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The objective of this study is to explore effective and innovative machine learning techniques that Survivability:
can assist medical professionals in developing more accurate prognoses that can enhance the 7
survivability of osteosarcoma patients by investigating potential prognostic factors and identifying ~PrO9nosis;

novel therapeutic approaches. A comprehensive analysis was conducted using a dataset of 128 Machine Learning.
osteosarcoma patients between 1997 to 2011. The dataset included 52 attributes in total that covered

a wide range of demographics, together with information on clinical records, treatment protocols, and

survival outcomes. Data was obtained from NOCERAL (National Orthopaedic Centre of Excellence

in Research and Learning), Kuala Lumpur. Three distinct binary classification methods (i.e., random

forest, support vector machine (SVM), and artificial neural network (ANN)) were employed to

identify the prognostic factors that are associated with improved survival efficacy measures. The

results of this study revealed that both SVM and ANN outperformed random forests in predicting

survivability for both the 2-year and 5-year time frames. These findings indicate the potential of SVM

and ANN as effective tools for predicting osteosarcoma survivability. The study signifies a significant

step towards integrating machine learning techniques into the existing toolkit available to medical . .
practitioners. This study contributes to the medical field by providing a comparative analysis of three ~ Article History:
prominent machine learning techniques for predicting osteosarcoma survivability. The superior

performance of SVM and ANN over random forests highlights the potential of these methods in  Received: 13 February 2023
genergting more accurate survivability predictions. Fu_rther d_evelopment and refi_nen)er_]t of these  Revised: 09 June 2023
machine learning techniques hold promise for enhancing their effectiveness and instilling greater

confidence among medical professionals and patients in the predictive capabilities of machine Accepted: 02 July 2023
learning and artificial intelligence models for osteosarcoma survivability. Available online: 12 July 2023

1- Introduction

Prognosis refers to the likelihood of recovering from a disease or the expected outcome of a treatment process [1]. It
plays a crucial role in the healthcare industry, influencing medical decision-making and even affecting patients' decisions
in other areas of their lives unrelated to medical care. A positive prognosis can instill optimism in patients, alleviating
concerns about the disease and treatment. Conversely, a less favorable prognosis allows patients to make informed
decisions about continuing treatment while preparing for the inevitable [2]. By equipping medical professionals with
tools to enhance the accuracy and quality of prognoses, they can provide optimal care and treatment for their patients.
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These tools also contribute to achieving the United Nations' Sustainable Development Goal of ensuring healthy lives
and promoting well-being [3]. While accurate prognoses of suboptimal outcomes may seem challenging, they empower
patients to come to terms with their mortality and prepare for the future, benefiting the well-being of individuals in their
social circle.

Therefore, the development of essential technological tools for more accurate prognoses is crucial to providing the
best possible medical guidance to patients worldwide. As professionals who serve on the front lines, doctors are
responsible for providing the best possible care and advice to their patients. This is especially important for
osteosarcoma, a type of cancer that can also be detected in younger patients [4] who are only beginning to find their
footing in life. On top of that, current treatments for osteosarcoma, such as surgery, radiation therapy, and chemotherapy,
are done on a median approach as there are insufficient insights to determine the most accurate form of treatment needed
for each individual. As such, significant progress needs to be made in developing the necessary tools that can assist
medical professionals in providing more accurate prognoses to osteosarcoma patients. By providing a more accurate
prognosis, doctors can provide the most optimal course of action to an osteosarcoma patient, and in the event of a poor
prognosis, the patient can opt to forgo treatment and save themselves unnecessary time and money that would have been
put towards an ineffective treatment process.

This research helps to achieve the goal of providing accurate prognoses by investigating machine learning techniques
that can process vast amounts of patient data and construct an accurate prognostic model in a short period. From a
theoretical point of view, there is currently a limited amount of research performed on the application of machine learning
techniques to osteosarcoma prognoses, which may be due to osteosarcoma being less prevalent in the population than
other types of cancers. However, there are many examples of the research being performed on other cancer types, such
as breast cancer [5-7], which have been proven to demonstrate the effectiveness of machine learning techniques for
developing prognostic models and can be drawn upon to supplement this research. Therefore, this study aims to discover
a machine-learning technique that can assist medical professionals in the prognosis of osteosarcoma with high
effectiveness.

1-1- Objective of the Study

Based on the issues discussed earlier, this research was established with the objective of discovering the most effective
machine learning technique that can assist medical professionals in developing accurate prognoses for osteosarcoma
patients. To understand the context of the research problem and subsequently achieve this objective, the following
research questions were formulated.

1) What is the current extent of osteosarcoma survivability among those who are afflicted with the disease?
2) What are the factors that influence the prediction of the survivability of osteosarcoma patients?

3) What is the effectiveness of existing machine learning techniques in assisting medical professionals with providing
an accurate prognosis for osteosarcoma patients?

2- Literature Review

Osteosarcoma is a type of cancerous bone tumor that develops in areas of rapid bone turnover, occurring in the long
bones of the limbs near the metaphyseal growth plate [8]. The most frequent sites for osteosarcoma occurrence are
situated in the distal femur and proximal tibia of adolescent humans [9], with less common occurrences in the skull, jaw,
or pelvis [8]. This is the most common form of primary bone malignant tumor found in humans [8] and often results in
fatalities for adults and children alike [10]. However, while touted as the most common bone malignancy, the incidence
of osteosarcoma in the human population is relatively sparse, with a reported worldwide incidence of 1 to 3.4 cases per
million people per year [8, 9]. The typical curative process for osteosarcoma is surgery, but the survival of osteosarcoma
patients who are treated with surgery alone is relatively low [8]. As with other cancers, osteosarcoma patients are also
capable of succumbing to the disease after a certain period of time, which makes the ability to make survivability
predictions for these patients much more valuable.

