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1 | INTRODUCTION

Abstract

Background: The curative treatment for Stage I non-small cell lung cancer
(NSCLC) is surgical resection. Even for Stage I patients, the probability of recur-
rence after curative treatment is around 20%.

Methods: In this retrospective study, we included 268 operated Stage I NSCLC
patients between January 2008 and June 2018 to analyze the prognostic factors
(pathological stage, histological type, number of sampled mediastinal lymph node
stations, type of resection, SUVmax of the lesion) that may affect relapse with
three different methods, Cox proportional hazard (CoxPH), random survival forest
(RSF), DeepSurv, and to compare the performance of these methods with Harrell's
C-index. The dataset was randomly split into two sets, training and test sets.
Results: In the training set, DeepSurv showed the best performance among the
three models, the C-index of the training set was 0.832, followed by RSF (0.675)
and CoxPH (0.672). In the test set, RSF showed the best performance among the
three models, followed by DeepSurv with 0.677 and CoxPH methods with 0.625.
Conclusion: In conclusion, machine-learning techniques can be useful in pre-
dicting recurrence for lung cancer and guide clinicians both in choosing the adju-
vant treatment options and best follow-up programs.
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possible to detect lung cancer in the early stages. In this

Lung cancer is the second most common type of cancer in
the world and it ranks first in cancer-related death rates.
More than 2million new cases are seen every year.' Non-
small cell lung cancer (NSCLC) accounts for 85% of lung
cancer.” Increasing technical developments have made it

way, more patients could get a chance for curative treat-
ment. The curative treatment method for Stage I NSCLC
is surgical resection.’ Even for Stage I patients, the prob-
ability of recurrence after curative treatment is around
20%. Adjuvant chemotherapy is not usually given in Stage
I patients.* If patients operated for Stage I NSCLC who are
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at risk for relapse could be predicted, better adjuvant treat-
ment and follow-up strategies can be developed. Statistical
survival analysis methods and supervised machine learn-
ing models can be used to predict recurrence. Technique
such as the Cox proportional hazard (CoxPH) model can
provide a time-based analysis of risk factors for the patient
and is one of the most widely used techniques.’ Despite
its popularity, the CoxPH model works with assumptions
that are not always possible, such as proportional hazards,
and it cannot provide an analysis of heterogeneous data
(e.g., medical images, genetic sequences, etc.). These lim-
itations are tried to be overcome with this machine learn-
ing methods, such as DeepSurv6 and random survival
forest (RSF).’

There are some literature applying machine learning
to various types of cancer datasets have reported good re-
sults. Kim et al,® used the DeepSurv method for survival
prediction in 255 oral squamous cell carcinoma patients
and validated its performance. They also compared the
survival prediction performances of DeepSurv, RSF and
the CoxPH models. DeepSurv showed the best perfor-
mance among the three models, the C-index of the testing
sets reaching 0.781, followed by RSF (0.764) and CoxPH
(0.694), respectively. Liu et al,” conducted a study to ex-
amine the prognostic significance and the potential role
of treatment decisions based on pathological microscopic
features in patients diagnosed with nasopharyngeal car-
cinoma (NPC). Employing the neural network DeepSurv,
they meticulously analyzed the pathological microscopic
features (DSPMF) of the patients. Subsequently, utiliz-
ing the time-dependent receiver operating characteristic
(ROC) analysis, they effectively categorized the patients
into distinct high-risk and low-risk groups. Ultimately,
the study's findings led them to conclude that the DSPMF
serves as a reliable prognostic tool for assessing survival
risk in patients with NPC and could potentially offer a
valuable guidance for treatment decisions. Huang et al,'
investigated multiple deep learning-based models, such
as Cox-nnet, DeepSurv, and their own method called Au-
toEncoder with Cox regression network (AECOX) across
12 cancer types from The Cancer Genome Atlas (TCGA).
Utilizing the C-index metric, they compared the predic-
tion performance of these methods and observed that
deep learning-based algorithms outperformed traditional
machine learning-based models. As a result, the study
highlighted the superior predictive capabilities of deep
learning approaches in the context of cancer progno-
sis. Byun et al,'! compared the performance of RSF and
DeepSurv models with the CoxPH model for predicting
recurrence-free survival and cancer-specific survival in
non-metastatic clear cell RCC patients. The findings re-
vealed that DeepSurv demonstrated superior predictive
performance compared to both CoxPH and RSF models.
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This study aimed to analyze the prognostic factors
that may affect relapse in patients with operated Stage I
NSCLC with three different methods such as CoxPH, RSF,
and DeepSurv, and compare the performance of these
methods with Harrell's C-index.

