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Background and Objectives This study analyzed data from patients who were diagnosed
with human papilloma virus (HPV)-associated oropharyngeal (OPC) and treated surgically to
construct a machine learning survival prediction model.

Subjects and Method We retrospectively analyzed the clinico-pathological data of 203 pa-
tients with HPV-associated oropharyngeal squamous cell carcinoma (OPSCC) from 2007 to 2015.
Results In the Cox proportional hazard (CPH) model, the c-index values for the training set
and the test set were 0.81 and 0.59, respectively. The univariate analysis showed that contralat-
eral lymph nodes (LNs) metastasis, lymphovascular invasion, pN, stage, surgical margin sta-
tus, histologic grade, pT, and the number of metastatic LNs had significant correlations with
survival. Contrastively, the multivariate analysis showed pT and histologic grade to have sig-
nificant correlation with survival. In the random survival forest model, the c-index values for
the training set and the test set were 0.83 and 0.87, respectively. In the DeepSurv model, the c-
index values for the training set and the test set were 0.75 and 0.83. Among the three models
mentioned above, Random Survival Forest and DeepSurv showed the best performance for
predicting the survival of HPV-associated OPSCC patients.

Conclusion We confirmed that a survival prediction model using machine learning and
deep learning algorithms showed reasonable survival estimates for HPV-associated OPSCC
patients. Korean J Otorhinolaryngol-Head Neck Surg 2023;66(4):241-7

Keywords Deep learning; Human papilloma virus; Machine learning; Survival analysis.

Introduction

Human papilloma virus (HPV)-associated oropharyngeal
squamous cell carcinoma (OPSCC) shows distinctive features
compared to head and neck squamous cell carcinoma (HN-
SCC), typically caused by smoking and drinking."” Unlike

This is an Open Access article distributed under the terms of the Creative Commons
Attribution Non-Commercial License (https://creativecommons.org/licenses/by-nc/4.0)
which permits unrestricted non-commercial use, distribution, and reproduction in any
medium, provided the original work is properly cited.

traditional HNSCC, HPV-associated OPSCC occurs in the
younger patients, and has a favorable response to treatment
and a good prognosis, resulting in a long life expectancy after
the termination of treatment. Therefore, the quality of life af-
ter treatment should be considered when selecting treatment
modalities for HPV-associated OPSCC patients; indeed, clin-
ical studies on de-escalation therapy are currently in progress
to reduce the morbidity associated with treatment for this rea-

son.*™ In general, many of HPV-associated OPSCC patients
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have a good prognosis, but 1%—15% develop locoregional fail-
ure and 10%—20% die from distant metastasis. In the revised
8th TNM staging system, a distinct staging system was pro-
posed for HPV-associated OPSCC due to its status as an in-
dependent disease entity.”'” The 8th TNM staging system has
a higher correlation with the overall survival of HPV-associ-
ated OPSCC patients compared to the 7th staging system, but
some patients still show treatment outcomes that are not con-
sistent with their TNM stage.”'"'” Therefore, it is necessary
to construct a more robust predictive model that can more
accurately predict treatment outcomes of these patients.
When surgical treatment is performed on HPV-associated
OPSCC patients, the pathological characteristics of each tu-
mor can be analyzed through pathological examination of
surgical specimens. Tumor aggressiveness can be estimated
through pathological information, such as surgical margin
status, number of metastatic lymph nodes (LNs), extranodal
extension (ENE), perineural invasion (PNI), lymphovascular
invasion (LVI), and lymph node ratio (LNR). In order to cre-
ate a robust model for predicting OPSCC patient survival,
clinical information, including these pathological data, must
be integrated in the model. As machine learning and deep
learning technologies develop, they are being used in various
ways in the medical field. Especially with the development
of image recognition technology, corresponding studies have
been carried out in the fields of dermatology, radiology, and
ophthalmology.”"® However, studies to construct machine
learning models to predict the treatment outcomes of HPV-
associated OPSCC patients are rare. If we establish a robust
model for predicting the survival of patients, high-risk pa-
tients can be selected, treated intensified according to their
risk group, and actively surveilled. This study analyzed the
data of patients diagnosed with HPV-associated OPSCC who
got surgical treatment at our hospital, calculated the prognos-
tic significance of pathological factors, and predicted treat-
ment outcomes using a machine learning or deep learning
model based on clinico-pathologic factors, including those

parameters mentioned above.