Osteosarcoma survival rates for 5-year periods have been found to have improved to approximately 70% in one study
based in the United States as a result of improved clinical trials that began in the early 1980s [4]. However, the same
study also finds that osteosarcoma survivability varies greatly in different age groups; younger patients ranging from 0
to 24 years of age had a relative 5-year survival rate of 61.6%, while adults in the 25-59-year range had relative survival
rates of 58.7% for the same period. Meanwhile, osteosarcoma patients older than 60 years of age had a more dismal 5-
year survival rate of 24.2%. Despite that, osteosarcoma survival rates rank higher than cancers that afflict other vital
organs, such as the lungs and liver. For comparison, the World Health Organization cites a 10-15% 5-year overall
survival rate for lung cancer [11]. Temperature-responsive hydrogels have gained significant attention in tissue
engineering due to their ability to transition from a liquid or semi-solid state at ambient temperatures to a gel state at
body temperature. This unique characteristic enables the loading of therapeutic compounds onto the hydrogel in its liquid
form, which can then be easily solidified and administered when applied. These advancements have opened doors for
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developing targeted hydrogels to combat osteosarcoma, aiming to induce tumor cell death and enhance survivability in
patients [12]. Another study revealed a significant correlation between age and survival rate in elderly patients,
demonstrating that advancing age is associated with reduced survivability. This finding is consistent with previous
research that has also emphasized the significance of tumor stage as a substantial risk factor, with distantly metastatic
tumors having a worse prognosis compared to localized tumors [13].

While data on the United States’ Surveillance, Epidemiology, and End Results (SEER) program indicates a similar
5-year survival rate of 19% for lung cancer as well as 18% for liver cancer [14, 15]. However, osteosarcoma is not
necessarily the highest in rank for survivability among cancers of the vital organs; American kidney cancer patients have
been found to experience a 5-year relative survival rate of about 75% [12]. As for comparisons against cancers of non-
vital organs, osteosarcoma is often outclassed in terms of survival rates as these non-vital organs can often be removed
to eliminate the cancer from the patient’s body. For instance, the same SEER data indicates that female breast cancer
has a relative 5-year survival rate of 90% and prostate cancer has a survival rate of 98% [12]. Nevertheless, gaining the
ability to make more accurate survivability predictions for osteosarcoma patients is indispensable in ensuring that the
patients are given a clearer picture of what to expect from the disease. A prognosis is often made by medical professionals
based on the factors surrounding a certain medical condition. The word "prognosis” is defined as the probability of
recovering as per anticipation from the usual course of a disease or peculiarity of a case [1, 16]. Prognosis is done to
predict the outcome of an ailment in order to devise a suitable treatment plan for a patient [16, 17]. As such, prognosis
is an important stage in the healthcare process, and research should be further performed in this area to understand and
improve future outcomes for patients afflicted with a certain health condition [18]. In the context of cancer prognoses,
there are three key areas of prediction that are often discussed: cancer susceptibility, cancer recurrence, and cancer
survivability [17].

This research primarily focuses on predicting cancer survivability, which involves estimating outcomes such as life
expectancy and disease progression after the cancer diagnosis [16, 17]. Early detection and treatment significantly impact
long-term prognoses [19], emphasizing the need for more accurate tools to derive prognostic information. In the case of
osteosarcoma, several factors influence the prognosis. The characteristics of the tumor itself, such as tumor necrosis,
size, extension, and location, play a significant role in determining patient survivability [20]. Previous studies on
osteosarcoma in the jaws have shown that larger and higher-grade tumors are associated with reduced survival rates [21].
Additionally, independent factors like the metastatic stage of the disease at presentation and gender have been identified
as negative influences on survival probability [16, 22]. When developing prognostic models for osteosarcoma, these
factors should be prioritized and given utmost attention.

2-1- Survivability Prediction

Predicting a patient’s probability of surviving osteosarcoma falls under the domain of survivability prediction. In a
more generalized fashion, "survival" can be defined as a condition where the patient remains alive for a specific period
of time after the diagnosis of a certain disease [23]. Also known as survivability analysis, the domain of survivability
prediction falls under a subfield of statistics that aims to analyze and model the data that has the outcome of the time
until the occurrence of a certain event of interest [24]. Survival analysis can also be defined as statistical methods that
are used to examine changes over time related to a certain event [25]. In the case of cancer survivability, research in this
field is primarily focused on predicting patient outcomes in terms of life expectancy, survivability, progression, or tumor-
drug sensitivity after disease diagnosis [23]. Survival analysis methods can be broadly categorized into two categories,
which are statistical methods and machine learning-based methods [26]. One statistical method that is commonly used
to measure "time-to-event" data in survival analysis is the Kaplan-Meier method [26]. The Kaplan-Meier method
measures the probability of an event happening in a certain time period by taking the number of patients that are affected
by the event in that time period and dividing it by the total number of patients under study [26]. Similarly, the probability
of an event not happening can be calculated by taking the number of patients that did not experience the event instead.
In the case of osteosarcoma survivability, this method provides a simple way of calculating a patient’s probability of
surviving the disease over a certain period based on the historical data of other patients that have experienced the disease.
This method is a univariate method, meaning that it can only calculate the time-to-event probability of a single variable
at a time and thus cannot be used for multivariate analyses [25, 27]. One challenge that is particular to this field of study
is the existence of censored instances, which are instances with event outcomes that become unobservable after a certain
point in time [24].

