vision on the target, the remaining of days, we have first paired all the true value and it 

correspond predict value, then sorted on the true remaining days. That’s the reason why the blue line 

increasing in the graph, however it does not present a real trend. 
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Figure 37: Result of regression task. 

 

Figure 38: Data8 predict vs. true value. 

In total, 140 cases have been predicted in this dataset (data8). It is from the 30% of data for 8-day-cut 

record, which we could spot in Figure 37 as 470 cases (30% is because of train-test-split in machine 

learning model). From the result, we noticed the predict values are hardly showing the same trend as 

the true value. The model shows a bad performance on the prediction tasks. Huge mistakes are not 
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only for the closer cases (case almost finished), but also for the long-lasting cases. The average mistake 

that model predicted are around 50 days in the case of 8-day record. Noticeable, cases lasting for 50 

days to 100 days have the smallest error than the extreme cases.   

A few of reasons maybe explain this poor prediction, they are list in the following.  

First, there are not enough data for this data mining task. In theory, the better data the more 

predictive the model could be. In our case, 5-day data have most of the cases reached 600. Other days 

record is decreasing along with the filter of days increasing, the last experiment data set which is the 

30-days record only have 200 cases. 

Second, not all features are fully representative compared with target. Though feature selection has 

already applied on the initial feature sets, the most correlated features for target according to 

correlation matrix are encoded features from “Diagnose” column. Besides one-hot encoded feature, 

we have 22 out of 55 features are true-false diagnose test results. Whether the results can speak of 

the remaining days depend on the importance of the tests. A small example from the raw data shows 

the same test result for a relatively small target value and a relatively big target value: case “ZMA” 

shows all negative in the 22 true-false result with 41 days remain in the hospital, however, case ‘YLA’ 

shows all negative as well in these result with 135 days remain.  

Third, we noticed that some useful information is missing when constructing new features. We have 

observed that the model behaves extremely poor for cases with more than 100 remaining days (target > 

100). Basically, the model predict result hardly reach over 100. This reason triggered us to exam some 

individual long-stay cases. Surprisingly, a certain structure of the long cases has been discovered: the 

last event of the long case is the one that makes the case lasting long. And the earlier events are 

regularly short distributed as normal cases. See Figure 39.  

 

Figure 39: An example of a long case, events are marked on the timeline. 

Further, from randomly 92 cases whose target is longer than 100 days, we checked the time interval 

between the last event and the second last event. The time interval has indicated that most of the 

cases has a long-time duration, from 100 to 400 days. Because of this, it causes the large value target. 

The reason why the last event in record could be long compared with normal, is a remaining question 

that needs to be figured out. A guess of administration error could be the case. Other reason could be 

such as the patient has been involved in other diagnose process and not been recorded correctly.  
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Figure 40: Target distribution of long-remain days cases. 

Reference case ids:  'S', 'X', 'EA', 'GB', 'KB', 'SB', 'TB', 'ZB', 'DC', 'OC', 'TC', 'AD', 'ED', 'JD', 'KD', 'AE', 'BE', 'KE', 'ME', 'WE', 'QF', 'HG', 'LG', 'DH', 'NH', 'AI', 'LI', 'WI', 'DJ', 'FJ', 'BK', 'MK', 'UK', 'AL', 

'ML', 'YM', 'LN', 'VN', 'WN', 'AO', 'EO', 'KO', 'QO', 'KQ', 'MQ', 'UQ', 'BR', 'OR', 'VR', 'LS', 'OS', 'XS', 'YS', 'ZS', 'ST', 'EU', 'QW', 'UW', 'TX', 'XY', 'YZ', 'FAA', 'VAA', 'FBA', 'GBA', 'HBA', 'UBA', 'GCA', 

'NCA', 'RCA', 'VCA', 'GDA', 'HDA', 'QDA', 'EEA', 'OEA', 'JFA', 'XFA', 'ZFA', 'NGA', 'WGA', 'FHA', 'MHA', 'EIA', 'PIA', 'BJA', 'PKA', 'XKA', 'YLA', 'ZLA', 'BMA'. 

Additionally, we have checked the event path of some of the individual cases. Take case ‘X’ and case 

‘K’ as examples, see Figure 41. Considering event dependency, there could exist relationship between 

“release A” and “return ER”. Undiscovered dependency can be a serious important feature that we 

missed, however this will be considered for future research.  

 

Figure 41. Case X and Case K 's record shows the pattern of the event. 

