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ABSTRACT

Discretization of continuous variables is a common practice in medical research to iden-
tify risk patient groups. This work compares the performance of gold-standard categorization
procedures (TNM+A protocol) with that of three supervised discretization methods from
Machine Learning (CAIM, ChiM and DTree) in the stratification of patients with breast cancer.
The performance for the discretization algorithms was evaluated based on the results ob-
tained after applying standard survival analysis procedures such as Kaplan-Meier curves,
Cox regression and predictive modelling. The results show that the application of alterna-
tive discretization algorithms could lead the clinicians to get valuable information for the
diagnosis and outcome of the disease. Patient data were collected from the Medical Oncol-
ogy Service of the Hospital Clinico Universitario (Malaga, Spain) considering a follow up period
from 1982 to 2008.

© 2016 Elsevier Ireland Ltd. All rights reserved.

1. Introduction

organs may be affected by metastases (M). In the case of breast
cancer, tumour size is one of the most powerful predictors of
its behaviour [2,3], whereas axillary lymph node status has re-

Decisions about how to treat breast cancer patients after surgery
have been contingent on the accuracy of estimating the
behaviour and outcome of the disease. Prognostic factors are
capable of providing information about the clinical outcome
independently of the therapy, and are usually indicators of
growth, invasion, and metastatic potential [1]. For example, TNM
staging of malignant tumour is derived from the biological pro-
gression of tumour growth: a solid tumour first grows locally
(T), metastases to lymph nodes may occur (N), and finally other

peatedly been shown to be the single most important predictor
of disease-free survival and overall survival in breast cancer
[4,5]. Also, and together with TNM classification, other
features, such as age at diagnosis, have been identified as rel-
evant prognostic factor for disease outcome.

Nevertheless, it is not clearly defined what is the optimal
cutoff for selecting prognostic groups [6,7]. In fact, the TNM
staging system was initially developed in 1950 and after suc-
cessive amendments still remains the main prognostic
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classification in many adult cancers in order to predict treat-
ment outcomes [3,8,9]. However, nowadays in the era of
personalized medicine, a wide consensus exists about the need
to exploit information more efficiently. For example, al-
though the different classes of tumour size and the number
of affected axillary lymph nodes have an established prog-
nostic value in breast cancer, it may be possible to define other
cutoffs that provide more prognostic information than those
classically established. In this sense, the use of discretization
algorithms from machine learning could help define these new
classes of tumour size, axillary nodal status, or age at diag-
noses. Better stratification of the patients into prognostic groups
is essential in daily practice not only to decide the best treat-
ment option but also to design clinical trials or to compare the
outcomes across population groups.

Typically, discretization algorithms have been applied as a
pre-processing phase for machine learning methods that handle
only discrete values, affecting drastically the prediction of the
classifiers, because usually more states of covariates require
more learning effort. In the biomedical context where data fre-
quently have high dimensionality, the discretization process
can significantly improve the performance of classifiers [10,11].
This work analyses the performance in the application of
common discretization methods to prognostic factors in the
breast cancer survival context. Specifically, the authors focus
on four supervised discretization methods, TNM+A (TNM+Age)
[12], CAIM [13], ChiMerge [14], and Decision Trees [15], and their
ability to find novel risk groups when classical survival analy-
sis procedures are applied to clinical data (Kaplan-Meier
estimator, proportional hazard regression models (Cox), and
outcome predictive models).

This paper is organized as follows. Section 2 contains a de-
scription of the patient database included in this experiment
with a short description of the specific discretization algo-
rithms chosen to evaluate its performance. Section 3 represents
the experimental results in a survival analysis considering
the data segmented by the discretization methods. Lastly,
Section 4 provides a short discussion and future directions for
research.

2. Methods
2.1. Patient data

Data from 1248 patients with breast cancer disease from the
Medical Oncology Service of the Héspital Clinico Universitario

(Mélaga, Spain) were collected and recorded considering a
follow-up period from 1982 to 2008. Clinico-pathological and
follow-up information were obtained by chart review. Pa-
tients who died from any other cause were censored at the time
of death. Eight prognostic variables considered by the physi-
cians as very significant prognostic markers were selected and
included in this study: age, tumour size, axillary lymph nodes,
tumour histological grade, menopausal status, administra-
tion of adjuvant chemotherapy, use of adjuvant hormone
therapy, and intrinsic subtype defined by four biomarkers (phe-
notype). Survival time and status completed the working
dataset. Table 1 shows the ranges, statistics (mean or mode),
and type of the covariates.