These incomplete observations can occur due to various factors, such as a loss of contact with study members before
the event happens, the intervention of external variables that affect the event, or an insufficient amount of time to observe
the event [25]. For example, data sets for osteosarcoma survivability may only indicate patient survival for a certain
number of years, such as 1 year or 5 years, after which the patients are no longer observed as part of the study. The
Kaplan-Meier estimator is able to handle these censored instances by the nature of the statistical model itself, as it
operates on the following three assumptions [27]: i. Participants who drop out or are censored from the study have the
same survival capabilities as those who are still being followed. ii. The survival probabilities are the same for participants
that are recruited early and late in the study. iii. The event being studied (e.g., patient death) occurs at the specified time.
As a result, the Kaplan-Meier estimator provides a convenient method to study patient survivability for specific periods
without requiring researchers to follow the progress of a certain patient for virtually limitless amounts of time until the
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event under study happens. The capability of the estimator to account for censored instances allows researchers to work
with data in specific time frames in order to establish a feasible idea of survivability for certain diseases. Another
statistical model that is commonly used in the world of survival analysis is the Cox proportional hazards regression [28],
often abbreviated as the Cox regression. This model is one of the most common regression modeling frameworks that
enables the exploration of prognostic factors and the estimation of survival rates [29].

The Cox regression model is a semi-parametric model, meaning that the distribution of the outcome remains unknown
even if it is based on a parametric regression model [24]. While its use in survival prediction for individuals is possible,
the Cox regression typically places more focus on the differences in patient cohorts and is designed to gauge the effects
of covariates on the changing hazard function [30-32]. As with other forms of regression models, the Cox regression is
typically used to discover the weightage of each prognostic factor on the patient’s survival, which differentiates itself
from the Kaplan-Meier estimator, which only describes the probability of patient survival based on event data. As such,
Cox regression is described as a multi-variate method because it can handle more than one variable in its analysis. This
also makes the Cox regression more directly comparable to machine learning techniques for survivability prediction,
which will be discussed later in this chapter. In summary, both the Kaplan-Meier estimator and Cox regression model
are complementary tools in survival analysis and have their own ways of contributing towards the understanding of
patient survivability.

3- Research Methodology

This research is designed to fulfill the primary objective of identifying the most effective machine learning technique
for osteosarcoma survivability prediction. The primary work of this study is done in the modeling phase, where the
cleaned data set is passed into machine learning algorithms to train a model that can predict the survivability of a patient
with osteosarcoma. Before using machine learning techniques to develop prediction models, a Kaplan-Meier estimator
is used to establish a baseline survival probability value for a better understanding of the patient survival rate. Extensive
data cleaning and manipulation work was performed on attributes possessing these issues to ascertain the accuracy of
the values provided. These are the following steps:

I. Removal of Missing Values: Some patients did not have values present for certain attributes. These missing values
were rectified by inserting default values that are suitable for the attribute in question.

Il. Values with Non-Standardized Wording: A single attribute may have different values that have the same intended
meaning (e.g., "defaulted” and "defaulter” both meaning that the patient has defaulted from the study). These values
were standardized using a common value, which is usually done by selecting one of the values in the domain.

I11. Trailing Whitespaces: A single attribute may have values that look similar at first glance but in actuality have
trailing whitespaces that cause the analysis program to interpret them as different values altogether (e.g., "Yes" and
"Yes" with an additional space at the end). These values were standardized by removing the whitespaces.

IVV. Multivalued Attributes: One attribute, which is metastasis location, contains multiple values in a single patient entry
as the patient may experience metastatic growths in more than one location. In the initial data set, these values are
combined into a single string with various non-standardized separator characters. These values were split up and
assigned as multivalued lists for each patient entry to improve analysis capabilities.

The flowchart of the research methodology that was used to achieve the study's aims is shown in Figure 1.

As for the binary classification analysis, the random forest, support vector machine, and artificial neural network
algorithms will be used for the purpose of developing prognostic models that are able to predict the potential survivability
of a patient based on the factors present within the data set. These three techniques have been chosen for this study due
to the presence of extensive literature that covers the effectiveness of each technique in providing accurate prognoses
for patients afflicted with various forms of cancer, including osteosarcoma.

The random forest learner is provided with the cleaned data set containing both nominal and numerical attributes,
while the support vector machine and artificial neural network learners are supplied with the data set that has undergone
additional processing to be converted into all-numerical attributes. To avoid the over-fitting problem, 10-fold cross-
validation is also used in the modeling process, where different parts of the data set are divided based on an 80:20 ratio
of training data to test data over 10 iterations and later aggregated at the end to be evaluated for accuracy.

3-1-Machine Learning for Survivability Analysis

In the modern era, where data is being generated at an unprecedented rate, there is a great amount of opportunity to
extract valuable information that can be applied to improve processes. Such is also the case for the healthcare industry,
where patient data is capable of being stored and retrieved regardless of location and time. However, data in its raw form
alone does not provide much value without being processed further. To overcome this challenge, machine learning
techniques have been introduced as a solution to harvest information that is hidden within the data [33]. The main
outcome of the development of a certain machine learning technique is to produce a model that can be applied to tasks
such as classification, prediction, or estimation [34]. With these techniques, researchers have been able to automatically
select characteristics present within large amounts of structured data in order to increase risk classification accuracy [35].
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Figure 1. Flowchart on research methodology

The end goal of developing these models for use in the healthcare industry is so that the knowledge obtained from
the data mining process can be used to assist healthcare providers in serving their patients better [36]. There are two
commonly featured types of machine learning, which are supervised learning and unsupervised learning [33, 34]. While
supervised learning requires labeled data with designated inputs and outputs for training, unsupervised learning does not
require labeled data nor does it require a desired output [33]. In the field of cancer survivability research, many previous
studies have utilized supervised learning techniques for developing new prognostic models. Several examples of
supervised learning techniques that have been used for cancer prognosis are detailed in Table 1. For this research, the
random forest, support vector machine, and artificial neural network techniques are selected for discussion and
implementation due to the extensive literature present that describes the usage and prognostic accuracy of these
algorithms in survivability prediction studies for various types of cancers, including osteosarcoma. The details of each
algorithm, along with summaries of its various appearances in prior literature, are further described in later sections.