7.3.4 Summary of regression task 

The result of the regression task reflects that the predictive model made from short day’s record have 

less error on predicting the patient remain days in the hospital than using model trained on longer 

day’s record. From the increasing trend of MSE, we can conclude that when the model learns a big 

amount of short cases, it can make a better distinguish between short cases and longer cases. Beware 

that when we filter the long day cases, all the short cases are excluded. This leads to model achieve 

higher performance when it learns from the first five days data than learn from longer days data record. 

However, due to some problems of the data quality we discovered above, this conclusion still needs 

to be justified in the future. Particularly, new features which can represent the event dependency will 

be useful to include. Besides, discussing with doctors from the hospital would be helpful to gain of the 

diagnose process and solve confusions.  
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Chapter 8 CONCLUSION  

In this chapter, we are going to conclude the research work of this thesis. It consists of contribution, 

limitation, and future recommendation. The first part is a short summary of the result compared with 

the goal of the project.  The second part shows limitations we have encountered during this project. 

Finally, the last part is the future recommendation for similar type of projects such as event prediction 

related topics. 

8.1 CONTRIBUTION  
With healthcare information systems as background, two experiments are carried out for sepsis event 

log mining.  

First, we have showed that it is possible to estimate a future ending activity of a patient from his/her 

diagnose record. Machine learning algorithms are possible to train a classifier on the past record and 

learn the output of the end event of each trace. Possible classifiers such as random forest and logistic 

regression could achieve a high performance on predicting unseen data. In the first assignment we 

achieved 84% accuracy on unseen data. The conjecture of hidden patterns between each diagnose 

event certainly exists and we could take use of it.  

Second, preparing a high-quality input data from the event log is essential for the model construction. 

Data preprocessing takes a high weight for event log mining assignments. Some available tools are 

recommended for preparing data, such as PM4py that can work together with other popular data 

mining libraries: Pandas data frame and visualization libraries seaborn, plotly etc. In terms of temporal 

data, we need to pay extra attention on the timestamps compared with the prediction result. 

Moreover, categorical data needs to be transformed to numeric features. Data preprocessing 

techniques are obligated to apply on those data for maximizing the extraction of useful information. 

Particularly we recommend using one-hot encoding on categorical data. And it is not recommended 

to skip the categorical data since it has been shown that some of them are considered as a good 

indicator for predicting the target.  

Third, we have indicated that feature selection is an efficient method to apply before constructing the 

machine learning model. It could effectively take the most predictive features and discard the 

redundant features, which significantly simplifies the model and reduces the running time. In this 

thesis we have applied sequential forward algorithms, which reduced the feature set from 225 to 18 

while maintaining the same performance, the results are shown in Table 5.   

Fourth, we have summarized a framework for event log mining, indicated in section 7.1. This 

framework has especially included a strategy for event log transformation and data preprocessing on 

different format attributes. It can provide a clear routine for data scientists who are willing to extract 

event log information and apply it with machine learning algorithms. Note that this framework is not 

only limited to healthcare systems: it should be possible to apply it to other event log mining problems 

too. 

8.2 LIMITATION 
Comparing with the first classification task, the second regression task shows poor performance on 

model fitting. From the result, we noticed the data are not suitable for performing this prediction of 

remaining day’s task. So, data quality is one of the limitations. Since a big portion of the cases have a 

special pattern involved: which is the last event always takes significant longer than other events 
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performed earlier. The rest of the cases which are nature, however they all have very similar behavior 

in the early time of the record. This makes the machine learning model difficult to distinguish 

differences between a short case and a long case. Furthermore, we would like to get opportunities to 

discuss with specialist from hospital on the assignment. It will be very helpful to get their input on 

certain process behavior. Some examples such as get impression from the doctor point of view on 

diagnose test and interview about what are the tests they often check during diagnose for decision 

making. [11] has pointed out it is necessary to assess the model with the specialist people from that 

background, since they could provide more insights that data scientist would not know.  

