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Abstract—Lung cancer is one of the leading health complica-
tions causing high mortality worldwide. The relapsing behavior
of medically treated early-stage lung cancer makes this disease
even more complicated. Thus predicting such relapse using a
data-centric approach provides a complementary perspective for
clinicians to understand the disease. In this preliminary work,
we explored off-the-shelf survival models to predict the relapse
of early-stage lung cancer patients. We analyzed the survival
models on a cohort of 1348 early-stage non-small cell lung cancer
(NSCLC) patients in different timestamps. Using the prediction
explanation model SHAP (SHapley Additive exPlanations), we
further explained the best-performing survival model’s predic-
tions. Our explainable predictive model is a potential tool for
oncologists that address an unmet clinical need for post-treatment
patient stratification based on the relapse hazard.

Index Terms—survival, time, event, prediction, cancer, expla-
nation

I. INTRODUCTION

When diagnosed with lung cancer, most patients may ask
about their prognosis: “how long will I be alive” or “what
is the success rate of possible treatment alternatives.” Many
clinicians provide patients with statistics on cancer survival
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based only on the site and stage of the tumor. Commonly used
statistics include the 5-year survival rate and median survival
time, e.g., a doctor can tell a specific patient with early-stage
lung cancer that s/he has a 50% 5-year survival rate [1].

In the United States, an estimated 158,800 Americans died
from lung cancer-related complications in 2016, approximately
27% of all cancer-related deaths [2]. Although there has been
progress in cancer treatment over the last decade, the 5-year
survival rate is still around 50% for surgically resected non-
small cell lung cancer (NSCLC). However, even for stage I
patients, 20% showed relapse within five years [1]. Early-
stage NSCLC (stages I-II) patients are typically treated with
complete surgical tumor resection. However, even after the
entire resection of the tumor, 30-55% of patients will develop
disease recurrence' To predict tumor relapse, clinicians and
machine learning researchers have come up with two different
use cases as shown in Figure 1.

The first one is “Does relapse happen?” and second one is
“When will relapse happen?”. The models that are applied to

INote that recurrence” or “relapse” are used interchangeably in the paper.
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Fig. 1. Data driven approaches to identify the tumor relapse.

the first question are typically classification models trained
on tabular data where there is a list of features, and the
outcome variable is a binary relapse event [3], [4]. Similarly,
the same problem can also be solved using a graph-based
approach where data is modeled as a graph and the task cast
as “link prediction” [5]. Models that are applied to the second
question are called survival models, where data is also in the
tabular format, but the outcome variable is time and events [6].
Here, we focus on the second question because predicting the
time to the occurrence of clinical events is critical for disease
prognosis and therapeutic decision [7]. Another important
reason is that the classification models are not able to include
censored” observations that could not be fully specified before
the specified time because the outcome of these observations
was unknown [8]. There are three types of censoring (i) right-
censoring, (ii) left-censoring, and (iii) interval-censoring. We
focus on right-censoring because it is a prevalent type of
censoring and frequently occurs in cancer medical research
for incomplete observation [9].

Survival models can take censoring into account and incor-
porate this uncertainty: instead of predicting the event, they
predict the probability that an event happens at a particular
time. In the context of survival analysis, statistical predictive
models are typically used. One such classical method is called
Nomogram. Nomogram is the graphical representation of the
predictive model that can be used for the prognostication
of clinical events such as relapse, disease-specific survival,
or overall survival for a given patient [10]. By using a
concise chart of an outcome-risk predictive model, a nomo-
gram derives the risk probability of a specific event, such as
lung cancer-specific survival (LCSS) [11]. For improving the
accuracy of lung cancer survival estimations, Cox proportional
hazard models have gained popularity as a way of predicting
outcomes. The Cox proportional hazards (Cox) model is
traditionally used to predict the clinical outcomes or hazard
functions corresponding to specific time units. Cox is a popular
survival model because of its strong theoretical and statistical
foundation. Moreover, these models work under the linear-
ity assumptions. However, real-world clinical characteristics
might have non-linear patterns in the data. For example, both

2Censored subjects are those who have not experienced the event of interest
within the observation window.

high and low blood sugar levels increase the mortality of the
patients [12]. Therefore, there is a need for better solutions
that focus on non-linear variables [13].