Table 1. Supervised Machine Learning Techniques Used in Cancer Prognosis

Learning Technique Publication(s) Type of cancer data set

Kaladhar etal. [6]  Stomach, Bronchus, Colon, Ovary, Breast

Random forest Li et al. [37] Osteosarcoma
Montazeri et al. [7] Breast
Chao et al. [5] Breast
Support vector machine Li et al. [37] Osteosarcoma
Li et al [37] Breast
Multilayer perceptron (artificial neural network) Li et al [37] Breast
Classification and regression tree Kaladhar etal. [37]  Stomach, Bronchus, Colon, Ovary, Breast
Logistic model tree Kaladhar et al. [37]  Stomach, Bronchus, Colon, Ovary, Breast

) Kaladhar et al. [37]  Stomach, Bronchus, Colon, Ovary, Breast
Naive Bayesian

Li etal. [37] Breast

1-nearest neighbour Li etal. [37] Breast
AdaBoost Li etal. [37] Breast
RBF network Li etal. [37] Breast
C5.0 decision tree Chao et al. [5] Breast
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4- Data Overview
4-1-Data Set Characteristics

The data set used as part of this research was obtained from NOCERAL, Faculty of Medicine, University of Malaya,
Malaysia. The data contains information on patients diagnosed with osteosarcoma between the years of 1997 and 2011,
including information on their survival status as well as various other factors that influence osteosarcoma prognosis,
such as tumor location, metastasis, and tumor size. Extensive discussions were conducted with the research team in
NOCERAL to ascertain the quality of the data set and to avoid ambiguity in understanding the values that are present
within. The original data set contains data on a total of 128 patients with 52 attributes. The attributes present in the data
set can be divided into the following categories.

I. Patient demographics (age, gender, ethnicity);

Il. Osteosarcoma attributes (tumour characteristics, metastasis);
I1l. Treatment-related information (type of surgery/treatment, disease recurrence);
IV. Patient survivability.

The following subsections describe each of the patient attributes in the data set.

4-1-1- Patient Age

Table 2 describes the age of the patients recorded in the data set. Patients in this study range from children as young
as 5 years old to more elderly adults at 59 years old. The mean patient age is 16.225, while the median age is 15,
indicating that osteosarcoma can be present in younger individuals.

Table 2. Descriptive Analysis of Patient Age

Patient age
Minimum 5
Maximum 59
Mean 16.225
Standard deviation 7.914
Median 15

4-1-2- Gender of Patients

Table 3 shows the frequency of patient genders recorded in the data set. A majority of the patients participating in
this study are male (80 patients, or 62.5%), while the remaining 48 patients (37.5%) are female.

Table 3. Frequency Table for Patients’ Gender

Gender Frequency Percentage

Male 80 62.5
Female 48 375
Total 128 100

4-1-3- Ethnicity of Patients

Table 4 shows the frequency of patient ethnicities recorded in the data set. 86.7% of the patients participating in this
study are either of Malay (59 patients, or 46.1%) or Chinese (52 patients, or 40.6%) descent. The remaining patients
come from Indian (14 patients, or 10.9%) or other (3 patients, or 2.4%) ethnic backgrounds.

Table 4. Frequency Table for Patient Ethnicity

Ethnicity Frequency Percentage

Malay 59 46.1
Chinese 52 40.6
Indian 14 10.9
Other 3 2.4
Total 128 100
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4-1-4- Primary Site of Tumor

Table 5 shows the frequency of the primary tumor site diagnosed in the patients recorded in the data set. Almost all
of the patients had tumors in extremity sites, with only six patients recorded to have tumors in axial sites. One patient
was not applicable for this attribute.

Table 5. Frequency Table for Primary Site of Tumour

Primary Site  Frequency Percentage

Extremity 121 94.5
Axial 6 4.7

Not applicable 1 0.8
Total 128 100

4-1-5- Tumour Location

Table 6 shows the frequency of tumor locations detected for the patients recorded in the data set. Exactly half of the
patients had tumors in their femurs, with another third having tumors in the tibia and humerus. The remaining patients
have tumors detected in their fibulae, pelvises, radii, ribs, scapulae, and ulnae. Two patients are not applicable for this
attribute.

Table 6. Frequency Table for Tumour Location

Tumour location  Frequency Percentage

Femur 64 50.0
Tibia 31 24.2
Humerus 13 10.1
Fibula 8 6.2
Pelvis 4 31
Radius 2 1.6
Rib 2 16
Scapula 1 0.8
Ulna 1 0.8
Not applicable 2 1.6
Total 128 100

4-1-6-Metastasis

Table 7 shows the frequency of metastasis presence for the patients recorded in the data set. More than half of the
patients have developed metastatic growths, with only 34 patients not undergoing this experience. 16 patients did not
apply for this condition or defaulted from the study before metastasis could be detected.

Table 7. Frequency Table for Presence of Metastasis

Presence of metastasis  Frequency Percentage

Yes 78 60.9

No 34 26.6

Not applicable/Defaulted 16 12.5
Total 128 100

Table 8 shows the frequency of metastasis detection at diagnosis for the patients recorded in the data set. 54.7% of
the patients did not have metastatic growths detected during their initial diagnosis with the hospital, while 39.1% of
patients did. Eight patients did not apply for this attribute or defaulted from the study before metastasis could be
ascertained at diagnosis.