8.3 FUTURE RECOMMENDATION  
For the future work, I have the following suggestions. First, for the sake of generalizability of the 

methodology, especially the ELDF framework, it is recommended to examine with other event log 

mining tasks. Especially process information is often complicated and informative, it is worth to exam 

in real life and keep improving. Second, during the research, we have found many other candidates 

for feature selection, in the end we decided to use the Sequential forward algorithms, however other 

methodologies are worth to try: SFS-FFNN [62], Fs-ordered feature selection [63]. They are the 

combination methods from sequential forward selection, which could be more powerful. By inspired 

by the SFS-FFNN method, which reminds us we could apply MLP (a type of neural network model) on 

the input dataset. Moreover, in terms of data preprocessing, there are more ways to represent 

information. Such as all the true/false diagnose test, in this thesis we have treated them each as an 

attribute, however, we could also find a way to combine them together as one single vector. Third, 

more temporal attributes are recommended to add when construct new features. For instance, 

features that can tell the sequence of the event, the average time between events, and the event 

dependency. However, it is challenging to find a proper way to represent them. Fourth, checking the 

data quality on the problem before starts. Only if we ensure that data is representative for a certain 

topic, we can start the mining task. Another aspect is the volume of the training sample, certainly the 

more the better.  Furtherly, we hope after solving the data problem of the regression task, or find 

better regression modeling method, or discuss with the expert from hospital, in order to achieve a 

succeed on predicting the remaining days in the hospital. 
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APPENDIX Ⅰ 

General information of sepsis data.  

 

  

Name  Null% Value Meaning  Comment  Useful? 

Age Full record ~70yrs  1 p have 1 age yes 

case 24 NaN 
cases  

 1 case /p   

Eventname/activity    14.5 activity/p  

transition  “complete”  Always 
complete 
record 

Not 
useful, 
only one 
value 

organization  A-Y (incl.?) Social 
network 

 yes 

CRP   CRP is a well-
known 
marker of 
infection and 
inflammation. 

Can do more 
than 
once~2.9/p 

yes 

Diagnose 24% 
percent 
cases no 
result 

 A type of 
diagnose, 
indicated 
with letters  

Not each p has 
a diagnose 
result  

yes 

DiagnosticArtAstrup  True /False   yes 

DiagnosticBlood  True /False   yes 

DiagnosticECG  True /False   yes 

DiagnosticIC  True /False   yes 

DiagnosticLacticAcid  True /False   yes 

DiagnosticLiquor  True /False   yes 

DiagnosticOther  True /False   yes 

DiagnosticSputum  True /False   yes 

DiagnosticUrinaryCulture  True /False   yes 

DiagnosticUrinarySediment  True /False   yes 

DiagnosticXthorax  True /False   yes 

DisfuncOrg  True /False   yes 

Hypotensie  True /False   yes 

Hypoxie  True /False   yes 

InfectionSuspected  True /False   yes 

Infusion  True /False   yes 

LacticAcid  0~7.2  ~1.3/p yes 

Leucocytes  Numeric   Can do more 
than 
once~3.2/p 

yes 

Oligurie  True /False   yes 

SIRSCritHeartRate  True /False   yes 

SIRSCritLeucos  True /False   yes 

SIRSCritTachypnea  True /False   yes 

SIRSCritTemperature  True /False   yes 

SIRSCriteria2OrMore  True /False   yes 
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APPENDIX II 

Thesis process represented in Petri Net format. 
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APPENDIX III  

Final features (225 in total) for each patient. 

'Age', 'DiagnosticArtAstrup', 'DiagnosticBlood', 'DiagnosticECG', 'DiagnosticIC', 'DiagnosticLacticAcid', 

'DiagnosticLiquor', 'DiagnosticOther', 'DiagnosticSputum', 'DiagnosticUrinaryCulture', 

'DiagnosticUrinarySediment', 'DiagnosticXthorax', 'DisfuncOrg', 'Hypotensie', 'Hypoxie', 

'InfectionSuspected', 'Infusion', 'Oligurie', 'SIRSCritHeartRate', 'SIRSCritLeucos', 'SIRSCritTachypnea', 

'SIRSCritTemperature', 'SIRSCriteria2OrMore', 'totalevent', 'leu_avg', 'leu_max', 'leu_var', 

'leu_median', 'leu_nroftimes', 'crp_avg', 'crp_max', 'crp_var', 'crp_median', 'crp_nroftimes', 'lac_avg', 

'lac_max', 'lac_var', 'lac_median', 'lac_nroftimes', 'nrofdays', 'ER Registration_nroftimes', 

'Leucocytes_nroftimes', 'CRP_nroftimes', 'LacticAcid_nroftimes', 'ER Triage_nroftimes', 'ER Sepsis 

Triage_nroftimes', 'IV Liquid_nroftimes', 'IV Antibiotics_nroftimes', 'Admission NC_nroftimes', 

'Release A_nroftimes', 'Admission IC_nroftimes', 'Release D_nroftimes', 'Release E_nroftimes', 