For this task, we have used a cohort of 1348 early-stage
NSCLC patients from the CLARIFY project — a European
project focused on monitoring health status and quality of life
after the cancer treatment’. Using these real-world clinical
data, we explore various survival models ranging from simple
classical linear models or flexible ensemble-based models
to advanced deep survival models on predicting relapse at
different timestamps using standard evaluation metrics.

II. RELATED WORK

In this section, we briefly survey the classic survival model-
ing method, ensemble-based survival models, and deep neural
network-based survival analysis method.

Survival Models: In survival data, most of the data analy-
ses have been conducted using parametric and semiparamet-
ric regression models, especially the Cox Proportional Haz-
ards (CPH) model [14]. Survival analysis methods such as the
Kaplan—Meier, Nelson—Aalen estimators, and the proportional
hazards models are the most common approach for predicting
prognosis, relapse, and other clinical outcomes of lung cancer
patients [3]. However, the problem with CPH is that it assumes
the hazard of each predictor does not change over time. The
violations of such assumption lead to erroneous scientific
findings [15]. It is because if the hazard of variable increases
or decreases over time, the usual CPH model will ignore these
time-dependent changes [16].

Non-Linear Survival Models: Survival models based on
support vector machines (SVM) can automatically incorporate
non-linearities using non-additive kernels, and interactions are
automatically incorporated [17]. SVM-based models do not
assume a true underlying function for which the parameters
need to be estimated. In the same vein, different variants
of survival models exist, also known as ensemble survival
models. Ensemble models combine the predictions of mul-
tiple models to produce more accurate, robust, and reliable
predictions than single learner models at the cost of inter-
pretability [18]. The trendy ensemble survival model variant
is random survival forest [19], and gradient boosting [20]. A
gradient boosting model is identical to a Random Survival
Forest because it depends on multiple base learners to produce
an overall prediction but differs in how those are combined.
While a Random Survival Forest fits a set of Survival Trees
separately and averages their predictions, a gradient-boosted
model is established serially in a greedy stage-wise fashion.
Random Survival Forest model is considered adaptive to data
and is regarded as better than traditional survival analysis
methods [21]. Compared to other tree ensembles such as
bagging, random subspace, and rotation forest, random forest
is the most efficient algorithm in model training [22].

From a neural network perspective, researchers have applied
three main types of neural networks to the problem of non-

3https://www.clarify2020.eu/



TABLE I
QUALITATIVE COMPARISON BETWEEN DIFFERENT SURVIVAL
MODELS. X : ABSENCE;v :PRESENCE

Ensemble-based  Deep Learning-based

CPH  SSVM Survival Model Survival Model
Support non-linearity X v v v
Interpretability by design v X X X
No parameters to tune v X X X
Extensive feature engineering v/ X X X

linear survival analysis. These include variants of: (i) clas-
sification methods [23], (ii) time-encoded methods [24], (iii)
and risk-predicting methods [25]. This third type is a feed-
forward neural network (NN) that estimates an individual’s
risk of failure. Faraggi-Simon’s network is seen as a non-linear
extension of the Cox proportional hazards model. However,
these models have improved on the CPH model by relaxing
the specific functional relationship between predictors and the
hazard function in the standard CPH model while maintaining
the other central assumption— that the hazard rate is constant
over time. Therefore, it limits the potential capacity of deep
neural networks to learn complex representations of risk
and, in particular, to capture the time-dependent influence of
predictors on survival [26]. To address this problem recently,
deep survival models [27] have been applied to CPH models
to solve the problem of non-linear survival analysis. Often
it is laborious to choose the perfect survival model because
each model possesses its advantages and disadvantages, which
requires comprehensive expertise of each model. Recently
several deep neural network-based survival models have been
developed. However, deep learning survival models [27] are
computationally expensive to training and validating [11].
Another caveat of these models is the process of predictions.
Deep learning networks function like black boxes, making it
difficult to determine how the network makes decisions and
interprets the results.