Table 8. Frequency Table for Metastasis at Diagnosis

Metastasis at diagnosis ~ Frequency  Percentage

No 70 54.7

Yes 50 39.1

Not applicable/Defaulted 8 6.2
Total 128 100
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Table 9 shows the frequency of metastasis detection during patient treatment as recorded in the data set. Under 10%
of patients had their metastasis condition detected during treatment, with 47 others did not have such a condition detected.

69 patients are either not applicable for this attribute or have defaulted or passed away before metastasis could be detected
in this phase.

Table 9. Frequency Table for Metastasis during Treatment

Metastasis during treatment Frequency Percentage
No 47 36.7
Yes 12 9.4
Not applicable/Defaulted/Passed away 69 53.9
Total 128 100

Table 10 shows the frequency of metastasis detection in patients after treatment has been done. 16 patients had their
metastatic conditions detected at this stage, while 27 others did not. 85 patients are not applicable for this attribute or
have defaulted from the study before metastasis could be detected at this stage.

Table 10. Frequency Table for Metastasis after Treatment

Metastasis after treatment Frequency Percentage
No 27 21.1
Yes 16 12.5
Not applicable/Defaulted 85 66.4
Total 128 100

Table 11 shows the frequency of metastasis presence in the first 12 months since the patient’s case was first presented
to the hospital. 9 patients had metastatic growths detected within the 12-month period, while 7 patients did not have

metastases detected in the same period. 112 other patients are not applicable for this attribute or have passed away before
metastasis could be detected.

Table 11. Frequency Table for Presence of Metastasis in First 12 Months since Presentation

Presence of metastasis in first 12 months since presentation ~ Frequency Percentage

Yes 9 7.0

No 7 55

Not applicable/Passed away 112 87.5
Total 128 100

Table 12 shows the frequency of metastasis presence in the first 24 months since the patient’s case was first presented

to the hospital. 4 patients had metastases detected within this period, while 5 others did not. 119 patients are not
applicable for this attribute.

Table 12. Frequency Table for Presence of Metastasis in First 24 Months since Presentation

Presence of metastasis in first 24 months since presentation  Frequency Percentage

No 5 3.9

Yes 4 31

Not applicable 119 93.0
Total 128 100

Table 13 shows the frequency of metastasis presence beyond the first 24 months since case presentation to the

hospital. Beyond the first 2 years, 3 patients had metastatic growths detected, while 3 other patients did not. 122 patients
were not applicable for this attribute.

Table 13. Frequency Table for Presence of Metastasis beyond 24 Months since Presentation

Presence of metastasis beyond 24 months since presentation ~ Frequency Percentage

No 3 2.3

Yes 3 2.3

Not applicable 122 95.4
Total 128 100
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Table 14 shows the frequency of metastatic growth locations separated by patients recorded in the data set. Over a
third of the patients had metastases detected in the lungs only, while the remaining patients with metastases had growths
in various combinations of locations. Meanwhile, Table 15 shows the same data but separates metastasis data by
individual locations. Of the 55 patients with metastasis, almost all of them had metastatic growths in the lungs, followed
by a small sum of patients having similar growths in the spine, ribs, and tibia. Five patients had unique growths in the
humerus, iliac, lymph nodes, sternum, and scapula.

Table 14. Frequency Table for Metastasis Location by Patient

Metastasis location by patient ~ Frequency Percentage
Lungs 46 35.9
Lungs and spine 2 .61
Lungs, ribs and tibia 1 0.8
Lungs and ribs 1 0.8
Humerus 1 0.8
Ribs, tibia, iliac and spine 1 0.8
Lymph nodes and lungs 1 0.8
Spine and sternum 1 0.8
Lungs, ribs, spine and scapula 1 0.8
Not applicable 73 56.9
Total 128 100

Table 15. Frequency Table for Metastasis Location by Location

Metastasis Igcation by Frequency Percent_age of all Percen_tage of 55 pgtients

location patients with metastasis
Lungs 52 40.6 94.5
Spine 5 3.9 9.1
Ribs 4 3.1 7.3
Tibia 2 16 36
Humerus 1 0.8 1.8
lliac 1 0.8 18
Lymph nodes 1 0.8 1.8
Sternum 1 0.8 1.8
Scapula 1 0.8 1.8

Table 16 shows the frequency of lung metastasis laterality found in the patients recorded in the data set. 26 patients
have been found to have bilateral lung metastases, while 15 had unilateral metastases. 83 patients are not applicable for
this attribute.

Table 16. Frequency Table for Laterality of Lung Metastasis

Laterality of lung Frequency Percentage

metastasis
Bilateral 26 20.3
Unilateral 15 117
Yes 3 2.3
No 1 0.8
Not applicable 83 64.9
Total 128 100

Table 17 shows the frequency of the number of lung nodules detected in patients recorded in the data set. Almost
one-fifth of the patients had less than four lung nodules detected, while 14.8% had four nodules or more. 84 patients are
not applicable for this attribute.
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Table 17. Frequency Table for Number of Lung Nodules

Number of lung nodules Frequency Percentage

Less than 4 25 19.5
Greater than or equal to 4 19 14.8
Not applicable 84 65.7
Total 128 100

Table 18 shows the frequency of distant metastasis presence in the patients recorded in the data set. Many patients
did not exhibit the presence of distant metastatic growth, with only 11 patients having such a condition detected. 61
patients are not applicable for this attribute.

