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Abstract
Even though survival rates are improving for many types of cancer due to improvements in
cancer screening, treatment, and prevention, cancer is still the second-leading cause of death in
the world. Knowing whether the disease is metastatic or not is crucial in the treatment of the
disease. In recent years, many studies have reported on tools using machine learning in medicine
with promising results in early prediction.
This paper studies a machine learning approach to identifying patients with metastatic cancer.
Using basic supervised modeling approaches, this study shows the accuracy of classifying cancer
conditions of patients a-posteriori into metastatic or non-metastatic.
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Introduction
Cancer is one of the deadliest and
costliest diseases both for the patient with cancer
and for society. For example, it is estimated that
more than 600K patients lost their lives in 2018,
and the financial cost in the US is estimated to be
more than $80 billion in 2015. Treatment plans
are complex involving many decisions from
healthcare professionals and patients often with
uncertainty. Although several treatment options
can usually be available, many ongoing efforts
aim to develop new treatment options using
clinical trials. While patients are assigned to
groups in these clinical trials, the prediction of
metastasis for cancer conditions of patients can
be critical. Metastasis, the spread of malignant
cells from a primary tumor to distant sites, poses
the biggest problem to cancer treatment and is
the main cause of death of cancer patients.
Several studies are published in early
cancer diagnosis with machine learning

*Corresponding author:
Zeynep Ertem
System Science and Industrial Engineering
Department State University of New York,
Binghamton University,
New York, United States of America
E-mail: zeynep@binghamton.edu

Volume ∙ 15 ∙ Number ∙ 2 ∙ 2022

approaches.1,2,3
Using
machine
learning
techniques like Naive Bayes (NB), Random
Forest (RF), and Support Vector Machine (SVM)
has been an emerging field to diagnose different
cancer types by image analysis. Several studies
implemented these machine learning approaches
for the diagnosis of different cancer types like
colorectal cancer4,5,6,7,8, gastric cancer9,10,11,12,13,
brain cancer14,15,16,17, breast cancer18,19,20, rectal
cancer21 and lung cancer22,23.
Accurate prediction of the risk of
metastatic relapse can be critical for personalized
treatment. Matching the patients to the right
treatment plan is very related to the stage of the
disease. In this work, my aim is to improve the
matching process of the patients to clinical trials
by using their patient records. Specifically, my
goal is to find whether the patient is metastatic or
not just by leveraging their medical records. In
this paper, patient records are analyzed by basic
machine learning methods to improve efficiency
in clinical trials.1 Specifically, I use the healthcare
records of lung cancer patients to classify
patients’ conditions into metastasis or nonmetastasis.
Finding the stage of cancer in matching
cancer patients to the clinical trials is important.
Sometimes this information is readily available,
but more often it is unavailable. One way to
obtain this information can be to have medically
trained professionals manually go through the
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individual patient’s records. This manual
approach is time-consuming and expensive. Our
goal is to automate this process so that cancer
status can be inferred from patient records to
efficiently set up for the follow-up clinical trials
(Figure 1).
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There are 280 manually labeled lung
cancer patients. The baseline algorithm correctly
classifies 207 of them, misclassifies 30, and
leaves unclassified 43. In summary, the baseline
algorithm is 73.9% accurate. Figure 2
summarizes the performance of the baseline
algorithm on the manually labeled data set.

Figure 1. About 60% of the manually labeled
cases are Metastasis.
Our approach is explanatory rather than
predictive. Specifically, I use all patient records
available a-posteriori to determine if the patient is
metastatic or not instead of focusing on potential
early indicators that might predict future
metastasis. This is because our goal is to classify
patients’ current statuses for future clinical trials
as opposed to their future statuses.

Figure 2. The baseline algorithm performance on
the manually labeled dataset.

Materials and methods
There are many known (and likely many
unknown) indicators that correlate with metastatic
cancer in de-identified patients’ records. For
example, the therapies received, the lab results,
genomic tests, appointment types, and
frequencies can be used to classify if a patient’s
cancer is in a metastatic stage. My data includes
the status of 280 anonymized patients. Hence, I
use basic supervised modeling approaches for
this problem. I compare these supervised
approaches to a baseline algorithm developed
based on simple regular expression rules over
patients’ records. Figure 1 shows the label
distribution for the 280 manually labeled cases.
Data includes patient records that have
information about therapies received, lab results,
drugs used, genomic tests, appointment type and
frequencies as well as healthcare professional
notes in plain text. This data is used to create a
feature set of size 18.
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Figure 3. Accuracy comparison of supervised
modeling approaches compared with the
baseline algorithm.
I use two basic machine learning
methods: (1) Gradient Boosting Tree Classifier
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(GBT), and (2) Logistic Regression (LR). The
reason I chose these models is two-fold. First,
with these choices, I cover a basic nonparametric and a parametric model for this
problem. Second, since I have a small amount of
labeled data (only 280 instances), I use simple
models over complicated models to avoid
overfitting. Even GBT can get complicated
depending on the settings of the classifier (e.g.,
number of trees, maximum depth), and I carefully
set these parameters to avoid overfitting (Figure
3).
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be alerted before the actual diagnosis of latestage cancer.