2.2. Discretization algorithms

The practice of discretizing continuous covariates (such as age
or blood pressure) is common in medical and epidemiologi-
cal research. It makes the analysis and interpretation of results
simple and allows the clinicians to discover risk groups in clini-
cal practice. Thus, categorized covariates may be preferred for
offering a simpler interpretation of common effect measures
from statistical models, such as odds ratios and relative risks
or making data summarization more efficient [11,16-19].

Nevertheless, discretizing clearly implies some loss of in-
formation and searching for the optimal cut points for
continuous variables. In fact, the optimal cutoff for selecting
prognostic groups [6,7] is not clearly defined and, although some
prognostic factors have classical established values (such as
the TNM staging system in cancer), finding different cut points
could provide valuable additional information. Thus, the need
to discover different groups of patients for clinical decision
making would justify the application of methodologies to find
the optimal cut-points in continuous covariates [20].

Three common supervised discretization algorithms, CAIM,
ChiMerge (ChiM) and Decision Trees (DTree), were analysed
versus the standardized staging notation system in breast
cancer. The comparison was done in terms of the results derived
from the application of commonly used procedures in sur-
vival analysis: the Kaplan-Meier estimator, a Cox regression
analysis, and outcome predictive models. The discretization [21]
and hier.part [22] packages were used in R to apply the CAIM,
ChiM and DTree algorithms.

2.2.1. The CAIM algorithm
One of the most representative supervised discretization
algorithms is CAIM (Class-Attribute Interdependency

Table 1 - Range, mean or mode, and type of covariate are shown for the eight prognostic factors considered relevant by

clinicians in breast cancer survival analysis.

Prognostic factors Range Mean or mode Scale/Type
Age 25-88 56 Quantitative/Ratio
Tumour size 0.2-12 2.46 Quantitative/Ratio
Axillary lymph nodes 0-34 2.26 Quantitative/Ratio
Menopausal status 0,1 1 Qualitative/Nominal
Histological grade 1,2,3 2 Qualitative/Nominal
Chemotherapy 0,1 1 Qualitative/Nominal
Hormonal therapy 0,1 1 Qualitative/Nominal
Phenotype 1,2,3,4 1 Qualitative/Nominal
Class 0,1 0 Qualitative/Nominal
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Maximization Algorithm) [13]. The goal of this algorithm is to
maximize the class-attribute interdependence and to gener-
ate a (possibly) minimal number of discrete intervals. It is
included in the top-down category of methods, and com-
pared with other discretization techniques, experiments
have shown that it can generate an optimal discretization
scheme.

The CAIM algorithm maximizes class-attribute interdepen-
dence by exploring a series of discretization points, to choose
those that optimize a heuristic measure related to the domi-
nance of a given class in the created intervals, including also
a factor to minimize the number of intervals. It is a local al-
gorithm that considers the input attributes independently,
usually generating for each input variable a discrete represen-
tation with a length equal to the number of output classes (e.g.,
twice the original number of attributes for a binary output)
[13,23]. The algorithm has been extensively tested leading to
very good results and in several cases leading to classifica-
tion rates larger than those obtained with the original data, a
fact that can be due to a noise-filtering process produced as
a side-effect in the discretization process.

2.2.2. The ChiM algorithm

ChiM is a simple algorithm that uses the chi-square statistic
to categorize continuous attributes. It is a supervised, bottom-
up data discretization method. ChiM is an improvement over
the most obvious simple methods, such as equal-width inter-
vals and equal-frequency intervals. It consists of an initialization
step and a bottom-up merging process of intervals if a con-
dition is met. The algorithm sorts the training examples
according to their value for the attribute being discretized con-
structing the initial set of intervals, where each example is put
into its own interval. Then, an interval merging process occurs
with two steps: (1) compute the y? value for each pair of ad-
jacent intervals, (2) combine the pair of adjacent intervals
with the lowest »* value. This process continues until all pairs
of adjacent intervals have a y? value exceeding a threshold
[14,24].