Table 18. Frequency Table for Presence of Distant Metastasis

Presence of distance metastasis Frequency  Percentage

No 56 43.7

Yes 11 8.6

Not applicable 61 47.7
Total 128 100

4-1-7- Pathological Fracture

Table 19 shows the frequency of pathological fracture presence in the patients recorded in the data set. Only six
patients had such fractures detected, while the remaining 95.3% of patients did not.

Table 19. Frequency Table for Presence of Pathological Fracture

Presence of pathological fracture Frequency Percentage

No 122 95.3
Yes 6 4.7
Total 128 100

4-1-8- Histological Subtype

Table 20 shows the frequency of the osteosarcoma histological subtype identified for the patients recorded in the data
set. Almost two-thirds of patients had osteoblastic osteosarcoma, with another 11.7% suffering from chondroblastic
osteosarcoma. The osteosarcomas of the remaining patients are separated into other histological subtypes.

Table 20. Frequency Table for Histological Subtype

Histological subtype ~ Frequency Percentage

Osteoblastic 84 65.6
Chondroblastic 15 117
Giant cell (rich) 4 3.1

Parosteal 3 2.3
Giant cell 3 2.3
Telangiectatic 3 2.3

Fibroblastic 2 1.6

Sarcomatoid 1 0.8
Not applicable 13 10.3

Total 128 100

4-1-9- Histological Response

Table 21 shows the frequency of patient histological response rates as recorded in the data set. 48 patients exhibited
a response of less than 90%, while 43 other patients had responses that were 90% or greater. 37 patients were not
applicable for this attribute.
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Table 21. Frequency Table for Histological Response

Histological response Frequency Percentage
Less than 90% 48 375
Greater than or equal to 90% 43 33.6
Not applicable 37 289
Total 128 100

4-1-10- Tumor Size

Table 22 shows the frequency of tumor sizes detected in the patients recorded in the data set. From the 102 patients
that were eligible for this attribute, a large number of patients had been diagnosed with tumors that were greater than or
equal to 10 centimeters in size.

Table 22. Frequency Table for Tumour Size

Tumor size Frequency Percentage
Greater than or equal to 10 cm 59 46.1
Less than 10 cm 43 33.6
Not applicable 26 20.3
Total 128 100

4-1-11- Enneking Stage

Table 23 shows the frequency of Enneking stages for the patients recorded in the data set. Almost half of the patients
recorded in the study are diagnosed with Stage 3 osteosarcoma, with 41 other patients diagnosed with Stage 2B and 1
patient diagnosed with Stage 1B. 24 patients were not applicable for this attribute.

Table 23. Frequency Table for Tumor Size

Enneking stage Frequency Percentage

Stage 3 62 48.4
Stage 2B 41 32.0
Stage 1B 1 0.8

Not applicable 24 18.8
Total 128 100

4-1-12- Serum ALP

Table 24 describes the serum alkaline phosphatase levels (ALP) of patients recorded in the data set. Patient serum
ALP levels range from 56 to 3141m with a mean of 433.147 and a median value of 234.5.

Table 24. Descriptive Analysis of serum ALP

Serum ALP
Minimum 56
Maximum 3141
Mean 443.147
Standard deviation 541.643
Median 234.5

4-1-13- Monocyte Count

Table 25 describes the monocyte count for the patients recorded in the data set. The monocyte counts ranges from as
low as 0.085x10° to as high as 3.021x10°, with a mean of 0.674x10° and a median value of 0.575x10°,

Table 25. Descriptive Analysis of Monocyte Count

Monocyte count (x10°)

Minimum 0.085
Maximum 3.021
Mean 0.674
Standard deviation 0.448
Median 0.575
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4-1-14- Lymphocyte Count

Table 26 describes the lymphocyte count for the patients recorded in the data set. Patient lymphocyte counts range
from 0.273x10° to 9.650x10°, with a mean of 2.165x10° and a median value of 1.984x10°.

Table 26. Descriptive Analysis of Lymphocyte Count

Lymphocyte count (x10°)

Minimum 0.273
Maximum 9.650
Mean 2.165
Standard deviation 1.185
Median 1.984

4-1-15- Primary Surgery

Table 27 shows the frequency of primary surgery types that the patients recorded in the data set have undergone.
Almost two-thirds of patients have undergone salvage surgery, with the remaining patients being treated with
amputation, conservative, or ablative salvage surgery. 15 patients were not applicable for this attribute. They had either
defaulted from the study or passed away before primary surgery was performed.

Table 27. Descriptive Analysis of Lymphocyte Count

Primary surgery Frequency Percentage
Salvage 83 64.8
Amputation 25 19.5
Conservative 4 31
Salvage (ablation) 1 0.8
Not applicable/Defaulted/Passed away 15 11.8
Total 128 100

4-1-16-Induction Chemotherapy

Table 28 shows the frequency of patients who underwent induction chemotherapy as recorded in the data set. A
majority of patients were treated with induction chemotherapy, with only 17 patients not doing so. Six patients are not
applicable for this attribute or had defaulted from the study before the treatment was performed. The chemotherapy
regimens used by patients for this treatment are shown in Table 29. Most patients are treated with the DCM regime, with
16 patients treated using the DC regime and 33 being treated with other regimes. 25 patients were either not applicable
for this attribute, had defaulted, or had passed away before the regime could be completed.