Subjects and Methods

This study was approved by the Institutional Review Board
(IRB) in Yonsei University (2020-1123-002) and was conduct-
ed in accordance with the Declaration of Helsinki. Since the
IRB waived the need for individual informed consent, it was
not obtained from the participants. Data from patients diag-
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nosed with oropharyngeal cancer and treated at Severance
Hospital from January 2007 to December 2015 were retro-
spectively analyzed. Since 2007, we have performed pl6 im-
munohistochemistry (IHC) tests on all oropharyngeal cancer
patients to investigate their HPV status. This study included
only cases of patients with oropharyngeal cancer who had a
positive pl6 IHC test and underwent surgery as initial treat-
ment. Exclusion criteria were as follows: 1) prior surgery or
radiotherapy on head and neck; 2) distant metastasis at the
time of diagnosis; 3) cases lost during follow-up after surgery.
Finally, 203 patients, 173 males and 30 females, were includ-
ed in the study. The patients’ ages ranged from 30 to 81 years,
with a mean age of 57.3 years. Staging of cancer was based
on the 8th American Joint Committee on Cancer.

When analyzing the prognosis of cancer patients, certain
metrics, such as accuracy and area under receiver operating
characteristic curve, do not reflect the characteristics of the
survival data. The survival data of cancer patients do not con-
sist of binary data, such as survival or death, but rather include
elements called censored data and “time to event.” Harrell’s
c-index is used as a method for predicting survival, reflecting
how well the model predicts patient survival time. ¢c=0.5 in-
dicates the average value of the random model, and c=1 means
perfect time-to-death prediction.'”*”

Supervised machine learning was performed using a Cox
proportional hazard (CPH) model, random survival forest,
and deep learning based-model (DeepSurv). We ran training
on the above three models and compared the performance of
each of the three models using c-index. Eighty percent of the
entire data set was separated as a training set for learning, and
the other 20% was used for validation. Compared to the CPH
model, which uses a linear combination of variables, random
survival forest is a non-parametric survival analysis, and all
collected variables are used for analysis to automatically
evaluate nonlinear effects between variables and reduce vari-
ances and biases.”"*” The version 0.14.0 of scikit-survival was
used to construct random survival forest model. The Deep-
Surv is an Python module that updates weights using a multi-
layer feed forward network and back propagation process to
presents the negative log partial likelihood as output values.””

Patient information, pathologic findings, tumor location and
stage, recurrence, death, cause of death, and date of death
were analyzed using R program version 4.03. An two-sample
t-test was used to assess differences in continuous variables
between two independent groups. Fisher’s exact test or chi-
square test were used to assess differences in categorical vari-



ables between two groups. A Kaplan-Meier method was used
to analyze survival of patients, while outcomes were evalu-
ated with a log-rank test.

Results

Clinical information

A total of 203 patients underwent neck dissection along with
surgical excision of the primary lesion. 112 patients (55.2%) had
a history of smoking. Pathological examination showed posi-
tive margins in 68 patients (33.5%) and negative margins in
135 patients (66.5%). LVI was observed in 70 patients (34.5%),
PNI was observed in 22 patients (10.8%), and ENE was ob-
served in 94 patients (46.3%). For pT classification, 57 patients
(28.1%) were classified as T1, 107 (52.7%) as T2, 26 (12.8%)
as T3, and 13 (6.4%) as T4. In pN classification, 34 patients
(16.7%) were classified as NO, 123 (60.6%) as N1, and 46
(22.7%) as N2. In the 8th TNM staging system, 130 patients
(64.0%) were classified as stage I, 61 patients (30.0%) as stage
11, and 12 patients (6.0%) as stage I1I. When we analyzed the
overall survival of patients according to tumor stage, there
were significant differences between stage I1I and other stages,
while no significant difference was observed between stage
I and IT (Fig. 1A) (stage I vs. stage 11, p=0.56; stage I vs.
stage III, p<0.005; stage II vs. stage III, p<0.005). The sum-
mary of clinico-pathological characteristics of patients and
the baseline differences between training and test datasets

were indicated in Table 1. The differences in survival rates
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between the two groups were analyzed by the Kaplan-Meier
method with a log-rank test (Fig. 1B). There was no signifi-
cant difference between training and test dataset.

CPH model

Parameters for build a prediction model included the pa-
tient’s age, sex, smoking history, primary tumor site, margin
status, pT, pN, LVI, PNI, ENE, ipsilateral LNs metastasis,
contralateral LNs metastasis, LNR, and adjuvant treatment.
When the predictive model was constructed in the CPH model
using all the parameters mentioned above, the training set had
a c-index value of 0.81 and the test set had a c-index value of
0.59. On univariate analysis, contralateral LNs metastasis,
LVI, pN, stage, surgical margin status, histologic grade, pT,
and number of metastatic LNs had significant correlation
with survival. On multivariate analysis, pT and histologic
grade showed a statistically significant correlation with pa-
tient survival (Fig. 2). As we used GridSearchCV to tune pa-
rameter values, optimal performance was achieved when only
margin status, pT, pN, ipsilateral LNs metastasis, and LNR
were included in the CPH model. When the CPH model was
constructed with these five parameters, the training set had a
c-index value of 0.70 and the test set had a c-index value of 0.80.