Table I shows the qualitative comparison between the state-
of-the-art survival models. CPH models are interpretable by
design, and do not require parameters to tune. However,
CPH cannot support non-linear relationships. While non-linear
survival methods, such as neural networks and survival forests,
can inherently model these high-level interaction terms but
needs to do hyperparameter tuning.

III. METHODS

Data Format: The survival analysis data-points has 3 major
elements: (X;, E;,T;) Vs,

e X, is a p-dimensional feature vector.

e F; is the event such that £; = 1, for the event that has
happened else F; = 0. E is the relapse in our case.

o T; = min(t;,c;) is the observed time, with ¢ is the actual
time of the event and c; is the time of censoring.

o ¢ is the individual or patient or event of interest in the
datasets.

Survival Function: The survival function S(¢) indicates prob-
ability of the event which has not occurred by time ¢:

S(t)=P(T>1t)=1- F(t) = /too flx)dz (1)

T denote a continuous non-negative random variable corre-
sponding to a patient’s survival time with the corresponding
probability density function f(¢) and the cumulative distribu-
tion function being F(¢) at a given time ¢.

Models:

o Cox proportional hazard (CoxPH): It is a semi-parametric
model that focuses on modeling the hazard function
by assuming that its time component and the feature
component are proportional. This model is considered a
baseline and often appealing because its coefficients can
be interpreted in terms of the hazard ratio, which often
provides valuable insight.

¢ Survival Support Vector Machine (SSVM): It can account
for complex, non-linear relationships between features
and survival using kernel trick. A kernel function implic-
itly maps the input features into high-dimensional feature
spaces where a hyperplane can state survival. It makes
SSVM extremely versatile and applicable to a wide range
of data.

e Deep Survival Model (DeepSurv): It is a multilayer
perceptron model which predicts the risk of an event. The
output of the model is the single node, which estimates
the risk function parameterized by the network. The core
technical details of the DeepSurv are available in [27].

o Gradient Boosting Survival Model (GBM): Gradient
Boosting does not attribute to one unique model but
an adaptable scheme to optimize many loss functions.
It follows convention by combining the predictions of
multiple base learners to obtain a robust model. The
base learners are often very straightforward models that
are marginally superior to random guessing, which is
why they are also referred to as weak learners. The
predictions are aggregated in an additive manner, where
the summation of each base model enhances (or “boosts™)
the overall model.

o Random Forest Survival Model (RFSM): A Random Sur-
vival Forest assures that individual trees are de-correlated
by i) constructing each tree on a distinctive bootstrap
sample of the initial training data and ii) at each node,
only assess the split criterion for a randomly selected
subset of features and thresholds. Predictions are formed
by adding predictions of individual trees in the ensemble.

Evaluations: The model is evaluated using two different
performance metric.

o Concordance Index or C-index: It is a generalization of
the area under the ROC curve (AUC) that can account for
censored data. It represents the global assessment of the
model discrimination power: this is the model’s ability to



TABLE II
HYPERPARAMETERS SEARCH SPACE USED FOR TUNING THE SURVIVAL
MODELS.

Model
CPH

SSVM

Hyperparamters and Search Space
no parameter required

C: [le-3, le-2, le-1, 1, 10]

gamma: [le-5, le-3, 1,10]
num_nodes: [32],[32, 32],[64, 64],[128, 128]
dropout: [0.1, 0.2, 0.3, 0.4]
batch_size: [32, 64, 128, 256]

epoch: [10, 20, 40, 60,120]
learning_rate: LogSpace[le-3,1e-2,1]
optimizer: [Adam, SGD]

activation: [RELU, SELU]
Estimators: [10, 50, 100, 200]

max Depth: [3, 4, 5, 6,7, 8, 9]
Estimators: [10, 50, 100, 200]

max Depth: [3, 4, 5, 6, 7, 8, 9]

scoring function

Concordance Index

DeepSurv Concordance Index

RFSM Concordance Index

GBM Concordance Index

correctly provide a reliable ranking of the survival times
based on the individual risk scores. It is computed as:

concordant pairs
C—index = 7 i

#concordant pairs + #discordant pairzs

C-index = 1 means the best model prediction, and C-index
= (0.5 means a random prediction.

