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INTRODUCTION

HPV-associated oropharyngeal squamous cell carcinoma
(OPSCC) can be treated with definitive radiotherapy (RT),
combined chemoradiotherapy (CRT), and/or transoral
robotic surgery (TORS). TORS is a novel approach that
provides a comparable overall survival (OS) rate (~80%) to
radiotherapy with the potential for less toxicity and lower
cost. I* However, approximately 33% of TORS patients
require adjuvant chemoradiation (CRT), with the highest
toxicity profile due to extranodal extension (ENE) or positive
surgical margins on the final pathology. 47 In retrospect, the
decision for these patients to undergo TORS was
unfavorable.

AIM

This study describes an artificial intelligence (Al) algorithm,
designed to identify TORS suitable candidates with low risk
of ENE or positive margins, based on EMR data and
diagnostic imaging.

METHOD

Electronic medical records (EMR) for 84 subjects were
reviewed retrospectively.

Patient data was obtained from the EMR, including:
demographics, history, vital signs, and labs.

In a second approach, radiomics from diagnostic CT
images were also utilized.

« After statistical pre-processing and remapping to
equivalent numerical representations, three
statistically significant textures were added to the
analyses.

Extracted data were used as an input into a deep neural
network (DNN), with a probabilistic value for TORS
being the post-surgical pathology.

The DNN was implemented using Google’s Tensor flow
library and consisted of 40+ input nodes, 3 hidden
layers, and 2 output nodes.

A supervised learning technique was used to train the
DNN. The treatment strategy was used as ground truth.

A 5-fold cross-validation method was used to evaluate
the performance of the algorithm.
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RESULTS

A DNN was successfully implemented, with variable
parameters, using Google’s TensorFlow library. The
machine learning algorithm was trained, with EMR data
and CT textures, to classify subjects into one of two
groups: 1) TORS or TORS+RT and 2) TORS+CRT.

Group 1 patients were recommended for TORS, while
Group 2 patients were contraindicated for TORS with a
high risk for adjuvant CRT.

The DNN was trained in <1 min and reproduced patient
outcomes with an accuracy of ~70% (only EMR data) and
~80% (EMR + CT data).

EMR Data

The first prediction algorithm used only EMR data as
input. The iterative change in training cost is displayed in
Figure 1. Cost of the DNN quantifies the error between
predicted and actual classifications; a lower cost
indicates a better ability to fit the data.

The performance of the model is summarized using an
ROC curve in Figure 2. The true positive rate (y-axis)
and the false positive rate (x-axis) quantify the algorithm’s
ability to distinguishing between groups with an average
AUC of 0.725.

EMR + CT Data

The second approach utilized both EMR data and
radiomics from CT images to train the ML algorithm. A
visualization of the training cost for each 5-fold run is
presented in Figure 3.

The overall performance of the model is summarized
using an ROC curve in Figure 4. An average AUC of
0.844 was calculated. The higher mean AUC is indicative
of a better ability to predict optimal treatment strategy.

The difference in model performance also underscores
the sensitivity of the final output to input training
parameters.

Cost vs. Iteration

Figure 1. Cost vs. Iteration of the DNN using only EMR Data.
The calculated cost for each k-fold cycle is displayed as a
function epoch (training cycle). If the change in cost is greater
than the previous two training cycles, the algorithm ends the
training process. A shorter training process is for the purple
and gold traces.

Costvs. Epoch

Figure 3. Cost vs. Iteration of the DNN using EMR Data and
significant imaging Data. The calculated cost for each k-fold
cycle is displayed as a function epoch (training cycle). If the
change in cost is greater than the previous two training
cycles, the algorithm ends the training process. A shorter
training process is for the purple and gold traces.
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Figure 2. ROC (receiver operating characteristic) plot and
AUC (area under the curve) for the DNN using only EMR data.
The y-axis denotes the true positive rate, while the x-axis
denotes the false positive rate. An AUC of 0.725 represents a
model that makes the “correct” prediction 72.5% of the time.
Dotted colored lines show the ROC curve for individual
testing training runs of the k-fold validation. The dotted black
line shows the reference to of an AUC of 0.5.
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Figure 4. ROC (receiver operating characteristic) plot and
AUC (area under the curve) for the DNN. The y-axis denotes
the true positive rate, while the x-axis denotes the false
positive rate. An AUC of 0.844 represents a model that can
moderately distinguish between patient groups.

1

PITY e
&

"
[
83

J%ﬂ/w eQO\gb

a

g /\’l@(;,/

L)

JULY 12-76 ¢

2020 -/ VIRTUAL
JOINT AAPM |COMP MEETING

EASTERN TIME [GMT-4]

\‘«\pf{) Vi

CONCLUSIONS

The presented findings indicate that EMR and CT textures can aid HPV-
associated OPSCC patient treatment selection process. ML techniques can
help in discriminating those who would ultimately require tri-modality therapy
with the highest toxicity profile. With this knowledge, these patients would
not be recommended for TORS.

It should be noted that the CTs were very heterogenous - acquired on
different CT scanners with different protocols. EMR data in CNN require
consistency across patients to be successfully implemented.

Future directions for research include expanding the database to include
more patient information, enhancements on DNN architecture for better
results, and determining specific variables in DNN decision making.

This algorithm can be easily extended to be used with other disease sites
and treatment types.
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