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Abstract
Cancer patients often experience various severe side effects from cancer treatment. Specifically,
lung cancer patients commonly experience Cisplatin-induced nephrotoxicity–deterioration in
kidney function due to toxic effects of the chemotherapy drug Cisplatin. However, it is difficult to
predict how a patient will respond to Cisplatin treatment, as patients respond differently
depending on their unique clinical-demographic features. This project analyzes data for lung
cancer patients undergoing Cisplatin treatment by using machine learning methods to determine
the most important clinical features that affect nephrotoxicity, and to predict the probability of a
patient experiencing toxic symptoms given their characteristics. Three different clinically relevant
patient groups were used, and age, dose given, and pre-treatment GFR were found to be
positively correlated and the most relevant features for determining treatment effectiveness and
possibility of nephrotoxicity. This information can help doctors and patients predict treatment
response and optimize treatment plans.

Introduction
Lung cancer is the most commonly diagnosed cancer and the leading cause of cancer death in
Canada. Cisplatin, a type of chemotherapy drug, is considered the front-line treatment for
patients with advanced, non-squamous, non-small-cell lung cancer. Therapeutic effects of
Cisplatin are improved by increasing dose, but high-dose therapy leads to nephrotoxicity–rapid
deterioration in the kidney function due to toxic effects of medications and chemicals–and
possibly acute kidney injury, which leads to extreme swelling, shortness of breath, nausea, and
more.

Notably, it is often difficult to predict how a patient will respond to Cisplatin treatment, as a
patient’s characteristics, such as their age, BMI, sex, blood pressure, and more all play a role,
meaning each patient and the side effects they experience are unique. However, understanding
the factors that contribute to Cisplatin induced nephrotoxicity in patients is crucial to optimize
treatment plans.

Thus, in this experiment, I analyzed patient data and its effects on nephrotoxicity and glomerular
filtration rate (GFR) using data from a study conducted by C. Máthé et al. The study compares
Cp-induced nephrotoxicity in 3 different groups: no comorbidity (NC), hypertension plus
ischaemic heart disease (CD), and diabetes and ischaemic heart disease (DMIH). I
implemented Random Forest classifier and regression Machine Learning algorithms to
determine the treatment effectiveness for each patient and their probability of experiencing
severe nephrotoxic effects depending on their clinical-demographic features. Given this
algorithm, I explored the most important clinical features that determine whether a patient is
likely to experience Cp-induced nephrotoxicity.
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Current research shows possible correlations between age, sex, and smoking as risk factors for
experiencing Cisplatin-induced nephrotoxicity. However, there is currently no method of
predicting how a patient will respond to treatment according to their unique clinical-demographic
features.

Study Design
The study compares Cp-induced nephrotoxicity in three patient groups: no comorbidity (NC)
(n=80), hypertension plus ischaemic heart disease (CD) (n=110), and diabetes and ischaemic
heart disease (DMIH) (n=52). I used important feature variables from the publicly available data,
and as specific individual patient data was unable to be obtained due to personal health
information restrictions, I populated a larger dataset assuming a Gaussian distribution for each
feature group. This data was then visualized graphically and compared between the NC, CD,
and DMIH groups.

Methodology
I performed a correlation analysis to determine the most important feature variables for
determining treatment effectiveness that was common to all three patient groups. Knowing
these variables, I trained a regression model for each patient group (NC, CD, DMIH) to predict
treatment effectiveness, and to account for the additional comorbidities present in the CD and
DMIH groups that make them more susceptible to experiencing nephrotoxicity. Furthermore, I
trained a classification model to determine if patients were likely to experience nephrotoxicity,
which was defined by a 10% or more decrease in glomerular filtration rate (GFR) after Cisplatin
treatment. A 10% or more decrease would cause a patient's GFR to be lower than 60 ml/min
per 1.73 m^2, which causes them to be definitionally at risk for moderate chronic renal disease
and nephrotoxicity. The regression and classifier machine learning algorithms are random forest
models–supervised machine learning algorithms that combine the output of multiple decision
trees to make a more accurate overall prediction.