2.2.3. DTree techniques

The class of DTree techniques is a class of non-parametric re-
gression trees applicable to all regression problems, including
nominal, ordinal, numeric, censored, multivariate response vari-
ables, and arbitrary measurement scales of the covariates. DTree
techniques estimate a regression relationship by binary re-
cursive partitioning in a decision framework. This algorithm
tests the null hypothesis of independence between the
covariates and the response. If this hypothesis cannot be re-
jected, the algorithm stops. Otherwise, it selects the covariate
with the strongest association to the response and splits it, re-
peating this process recursively [25].

2.3.  Statistical and computational survival analysis
procedures

The survival package in R was used to compute survival es-
timates and perform a multivariate regression analysis [26].
Clinico-pathological covariates were analysed and breast cancer
free survival (BCFS), defined as the time from surgery until a
recurrence or death from breast cancer, was considered as the

clinical endpoint in the survival outcomes. Firstly, an actu-
arial survival test was performed by the Kaplan-Meier method
and the significance in statistical differences was assessed using
the log-rank test. Then, a Cox proportional hazard regression
model [27] was used to examine the relationships of BCFS and
the prognostic factors, and all possible combinations of
covariates were tested to identify the best model according to
the Akaike Information Criterion (AIC) [28]. For Cox models,
the assumption of hazard proportionality was checked by
testing for non-slope in a generalized linear regression of the
scaled Schoenfeld residuals on functions of time [29].

Finally, a predictive model of recurrence in breast cancer
was estimated by using a naive Bayes classifier. We have se-
lected a naive Bayesian approach due to its fast implementation
and simplicity. In addition, although the assumption of all
attribute independence of each other is rarely true in the most
real-world situations, the naive Bayesian classifier performs
very well even in these cases [30]. This simple model will predict
directly the probability of relapse within 36 months after sur-
gical intervention, considering survival for a fixed time period
and giving thus a classification problem. The naive Bayes clas-
sifier is a standard model which classifies new samples into
the most probable class based on posterior probability com-
puted according to the Bayes theorem. We also employed a
support vector machine as learning method, but we rejected
it because we got the same results but 20% slower perfor-
mance. Even if initially Artificial Neural Networks (ANN) were
also potentially considered as prediction method, we have dis-
carded its use due to the difficulties involved in finding a
suitable set of parameter adjustment, like number of layers
and nodes. The area under the Receiver Operating Character-
istic curve (AUC) was used as the accuracy metric to measure
the predictive ability of the classification model [31]. A ten-
fold cross validation scheme was used as the re-sampling
procedure to do an internal validation. With this procedure,
the data are randomly divided into ten subsets, then each
one in turn is retained to test the model while the remaining
nine subsets are used as training data. At the end, the partial
test results are averaged to produce a single estimate of the
global AUC.

3. Results

Different subgroups of patients were constituted after apply-
ing the CAIM, ChiM, and DTree discretization algorithms. Table 2
shows the cut-points and number of patients (N) in each sub-
group. Also, the standardized staging system for tumour size
plus affected lymph nodes and age (labelled by TNM+A) was
added to the first column in the table to make further com-
parisons easy.

At first glance, the intervals for the selected patient sub-
groups differ depending on the algorithm applied to the
covariates. Therefore, an exhaustive analysis was subse-
quently conducted to identify the benefits for the survival
analysis when three classical procedures (Kaplan-Meier esti-
mators, Cox proportional hazard models, and predictive models)
were applied to the patient dataset.
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Table 2 - Cut-points obtained by the application of TNM+A protocol, CAIM, ChiM and Decision Tree techniques.

Variables TNM+A CAIM ChiM DTree
Age Cut-points N Cut-points N Cut-points N Cut-points N
<40 111 <33.5 39 <33.5 39 <35 46
40-55 468 >33.5 1209 33.5-57.5 608 >35 1202
>55 669 >57.5 601
Size <2 496 <2.35 686 <0.55 14 <1.8 426
2-5 666 >2.35 540 0.55-1.45 254 1.84 679
>5 64 1.45-2.35 418 >4 121
>2.35 540
Lymph nodes 0 638 <9.5 1156 <0.5 638 <1 819
1-3 349 >9.5 84 0.5-3.5 349 1-3 168
>4 253 3.5-11.5 199 >3 253
>11.5 54
3.1 The Kaplan-Meier estimator years in CAIM and ChiM, 35 years in DTree) and the others.