Results
Machine learning is a technique that
employs a variety of statistical and optimization
techniques that allows computers to learn from
past examples. I studied two popular machine
learning methods in this paper, Logistic
regression, and Gradient Boosting Trees. It
should be mentioned that these machine learning
classification techniques can result in adequate
and effective decision-making if the overfitting of
the model is handled wisely.
To the best of our knowledge, this study is
one of the early studies performed using medical
health records data. Additional information about
patient healthcare records can enhance the
generalizability of the predictive model for their
metastatic prediction.
Figure 3 compares the accuracy of
supervised modeling approaches to the baseline
algorithm. With supervised modeling approaches,
the proposed approach can achieve an accuracy
of about 88% with LR and 86% with GBT,
whereas the baseline performance is at best 73%.
The improvement with these algorithms is
significant and these algorithms improve the
accuracy of the classification of cancer conditions
using healthcare records.
Furthermore, Figure 4 shows the
corresponding ROC curves for LR and GBT
obtained through 5-fold cross-validation. This
study compares two mainstream classical
machine learning methods. To implement these
two machine learning algorithms, the data set is
divided in the following manner: 80% is used in
the training phase and 20% is used in the test
phase. Prediction of lung cancer metastasis from
the patient features data is an important step for
the classification of the early metastasis stage.
Decision-makers and healthcare providers can
Volume ∙ 15 ∙ Number ∙ 2 ∙ 2022

Figure 4. ROC curve obtained through 5-fold
cross-validation for LR and GBT. Two
approaches show similar performance.
Discussion
There are growing number of methods for
prediction of the metastasis in different cancer
types. To achieve accurate predictions,
researchers are developing deep learning and
artificial intelligence methods on the images. The
increasing public availability of disease-related
data is promising. However, using the patient
records to predict the metastasis state is an area
that hasn’t been studied earlier.
In this study, we have used two main
machine learning techniques to classify the
patients with metastatic and nonmetastatic. This
study will be a tool to alert the healthcare
providers before they see a new patient or a
current patient whether their features are alerting
a metastatic state. This tool can also be
extended to other cancer types. Using electronic
health records in patient classification systems is
novel and promising. Machine learning is a tool
to utilize the creation and evaluation of
algorithms that facilitate prediction, pattern
recognition and classification. The classification
is used to correctly place each observation in a
category it belongs to.
Cross-Validation is a statistical technique;
it is generally used to check and evaluate
learning algorithms or models, by partitioning
data into a learning set to train the model and
testing set to evaluate it. The training set and the
testing set in cross-validation are randomly
divided into partitions (80% of data are in training
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sets and 20% of data are in testing sets). K-fold
cross validation is used.
Accuracy by LR is comparable to GBT as
can be seen form Figures 3 and 4. Both of these
algorithms
are
fundamental
modelling
approaches to probability estimation in medial
risk prediction.
While we believe that these insights are
robust, they may reflect specific assumption.
Mainly, superior performance of feature selection
is likely biased by detailed description of the
electronic health records. Thus, patient heath
records should be accurate and complete for a
clear picture.
This study was not without limitations. First, there
was no independent study sample to perform
external validation on these models. Also, the
sample size may not have been sufficient for the
data-hungry machine learning approaches.
Conclusions
In conclusion, this study revealed that the
features
from
healthcare
records
are
discriminative regarding the metastatic condition.
Using basic supervised modeling approaches,
my approach can improve the accuracy of
classifying cancer patients a posteriori into
metastatic or non-metastatic overusing simple
rules based on regular expressions. Also, these
models provide insights vis-á-vis the used data
set. I find that, unsurprisingly, lack of mentions of
metastasis in patient records is highly predictive
of cancer status. Surprisingly, I find that zinc
usage is also highly predictive of cancer status.
This study was a single-center retrospective
study. This study can be extended by collecting
multi-center data for different cancer types to
conduct a generalized application of machine
learning based methods to classification of
cancer conditions.
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