« Integrated Brier Score (IBS): It is the aggregation of the
Brier score (BS), which is used to evaluate the accuracy
of a predicted survival function at a given time . IBS
provides an overall calculation of the model performance
at all available times. It is computed as:

1 t7nam
IBS(tmaz) = P BS(t)dt 3)
mazx JO
The BS lies between 0 and 1, 0 being the best possible

value.

The survival models are trained using ten-fold cross-
validation. The model parameters are identified using grid
search in the training sets. For each survival model, we execute
a set of 10 trials to find the optimal hyperparameter configura-
tion, where each trial corresponds to a single hyperparameter
configuration chosen from a predefined search space. We then
choose hyperparameters corresponding to the best-performing
configuration as the model’s best hyperparameters for each
of the inspected models. The hyperparameters and scoring
function used by different survival model is shown in Table II.

IV. EXPERIMENTS

Here we answer the following questions:

e QI- Censoring Windows: How do the censoring windows
affect the performance of survival models for predicting
tumor relapse?

o Q2- Explainability: How does the best-performing sur-
vival model yield its prediction?

Datasets: This study uses electronic health records (EHRs)
of lung cancer patients collected and stored by the Spanish
Lung Cancer Group (SLCG). The cohort contains 1348 early-
stage (stage I or II) NSCLC patients, where 491 (36.4%) of

TABLE 111
A COHORT OF THE EARLY STAGE PATIENTS WHICH WERE UTILIZED TO
CREATE THE DATASETS. COMPARE WITH LUNG CANCER IN SPAIN:
INFORMATION FROM THE THORACIC TUMORS REGISTRY (TTR STUDY)
FOR A SET OF NSCLC PATIENTS CHARACTERISTICS (PROVENCIO ET AL.
2019 [28]) AND [3], [5] FOR A COHORT OF ALL NSCLC PATIENTS IN THE

DATASET.
Features Rel Survival Total
491(36.4%) 857 (63.6%) 1348 (100%)
Age Mean (Range) 65.9 (33-88) 65.7 (31 - 118)  65.7 (31-118)
Gender Male 384 (38.0%) 626(62.0%) 1010(74.9%)
Female 107 31.7%) ) 231 (68.3%) 338 (25.1%)
Smoking Current/Previous 436 (37.1%) 739 (62.9%) 1175 (87.2%)
° Non Smoker 55 (31.8%) 118 (68.2%) 173 (12.8%)
Cancer Stage I 1 (100.0%) 0 (0.0%) 1 (0.0742%)
1A 73 (28.7%) 181 (71.3%) 254 (18.8%)
1A1 8 (32.0%) 17 (68.0%) 25 (1.85%)
1A3 8 (17.4%) 38 (82.6%) 46 (3.41%)
1A2 9 (13.6%) 57 (86.4%) 66 (4.9%)
1A 107 (45.9%) 126 (54.1%) 233 (17.3%)
1B 154 (39.0%) ) 241 (61.0%) 395 (29.3%)
1B 131 (39.9%) 197 (60.1%) 328 (24.3%)
T stage T2a 202 (40.6%) 296 (59.4%) 498 (36.9%)
Tla 54 (32.3%)) 113 (67.7%) 167 (12.4%)
T2b 73 (42.0%) 101 (58.0%) 174 (12.9%)
Tlb 55 (25.7%) 159 (74.3%) 214 (15.9%)
T3 81 (39.5%) 124 (60.5%) 205 (15.2%)
Tlc 14 (20.0%) 56 (80.0%) 70 (5.19%)
Tx 12 (60.0%) 8 (40.0%) 20 (1.48%)
N stage NO 387 (34.4%) 738 (65.6%) 1125 (83.5%)
NI 104 (46.6%) 119 (53.4%) 223 (16.5%)
M stage MO 491 (36.4%) 857 (63.6%) 1348 (100.0%)