Fig. 1: Sample of data generated, using age, BMI, pre- and post-Cp GFR, dose per treatment,
total dose, number of cycles, blood pressure, cardiac frequency, and patient group (NC, CD, or

DMIH) as feature variables.
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Results
Based on the available data from the study, each feature was given as a mean with a standard
error of mean (SEM). Therefore, the best method of populating a larger dataset was assuming a
Gaussian distribution for each feature. By visualizing this data graphically, it was observed that
between the NC, CD, and DMIH groups, age, BMI, blood pressure, and cardiac frequency beats
per minute increased as the number of comorbidities increased.

To work with a smaller set of features, a correlation analysis was performed and found that age,
pre-Cp GFR, and total dose given were the most important features that affected toxicity on an
overall level, common to all three patient groups. A correlation coefficient ranges from -1 to 1,
and the coefficients for age, pre-Cp GFR, and total dose were all above 0.8, suggesting a strong
positive relationship to nephrotoxicity.

Knowing that age, pre-Cp GFR, and total dose were the three major features that affect
treatment effectiveness, I trained a regression and classifier model to further analyze how these
features vary in importance in the three patient groups with different comorbidities and baseline
characteristics. In the NC (no comorbidity) group, the age of the patient was the most important
factor (72.3%), followed by the dose they received (27.5%). In the CD group, age (36.4%), total
dose (32.1%), and pre-Cp GFR (31.1%) were of relatively equal importance for determining
treatment effectiveness. However, in the DMIH group, the patient’s pre-Cp GFR was significantly
the most important (97.4%), followed by their age (2.5%). In all groups, a patient’s pre-Cp GFR
was the most important factor that determined whether or not they would experience
nephrotoxicity.

There are some further important trends to note. With the dataset generated, it was observed
that patients in the CD and DMIH groups could tolerate less Cisplatin dose, had a greater
nephrotoxicity frequency, and were more likely to drop out of treatment due to being too sick.
This aligns with the previously discussed results, showing how age, pre-Cp GFR, and dose are
positively correlated with nephrotoxicity. Furthermore, the trained regression model proves to be
very accurate, as the R^2 value–coefficient of determination–is very high for both the training
and test data, showing a good fit. The accuracy to which the classification model correctly
predicts whether a patient is likely to experience severe side effects is also high: 73% for the NC
group, 74% for the CD group, and 79% of the time for the DMIH group.

Lastly, a confusion matrix and receiver operating characteristic (ROC) curve was created to
further test the performance of the classification model. A confusion matrix compares the
predicted values of the algorithm to the true values, while an ROC curve plots the true positive
rate of the classification model against the false positive rate at all classification thresholds. Both
evaluation tools showed good performance of the classification model.

Discussion and Conclusions
There are two main conclusions that can be drawn from the results.

First, my data analysis provides a better understanding of the important clinical-demographic
features that influence treatment effectiveness and nephrotoxicity from Cisplatin treatment,
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especially within patients with additional comorbidities such as cardiovascular disease and
diabetes. Thus, if a patient was older, had a lower pre-Cp GFR, and more comorbidities, the
patient will likely have reduced tolerance to Cisplatin treatment and should be given a lower
dose to optimize treatment.

Second, with the relative accuracy of the trained regression and classification models, medical
professionals can have more confidence predicting how a patient will likely respond to
treatment. By advancing the field of predictive modeling in oncology and medicine, the machine
learning models I created provide clinical professionals with more information about individual
patient risk and toxicity profiles, allowing them to make more clinically informed decisions that
optimize treatment plans to mitigate adverse side effects.

In the future, the methodology used in this project can be extended to predict nephrotoxicity
progression overtime, or consider other side effects of Cisplatin treatment such as nausea and
infection. I also look forward to improving the performance of the model I created, such as
training the model on a larger dataset, which was difficult to do due to limitations of personal
health data accessibility, which should be taken into account.
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