Table 28. Frequency Table for Induction Chemotherapy

Usage of induction chemotherapy Frequency Percentage
Yes 105 82.0
No 17 13.3
Not applicable/Defaulted 6 4.7
Total 128 100

Table 29. Frequency Table for Induction Chemotherapy Regime

Induction chemotherapy regime Frequency  Percentage
DCM 54 42.2
DC 16 12.5
Other 33 25.8
Not applicable/Defaulted/Passed away 25 19.5
Total 128 100
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4-1-17- Adjuvant Chemotherapy

Table 30 shows the frequency of patients who underwent adjuvant chemotherapy as recorded in the data set. Almost
80% of patients were treated with this chemotherapy, with only 2 patients not utilizing this treatment. Twenty-four
patients were either not applicable for this attribute, had defaulted from the study before the treatment was performed,
or had continued treatment at a different facility. The induction chemotherapy regimens undergone by patients are shown
in Table 31. Like the induction chemotherapy regimens, most patients are treated with the DCM regime, with 10 patients
treated using the DC regime and 36 being treated with other regimes. 28 patients are either not applicable for this
attribute, had defaulted, or had passed away before the regime could be completed.

Table 30. Frequency Table for Adjuvant Chemotherapy

Usage of adjuvant chemotherapy Frequency Percentage
Yes 102 79.7
No 2 16
Not applicable/Defaulted/Continued treatment elsewhere 24 18.7
Total 128 100

Table 31. Frequency Table for Adjuvant Chemotherapy Regime

Adjuvant chemotherapy regime Frequency  Percentage
DCM 54 422
DC 10 7.8
Other 36 28.1
Not applicable/Defaulted/Passed away 28 21.9
Total 128 100

4-1-18- Disease Recurrence

Table 32 shows the frequency of patients experiencing recurrence of the osteosarcoma disease as recorded in the data
set. Of the 75 applicable patients for this attribute, 46 did not experience recurrence, while 29 had recurrence detected.

Table 32. Frequency Table for Disease Recurrence

Disease recurrence  Frequency Percentage

No 46 35.9

Yes 29 22.7

Not applicable 53 41.4
Total 128 100

4-1-19- Treatment Completion

Table 33 shows the frequency of patients who have completed their treatments as recorded in the data set. Over 70%
of patients are recorded as having successfully gone through their treatments, while 30 patients have not. Seven patients
were not applicable for this attribute.

Table 33. Frequency Table for Treatment Completion

Treatment completion  Frequency Percentage

Yes 91 71.1

No 30 234

Not applicable 7 55
Total 128 100

4-1-20- Patient Survival

Table 34 shows the length of patient survival in rounded-down years as recorded in the data set. While almost half of
the patients survived beyond 5 years, a similar number also succumbed to the disease within 3 years. Eight patients fell
victim to the disease between 4 to 5 years after first being diagnosed with osteosarcoma.
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Table 34. Frequency Table for Length of Patient Survival in Years

Length of survival (years, rounded down) Frequency Percentage

0 25 195

1 19 14.8

2 18 141

3 5 3.9

4 3 2.3

5 or greater 58 45.4
Total 128 100

Based on the above data, the frequency of patients surviving after 2 years is shown in Table 35. Almost two-thirds of
the recorded patients survived the disease beyond this period, with the remaining 44 patients succumbing to their
illnesses.

Table 35. Frequency Table for Patient Survival after 2 Years

Patient survival after 2 years Frequency Percentage

Yes 84 65.6
No 44 34.4
Total 128 100

Similarly, the frequency of patients surviving after 5 years is shown in Table 36. While the number of patients
succumbing to the disease increased by 14 to 58 patients from the first 2 years, over half of the patients still managed to
survive beyond 5 years.

Table 36. Frequency Table for Patient Survival after 5 Years

Patient survival after 5 years  Frequency Percentage

Yes 70 54.7
No 58 45.3
Total 128 100

5- Data Analysis Methods and Results

The data preparation process is done within the platform using various tools such as string manipulation and attribute
normalizer nodes. For descriptive analysis purposes, statistical analysis was utilized to quickly obtain distribution values
for each attribute that is presented in the dataset. The Kaplan-Meier survivability prediction value is obtained by
supplying the data to the readily available Kaplan-Meier estimator node, while each of the machine learning models is
trained and evaluated using built-in learner and predictor nodes as well as ROC curve generator tools.

5-1-Pilot Study

A pilot study was conducted prior to this research with a subset of the same data set to test the research process and
verify the capabilities of the data analysis platform. In the pilot study, the data on 40 randomly selected patients was
used to test all three machine learning techniques as well as the Kaplan-Meier estimator for both 2-year and 5-year
survival. Evaluation metrics remained the same in this pilot study, where the ROC curves for each machine learning
model were observed and the AUCs were observed. In this pilot study, the machine learning prognostic models were
able to produce AUCs of 0.705, 0.777, and 0.673 in terms of 2-year survival for the random forest, support vector
machine, and artificial neural network algorithms, respectively, and AUCs of 0.508, 0.712, and 0.554 in terms of 5-year
survival for the same algorithms. Meanwhile, the Kaplan-Meier estimator was able to produce survival estimates of
0.700 and 0.525 for both 2- and 5-year survival, respectively. This pilot study supports the validity of the research
methodology and serves as a basis for the development of this research’s complete analysis.

5-2-Kaplan-Meier Analysis

Using the patient survival length data that is present within the data set, a Kaplan-Meier analysis is performed to
discover the survivability rate of the osteosarcoma patients that are being studied as part of this research. The Kaplan-
Meier curves for patient survival after 2 years and 5 years can be seen in Figures 2 and 3, respectively. Meanwhile, the
exact Kaplan-Meier estimator values obtained are recorded in Table 37.
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Table 37. Frequency Table for Patient Survival after 5 Years

Patient survival length ~ Kaplan-Meier estimator value
2 years 0.656
5 years 0.453
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Figure 2. Kaplan-Meier Curve for Patient Survival after 2 Years
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Figure 3. Kaplan-Meier Curve for Patient Survival after 5 Years

From the obtained results, the Kaplan-Meier estimator denotes that 65.6% of the studied patients are able to survive
the osteosarcoma disease beyond 2 years, and only 45.3% are able to survive beyond 5 years. The 5-year curve also
illustrates the fact that almost half of the patients did not manage to survive the disease past the first three years.

