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Abstract. Cancer is the second leading cause of death around the world, causing cancer cost to
be an important social issue in the United States. News reports show that American cancer patients
spent more than $21 billion on their care in 2019. (US News [2]) In this research, data analysis has
been done based on the national expenditure on cancer treatment from 2010 to 2020 through the
use of Python language and available third party libraries. Also, a machine learning classification
model has been trained, developed and tested to help predict the cost of cancer treatment in the next
few years. Among four different machine learning regression algorithms that are applied (i.e linear
regression, lasso regression, random forest regression, and gradient boosting regression), gradient
boosting regression is the best fit for the model, aiming to produce the most accurate prediction to

inform people and government officials.

Keywords: cancer cost, correlation, machine learning, linear regression, lasso regression, random

forest regression, gradient boosting regression.

Introduction

As the second leading cause of death, cancer has
a high risk of taking people’s lives away, which brings
about questions regarding the cost of cancer treat-
ment. A news report recently reveals that “American
cancer patients spent more than $21 billion on their
care in 2019.” (US News [2]) This figure emphasizes
how much US citizens have spent on cancer treat-
ment and to what extent some of them must have suf-
fered from the high cost brought by different kinds
of cancer. In addition, this figure is increasing every
year — $190.2 billion in 2015 and $208.9 billion in
2020, an increase of 10 percent that is due to aging
and growth of the US population. (National Can-
cer Institute [S]) To stress the heavy cost of dealing

with cancer, U. S. Bureau of Labor Statistics provided
data contrasting between American people’s aver-
age monthly income pre-tax and their average cost
of cancer treatments per month. It is obvious to see
from the comparison the inequality between how
much people earned and how much they spent, in
which income is about $3600, while cost is about
$20000. (Karen Selby [3]) Aside from the out-of-
pocket medical costs, expenditure spent on commut-
ing also accounts for the large amount of spending.
For example, among the approximate $21 billion
of cancer cost in 2019, $16.22 billion was spent on
out-of-pocket medical costs and $4.87 billion on
traveling expenses. (US News [2]) The high costs
of cancer treatment exert especially great pressure on
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the poor, those who are uninsured or underinsured,
and blue-collar workers who may lose wages as a re-
sult of health issues. (Karen Selby [3]) According to
the survey, 23% of US citizens aged 19-64 were “un-
derinsured” in 2018 since their out-of-pocket health
care costs were equal to 10 percent or more of their
yearly income, meaning that insurance cannot cover
their expenses on cancer treatment. (Karen Selby
[3]) On the other hand, blue-collar workers are fac-
ing serious situations too, not only because they are
less likely to have employer-based insurance cover-
age than white-collar workers, but also due to the
fact that their annual mean wages weigh much less
than the monthly cost of some cancer drugs, caus-
ing the cost of cancer to be unaffordable for them.
Under such circumstances, people are expecting
ways to lower the financial burden caused by cancer
treatment, which not only means to reduce cancer
patients’ out-of-pocket costs, but also to address the
long-term financial impact (The Cost of Cancer [5]).

In this research paper, with the data collected in
Data.World (xprizeai-health [1]) on the estimation
of the national expenditures for cancer care from
2010 to 2020 under different assumptions of cancer
incidence and survival trends, data analysis is going
to be completed through the use of Python language
and available third party libraries. Furthermore, it is
possible to predict the cost of cancer treatment in the
US in the next few years based on previous analysis
through the use of machine learning algorithms.