Random survival forest model
In random survival forest model, the training set had a
c-index value of 0.83 and the test set had a c-index value of

0.87. Through an analysis of permutation variable importance
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Fig. 1. Kaplan-Meier curve. A: The results using the 8th TNM stage of all oropharyngeal squamous cell carcinoma patients. B: The results

of training and test sets.

www.kjorl.org 243



Korean J Otorhinolaryngol-Head Neck Surg I 2023;66(4):241-7

Table 1. HPV-associated OPSSC patient data

Variables All surgical  Testset  Training set svale
pts (n=203)  (n=51) (n=152)

Male 173(85.2)  445(86.3) 129 (84.9) 0.987

Age, yr 57.3(30-81) 55.7+8.9 57.9+9.5 0.161

Smoking history 0.081
Yes 112 (55.2) 34 (66.7)  78(51.3)

Location 0.440
Tonsil 175 (86.2) 42 (82.4) 133(87.5)

BOT 24 (11.8) 7037  17(011.2)
Soft palate 4(2.0) 2(3.9) 2(1.3)

TNM stage 0.698
I 130 (64.0) 32(62.7)  98(64.5)

Il 61 (30.0) 17 (33.3) 44 (28.9)
1] 12 (6.0) 2(3.9) 10 (6.6)

LVI 0.712
Yes 70 (34.5) 16 (31.4) 54 (35.5)

No 133 (65.5) 35(68.6) 98 (64.5)

PNI 0.291
Yes 22 (10.8) 3(5.9) 18 (12.5)

No 181 (89.2) 48 (94.1) 133(87.5)

ENE 0.774
Yes 94 (46.3) 25(49.0) 69 (45.4)

No 109 (53.7) 26 (51.00 83 (54.6)

Margin 0.407
Positive 68 (33.5) 20(39.2)  48(31.6)
Negative 135 (66.5) 31 (60.8) 104 (68.4)

Adjuvant Tx 0.443
Yes 179 (88.2) 47 (92.2) 132(86.8)

No 24 (11.8) 4(7.8) 20 (13.2)

Recurrence 0.287
Local 1(2.0) 0(0) 1(2.0)

Regional 12 (23.5) 1(2.0) 11 (21.6)
Distant mets 10 (19.6) 1(2.0) 9(17.6)
Death 18 (35.3) 5(9.8) 13(25.5)  0.999

Data are presented as n (%) or mean (range). HPV, human
papilloma virus; OPSSC, oropharyngeal squamous cell carci-
noma; pts, patients; BOT, base of tongue; LVI, ymphovascular
invasion; PNI, perineural invasion; ENE, extranodal extension;
Tx, freatment; mets, metastasis

(VIMP), the importance of various parameters used in this
model construction was analyzed (Fig. 3). The parameters
which showed high feature importance in random survival
forest was as follows, in descending order: age, grade, number
of metastatic LNs, pT, TNM stage, contralateral LNs metas-
tasis, and adjuvant treatment. pT and histologic grade showed
significant importance in both CPH and random survival
forest models. No variable showed associations with other
variables when interactions between variables were measured

based on minimum depth.

Deep learning-based model

In the case of the DeepSurv model, the training set had a
c-index value of 0.75 and the test set had a c-index value of
0.83. The process of the deep learning is shown in Fig. 4. Both
Random Survival Forest and DeepSurv models showed high
performance for predicting the survival of HPV-associated
OPSCC patients.

Discussion

Accurate prognostication of HNSCC patients is essential
for appropriate counseling and personalized precision treat-
ment. To date, prognostication of HNSCC has been performed
using a traditional TNM staging system reflecting the char-
acteristics of tumor-node-metastasis. However, as new bio-
markers and prognostic factors for HNSCC have been dis-
covered, development of a prognostic system with improved
performance is required. In particular, the incidence of HPV-
associated OPSCC has been rapidly increasing in recent years.
Moreover, given that HPV-associated OPSCC has a distinct
clinical course and prognosis, a new staging system accord-

