Using Patient Attributes to Predict Glioblastoma

Multiforme Survival Rates

Katie Harbaugh, Nathan Lam

July 31, 2020

Abstract

Glioblastoma is essentially one of the most lethal cancers of all, with
a bleak prognosis and no determined cure. Additionally, the survival esti-
mates given to patients are often quite inaccurate, as they can range from
a few months to a few years based on multiple variables. The goal of this
project is to test and create a model that relies on patient attributes to
output a more specific and accurate survival curve. Through the use of
Python packages, we were able to find correlations between certain char-
acteristics and overall survival time. Then, by utilizing the Cox Model,
we were able to output survival curves based on selected attributes, and
compare the prediction with the results in the data. Given the time con-
straint, there is definitely more potential for fine-tuning this model than
what was able to be achieved in 6 weeks. That being said, this project
was successful in allowing us to create and test a prediction model that

outputs a more specific percentage of survival at different intervals.



1 Introduction

Glioblastoma Multiforme (GBM) is a stage IV brain cancer, which is incredibly
aggressive with few treatment options. The bleak prognosis for GBM patients is
a several month life expectancy [5], partially due to the need for a combination
of intense treatments to try and treat the tumor. Treatment often begins with
surgical resection, but due to the complex invasive nature of the tumor, there is
no way to fully remove the mass through surgery. So, it is often followed by a
combination of therapies including radiation, chemo, etc. Even so, the purpose
of these existing treatments is often with the realistic goal of prolonging life by
a few months, as that seems to be as optimistic as possible.

My goal with this project is to analyze existing data sets that incorporate
both specific attributes and survival rates for patients. In doing so, I hope to
recognize correlations between the variables, and create an algorithm that im-
proves prediction accuracy for patient survival. Although technology today is as
advanced as ever, there are some inconsistencies in statistical output, especially
when it comes to brain cancer. As mentioned, the average life expectancy is
just over a year (about 14-15 months), but the reality is that patient survival
is all over the board. Some patients who appear to have optimistic prospects
end up dying after two months, while others live for 3 years[4]. Hopefully, by
creating a program that more accurately predicts life expectancy, we can not
only provide doctors with a timeline to help treat a patient more efficiently, but
also provide families with a prediction that is more accurate, so they don’t have
to live with their loved one wondering if each day will be their last. However,
it is important to note that exact survival predictions (i.e. 15.25 months) are
extremely difficult and unrealistic. So, this project focuses more so on produc-
ing a survival curve for individual patients. Overall, our goals for this project
are surely optimistic, but I feel that it is important to have objectives that are
not just for the sake of furthering science, but maybe more importantly, for the

sake of helping people who are affected by GBM each day.



2 Literature Review

Regarding the literature that I have come across so far, there seems to be a
fair amount of information related to usage of the Cox Model for timeline pre-
dictions. While most of these publications are in the form of background in-
formation, documentation, etc., gaining as much knowledge as possible about
the model has been very beneficial to my understanding of its framework. In
the paper, Survival Analysis: Intuition & Implementation in Python, Anurag
Pandey explains the background and usage of the Cox Model, while provid-
ing examples and code snippets for reference [8]. Without this paper, it would
have taken much longer for us to understand the implementation of the model.
Another paper that was very helpful in demonstrating attribute analysis for
GBM is titled, Comparing Predictive Models of Glioblastoma Multiforme Built
Using Multi-Institutional and Local Data Sources[7]. This paper’s scope was
more related to assessing the significance of certain variables on GBM survival,
which helped give us an idea of which attributes to implement in our model.
In this project we will take the concept a step further by producing survival
curves based on this knowledge. The data sets I have selected to work with
have an abundance of general information from hundreds of patients, so I am
confident about the ability to conduct such research. Also, it is important to
note that while Figure 1 below is not as simple as genetics/patient attributes
to life expectancy, it is still immensely interesting to examine (See description
below). To better understand the role of certain genes in relation to cancer, I
did some more research relating to tumor suppressor genes, because in my data
sets I noticed that the most commonly mutated genes were marked as “tumor
suppressor genes.” Upon doing further research, I learned that tumor suppressor
genes are — when fully-functioning — meant to help regulate routine cell death
and production [3]. However, when they mutate, they are obviously unable to
carry out these processes/suppress tumors, allowing for un-monitored cell di-