2 | METHODS

2.1 | Dataset

In this retrospective study, 268 patients who were oper-
ated for NSCLC between January 2008 and June 2018 in
the Department of Thoracic Surgery, Faculty of Medi-
cine, Ankara University were included in the study. The
study was approved by the Ethical Committee of the
Faculty of Medicine, Ankara University (no: 14-240-20,
date: May 15, 2020). Written informed consent was ob-
tained from all participants included in this study. Pa-
tients with Stage I pathological staging were included.
Patients who received neoadjuvant therapy, had posi-
tive surgical margins, had a rare type of lung cancer,
had synchronous-metachronous lung cancer, and had
missing data were excluded from the study. Risk factors
that may affect recurrence, such as pathological stage,
histological type, number of sampled mediastinal lymph
node stations, type of resection, and SUVmax of the le-
sion were recorded and included in the analysis. After
the preprocessing step, the variables given in Table 1
were found to be both clinically important and statis-
tically significant. In this study, models consisting of
three (X1-X3), four (X1-X4), five (X1-X5), six (X1-X6),
and seven (X1-X7) variables were built, respectively.

TABLE 1 Variables used in the data set sorted by clinical
importance.

Variables Description

X1 Pathological stage (Stage IA/IB)

X2 Sex (male/female)

X3 Age (years)

X4 Number of sampled mediastinal
lymph node stations (<2/>2)

X5 Histological type (Adenocarcinoma/
squamous cell carcinoma)

X6 Resection type (wedge
resection + segmentectomy/
lobectomy + pneumonectomy)

X7 SUVmax of the lesion

Event Recurrence (yes/no)

Time Follow-up (months)
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2.2 | Statistical analysis

The data were summarized as mean+standard devia-
tion and median (minimum-maximum) for continuous
variables, and frequencies (percentiles) for categorical
variables. Categorical variables were subjected to sur-
vival analyses using the Kaplan-Meier method, and the
log-rank test was employed to identify significant differ-
ences between groups. Multiple CoxPH model analysis
was conducted to determine predictors of recurrence.
Values of p <0.05 were considered statistically significant.
The primary aim of this study was to compare the classi-
fication performances of the DeepSurv, RSF, and CoxPH
models in the NSCLC dataset. Statistical analyses were
performed using Statistical Package for Social Sciences
(SPSS, version 11.5). The dataset was randomly split into
two mutually exclusive data sets, training and test sets.
For all the models, including DeepSurv, RSF, and CoxPH
the same training and test sets were utilized. For the RSF
method, hyperparameter selection was performed using
grid search. The number of trees was set to 1000 and dif-
ferent values for the number of nodes (3-25) and the num-
ber of randomly selected variables as candidates to split a
node (mtry) (2-4) were tried. The best performance was
achieved with 15 nodes, and mtry set to 3 (mtry=p/3 for
regression, where p equals the number of variables). The
hyperparameters used for DeepSurv were determined by
the random search method to be optimal for the model
and not to cause overfitting. The hyperparameters were
used as follows: the number of epochs (2000), L2 regulari-
zation (0.01), dropout (0.20), the number of hidden layers
(100), the number of nodes (10), learning rate (0.0001),
learning rate decay (0.0001), momentum (0.90), and ac-
tivation function (ReLU). DeepSurv, RSF, and CoxPH
models were compared with Harrell's C-index. Harrell's
C-index introduced in Harrell et al., 1982, is a widely used
metric for evaluating risk models in survival analysis, es-
pecially when dealing with censored data.'* The C-index
is a measure related to the area under the ROC curve. It
assesses the probability that, in a randomly selected pair
of cases, the case that experiences an event earlier had a
worse predicted outcome.”'? For each scenario, 100 train-
ing and test C-index values of these three methods were
recorded, and the prediction success of the methods was
evaluated by the average of these values. The simulation
of the data, RSF, and CoxPH models were performed
with the R programming language (version. 3.6.3). “Bi-
ocManager,”*® “survcomp,”** “surviva and “dplyr”®
packages were used in the CoxPH analysis. The RSF
method was implemented through the “randomForest-
SRC”” package. Analysis of deep learning was carried out
in the Python programming language. DeepSurv has been
implemented in Theano'” with the “lasagne”® package.