ing to HPV positivity was proposed in the 8th TNM staging
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Fig. 2. Cox proportional hazard model. A: The results of univariate analysis. B: The results of multivariate analysis. *p<0.05; **p<0.01;
***p<0.001 TNM, stage; grade, histologic grade; margin, surgical margin status; nodes, number of metastatic LNs; ECS, extracapsular

spread; conLN, contralateral LNs metastasis.
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Fig. 3. Random forest survival model. A: Random forest OOB prediction error estimates as a function of the number of trees in the forest.
B: Estimated survival of testing set. C: Variable importance (VIMP). Blue bars indicate positive VIMP, red indicates negative VIMP. Impor-
tance is relative to positive length of bars. D: Variable interaction plot. TNM, stage; grade, histologic grade; margin, surgical margin status;
nodes, number of metastatic LNs; ECS, extracapsular spread; conLN, contralateral LNs metastasis.
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Fig. 4. Learning process of deep learning based model (DeepSurv). A plot of loss (A) and a plot of accuracy (B) on training and testing sets.

system. In addition, several prognostic systems for OPSCC
associated with HPV have been developed and reported.”>’
In the Denmark system, the patient’s age, performance status,
smoking status, HPV status, treatment method, etc. were used
as input factors, while age, sex, stage, treatment method, etc.
were used in the Erasmus system to predict OPSCC patients’
survival. Each research team proposed a model to predict the

prognosis of HPV-associated OPSCC patients based on their

input factors, respectively.”” When compared to the previous
TNM staging systems, these models showed higher results
with regards to the c-index value, which is the most used in-
dex for performance evaluation of survival prediction mod-
els. However, in some cases, the results obtained using these
models do not agree with each other, so there remain certain
limitations to improving the accuracy of predicting the sur-
vival of OPSCC patients.
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In this study, machine learning and deep learning algo-
rhithms were used to construct a prediction model for survival
of HPV-associated OPSCC patients. The c-index values of Ran-
dom Survival Forest model and deep learning-based models
were 0.87 and 0.83, respectively. We demonstrate that, even
when compared to the Erasmus or Denmark systems, which
showed higher c-index values than the TNM staging system,
our machine learning and deep learning-based models showed
high performance in terms of survival prediction performance
of HPV-associated OPSCC patients. Currently, many studies
are ongoing for deintensified therapy in HPV-associated OP-
SCC patients to reduce the morbidity related to treatment in
low risk patients, and it is expected that more accurate per-
sonalized treatment will be possible if low-risk groups can be
classified using developed machine learning or deep learning
prognostic models. Of course, the performance of machine
learning and deep learning models should be improved by
conducting further research on a larger number of patients,
and the effectiveness of each model should be verified through
multicenter clinical trial. Nonetheless, in this report we eluci-
date the possibility of using machine learning models to gen-
erate prediction models for survival of OPSCC patients.

Since this study was conducted on HPV-associated OPSCC
patients who recieved surgery, various data obtained through
pathological examination of the surgical specimen after sur-
gery were used. Factors including margin status, LVI, PNI,
number of metastatic LNs, LNR, and ENE were used as in-
put for constructing machine learning model. Also, various
clinical factors such as the patient’s age, sex, and adjuvant
treatment, were also used as input factors. Given that, unlike
traditional statistical methods, machine learning and deep
learning models can construct non-linear models of variables,
they are less affected by multicolinearity between variables,
so a robust prediction model can be created by using a variety
of variables as input factors while reducing bias and variance.
In the future, if parameters that can reflect the biological be-
havior of tumors can be extracted from imaging tests, such as
CT, MRI, and PET, and incorporated into our model, the per-
formance of our models will be much more improved for clin-
ical application.

This study has the following limitations. As the data of pa-
tients who received surgical treatment in a single institution
were analyzed retrospectively, selection bias may not have
been avoided. Also, since our study used the relatively small
number of patients, which was insufficient to elucidate a ro-
bust performance of our machine learning and deep learning
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models, further studies are needed to improve the performance
of our models using large-scale data sets. Additionally, since
our study only examined patients who underwent surgery as
their initial treatment, it may be necessary to verify whether
the same performance can be achieved in patients who un-
derwent non-surgical treatment. Lastly, although various clini-
cal pathological factors were used as input factors for our
machine learning and deep learning models, follow-up stud-
ies are needed to discover and verify new biomarkers that are
related to the prognosis of HPV-associated OPSCC.

In conclusion, we confirmed that a survival prediction
model using machine learning and deep learning algorithms
showed reasonable estimates of survival for HPV-associated
OPSCC patients. Although multicenter and large-scale studies
should be conducted to make more robust predictive model,
we expect that risk stratification using a machine learning

model will enable personalized treatment.
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