Tumor size 36.0 (0.8-110.0)

243 (29.2%)

332 (1.5-110.0)
588 (70.8%)

34.6 (0.8-110.0)
831 (61.6%)

Mean (Range)
0

1 216 (46.7%) 247 (53.3%) 463 (34.3%)
Ecog status 2 26 (60.5%) 17 (39.5%) 43 (3.19%)
3 5 (71.4%) 2 (28.6%) 7 (0.519%)
4 1(100%) 0(0.0%) 1 (0.0742%)
Tumor differentiation ~ Non specified 137 (39.3%) 212 (60.7%) 349 (25.9%)
Moderately 55 (26.8%) 150 (73.2%) 205 (15.2%)
Poorly 44 (42.7%) 59 (57.3%) 103 (7.64%)
Undifferentiated 3 (50.0%) 3 (50.0%) 6 (0.445%)
Well 55 (43.0%) 73 (57.0%) 128 (9.5%)
Surgery 434 (32.2%) 835 (61.9%) 1269 (94.1%)
Chemotherapy 353 (26.2%) 305 (22.6%) 658 (48.8%)
Radiotherapy 38 (2.82%) 21 (1.56%) 59 (4.38%)

these patients had tumor relapse after successful treatment.
The patient’s average age in the dataset is 65.9 for those
who relapsed. For those with disease-free survival, it is 65.7.
The patient data used in this study was collected under the
provisions of the Law 14/2007 on Biomedical Research at all
times along with the confidentiality of the data of patients
according to the requirements of the law by EU General Data
Protection Regulation 2016/679 (GDPR).

In Table III, we provide the summary of the patient cohort.
When training various machine learning models, we distin-
guish between the following types of features extracted from
the EHRs:

o General feature contains the generic information about
the patient such as age, sex, race, smoking habit, and
family cancer history of the patient.

« Diagnosis feature details the information on the tumor
classification, histology at the time of diagnosis, along
with the symptoms and the patient history.

o Treatment feature includes the details of any chemother-
apy, radiotherapy, or surgical procedures the patient un-
derwent during their treatment.

o All feature includes the union of General, Diagnosis
and Treatment features.

Implementation: All the algorithms used in the experiments
are implemented using dedicated Python packages. For the
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Fig. 2. Relapse data with different censoring windows. Surgeries are done at
t=0 for the patients. For e.g. at t=3 months, outcome for Patient 5 is censored
but relapse will be observed for t= 9 months.

linear and ensemble-based models, scikit-survival* is used and
for the deep learning based survival model PySurvival® is used.

Q1 Censoring Windows

Figure 2 is a pictorial representation of our patient relapse
data. Observations are synchronized at t = 0, which is the time
at which the patients receive the first surgery. If the event of
the tumor relapse is not within a chosen time interval, e.g., t
= 3 months, this would be a censored data point.

We consider four different durations for the censoring
window, namely 3, 6, 9, and 12 months after the patient’s first
surgery. Table IV provides the result of our experiment. The
IBS score for SSVM is NA because the idea behind formulat-
ing the survival problem using SVM in clinical application is
based on a ranking problem. Therefore, the algorithm is only
able to define risk groups and not the prediction of the survival
time. However, other models can compute survival functions;
therefore, the IBS score is reported.