1 »15
s

A forest plot was also created with the help of the “forest-
model”" package in the R programming language. For
this study, the NC24 virtual machines from the NC se-
ries, equipped with NVIDIA Tesla K80 graphics cards and
Intel Xeon E5-2690 v3 (Haswell) processors, were utilized
(vCPU: 24, memory: 224 GiB, SSD: 1440 GiB, GPU: 4, GPU
memory: 48 GiB, max data disks: 64, max NICs: 4).

3 | RESULTS

Of the 268 patients included in the study, 65 (24.3%) were
female and the mean age was 61.69 +8.03 (27-83). Table 2
provides a summary of the general characteristics of the
patients.

Recurrence was observed in 52 (19.4%) patients. The
5-year recurrence-free survival rate of the patients was
74.7% = 3.4. In the univariate analysis, a log-rank test was
conducted to assess the differences in survival distribution
among the various types of pathological stage (p =0.004),
indicating a significant association with recurrence, while
in multiple Cox regression analysis, pathological stage
(p=0.016), and SUVmax of the lesion (p=0.006) were

TABLE 2 The summary statistics of the patient characteristics.

Descriptive

Variables statistics
Sex, n (%)

Male 203 (75.7)

Female 65 (24.3)
Age

Mean +SD 61.69+8.03

Median (min-max) 62 (27-83)
SUVmax of the lesion

Mean +SD 8.36 £6.25

Median (min-max) 7.85(0-32)
Resection type, n (%)

Wedge resection + segmentectomy 50 (18.7)

Lobectomy + pneumonectomy 218 (81.3)
Histological type, n (%)

Adenocarcinoma 184 (68.7)

Squamous cell carcinoma 84 (31.3)
Number of sampled MLNS, n (%)

<2 111 (41.4)

>2 157 (58.6)
Pathological stage, n (%)

IA 149 (55.6)

IB 119 (44.4)

Abbreviations: Max, maximum; Min, minimum; MLNS, mediastinal lymph
node stations; SD, standard deviation.
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independent prognostic factors for recurrence (Table 3
and Figure 1).

Starting with three variables that were incrementally
added up to seven. The first three variables were clini-
cally important variables, which should be included in the
model according to expert opinion. Statistically insignif-
icant and significant variables were subsequently added.
Except for two variables—pathological stage and SUV-
max of the lesion variables—although the five variables

TABLE 3 Univariate recurrence-free survival (RFS) analysis

results.
Variables 5-year RFS (%) p-value
Sex
Male 75.6+3.7 0.849
Female 70.7+8.2
Age, HR [95% CI] 1.03 [1.00-1.07] 0.061
SUVmax of the lesion, HR [95% CI] 1.04 [1.00-1.07] 0.062
Resection type
Wedge resection +segmentectomy  56.1+11.1 0.108
Lobectomy + pneumonectomy 779+3.4
Histological type
Adenocarcinoma 72.0+4.3 0.270
Squamous cell carcinoma 80.8+5.3
Number of sampled MLNS
<2 64.4+6.9 0.064
>2 79.9+3.8
Pathological stage
1A 84.3+3.7 0.004
1B 65.4+5.4

Abbreviations: CI, confidence interval; HR, hazard ratio; MLNS, mediastinal
lymph node stations; RES, recurrence-free survival.
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included in the study were statistically insignificant in the
CoxPH analysis (Figure 1), they are still considered im-
portant in decision-making and prognosis in the clinical
setting.

In the training set, as features were sequentially added,
the C-index of the DeepSurv and CoxPH methods exhib-
ited a relatively steady upward trend. However, the RSF
model showed a decrease in performance when the six-
feature model was added. Ultimately, DeepSurv demon-
strated the highest performance among the three models
in the training set, achieving a C-index of 0.832, followed
by RSF with a C-index of 0.675, and CoxPH with a C-index
of 0.672. It was observed that the performance of Deep-
Surv increased with each newly added variable. The suc-
cess of the DeepSurv method in training the model was
found to be approximately 10-15% higher than the other
two methods. In the test set, RSF demonstrated the high-
est performance among the three models, with a C-index
value of 0.704. It was followed by DeepSurv with a C-index
of 0.677, and CoxPH methods with 0.625 (Figure 2).

