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Abstract. Despite being one of the deadliest diseases and the enormous evolution
in fighting it, the best methods to predict kidney cancer, namely Renal-Cell Carci-
nomas (RCC), are not well-known. One of the solutions to accelerate the current
knowledge about RCC is through the use of Data Mining techniques based on
patients’ personal and clinical data. Therefore, it is crucial to understand which
techniques are the most suitable to extract knowledge about this disease. In this
paper, we followed the CRISP-DMmethodology to simulate different techniques
to determine the ones with the best predictive performance. For this purpose, we
used a dataset of 821 records of RCC patients, obtained from The Cancer Genome
Atlas. The present work tests different Data Mining techniques, that can be used
to predict the 5-year life expectancy of patients with renal cancer and to predict
the number of days to death for patients who have a life expectancy of less than
5 years. The results obtained demonstrated that the best algorithm for estimat-
ing the vital status at 5 years was Random Forest. This algorithm presented an
accuracy of 87.65% and an AUROC of 0.931. For the prediction of days to death,
the best performance was obtained with the k-Nearest Neighbors algorithm with
a root mean square error of 354.6 days. The work suggested that Data Mining
techniques can help to understand the influence of various risk factors on the life
expectancy of patients with RCC.

Keywords: Renal-Cell Carcinoma · Data Mining · Survival · Life expectancy ·
RapidMiner

1 Introduction

On a global scale, cancer is one of the major concerns of public health authorities. One
of the most common type is kidney cancer, which causes approximately 430,000 new
cases per year and corresponds to the 15th deadliest cancer worldwide [1]. The most
representative form of kidney cancer is Renal-Cell Carcinoma (RCC), which accounts
for about 90% of total cases, and refers to any malignant tumour that originates from
the renal epithelium. This type of disease is divided into several histologic subtypes that
have different specific characteristics. Clear-cell RCC (ccRCC), papillary RCC (pRCC)
and chromophobe RCC (chRCC) are the most typical forms, and the other subtypes
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represent only a residual proportion of the total incidence. The predominant subtype is
ccRCC (≈75% of the total), followed by pRCC (≈10%) and chRCC (≈5%) [2–4].

The Tumour NodeMetastasis (TNM) staging system is the most widely used tool for
classifying malignant tumours, including RCC. According to the system’s terminology,
T refers to the size and extent of the primary tumour and indicates whether it has grown
into nearby areas; N whether the tumour has spread to nearby lymph nodes; andM refers
to metastasis, that is, if the cancer has spread to other parts of the body [5, 6]. In order to
go into more detail about RCC, each of these letters can be divided into different groups,
as summarized in Table 1.

Table 1. RCC classification according to the TNM staging system [5].

TNM Meaning Types

T1 Tumour is only in the kidney with 7 cm
or less

T1a → greatest dimension <4 cm
T1b → greatest dimension 4–7 cm

T2 Tumour is only in the kidney with more
than 7 cm

T2a → greatest dimension 7–10 cm
T2b → greatest dimension >10 cm

T3 Tumour has spread into major veins or
perinephric tissues

T3a → has grown into the renal vein or its
branches, or has invaded perirenal and/or
renal sinus fat but not beyond Gerota fascia
T3b → has grown into inferior vena cava
T3c → has grown into vena cava above the
diaphragm or has invaded the wall of the
vena cava

T4 Tumour has proliferated to areas
beyond Gerota fascia

N Tumour has spread to regional lymph
nodes

NX → regional lymph nodes cannot be
evaluated
N0 → no regional lymph node metastasis
N1 → metastasis in regional lymph node(s)

M Presence or absence of distant
metastasis

M0 → no distant metastasis
M1 → the cancer has spread to distant
organs

Medical knowledge about RCC has made great strides, and the main risk factors
for developing the disease are already well-established. Smoking, physical inactivity,
diabetes, hypertension, obesity, family history, age, gender, and ethnicity are some of
the factors that have an impact on increasing the likelihood of developing RCC [7].
The steady increase in knowledge in this field has led to more sophisticated diagnostic
techniques, resulting in a significant improvement in the 5-year overall survival rate,
which has risen from 57% to 74% in recent years [3].

The 5-year survival rate is a widely used indicator to measure the severity of cancer
and represents the percentage of patients who are still alive after a 5-year period since
the diagnosis of the disease. For kidney cancer specifically, the 5-year survival rate is
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usually estimated by considering only the locations to which the cancer has spread, as
shown in Fig. 1. The information illustrated in Fig. 1 is based on SEER database [8].
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Fig. 1. 5-year survival rate according to the tumor’s location.