5-3-Binary Classification Analysis

The following subsections describe the performance of each binary classification algorithm on the patient survival
data. All three selected algorithms are used to develop survival prediction models for 2-year and 5-year survival,
respectively, before making comparisons of the performance results to ascertain the best-performing model.
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5-3-1- Random Forest

The random forest (RF) learner is configured to use the information gain ratio as the tree splitting criterion and a limit
of 100 models. The ROC curves for the 2-year and 5-year survival predictions using the RF algorithm are shown in
Figures 4 and 5, respectively. From these curves, the AUC for 2-year survival is calculated to be 0.640, meaning that the
model is able to correctly predict 64.0% of patients to survive osteosarcoma beyond 2 years. Similarly, the AUC for 5-
year survival is calculated to have a value of 0.447, which means that the model can accurately predict that 44.7% of
patients will survive the disease after 5 years.
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gure 4. ROC Curve for 2-Year Patient Survival with the Random Forest Algorithm
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Figure 5. ROC Curve for 5-Year Patient Survival with the Random Forest Algorithm

5-3-2-Support Vector Machine

The support vector machine (SVM) learner is configured to use a polynomial kernel with a bias, power, and gamma
of 1.0 as well as an overlapping penalty of 1.0. The ROC curves for 2-year and 5-year survival generated by the SVM
model can be seen in Figures 6 and 7, respectively. For the 2-year survival ROC curve, the AUC is calculated to be at
0.815, which indicates that the model is able to accurately predict that 81.5% of patients will survive the osteosarcoma
disease after 2 years. As for 5-year survival, the AUC is calculated to have a value of 0.828, which means that the model
is capable of correctly predicting that 82.8% of patients will survive after 5 years.
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Figure 6. ROC Curve for 2-Year Patient Survival with the Support Vector Machine Algorithm
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Figure 7. ROC Curve for 5-Year Patient Survival with the Support Vector Machine Algorithm

5-3-3- Artificial Neural Network

For the artificial neural network (ANN) analysis, the multilayer perceptron learner was used with a maximum of 100
iterations, 1 hidden layer, and 10 hidden neurons per layer. The ROC curves obtained from the ANN model predictions
for 2-year and 5-year survival are shown in Figures 8 and 9, respectively.

The 2-year survival model ROC curve presents an AUC of 0.833, which indicates that the model is capable of
correctly predicting the survival of 83.3% of patients after 2 years. Meanwhile, the 5-year survival ROC curve has an
AUC of 0.807, meaning that the model can successfully predict the survival of 80.7% of patients after 5 years.

5-4- Comparison of Binary Classification Model Performance

Using the survival probability values obtained from the binary classification models, a bar chart comparing the values
is constructed, as seen in Figure 10. From this chart, it can be seen that the performance of the random forest model is
underwhelming, with both the 2-year survivability and the 5-year survivability prediction confidence probabilities
underperforming against the support vector machine and artificial neural network models. The highest survivability
prediction confidences can be observed in both the support vector machine and artificial neural network models, with
each model edging out the other in the different studied time periods.
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For patient survival after 2 years, the artificial neural network model is able to correctly predict surviving patients
1.8% better than the support vector machine model, while the support vector machine model is able to outperform the
artificial neural network model by 2.1% for 5-year patient survivability prediction. From these results, it can be
established that both the artificial neural network and support vector machine models are the most effective in predicting
the survivability of osteosarcoma patients in this study, with each model topping the performance measures on the 2-
year and the 5-year survivability predictions, respectively.

6- Conclusion

This study has discovered the current extent of survivability among patients that are affected by osteosarcoma as well
as the effectiveness of binary classification machine learning techniques for predicting osteosarcoma survivability among
patients. With survival rates being generally low for this disease, patients are often faced with doubts regarding their
own mortality and the well-being of the loved ones around them should their affliction take a turn for the worse. As
such, the ability to provide more accurate prognoses through machine learning-powered models is highly valuable for
medical professionals to provide the best possible advice and treatment options to osteosarcoma patients and place more
control of the patients fates in their own hands. With enough refinement, these machine learning techniques can become
highly accurate and viable tools to assist doctors in making these prognoses with little doubt in their decision-making.
Thus, this research provides yet another step forward towards achieving the goal of integrating machine learning
techniques with tools that are currently available to medical practitioners. Nevertheless, there is potential for this study
to be developed further to enhance the effectiveness of the applied machine learning techniques so that both medical
professionals and patients can be more confident in the survivability predictions generated by machine learning- or
artificial intelligence-based models. To gauge the effectiveness of machine learning techniques on predicting
osteosarcoma survivability, this research has looked into three distinct binary classification techniques for comparison,
which are the random forest, support vector machine, and artificial neural network techniques. The results obtained from
this study indicate that the support vector machine and artificial neural network algorithms performed better than random
forests for both 2-year and 5-year survivability. Thus, this research provides yet another step forward towards achieving
the goal of integrating machine learning techniques with tools that are currently available to medical practitioners.
Nevertheless, there is potential for this study to be developed further to enhance the effectiveness of the applied machine
learning techniques in order for both medical professionals and patients to be more confident in the survivability
predictions generated by machine learning- or artificial intelligence-based models.
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