Data analysis

The data used in this study is from Data.World
(xprizeai-health [1]), which is the world’s largest
collaborative data community. This dataset is an es-
timation of the national expenditures for cancer care
from 2010 to 2020 in billion dollars under different
assumptions of cancer incidence and survival trends,
including 1258 entries of different kinds of cancer
cost. The descriptions of column features and their
corresponding values are shown below in Table 1:

Table 1.— Description of column features

follow recent trends)

Type AllSites, bladder, brain, breast, cervix, colorectal, esophagus, head neck, kidney, leukemia,
lung, lymphoma, melanoma, ovary, pancreas, prostate, stomach, uterus, other

Year Numerical type, including 2010, 2011, 2012, 2013, 2014, 2015, 2016, 2017, 2018, 2019,
and 2020

Sex Both sexes, females, males

Age All ages

Survival Different combinations — (incidence, survival at constant rate), (incident follows recent trend,

survival constant), (survival follows recent trend, incidence constant), (incidence, survival

Cost increase

Annual cost increase, numerical type, including 0%, 2%, and 5%

Cost _total Total costs, numerical type

Cost initial

Initial year after diagnosis cost, numerical type

Cost continue | Continuing phase cost, numerical type

Cost last Last year of life cost, numerical type
Table 2.— Below presents 5 sample rows from the dataset:
. Cost |Cost to-| Cost Cost_ Cost
Type | Year | Sex Age Survival . - - . ..7| con- -
increase tal initial | | last
tinue
1 2 3 4 S 6 7 8 9 10 11
) Both Incidence, Survival
0 | AllSites | 2010 All ages 0% |124565.6|40463.5|46642.8{37459.2
Sexes at constant rate
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1 2 3 4 S 6 7 8 9 10 11
Both Incidence follows
1 | AllSites | 2010 Sexes All ages| recent trend, Sur- 0% [122420.8|38552.7|46671.9|37196.3
vival constant
Both Survival follows
2 | AllSites | 2010 Sexes All ages| recent trend, Inci- 0% |125397.7|40463.5(47136.3|37797.9
dence constant
3 | AllSites 2010 | BOH | All ages| Incidence Survival | 00 o536 3 38552.7]47155.7|37527.8
Sexes follow recent trends
4 | AllSites | 2010 | B0 | Ap ages| ncidence, Survival | 0 1 5056 3|38552.7]47155.7[37527.8
Sexes follow recent trends

Table 2: Sample data

The next process is to learn the dataset by ana-
lyzing the data and understanding the relationships
between these different columns through the use of
Python Data Analysis (Pandas) and Python Data
Visualization Libraries (Matplotlib and Seaborn).

First, through the use of countplot in Python,
which shows the counts of observations in each cat-

egorical bin using bars (Geeksfor Geeks [4]), I make
a plot about different types of cancer sites shown in
Figure 1 below. In this plot, each bar represents the
number of counts of different types of cancer. Ac-
cording to the same height of bars, we can conclude
that data is very evenly distributed across different
cancer sites in this dataset.
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Figure 1. Plot for Type

The same measurement can be used for creating
the plot of different sexes shown in Figure 2 below.
In this plot, each bar represents different types of
sexes — females, males, and both sexes considered
as a whole. Evidently, the bar of “both sexes” is the

highest, and the bar of “females” is the second high-
est, which is higher than the bar of “males”, meaning
that the population of females is larger than that of
males included in this dataset.
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count

Both sexes Females Males
Sex

Figure 2. Plot for Sex

Also, the plot of survival and incidence was cre-  recent trend and incidence constant, and incidence
ated as shown in Figure 3 below. In this plot, eachbar  and survival follows recent trends. We can make the
represents different combinations of survivals—inci-  conclusion that since the first three heights are the
dence and survival at constant rate, incidence follows  same, the counts for them are the same, which are
recent trend and survival constant, survival follows  much lower than the fourth one.
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Figure 3. Plot for Survival
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Next, I plot the histograms to investigate the dis-  ferent percentages of increasing cost, the frequencies
tribution of numeric columns. As shown in Figure  0f2% and 5% are roughly the same, which are much
4, we can draw some conclusions. For example, the  smaller than that of 0%. On the other hand, the rest
data about years is evenly distributed since the num-  of four distributions about costs are rightly skewed
ber of counts for specific years is the same. For dif-  with some outliers.
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Figure 4. Distribution plots for each feature column
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Figure 5. Boxplots for Costs
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Figure 6. Correlation heatmap