However, the estimate of the 5-year survival rate could be improved by including
more features beyond tumour location, and by considering the interactions that exist
between them. In order to achieve a more accurate estimate of 5-year survival rate,
we can use Data Mining (DM) techniques combining multiple features. The two main
advantages of these techniques are the possibility of developing complex predictive
models that are close to reality and the fact that they do not require long studies that
consume many resources. DM techniques can be easily adapted to predict the survival
estimate for different time periods with small adjustments to the models in a relatively
simple way.

In this context, the present work aims to compare the predictive capacity of different
DM algorithms to determine the best suited models to predict whether a given patient
has a life expectancy of more or less than 5 years and, if less, to estimate the expected
days of life.

The paper is organized into fivemain sections. This first section gives a brief overview
of kidney cancer, RCC and DM techniques. The second section presents some related
work, and the third section describes the materials and methods. Finally, Sect. 4 analyses
and discusses the obtained results and Sect. 5 summarizes themain conclusions and some
possible future work.

2 Related Work

In recent years, some approaches have been proposed in the literature to investigate
the use of DM techniques in kidney diseases. At this level, in 2014, Zeenia Jagga and
Dinesh Gupta used J48, Random Forest (RF), Sequential Minimal Optimization (SMO)
and Naïve Bayes (NB) techniques to identify whether a kidney cancer is at an “early
stage” (stage i or stage II) or at a “late stage” (stage iii or stage iv). The dataset used
comprised a total of 62 genes and the results obtained demonstrated that theRF algorithm
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presented the best predictive values, with a sensitivity of 89%, an accuracy of 77%, and
an Area Under Receivers Operating Curve (AUROC) of 0.8 [9].

In its turn, in 2019, El-Houssainy A. Rady and Ayman S. Anwarb tested the Proba-
bilistic Neural Networks (PNN),Multilayer Perceptron (MLP), Support VectorMachine
(SVM) and Radial Base Function (RBF) algorithms for predicting the stage of chronic
kidney disease. For this purpose, they used a dataset of 24 attributes and concluded that
the algorithm with the best values was PNN, with an accuracy of 99.7%, a precision of
98.7% and an F-Measure of 99.4% [10].

More recently, in 2020, Aranuwa Felix Ola tested J48, Logistic Model Tree (LMT),
M5P, REPTree, Hoeffding Tree (VFDT), Decision Stump (DS) and RF algorithms using
Weka. The analysed data contained information about the patient’s gender, age, lifestyle,
gender and hereditary disorder, chemical and industrial exposure, and patient complaints.
In this study, the algorithm with the best predictive ability was J48, with an accuracy of
74.7%, an F-Measure of 61.4%, a precision of 68.7% and a recall of 71.4% [11].

3 Materials and Methods

The dataset used for the present studywas obtained from theGenomic Data Commons of
the National Institutes of Health (NIH) of the USA, which provides clinical and genomic
data from cancer research programs for research purposes [12]. The dataset includes
data from The Cancer Genome Atlas (TCGA) projects – TCGA-KIRC, TCGA-KIRP
and TCGA-KICH – and relates to patients with RCC. TCGA selects different cancers
for study which have poor prognosis capacity and a high public health impact [13].

The data processing and the construction of the predictive models were performed
using RapidMiner software, following the Cross Industry Standard Process for Data
Mining (CRISP-DM) methodology [14]. This methodology enumerates a series of steps
that enable the implementation of data mining projects from situations in real context
[15]. In the case of present work, we followed the CRISP-DMmethodology to create the
DM models for each of the proposed objectives: Determine whether a patient is likely
to be alive 5 years after the diagnosis of RCC and predict life expectancy in the cases
where the prognosis is worse.

3.1 Data Preprocessing

The original dataset consists of 821 records and 154 personal and clinical attributes,
including vital_status and days_to_death attributes. Based on these two parameters, it
is possible to apply different DM algorithms to respond to the outlined objectives.

At this stage, the raw data were treated in order to:

• Check their consistency by analysing redundant attributes – The original dataset con-
tained some redundant attributes, such as age in years and age in days. In these cases,
the inconsistent records were removed.

• Replace missing data with existing redundant attributes – In the case of existing
redundant fields, the missing values were replaced by the values of the duplicated
columns.
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• Eliminate irrelevant columns for the DM process; columns without any values filled
in; or fields that refer to duplicate/redundant data.

Since the dataset contained redundant pathological and clinical data, the latter
columns were eliminated as pathological data are more reliable. In case of inconsis-
tencies, the priority was given to pathological data. If there were missing values in the
pathological data, those cells were replaced with the corresponding clinical values.

At the end of these steps, the attributes were reduced to the
following 11: age_at_index, ajcc_pathologic_m, ajcc_pathologic_n, ajcc_pathologic_t,
ajcc_pathologic_stage, gender, primary_diagnosis, prior_malignancy, race,
days_to_death and vital_status.