For C-index, the higher values and for IBS, the lower
value is considered the best performing model. The last col-
umn presents the relative improvement of the best-performing
model (GBM) over the baseline model (CPH). We found that
GBM achieved the best result in C-index and IBS in all the
censoring windows. The highest C-index of 0.66 is observed
for GBM in ¢ = 12 months, and for the lowest IBS, there
is a tie between CPH, RFSM, and GBM for t = 3 months.
Whereas in all the censoring windows, GBM has the lowest
IBS. The highest relative improvement of 16.25% in the C-
index is observed for ¢ = 6 months windows. Therefore, in
this data GBM is superior to other survival models adapted
for relapse prediction for different censoring windows. One

“https://scikit-survival readthedocs.io/en/stable/user_guide/00-introduction.
html

Shttps://square.github.io/pysurvival/intro.html

crucial observation is that DeepSurv, a deep learning-based
survival model, did not outperform the ensemble-based model
in our dataset. One reason for that might be that deep learning
is perfect for unstructured data, and its strength lies in the
ability to learn the latent feature extraction (essentially, that
is the opposite of tabular data). However, in our dataset, we
already have manually extracted clinical features therefore
we did not see any significant improvement using the deep
survival model, even though it still performed better than the
linear CPH model.

We applied the Wilcoxon signed rank test, a non-parametric
test that does not rely on assumptions that data belongs to
any particular distribution and is used for comparison between
different machine learning models [29]. Thus we compute the
p-value for the Wilcoxon signed-rank test between GBM and
the other compared survival models to check the significance
of GBM against the competitors for the C-index obtained from
10-fold cross-validation.

In Table V, we observe a significant difference in predic-
tion performed by GBM with respect to CPH, SSVM, and
DeepSurv in month 12. For month 9, GBM has a significant
difference in prediction with CPH and SSVM. Similarly, in
month 6, GBM significantly differs in prediction with CPH.
However, in month 3 there is no significant difference with
respect to predictions performed by CPH, SSVM, DeepSuryv,
and RFSM. That means we have no evidence that GBM is
superior to CPH, SSVM, DeepSurv, and RFSM for the month
3 prediction.

02 Explainability

Given the low variability of the evaluation metrics for C-
index and IBS when across 10 folds of the data, we chose
a random test data partition (75% training and 25% testing)
to compute SHAP (SHapley Additive exPlanations(SHAP))®
values for the best-performing survival model. SHAP values
provide us the flexibility to visualize the global and local
feature importance for the survial models. SHAP is based on
a game theoretic approach to explaining the output of any
machine learning model [9]. In our case, for the censoring
window ¢ = 12, GBM performs the best, as shown in Table IV.
Therefore we are going to use this model for the global and
local explanation.

The bar plot in Figure 3 shows those features in order
of importance by summarising all the individual predictions
to provide an overall picture of their impact on a global
scale for 12 months censoring window. It is based on the
mean absolute value of the SHAP values of each feature. The
barplot shows that comorbidity (diagnostic feature), and age
( general feature), are ranked first and second, which may
indicate a high risk of relapse. We then search oncological
literature to see if we can find supporting evidence for this
high feature ranking. We found in the study by Ludbrook
et al. [30] that age and comorbidity are associated with
high tumor recurrences and are less likely to be treated with

Shttps://github.com/slundberg/shap
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Fig. 3. Bar Plot of the important features for t=12 months.
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Fig. 4. SHAP explanation with a waterfall plot of features contributing to the
prediction, in red increasing the prediction score, in blue decreasing for the
GBM model for ¢ = 12 months.

TABLE IV
PREDICTIVE PERFORMANCE OF DIFFERENT SURVIVAL MODELS FROM CENSORING WINDOWS OF 3,6,9 AND 12 MONTHS FOR PREDICTING RELAPSE. THE
FIGURE AFTER =+ IS THE STANDARD DEVIATION OBTAINED FROM THE 10 FOLD CROSS VALIDATION OF C-INDEX AND IBS SCORE.?T IS FOR
IMPROVEMENT IN C-INDEX AND | IS FOR DECREMENT IN IBS.