The Kaplan-Meier (KM) plots and log-rank values generated
by every discretization method along with the TNM+A staging
system to the factors age, tumour size, and number of lymph
nodes are depicted in Figs. 1-3.

The survival curves obtained by applying the CAIM, ChiM
and DTree algorithms are slightly different from those coming
from the TNM+A classification. More precisely, regarding patient
age, Fig. 1 reveals a different progression between the young-
est groups discovered for the three algorithms (less than 33.5
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Besides, the p-value associated with the log-rank test for com-
paring survival curve also decreases, which means there
is a more significant statistical difference between the
patient groups. TNM+A traditionally established the low risk
category as having age less than 40 years, so this interesting
result could lead clinicians to question the potential benefits
of established treatments for patients in this group.

In the case of tumour size, the KM-plots (Fig. 2) revealed
very similar patient progressions for the TNM+A and DTree al-
gorithms. The same situation is observed in the CAIM and ChiM
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Fig. 1 - KM-plots for age covariate.
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Fig. 2 - KM-plots for tumour size covariate.

plots. In fact, the log-rank test shows the same associated
p-value for every method. Nevertheless, a lower risk group
(20.55) is found by the ChiM algorithm,; therefore, further analy-
sis could be done by clinicians to study differences in risk
between patients with tumour sizes in the intervals less than
0.55 cm and 0.55-2 cm. Moreover, the result obtained by the
CAIM algorithm indicates that it is probably not necessary to
split the tumour size into three different categories (as done
by the TNM protocol), but separating into two groups clearly
allows keeping the differences in survival without loss of sta-
tistical power. In addition, keeping two groups usually increases
their population sizes, which is important for further statis-
tical analysis.

With regard to the covariate number of lymph nodes, Fig. 3
shows similar KM-plots from the application of the TNM+A and
Dtree methods. However, the ChiM and CAIM algorithms clearly
find other risk subgroups for patients with numbers of nodes
beyond the threshold of 4 cm established by the TNM proto-
col. Indeed, the KM curves reflect a poor progression of patients
with more than 9.5 and 11.5 affected lymph nodes for the CAIM
and ChiM algorithms, respectively.

3.2 Proportional Cox model
The Cox model is a well-recognized and popular statistical tech-

nique used in survival analysis [32]. It allows analysing the effect
of several risk factors on survival times of individuals through

the hazard function. It is a survival analysis regression model,
which describes the relation between the event incidence, as
expressed by the hazard function and a set of explanatory vari-
ables. This hazard function may be written as a multiplicative
model,

h; (t) = ho (t)exp (BiXi1 + BoXip +...+ BeXae).

Here, i is a subscript for observation and x are the covariates.
The constant ho(t) in this model represents a kind of log-
baseline hazard.

The Attribute column in Table 3 shows the covariates of the
best multivariate Cox model of BCFS itemized by algoritm.
The hazard ratio (HR column in Table 3) can be interpreted as
the chance of an event occurring in a covariate group divided
by the chance that it happens in the control group. It corre-
sponds to hazard ratio compared to the control value of each
explanatory variable of the Cox model. The CI column
indicates the confidence interval and p is the associated
p-value.

Cox proportional hazard models were estimated to analyse
the association between BFCS and the selected prognostic
factors. An exhaustive search for the best model (for each
discretization algorithm) was made by testing all the pos-
sible combinations of the covariates. The assumption of hazard
proportionality was checked for every model analysed through
the scaled Schoenfeld residuals.
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Fig. 3 - KM-plots for number of lymph nodes covariate.

The results in Table 3 show that the covariate number of
lymph nodes remains in all the final models, which is not sur-
prising, since its importance in predicting a relapse in
breast cancer has been well documented in the literature.