Considering the classification of the TNM staging system, the consistency of the
data was checked using the following rules [5]:

• If Stage I then M0, N0, T1
• If Stage II then M0, N0, T2
• If Stage III then (M0, N1, T1 or T2) or (M0, any N, T3)
• If Stage IV then (M0, any N, T4) or (M1, any N, any T)

Moreover, these rules also allowed the derivation of some missing values related to
M, N, T, and stage. For example, for the records referring to stage I or II with missing
values in ajcc_pathologic_n, we have replaced those missing values by N0. Afterwards,
since ajcc_pathologic_stage contained some missing values that could not be inferred
by the rules, the corresponding rows were removed. In addition, some records contained
the non-specific histological term “renal cell carcinoma, NOS” in the primary_diagnosis
column [16]. These values were replaced by the most common specific type of RCC
(“clear cell adenocarcinoma, NOS”).

The basic statistics of the numeric and nominal attributes after the data preprocessing
are presented in Table 2 and Table 3, respectively.

Table 2. Summary statistics for numerical attributes

Numeric attribute Min Max Average Standard deviation Missing values

age_at_index 17 90 60.341 12.393 0.37%

days_to_death 0 3615 910.129 731.614 74.97%

From the data analysis, it can be observed that the “alive” and “dead” values of the
class label vital_status were not balanced. In order to obtain more balanced data, we
have simulated the application of different methodologies, including SMOTE, but the
best option was to perform a simple oversampling of duplication of records with respect
to the “dead” value to improve the system’s performance [17, 18]. After this procedure,
the number of “dead” records was increased to 606.
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Table 3. Summary statistics for nominal attributes

Nominal attribute Values Number of records Missing values

ajcc_pathologic_m M0/M1 712/90 0.12%

ajcc_pathologic_n N0/N1/N2 655/40/6 12.70%

ajcc_pathologic_stage Stage I/II
Stage III/IV

433/96
179/95

0.00%

ajcc_pathologic_t T1/T1a/T1b
T2/T2a/T2b
T3/T3a/T3b/T3c
T4

46/229/164
81/18/15
14/158/62/2
14

0.00%

Gender Male/Female 536/267 0.00%

primary_diagnosis CCA/PA/RCC 468/262/59 1.74%

prior_malignancy Yes/No 113/690 0.00%

Race White/Black
nr/asian/native

653/116
18/14/2

0.00%

vital_status Alive/Dead 601/202 0.00%

3.2 Data Cleansing

After inserting the preprocessed dataset into RapidMiner, we built a block called “Data
Cleansing”, which consists of several processes that perform the following additional
data treatment operations:

• The records of patients who died that were associated with "0" in the days_to_death
field were removed.

• The missing values in days_to_death, primary_diagnosis and age_at_index attributes
were replaced by zero, “Clear cell adenocarcinoma, NOS” and by the mean age,
respectively.

• The records were filtered to include only patients who died within 5 years of the
diagnosis date (days_to_death <= 1825), and patients under 75 years (age_at_index
<= 75).

• Records containing outliers were removed.

Depending on whether the purpose of the prediction is to classify the vital status
as “alive” or “dead” or to estimate the number of days until death, the system then
performs different operations. In the first case, the days_to_death column was removed
and in the second case, the nominal attributes were converted to numeric values and the
rows related to the vital status “alive” were removed.

3.3 Modeling and Validation

Tomodel the problem,we followed2differentmethodologies, dependingon the expected
target. Target 1 aims to determine the vital status of a patient 5 years after the diagnosis
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of the disease. Target 2 intends to estimate the life expectancy for patients who are not
expected to survive longer than 5 years. For each of these objectives, we tested different
DM techniques in order to obtain reliable predictive models. The techniques that led to
the best results were:

• DM techniques for Target 1 = {Random Forest, Rule Induction, Generalized Linear
Model, Logistic Regression, k-Nearest Neighbors}

• DM techniques for Target 2= {Linear Regression, Generalized LinearModel, Neural
Net, Deep Learning, k-Nearest Neighbors}

For the construction of the predictive models, for the training and validation phases,
a 10-fold cross-validation approach was used for target 1, and a leave-one-out cross-
validation was used for target 2. In this step, the parameters were optimized to obtain
the highest values for accuracy, precision, recall and AUROC, in the case of target 1,
and the lowest Root Mean Square Error (RMSE) in the case of target 2.

Accuracy represents the percentage of correct predictions, precision refers to the per-
centage of positive predictions (dead) that were correctly identified, and recall indicates
the percentage of positive cases that were correctly identified. On the other hand, the
AUROC indicator provides information about the quality and robustness of the model
and the RMSE measures the deviations of the prediction errors.