4 | DISCUSSION

In survival analysis, classical statistical methods are gen-
erally used for low-dimensional data, whereas machine
learning-based methods are used for high-dimensional
data. While analysis of survival data with classical statis-
tical methods, such as CoxPH, has limiting assumptions
such as proportionality of hazards, machine learning
methods can overcome these limitations. In the healthcare
field, interest in the use of machine learning in survival
analysis has increased with the increasing size of datasets
and the popularization of deep learning. There are some
literature applying machine learning to lung cancer have

Variable N | Hazardratio | HR(95% CI) p value
Pathological stage 1A 149 I Reference
1B 119 i | 207 (1.15, 3.75) 0.016
Age 268 [ ] 1.03(1.00,1.07)  0.089
Sex Female 65 . Reference
Male 203 | —— 1.01(051,2.01)  0.967
Number of sampled MLNS  >2 157 I Reference
<=2 111 H—I—* 1.66 (0.90, 3.05) 0.105
FIGURE 1 The forest plot :
showed the predictors of recurrence. Histological type scc 84 n Reference
AC: adenocarcinoma, CI: confidence AC 184 + 1.52 (0.76, 3.03) 0.235
interval, HR, hazard ratio; L +P, Resection type L+P 218 [ ] Reference
lobectomy + pneumonectomy; MLNS, b
mediastinal lymph node stations; SCC, WR:S 50 ' — 1.90/(0.93, 3.87) 0.079
squamous cell carcinoma; WR + S, wedge SUVmax of the lesion 268 u 1.06 (1.02, 1.10) 0.006

resection +segmentectomy.

1 15 225385
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06 / RS F 06 _\g@/ e RSF
’ —_— DeepSurv ! e D EPSUNV
0,55 0,55
0,5 T T T 0,5 T 1
3 4 5 6 3 5 6
Number of variables Number of variables
Number of Variables
S 4 5 6 7
Train 0.617 0.625 0.631 0.632 0.672
CoxPH [0.615-0.618] [0.622-0.628] [0.629-0.634] [0.629-0.635] [0.669-0.675]
Test 0.593 0.601 0.591 0.572 0.625
[0.574-0.612] [0.576-0.625] [0.564-0.618] [0.550-0.594] [0.601-0.649]
Trai 0.578 0.580 0.597 0.580 0.675
RSF e [0.573-0.584] [0.575-0.584] [0.593-0.601] [0.575-0.585] [0.670-0.680]
Test 0.596 0.593 0.625 0.614 0.704
[0.572-0.620] [0.567-0.618] [0.598-0.652] [0.587-0.641] [0.678-0.730]
Train 0.696 0.716 0.769 0.775 0.832
- PO [0.693-0.699] [0.712-0.719] [0.766-0.772] [0.771-0.779] [0.828-0.836]
" Test 0.616 0.601 0.639 0.605 0.677
= [0.594-0.638] [0.574-0.629] [0.615-0.662] [0.581-0.629] [0.652-0.701]

FIGURE 2 Performance of the DeepSurv, random survival forest (RSF), and Cox proportional hazard (CoxPH) model in terms of
C-index (95% confidence interval). 3: Age + Sex + Pathological Stage, 4: Age + Sex+ Pathological Stage + Number of sampled MLNS, 5:
Age + Sex + Pathological Stage + Number of sampled MLNS + Histological type, 6: Age + Sex + Pathological Stage + Number of sampled
MLNS + Histological type + Resection type, 7: Age + Sex + Pathological Stage + Number of sampled MLNS + Histological type + Resection

type + SUVmax of the lesion.

reported good results. Yu et al.,”® employed a variety of
machine learning algorithms, including naive Bayes, sup-
port vector machines (SVMs) with Gaussian kernel, SVM
with linear kernel, SVM with polynomial kernel, bagging
for classification trees, random forest using conditional
inference trees, and Breiman's random forest. These al-
gorithms were utilized to differentiate between lung can-
cer cases exhibiting distinct survival outcomes. Coudray
et al,”! aimed to create a deep convolutional neural net-
work designed for the accurate and automated classi-
fication of whole-slide images sourced from the TCGA
dataset. The objective was to distinguish between adeno-
carcinoma (LUAD), squamous cell carcinoma, and nor-
mal lung tissue. However, it is important to emphasize
that the scope of this study was centered around survival
analysis. She et al,** constructed a deep learning survival
neural network utilizing sequential cases of recently di-
agnosed Stages I-IV NSCLC. They examined 127 fea-
tures encompassing patient attributes, tumor stage, and
treatment approaches for analytical purposes. The per-
formance evaluation of the models was conducted using
the C-index. The resultant deep learning survival neural
network model demonstrated promising implications for