Nevertheless, a difference between the hazard ratio associ-
ated with this prognostic factor seems to be significant for the
CAIM and ChiM algorithms, with hazard ratios of 3.88 and 9.42
respectively in the highest risk subgroups, compared to the

Table 3 - Best multivariate Cox model BCFS itemized by algoritm. The HR column corresponds to hazard ratio compared

to the control value of the explanatory variable. The CI column indicates the confidence interval and p is the associated

p-value.
Attribute Value HR CI (95%) )
TNM+A Age 40-55 0.65 0.45 0.93 0.019
>55 0.69 0.49 0.99 0.043
Size 2-5 1.85 1.39 2.45 1.73e-05
>5 2.74 1.72 4.36 1.98e-05
Nodes 1-3 1.59 1.19 2.13 0.001
>4 3.20 2.39 4.28 4.00e-15
CAIM Age >33.5 0.49 0.30 0.80 0
Men.State Postmen 0.88 0.69 1.12 0.31
Size >2.35 2.19 1.73 2.78 9.14e-11
Nodes >9.5 3.88 2.75 5.46 8.10e-15
ChiM Nodes 0.5-3.5 1.82 1.32 2.4 3.45e-05
3.5-11.5 3.48 2.59 4.68 <2e-16
>11.5 9.42 5.83 15.22 <2e-16
DTree Age >35 0.47 0.22 -3.30 0.0027
Nodes >3 1.8 0.07 8.58 <2e-16
Chemo ANTRA-TAX 0.66 0.18 -2.16 0.03
CMF 0.99 0.16 0 0.99
NO 0.90 0.15 -0.63 0.52
TAX 0.68 1.00 -0.37 0.71
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Table 4 - Reclassification of patients according to time of

recurrence in a period of 36 months from surgery.
t; = time of follow-up from surgery.

1, ty <=36 &relapse = true
status =40, ty <=36 &relapse = false || t; >36
deleted, t; <=36 & censored = true

hazard ratio of 3.2 in the TNM+A classification scheme. This
result is coherent with the previously described survival curves
in the KM procedure. More specifically, it is possible to observe
that the number of lymph nodes is the only prognostic factor
that remains in the best model for the ChiM algorithm. This
can lead one to think that this splitting of the risk subgroups
confers a more significant importance to this covariate as a
prognostic factor in breast cancer relapse, than that estab-
lished by the traditional TNM+A protocol.

3.3. Relapse prediction model

In this section, survival analysis is formulated as a classifica-
tion problem (relapse, non-relapse) by building a naive Bayes
model that provides the probability of the event of interest’s
happening within 36 months after surgery [33,34] (fixed-time
survival models). Machine Learning algorithms have been widely
used in survival analysis due to their ability to find complex

Table 5 - Summary statistics for the classifier results.

CAIM DTree TNM+A ChiM NODIS

interactions in the data, in comparison to traditional statisti-
cal procedures [34-36].

In fixed-time prediction models, the cohort of patients is
re-classified according to the time to recurrence. Thus, on the
one hand, patients who relapsed before 36 months from surgery
are assigned to a new status, “relapse”, whereas those pa-
tients censored in this interval were removed from the analysis
because it is not possible to know whether a recidivism would
have occurred for them before 36 months. On the other hand,
patients whose last follow-up time was greater than 36 months
were assigned to a new status, “non-relapse”, independently
of whether they suffered recidivism or not after 36 months of
follow-up (Table 4).

In order to compare the influence of the different discreti-
zation strategies in the precision accuracy of the classifier,
exhaustive simulations to find the best prediction model were
done for the CAIM, ChiM and DTree algorithms. Moreover, the
best model, including the covariates of interest in their con-
tinuous form (without discretization, labelled as NODIS), was
explored to complete the analysis. The remaining prognostic
factors (menopausal status, histological grade, chemo and hor-
monal therapy, and phenotype) were included in their original
form.