To further explore these outliers, boxplot was  Q;, median, Q3, and maximum as well as the distri-
made for specific kinds of cancer costs, in which we  bution of these outliers (Figure S).
can have a clear idea about the values of minimum,
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Correlation heatmap is also produced to visualize
the correlation matrix. A correlation number of 1 or
close to 1 indicates that two columns are highly cor-
related, while a correlation number of 0 or close to
0 shows that two columns hardly correlate with each
other. In accordance with the figure below, year and
annual cost increase serves as two factors that are not
much influencing. On the contrary, the total costs, the
costs of initial year after diagnosis, continuing phase
costs, and costs of last year of life have strong correla-
tion with each other, which is rather understandable
since these four factors represent various costs during
different stages in the cancer treatment process.

Machine learning

This section describes the approach to develop
the machine learning regression model for predic-
tion of cancer costs.

Preprocessing

Preprocessing is an important procedure before
feeding the data into the model, which is also an
integral step since the output of the model can be
directly influenced by the quality of the data.

The specific step of preprocessing is below:

1) One hot encoding the sex column. Accord-
ing to Table 1, some column features are categorical
variables, and some are numerical variables. Sex is
a one of these categorical variables, which needs to
be converted to numerical variables for the machine
learning algorithm to understand. In this way, one
hot encoding serves as a good way to prepare data

for an algorithm. (Dinesh Yadav [6]) For the sex col-
umn, after the conversion, all entries of “Both_sex”
become “1” and those of “Male” and “Female” be-
come “0”.

2) One hot encoding the survival column. Ac-
cording to Table 1, survivalis also a categorical variable.
Through one hot encoding, it is separated into four
different columns — “Incidence, survival at constant
Incidence follows recent
trend, survival constant” to “ConstSurv_TrendIncid’,

» «

rate” to “Both _constant”,

“Survival follows recent trend, incidence constant” to
“ConstIncid_TrendSurv”, and “Incidence, survival
follows recent trends” to “Both_trend.” Whether be-
ing “1” or “0” depends on what kind of survival fea-
tures a specific individual has.

3) Converting the “Cost_increase” column.
Since the original “Cost_increase” column is object
type due to the percentage sign, which is difficult to
be used in an algorithm, 0%, 2%, and 5% are changed
into 0,1, and 2 respectively.

4) Frequency encoding the type column. Ac-
cording to table 1, there are 10 different types of
cancers exhibiting in the type column, which result
in too many unique values. Therefore, I attempt to
group those values by frequency since I don’t want
10 new columns. By mapping values to dataframe
and dropping the original column, a new column
“Type_freq encode” is created.

After all four steps, the 10 new sample rows from
the dataset are below shown in Table 3:

Table 3.— New Sample Data

- 2 E | 5
S _ = g =2l B 2 =, o
5 S = g A e =B g 2 |8 5 2
gl 8 g 8 K S 2.5 S| & |&§& &
| | ! | ! o | 2 2= R N
8§ | 2| 3 2 2 2 | S| 4| 4| 58|55 |58 &%
21O o o o o Bl S| S| OB B | & |OB = S
1| 2 |3 4 5 6 7 8| 9 10| 11 |12 13| 14 15
02010 | 0 |124565.6|40463.5|46642.8{37459.2| 1 | 0 | © 0 1] 0 0 0.052632
1|2010 | 0 |122420.8|38552.7|46671.9/371963| 1 | 0 | 0 1 0| 0 0 0.052632
212010 | 0 |125397.7|40463.547136.3(37797.9| 1 | 0 | © 0 0| 0 1 0.052632
312010 | 0 |123236.3|38552.7(47155.7|37527.8| 1 | 0 | © 0 0| 1 0 0.052632
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1 2 3 4 S 6 7 8 9 | 10 | 11 12 | 13 14 15