vision and tumor growth. While learning this information was helpful to my



general understanding of Glioblastoma, it is less related to the overall scope of
this project, and more related to my process of understanding the ins and outs
of these tumors. Due to time and technology limitations, it was more realistic to
analyze the given attributes, some of which being genetics-specific, and others

not.
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Figure 1: This graph depicts the PFS (Progression-Free Survival) in days for
patients after GBM tumor resection. By analyzing the predominantly mutated
tumor genes, and presenting the data before a tumor board, the board was able
to recommend a treatment combination for patients. The bars in black represent
those patients who opted in favor of the recommendation and proceeded with
said treatment. The bars in grey represent patients which opted against the

treatment recommended by the tumor board. Source: [5]



Overall Survival Status

B 1:DECEASED: 478 (81.7%)
B O:LIVING: 103 (17.6%)
NA: 4 (0.7%)

Figure 2: This figure stuck out for several reasons. First of all, although it may
be basic, I thought it was important to include an image that represented the
nature of GBM. With over 500 individuals in this trial, and 81.7 percent of them
being deceased, it is obviously important to come up with a more accurate way
of predicting this outcome ahead of time. One main reason for this is because
if this data was estimated before its occurrence, it is very likely that treatment

would have occurred at a different pace, frequency, etc. Source: [4]



Figure 3: This diagram shows the connection between certain attributes and

survival in GBM patients. For example, variables such as age, tumor resection,
radiation treatment, etc. play a part in patient “Survival Past Median.” There
are also many other connections in the diagram, such as how that survival affects
tests such as the Karnofsky score, which makes complete sense. Not only is this
a good visual representation of attribute relationships, but it will also be helpful

when creating the algorithm and choosing which variables to take in. Source:

[7]



Purpose

. Goal 1: After further research, I have a good idea of which attributes
are most important in predicting life expectancy, and the research-related
goal of this paper is mainly to implement specific data and attributes
for the sake of creating a more accurate prediction for survival at certain
time intervals. More specifically, being able to do this through the use of
technology I have access to at home. While this goal proved attainable
within the time constraints, it is important to remember the big goal of

this project, which was mentioned in the introduction.

. Goal 2: Without a determined cure, the life of a Glioblastoma patient is
quite bleak, knowing that there is pretty much only one way for things to
end. To make this worse, survival estimates are given as overall percent-
ages, rather than accurate, patient-specific values. So, the major goal of
this project is to not only provide doctors with a more accurate timeline
to follow for patient treatment, but more importantly to provide a more
secure quality of life for individuals with this tumor and their families. To
put it simply, if a more accurate prediction can help patients not have to

live every day like it is their last, then this project is more than successful.

. Goal 3: Finally, an underlying goal of this project was to become familiar
with the process of conducting research and writing a research paper,
regardless of the topic. After six weeks of doing so, I can comfortably
say that I am far more confident about this process than I was at the

beginning of the program, which I can mark as a success.



4 Methods

First of all, we have used Google Colab to conduct the programming required to
complete this project. Additionally, I came across this statistical model called
the Cox Model, which takes in specific patient attributes and helps output
survival statistics.

The Cox Model outputs a ”survival” curve, which can be used in many
situations where time is affected by a number of variables. With the help of my
mentor, [ was able to practice using the Cox Model for the first time. One part
of this was the implementation of dummy variables, which is very important in
this situation because the model only reads quantitative values. Attributes such
as age, survival in months, etc. are applicable here, but there are other variables
we want to incorporate that are not numerical. Gender (is male) and overall
survival status (deceased) were the selected variables in this instance, and were
given values of “1” and “0” based on if the attribute for the patient was true or
false, respectively [8]. I was also able to run a correlation on 5 selected variables
(for simplicity) and the results were very interesting and provided decent insight
into which variables are most negatively or positively correlated, especially with
overall survival time. This is represented by Figure number 4, which can be

seen below with a more detailed description.