Table 5 illustrates the means and standard deviations for
AUC averaged over a ten-fold cross validation procedure. The
same results are depicted in Fig. 4, which shows similar dis-
tributions of the AUC for the TNM+A, DTree and CAIM
algorithms, whereas the ChiM algorithm clearly outperforms
the others, including NODIS, in terms of prediction ability. The
statistical significance of the differences in AUC observed were
analysed according to Ref. [37], where the author proposes using
the Friedman test [38] on averaged results when a cross-
validation procedure is used as a re-sampling method. The

Mean o LsmEl Loy @z sl 07R22 Friedman test is a non-parametric test (similar to an ANOVA
Standard deviation 0.0832 0.0811  0.0701  0.0587 0.0495 test) that compares the average ranks of K methods (K > 2).
o : : —
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Fig. 4 - Classification accuracy results performed by a naive Bayesian classifier.
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Table 6 — Nemenyi test between original and discretized
data.

CAIM DTree TNM+A ChiM
DTree 0.0366 = = =
TNM+A 0.9797 0.0059 = =
ChiM <2e-16 <2e-16 <2e-16 =
NODIS <2e-16 <2e-16 1.1e-14 2.3e-05

Under the null hypothesis, the Friedman test states that all al-
gorithms perform an equivalently way, the observed differences
being merely random. If the null hypothesis is rejected (the
means are significantly different from each other), the Nemenyi
test is used to discover which means are different from the
others.

The application of the Friedman test identified a statisti-
cally significant difference in predicting breast cancer relapse
within 3 years depending on which type of discretization al-
gorithm is used ( y*(4)=567.76 and p <2.2e-16). The results
of the Nemenyi post hoc test are depicted in Table 6, where
the p-values corresponding to pairwise comparison of accu-
racy predictions between the methods are illustrated, also if
no discretization is applied. Regarding the TNM+A method, the
Nemenyi post hoc test found no statistical diference from the
CAIM, and a slight difference from the Dtree algorithm.

In addition, the ChiM method differs, highly significantly,
from the other analysed options. This may be caused by the
large number of intervals generated by this algorithm and there-
fore less loss of information induced by the categorization.
However, the ChiM method shows better results even if no dis-
cretization is applied to the covariates of interest. This
interesting fact might be due to a good selection of cut-off
points made by ChiM algorithm, which removes noisy ele-
ments from the original dataset.

4, Conclusions

The discretization of continuous variables is widely per-
ceived as a common practice to simplify the analysis in clinical
research. Although this procedure may lead to some informa-
tion loss, the predictive relevance of categorical variables is more
easily established than their continuous form, improving the
model interpretability.

However, there is no clear definition of the optimal method
of establishing the cut-off values to define these groups. The
choice of cut-points is often based on physicians’ experience
and previous research results. Although some prognostic factors
have classical established values, finding other, different, cut-
points could provide useful further information.

In this paper, we have selected some of the most represen-
tative discretization techniques from Machine Learning to
classify patients into groups regarding some prognostic factors.
We have focused on clarifying which is the best method to
obtain the boundaries that define these prognostic groups.
Subsequently, we compared the results with the TNM+A pro-
tocol used as a standard in clinical practice.

The Kaplan-Meier curves generated by the CAIM, ChiM and
DTree methods were slightly different for the number of ax-

illary nodes and tumour size prognostic factors. However, we
found an interesting fact regarding the age covariate, because
each discretization method found a prognostic group younger
than that of the standard TNM+A method, with a substantial
improvement in the statistical significance.

The importance of the covariate number of lymph nodes
in predicting relapse in breast cancer is confirmed, as it remains
in the final model whichever method is used. Specifically, the
hazard ratios associated to the highest groups give an impor-
tant statistical value to this covariate.

One of the most important findings of this paper is that
using machine learning techniques to find new prognostic
groups of breast cancer patients could help improve the pre-
diction of relapse. The extensive simulations performed showed
that the application of these techniques to segment the data
leads to efficient results in prediction accuracy. In fact, the ChiM
algorithm exhibited the best statistical result for breast cancer
prediction relapse within 36 months after surgery.

Finally as an overall conclusion, we can say that our analy-
sis has found strong evidence suggesting that the standard TNM
classification system can be easily improved by modifying the
cut-off points and by the addition of extra variables. These
changes will create new patient groups improving the deci-
sion making process in relation to choosing the best treatment,
decreasing the cases of both overtreatment and undertreatment,
thus contributing to the advancement of personalized medicine.
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