Censoring Windows | Evaluation Metric | CPH SSVM DeepSurv RFSM GBM Relative Improvement
(=3 C-index 0.632+ 0.132 0.607£0.090 | 0.612+0.073 0.598+0.159 0.642+ 0.165 T | 1.58%

IBS 0.015£0.006 | | NA 0.018+0.007 0.015+ 0.006 | | 0.0151+0.006 | 0%
t=6 C-index 0.566+0.093 0.6154+0.055 | 0.59640.073 0.631+£ 0.134 0.658+ 0.104 1 | 16.25%

IBS 0.032+0.008 NA 0.03540.008 0.032+£ 0.008 0.031+ 0.008 | | -3.12%
(=9 C-index 0.554+ 0.068 0.612£0.061 | 0.59540.04 0.624+0.088 0.644+0.057 1 16.24%

1BS 0.048+0.01 NA 0.05+0.01 0.047+ 0.01 0.046+£0.01 | -4.16%
(=12 C-index 0.581+0.047 0.633+0.067 | 0.617+0.047 0.65340.066 0.667+0.054 1 14.97%

IBS 0.061+£ 0.011 NA 0.063 £0.01T | 0.06+0.01 0.059+ 0.01 | -3.27%

TABLE V contribution to the model. For this patient, the GBM survival

WILCOXON SIGNED RANK TEST BETWEEN BEST PERFORMING SURVIVAL
MODEL WITH OTHER SURVIVAL MODELS AT SIGNIFICANCE LEVEL
a = 0.05 . THE BOLD FIGURES INDICATE SIGNIFICANT VALUE.

Months = 3

CPH SSVM | DeepSurv | RFSM

GBM | 0.769 | 0.845 0.998 0.556
Months = 6

GBM | 0.003 | 0.375 | 0.275 | 0.105
Months = 9

GBM | 0.003 | 0.001 | 0.131 | 0.431
Months = 12

GBM | 0.001 | 0.037 | 0.003 | 0.375

chemotherapy and surgery. Similarly, other factors, such as
smoking habits(general features) and tumor stages(diagnostic
features), also contributed to the high risk of relapse [31].
Similarly, on a local scale in Figure 4, we picked one pa-
tient in a test set for demonstration purposes. The waterfall
chart demonstrates the patient’s features contributing to the
prediction (positively/negatively). Again, there are two colors,
red and blue. Red means positive, and blue means a negative

model predicts 0.641 chances of relapsing. Comorbidity with
diabetes mellitus, age of 72, and tumor stage IIB are the
highest contributing factors.

V. CONCLUSION AND FUTURE WORK

Cox’s proportional hazards model is the most popular
survival model because it is easy to interpret once trained.
However, if prediction performance is the main objective, more
sophisticated, non-linear, or ensemble models might produce
better results. In our study, the popular Cox proportional
hazard model did not perform very well compared to other
models. It is because the Cox models are not designed to
handle larger numbers of patient features (that may, however,
be critical for good predictive performance), which might
have caused the model to overfit the data, resulting in weak
performances compared to other models for unseen data. The
other reason is that the Cox model is a linear model that cannot
capture the non-linearity relationship in the data. The RFSM,
GBM, DeepSurv and SSVM models can, on the other hand,
detect complex, non-linear relationships amongst the features,
giving them an advantage over linear Cox models. We also did
not observe a statistically significant difference in predictive
performance between RFSM, GBM, and SSVM models for



the censoring windows of months=3. This indicates that there
are several well-performing options to choose from when
developing new survival models of clinical relevance in the
area of lung cancer relapse prediction. Last but not least, we
have implemented a prototype explanation subsystem based
on SHAP values to interpret the relapse prediction results for
the best-performing survival model for a specific censoring
window period. This is considered a must for modern clinical
decision support systems, as clinicians cannot be expected to
follow black-box predictions [32].

The major limitation of this study is that we have not done
any clinical validation and verification. However, it is a part
of our future work where we would train survival models in
retrospective data and test on prospective patients to assess
the models’ quality to predict the likelihood of patients who
did indeed relapse in the follow-up period. This will allow for
a much more realistic assessment of the survival models and
overcome the main limitation of the presented in the study.
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