both prognostic assessment and treatment guidance con-
cerning lung cancer-specific survival. While She et al,*
focused on a comprehensive analysis of consecutive cases
involving newly diagnosed Stages I-IV NSCLC, our study
specifically concentrated on patients within Stage I. In
their recent study, Yu et al,”® acquired patient data con-
cerning cutaneous malignant melanoma (CMM) from the
Surveillance, Epidemiology, and End Results database.
They employed DeepSurv model to forecast the survival
rates of CMM patients and assess the model's efficacy.
Their findings indicated that the DeepSurv model outper-
formed the CoxPH model in accurately predicting the sur-
vival time of individuals diagnosed with CMM.

In this study, the prognostic factors that may affect re-
lapse in patients with operated Stage I NSCLC were ana-
lyzed using three different methods such as CoxPH, RSF,
and DeepSurv, and compared the performance of these
methods with Harrell's C-index. Considering the findings
from this study, it was found that all three methods had
similar results. Here, our recommendation is to consider
speed and cost. If speed is important, that is, if we want to
obtain results quickly, a deep learning-based survival pre-
diction method using GPU may be preferred. Using GPUs
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may have another advantage to integrate DeepSurv to the
decision support systems.

Careful measures were taken to assess and address the
potential issue of overfitting in the DeepSurv model. Rig-
orous hyperparameter tuning and validation techniques
were employed to ensure the model's ability to generalize
well to unseen data. These steps aimed to enhance the re-
liability and robustness of the findings and minimize any
biases introduced by overfitting.

A major strength of our study is the utilization of a
well-defined dataset comprising patients who underwent
surgery for NSCLC. The use of mutually exclusive train-
ing and testing sets enhances the reliability of our model
evaluation. Additionally, we employed rigorous hyperpa-
rameter tuning and validation techniques to optimize the
performance of our models. The inclusion of clinically im-
portant variables highlights the relevance of our findings
in a clinical setting.

However, several limitations need to be acknowl-
edged. First, our study focused on a relatively small set
of simple features, which may have limited the predic-
tive power of the models. Incorporating additional com-
plex features, such as genomic or molecular data, could
potentially enhance the performance of the models.
Second, our study relied on retrospective data, which
may introduce biases. Future prospective studies with
larger cohorts and diverse populations are needed to
validate our results. Lastly, although we employed rig-
orous model evaluation techniques, external validation
on independent datasets would further strengthen the
reliability of our findings.

This study built the models and tested their perfor-
mance with mutually exclusive training and testing on
total 268 patients who were operated for NSCLC. A larger
dataset from single center or multiple centers may im-
prove these results and increase the performance of deep
learning-based survival prediction in patients with lung
cancer. The findings align with existing literature and
highlight the importance of feature selection, model op-
timization, and rigorous evaluation. While our study has
certain limitations, it contributes to the growing body of
knowledge in precision oncology and provides insights
for further research and clinical application of machine
learning in lung cancer prognosis.

5 | CONCLUSION

This study provides novel insights into the application of
machine learning models, including the pioneering inte-
gration of GPU, for predicting survival outcomes in Stage
I NSCLC patients. Through a comprehensive evaluation,
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we compared DeepSurv, RSF, and CoxPH models and ob-
served incremental improvement in DeepSurv's perfor-
mance with the addition of more variables. However, RSF
demonstrated the best performance in the test set. The
clinical significance of the findings lies in the potential of
machine learning models, particularly RSF, to assist clini-
cians in treatment decision-making and tailored prognostic
strategies. The results highlight the applicability of machine
learning in precision oncology, offering valuable insights
for patient prognosis and improving overall survival rates.
The study acknowledges its limitations, such as the use of a
small set of features and retrospective data, calling for future
research to explore complex features and validate the find-
ings in larger and diverse patient cohorts. In conclusion, the
study demonstrates the potential of machine learning mod-
els, with GPU integration being one of the first examples, in
predicting survival outcomes in NSCLC patients, providing
a valuable approach for prognostic evaluation and treat-
ment decisions in precision oncology.
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