'Release B_nroftimes', 'Return ER_nroftimes', 'Release C_nroftimes', 'org_A', 'org_B', 'org_C', 'org_D', 

'org_E', 'org_N', 'org_L', 'org_G', 'org_K', 'org_Y', 'org_U', 'org_?', 'org_S', 'org_P', 'org_R', 'org_Q', 

'org_M', 'org_J', 'org_X', 'org_V', 'org_W', 'org_H', 'org_T', 'org_I', 'org_O', 'org_F', 'Diagnose_A', 

'Diagnose_AA', 'Diagnose_AB', 'Diagnose_AC', 'Diagnose_AD', 'Diagnose_AE', 'Diagnose_B', 

'Diagnose_BA', 'Diagnose_BB', 'Diagnose_BC', 'Diagnose_BD', 'Diagnose_BE', 'Diagnose_C', 

'Diagnose_CA', 'Diagnose_CB', 'Diagnose_CC', 'Diagnose_CD', 'Diagnose_CE', 'Diagnose_D', 

'Diagnose_DA', 'Diagnose_DB', 'Diagnose_DC', 'Diagnose_DD', 'Diagnose_DE', 'Diagnose_E', 

'Diagnose_EA', 'Diagnose_EB', 'Diagnose_EC', 'Diagnose_ED', 'Diagnose_EE', 'Diagnose_F', 

'Diagnose_FA', 'Diagnose_FB', 'Diagnose_FC', 'Diagnose_FD', 'Diagnose_FE', 'Diagnose_G', 

'Diagnose_GA', 'Diagnose_GB', 'Diagnose_GC', 'Diagnose_GD', 'Diagnose_GE', 'Diagnose_H', 

'Diagnose_HA', 'Diagnose_HB', 'Diagnose_HC', 'Diagnose_HD', 'Diagnose_HE', 'Diagnose_I', 

'Diagnose_IA', 'Diagnose_IB', 'Diagnose_IC', 'Diagnose_ID', 'Diagnose_IE', 'Diagnose_J', 'Diagnose_JA', 

'Diagnose_JB', 'Diagnose_JC', 'Diagnose_JD', 'Diagnose_JE', 'Diagnose_K', 'Diagnose_KA', 

'Diagnose_KB', 'Diagnose_KC', 'Diagnose_KD', 'Diagnose_KE', 'Diagnose_L', 'Diagnose_LA', 

'Diagnose_LB', 'Diagnose_LC', 'Diagnose_LE', 'Diagnose_M', 'Diagnose_MA', 'Diagnose_MB', 

'Diagnose_MC', 'Diagnose_MD', 'Diagnose_ME', 'Diagnose_N', 'Diagnose_NB', 'Diagnose_ND', 

'Diagnose_O', 'Diagnose_OA', 'Diagnose_OB', 'Diagnose_OC', 'Diagnose_OD', 'Diagnose_OE', 

'Diagnose_P', 'Diagnose_PA', 'Diagnose_PB', 'Diagnose_PC', 'Diagnose_PD', 'Diagnose_PE', 

'Diagnose_Q', 'Diagnose_QA', 'Diagnose_QB', 'Diagnose_QC', 'Diagnose_QD', 'Diagnose_QE', 

'Diagnose_R', 'Diagnose_RA', 'Diagnose_RB', 'Diagnose_RC', 'Diagnose_RD', 'Diagnose_S', 

'Diagnose_SA', 'Diagnose_SB', 'Diagnose_SC', 'Diagnose_SD', 'Diagnose_T', 'Diagnose_TA', 

'Diagnose_TB', 'Diagnose_TC', 'Diagnose_TD', 'Diagnose_U', 'Diagnose_UA', 'Diagnose_UB', 

'Diagnose_UC', 'Diagnose_UD', 'Diagnose_V', 'Diagnose_VA', 'Diagnose_VB', 'Diagnose_VC', 

'Diagnose_VD', 'Diagnose_W', 'Diagnose_WA', 'Diagnose_WB', 'Diagnose_WC', 'Diagnose_WD', 

'Diagnose_X', 'Diagnose_XA', 'Diagnose_XB', 'Diagnose_XC', 'Diagnose_Y', 'Diagnose_YA', 

'Diagnose_YB', 'Diagnose_YC', 'Diagnose_YD', 'Diagnose_Z', 'Diagnose_ZA', 'Diagnose_ZB', 

'Diagnose_ZC', 'Diagnose_ZD' 

 

 

 