[ ] df dummies = pd.get dummies(df r, drop first=True)

[

display(df_dumies.corr|))

Diagnosis Age Mutatiom Coumt Overall Survival (Months) Overall Survival Status_l:DECEASED

Diagnosis Age 1.000000 0.034281 0401394

Mutation Count 0034281 1.000000 0231543

Overall Survival (Months) 0.40134 0231543 1.000:000
Overall Survival Stalus_1:DECEASED 0.1528% 0.012692 0.08:5680
Sex_Male 0.048707 0,133092 -0.004627

0.192899
0012682
0085890
1000000

0.120224

Sex Male
0.048707
<0.139082
0.004627
0125224

1.000000

Figure 4: This is a code snippet from one of the programs we practiced im-
plementing this week, based on data from: [1]. After running getqummies on
the selected variables to give quantitative values to qualitative variables (sex,
overall survival status), we then displayed the correlation shown above, in a 5
by 5 table. The program works because, obviously, each column has one box
with a value of “1.0” to represent a variable’s correlation to itself. Knowledge
proven/gained by this test consists of how “Diagnosis Age” and “Overall Sur-
vival (Months)” are negatively correlated. This makes sense because a person

is more likely to live longer if they are younger at diagnosis.

The main method used in this project was the Cox Model in the Lifelines
package [6]. After displaying the data, running get dummies, and examining
correlation, we then produced multiple survival curves based on different vari-
ables and data sets. Below, two examples of these regressions can be seen with

more detailed descriptions.
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Figure 5: This figure shows survival curve predictions for the dataset Brain
Tumor PDXs, 2019 [1]. The variables used to predict these curves were diagnosis
age, sex, and mutation count. After cleaning the data of NaN (“not a number)
values, we split the samples into two sets: train and test. The test group
consisted of 70, and the test set included the remaining 11. Each of the colored
lines in the key represents an individual patient’s predicted survival curve, with

the Y-axis being percentage of survival, and the X-axis being predicted survival

in months
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Figure 6: This figure is very similar to figure 5, but there are a few differences.
First of all, the dataset used is the Glioblastoma Multiforme (TCGA, PanCancer
Atlas), (2018)[4]. Also, while the event column and duration column (Overall
Survival Status and Overall Survival (in months), respectively) are the same,
the variables are not identical. Here, we used Diagnosis Age, Aneuploidy Score,
and Fraction Genome Altered as our patient attributes. Finally, the dataset
being much larger gave us a train set of 250 and a test set of 38, which explains

the extensive key.
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5 Results and Discussion

After working with our model and testing new variables and data sets, in the
hopes of improving concordance accuracy, we were eventually able to increase
the score tremendously by making some small changes. To put it simply, con-
cordance is a metric used in this model to measure ”goodness of fit”[9]. We
discovered that the variable, ”"Disease Free (Months),” is highly correlated to
overall survival time. This makes sense, given that if an individual’s tumor is
not progressing for said amount of time, it would be expected that their survival
would increase accordingly. So, given that data set Glioblastoma Multiforme
(TCGA, Firehose Legacy) [2] had this attribute for patient data, we decided
to add it to the selected variables. By using a new data set and five selected
attributes, the concordance score increased to 0.76, which represents a large im-
provement from the score of previously produces survival curves shown above,
which had scores of roughly 0.66. An example of this curve for an individual
patient can be seen in figure 7, with a more elaborate description. One im-
portant drawback to address is the the variable, ”Disease Free (Months)” was
mainly responsible for the concordance increase. So, if this data is not available
in certain cases, the survival curve’s prediction is expected to have a lower accu-
racy. That being said, with more time and testing, variables that have similar
correlation strengths could be found, making the results less dependent on an
individual attribute.

Additionally, we were able to visually analyze the summary output, regard-
ing the final survival curve. Most of the values shown below in figure 8 serve the
purpose of indicating the model’s statistical significance. (All of the following
information can be referenced in figure 8). For example, if a value in column ”p”
is particularly low, such as ”Disease Free (Months),” it is very significant when it
comes to concordance. Similarly, ” Karnofsky Performance Score,” ”Sex_Male,”
and even ”Diagnosis Age” all have low p values. However, we can also see that

”"Mutation Count” has a p value of 0.96, which means it is not significant to
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the model’s outcome, and could be removed without drastically altering the re-
sults. This is interesting, because one could think that the number of mutations
a patient possesses would be negatively correlated to survival time. Based on
general intuition, it would be reasonable to expect Glioblastoma patients with a
large number of tumor mutations to have a low survival outcome. Nevertheless,
our statistics reveal that this variable has a very low significance.