412010 | 1 |123236.3|38552.7(47155.7|37527.8| 1 0 0 0 0 1 0 0.052632
S 12010 | 2 [123236.3|38552.7(47155.7|37527.8| 1 0 0 0 0 1 0 0.052632
62010 | 0 | 3980.7 | 978.7 [1895.8| 11063 | 1 0 0 0 1 0 0 0.052632
712010 | 0 | 3885.2 | 923.3 | 1872.3|1089.7 | 1 0 0 1 0 0 0 0.052632
812010 | 0 | 3987.7 | 978.7 |1900.2 | 1108.8 | 1 0 0 0 0 0 1 0.052632
912010 | 0 | 38919 | 923.3 |1876.5|1092.2 | 1 0 0 0 0 1 0 0.052632

We also obtain the frequency for different types
of cancer, which are identical for every cancer, so we
can drop this column.

Regression models

For this research, I apply four different machine
learning regression algorithms, including linear re-
gression, lasso regression, random forest regression,
and gradient boosting regression. During each run,
I first apply the train set to train the model, then use
the model on test data to make predictions which is
to test the model’s performance.

First, linear regression is the base model that can
be used to perform basic regression tasks. Mean abso-
lute error is a typical metric used to evaluate a regres-
sion model, which with respect to a test set is the mean
of the absolute values of the individual prediction er-
rors on over all instances in the test set. Based on our
data, the mean absolute error is about 0.036698S.
Besides, r square is a necessary statistical measure of

Test Sample |

how close the data are to the regression line (Minitab,
2013), which leads to the result of about 0.999, mean-
ing that the model fits the data well.

According to the previous correlation heatmap
shown in Figure 6, four cost factors are highly corre-
lated with each other. As a result, we can apply lasso
regression to address the multicollinearity, which is
a good solution to reduce the magnitude of the coef-
ficients of the model while keeping other features the
same (Andrea Perlato [10]). Based on our data, the
mean absolute error is about 0.55354.

Arandom forest is a supervised machine learning
algorithm used for classification and regression that
is constructed from decision tree algorithms. (Afroz
Chakure [6]) It is a bagging technique, which op-
erates by constructing a multitude of decision trees
at training time and outputting the mode of classes
or mean prediction of trees. The figure below shows
how a random forest works.
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Figure 7. Random Forest Structure
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According to the random forest regression, the R
square value is about 0.99567.

Also, gradient boosting is also a machine learn-
ing algorithm used for classification and regression
that is constructed from decision tree algorithms.
Different from random forest, gradient boosting is a
boosting technique, which works by building weaker
prediction models sequentially where each model
tries to predict the error left by the previous one. Ac-
cording to the gradient boosting regression, the R
square value is about 0.99896.

Since the target variables are very skewed as the
values of R square are rather close to 1, we should
address the skewness before applying any regression
model. Therefore, log transformation is an appropri-
ate way that can be used to remove skewness from
the predictor. (Dario [9]) By log transforming y, the
skew coefhicient changed from 3.8372 to 0.9349.

Besides, to address the multicollinearity problem,
since Cost_continue, Cost_last, and Cost_initial all
are very correlated with each other as the correlation
coeflicient is about 0.99, we can drop them and only
keep Cost_initial in consideration.

By using linear regression and lasso regression
model again for new transformed data, the values of

R square are about 0.53246 and 0.52546 respective-
ly. We also compare the R squares inferred from both
random forest regression and gradient boosting re-
gression, which are about 0.934734 and 0.93939285
respectively. Therefore, gradient boosting regression
is the most appropriate model since its R square val-
ue approaches 1 the most, meaning that the model
fits the data best.

Conclusion

In this research, four different machine learning
regression algorithms have been applied to develop
and train the cancer cost prediction model, which
are linear regression, lasso regression, random forest
regression, and gradient boosting regression. Since
several factors are highly correlated with each other,
we use log transformation to reduce the skewness.
Based on our data, gradient boosting regression
is the best machine learning algorithm since its R
square is higher than that of other three algorithms,
which is about 0.93939285, meaning that it fits the
data well. Therefore, we can use gradient boosting
regression to predict the cost of cancer treatment in
the United States in the future. And we also hope to
improve the dataset in order to produce the model
with higher accuracy.
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