In the specific case of medical predictions, it is more important to minimize false
negatives than false positives. False negatives, in this context, correspond to the patients
who died but which the algorithm predicts to be “alive” and false positives correspond
to the patients who survived but that were predicted to be “dead”. A situation in which
a healthy person is falsely identified as sick can be corrected by complementary testing.
However, if a sick person is falsely diagnosed as healthy, this false prognosis may delay
the treatments needed to combat the disease. Thus, for target 1 is important to obtain
high recall values. In the case of target 2, the performance of the models was analysed
considering the indicator RMSE.

In addition to checking the performance of the models, it is also important to analyse
whether they are overfitted or not. In order to test the models, the data were split into
two subsets: one with 80% of the data for training and validation, and a second subset
with 20% of the data for an independent test of the models.

4 Results and Discussion

To select the algorithm that best fits each target, we compared the values of the main
performance indicators obtained during the train and test phases. For the classification
of the patients’ vital status, these values are summarized in Table 4.

As indicated in Table 4, the models have similar measurements in both training and
testing phases. Therefore, it was concluded that the created models were not overfitted.
Regarding the ability to predict the patients’ vital status, the technique that presented
the best results was RF, which achieved high values for accuracy (87.65%), precision
(82.36%), recall (92.23%) and AUROC (0.931) and an acceptable runtime. Some of
the considered parameters for this algorithm were 40 trees, “gini-index” criterion, and
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Table 4. Performance of algorithms in classification process (alive/dead).

Algorithm Accuracy
(%)

Precision
(%)

Recall
(%)

AUROC Runtime*
(ms)

Random
Forest

Train 87.65 82.36 92.23 0.931 345

Test 86.60 80.61 91.86 0.949

Rule
Induction

Train 80.82 78.18 78.90 0.838 1139

Test 77.32 75.00 73.26 0.822

Generalized
Linear Model

Train 78.88 79.43 64.39 0.800 198

Test 76.92 69.81 64.91 0.794

Logistic
Regression

Train 76.70 78.83 65.83 0.821 149

Test 72.68 73.85 57.14 0.816

k-Nearest
Neighbors

Train 79.29 81.03 70.79 0.888 115

Test 74.74 73.42 67.44 0.842
* Total runtime for training and testing phases calculated with Jackhammer extension.

a “maximal depth” of 15. The obtained performance metrics enable to consider that RF
is suitable for determining life expectancy at 5 years and can be used as a complement
to medical diagnosis.

For the analysis of the life expectancy estimation, the values obtained in terms of
RMSE are illustrated in Fig. 2.
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Fig. 2. Comparison of the RMSE between the training and testing phases for each DM technique.
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Despite the high margin of error found for each algorithm (~1 year), it is possible
to get a general idea of the number of years of life that are expected. From this point
of view, the best performance values were obtained using the k-Nearest Neighbors (k-
NN) technique, which presented a RMSE of 354.6 days, and the Deep Learning (DL)
technique, which presented a RMSE of 361.3 days. In turn, the Linear Regression (LR)
technique presented a RMSE of 362.7 days. This technique has the advantage of pro-
viding an easy-to-understand and easy-to-use prediction mechanism that can be used
for an initial assessment of the severity of the disease. The equation obtained by the LR
algorithm was:

days_to_death = 86.317 × ajcc_patho log ic_n

− 129.988 × ajcc_patho log ic_stage + 775.348

This equation was obtained considering only the ajcc_pathologic_n and
ajcc_pathologic_stage attributes, since they were the only ones that had a p-value
of less than 0.05, which makes them the most important parameters for predict-
ing life expectancy. The p-values obtained were 0.079 for age_at_index, 0.048 for
ajcc_pathologic_n, 0.001 for ajcc_pathologic_stage, 0.124 for ajcc_pathologic_t, 0.512
for gender, 0.991 for primary_diagnosis, and 0.619 for prior_malignancy.

In terms of execution times, the k-NN and LR algorithms were the fastest with 19
and 63 ms, respectively. On the other hand, DL and NN were the slowest algorithms
with 3027 and 844 ms, respectively.

5 Conclusions and Future Work

This paper aimed to identify the most suitable DM techniques and their parameters
for predictions related to RCC. The DM techniques used allow the construction of
complex prediction models that take into account the influence of multiple attributes
simultaneously. The constructed models allow predicting whether a given patient has a
life expectancy of at least 5 years and, in the worst scenarios, they allow calculating the
patients’ life expectancy. These models can be used as a valuable tool to complement
medical diagnosis.

By simulating different techniques and optimizing their parameters, we have verified
that the RF algorithm has a high efficiency to characterize the vital status of RCC
patients at five years. On the other hand, the LR algorithm provides a simple and easy to
understand mechanism to calculate the life expectancy of RCC patients, with a margin
of error of about 1 year.

Although the present study is based on real data, it would be interesting for future
work to replicate the experience with a larger dataset, also including more columns
corresponding to other important risk factors, such as genes, workplaces exposures, or
body mass indexes. A larger dataset could even contribute to improve the predictive
models.
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