Similar conclusions can also be drawn from the column labeled ”coeft” (for
coefficient), where ”Mutation Count” has a coefficient of 0.00, while ”Sex_Male”
has a coefficient of 0.53. The column to the right, "exp(coeff)” further explains
these values. With an unaffected value of 1.00 (as seen for ”Mutation Count”),
this column shows the increase/decrease in likelihood of the event column’s
occurrence, when the specific covariate increases by 1. For example, when a
patient is disease free for an additional month, their likelihood of death is de-
creased by 11%. This explanation is represented by ”"Disease Free (Months)”
having an ”exp(coeff)” of 0.89 (which is -11 from 1.00).

To the left of column ”p,” a column labeled ”z” (for z score) can be seen.
A score is given to each of the selected variables, which is a good indication of
how significant each one is. Since z score is relative, we can see the impact of
certain variables on the prediction. For example, ”Disease Free (Months)” is
again proven to be incredibly significant in determining life expectancy, as it has
an extreme z score of -5.25. In similarly extreme ways, ” Karnofsky Performance
Score,” has a z score of -2.60, while ”Sex_Male,” has a positive z score of 2.08.
By means of simple visual analysis, our observations regarding each variable

appear to be confirmed in each column of the model summary.
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Figure 7: This figure shows the predicted survival for an individual patient in
the dataset, Glioblastoma Multiforme (TCGA, Firehose Legacy) [2]. We used
the same methods described in the methods section, but made some changes
to the variables used. Here, we used these variables: ”Diagnosis Age”, ”Dis-
ease Free (Months)”, "Karnofsky Performance Score”, ”Mutation Count”, and
”Sex”. The event and duration columns (Overall Survival Status and Over-
all Survival (in months), respectively) remained the same. On the right, you
can see the numerical descriptions depicted in the patients survival curve. For
example, the first row gives the patient a 100 percent chance of surviving 0.43-
2.33 months. As time progresses, the percentage of survival decreases. At 2.5
months, the patient has roughly a 98 percent chance of survival, and an incred-

ibly low chance of survival past about 40 months.
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coef exp(coef) se(coef) coef lower 95% coef upper 95% exp(coef) lower 95% exp(coef) upper 95%

covariate
Diagnosis Age 0.02 1.02 0.01 -0.00 0.04 1.00 1.04
Disease Free (Months) -0.12 0.89 0.02 -0.16 -0.07 0.85 0.93
Karnofsky Performance Score -0.02 0.98 0.01 -0.04 -0.01 0.96 0.99
Mutation Count 0.00 1.00 0.01 -0.02 0.02 0.98 1.02
Sex_Male 0.53 1.69 0.25 0.03 1.02 1.03 2.78

Figure 8: This is a screenshot of the printed summary for the model. Deeper
descriptions for certain columns can be seen in the written Results and Discus-
sion section, mainly for the columns which proved to be especially telling when

understanding the results.

6 Conclusion

Although the time limit for this project was quite short, I feel that we were
able to achieve solid results. We ended with a survival prediction model with
a 0.76 concordance score, which I see as a huge success. We learned that cer-
tain variables are incredibly significant when it comes to accurately predicting
survival, such as ”Disease Free (Months).” Not only that, but we also found
that certain attributes have virtually no significance at all (in this case), such
as "Mutation Count.” T am certain that with more time, this model’s accuracy
could be improved even further. That being said, we were able to create a
model that produced individual survival curves, and a table for the individual
curve detailing the percentage of survival over time. One future goal of this
study is to condense our program code into its own package, or at least into an
open-source format. In doing so, other individuals would get to implement their
own patient data and variables to predict patient survival curves on their own.
Obviously, there is plenty of work to be done between now and then, in terms of
fine-tuning and model improvement, but this is still a realistic future direction
to keep in mind. Another direction would be to refer back to some of my initial,
more genetics-oriented ideas of using patient-specific genetic data to produce

survival curves. It would be interesting to see how this information could po-
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tentially affect the concordance score, or the overall accuracy. Again, this would
require much more time than allotted for this project, but it is definitely worth

consideration as a future project.
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