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Summary
The objective of this study is to compare the predictive accuracy of a neural network (NN) model versus the
standard Cox proportional hazard model. Data about the 3811 patients included in this study were collected
within the ‘El Álamo’ Project, the largest dataset on breast cancer (BC) in Spain. The best prognostic model
generated by the NN contains as covariates age, tumour size, lymph node status, tumour grade and type of
treatment. These same variables were considered as having prognostic signiﬁcance within the Cox model analysis.
Nevertheless, the predictions made by the NN were statistically signiﬁcant more accurate than those from the
Cox model (p<0.0001). Seven diﬀerent time intervals were also analyzed to ﬁnd that the NN predictions were
much more accurate than those from the Cox model in particular in the early intervals between 1–10 and
11–20 months, and in the later one considered from 61 months to maximum follow-up time (MFT). Interestingly,
these intervals contain regions of high relapse risk that have been observed in diﬀerent studies and that are also
present in the analyzed dataset.

Introduction
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.
Histological, biochemical and clinical information have
demonstrated to have prognostic utility, however predicting the disease outcome for an individual patient
remains a challenging task. Regression models have
traditionally been used to perform studies on the relationship between survival status and prognostic factors
generally based on dichotomized variables and also by a
priori assumptions on a linear relationship between the
logarithm of the hazard and the covariates [1].
In survival analysis the outcomes are characterized
by the time to an event occurrence, and thus the
prediction of the clinical events requires a strategy to
address the censored data (cases for which the event of
interest does not occur), since simple exclusion of these
observations would limit the amount of data and may
lead to signiﬁcant biases in event predictions. The Cox
proportional hazard analysis [2] is an accepted solution

to the problem of analysing censored data and has
become the standard survival analysis statistical technique. However, the Cox model is mainly used to study
the importance of covariates for survival, and only few
authors in the literature apply the Cox model to make
individual predictions of survival times [3,4]. The Cox
model is a multivariate regression semi-parametric
model that allows modelling of continuous covariates,
and it involves that some assumptions need to be made:
(1) The eﬀect of covariates are additive and linear on the
log risk scale, (2) if covariates interact with each other
the regression model should include interactions terms,
and (3) the relative risk between the hazard rate for two
subjects is constant over time, in other words, there is no
time interaction with the covariates. However, it is not
well-known if these assumptions are true from a
biological point of view. Moreover, some of these
assumptions are not thoroughly checked in many different clinical situations where the Cox regression model
is applied to survival data modelling.
Besides, a more informative analysis of the dynamics
of breast cancer recurrence is actually demanded by
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medical experts and patients, and this interest has leaded
the scientiﬁc community to adopt non-linear modelling
alternatives able to identify previously unknown prognostic relationships. In this situation, neural networks
(NNs) are a well-known alternative to traditional
logistic regression methods [3–5].
Several NN approaches have been proposed to
model data with censorship. In some cases (see for
example [6–10]) the prognostic covariates have been
used as inputs to the neural system while the time to
relapse is the output of the NN. These previous
approaches implement a separation between the
dependence on time and on the patient data resulting in
non-linear proportional hazards models. A more eﬃcient representation of time is to include it as a covariate, and in this case the output of the system becomes an
indicator of relapse or not at a given time. This kind of
approach (also refereed as time-coded models) has been
proposed by several authors [11–16] and can be interpreted as the discrete time implementation of the proportional hazards model [3]. Moreover, this kind of NN
model for survival prediction has proven to be very
stable in monthly studies over follow-up periods of
several years [17]. The present work uses time as an
input variable and the output could be interpreted as
the cumulative probability of relapse for individual
patients [8].
The goal of this work is to compare the performance
of NNs architectures versus traditional Cox regression
analysis, in predicting the probability of breast cancer
relapse (the event of interest in this study) and on the
task of identifying relevant prognostic factors in breast
cancer patients after surgical intervention. We have also
carried a detailed analysis of the importance of including
(or not) diﬀerent clinical markers as inputs in the neural
architectures. The analysis was carried both for the
whole dataset but also limited interval of times were
considered in order to assess the time dependency of
the prognostic covariates and as a way to improve the
accuracy of the system by selecting on each interval the
most appropriate variables.
It is important to outline that real data sets with
signiﬁcant large numbers of cases have not been extensively analysed using NNs, since most of the studies
reported in the literature use relatively small data sets
[18]. In this sense, the present work results in one of the
most extensive research studies carried out to predict the
probability of breast cancer relapse on individual
patients.

Materials and methods
Patients
Data were collected from the ‘El Álamo’ Project, the
largest database on breast cancer in Spain. The dataset
analyzed in this study includes demographics, therapeutic and recurrence-survival information from 3811

women patients with operable invasive breast cancer
diagnosed in 32 diﬀerent hospitals belonging to the
Spanish Breast Cancer Research Group (GEICAM)
between the years 1990 and 1993. The analysis was
restricted to patients with follow-up time of at least
1 month, and 34% of patients relapsed in the period of
study. The median follow-up (i.e. the time elapsed from
the date of surgery to the last updating of the patient
record) was 76 months (range 1–128 months). The original dataset contained 3811. As the data contained
missing values, and these were not considered in the
analysis, the size of the datasets used on the diﬀerent
models tested depends on the covariates analyzed in
each particular case. Four prognostic variables (covariates) considered by the physicians as very signiﬁcant
prognostic markers were included in all models. When
these four covariates (Age, Tumour Size, Number of
Axillary lymph nodes and Histological Grade) are
considered, the dataset results in 2004 patient records.
The main characteristics of this dataset are reﬂected in
Table 1.
Models
Artiﬁcial neural networks
Feed-forward NNs can be seen as analogous to regression models, in which covariates are called inputs,
coeﬃcients are called synaptic weights, and the outcome
variable is called output. In this work, a three-layer NN
model (an input layer, with each input node corresponding to a prognostic factor plus one node for the
coded time; a hidden layer; and an output layer) was
constructed with ad hoc software developed by the
authors in C++ and R languages. The hidden layer of
neurons allows the model to ﬁt non-linear relationships
between inputs and outputs, and can be thought to have
a similar role to that of interactions terms in regression
analysis. A training algorithm must be chosen to modify
the weights in the network so that the network output is
as close as possible to the desired output (target) when a
patient data is presented to the network. The number of
neurons in the hidden layer was determined using a
constructive process, in which diﬀerent architectures
were considered with a number of neurons ranging from
5 to 30 neurons. Sixteen diﬀerent combinations of
covariables were analyzed in order to identify the best
set of prognostic factors in terms of the accuracy in the
prediction using a validation set. The variables age (A),
tumour size (T), number of axillary lymph nodes (N)
and grade of tumour (G), considered as very signiﬁcant
prognostic factors in clinical standard practice [19–21]
were incorporated to every dataset. Starting from this
data subset, menopausal status (M), histological type
(H), estrogen receptors (ER) and type of treatment (Tr)
were then included (or not) in the sixteen combinations,
considered that were diﬀerent in size due to the existence
of missing data (Table 1).
The neural approach adopted in this work lies within
those known as time-coded models, in which the time of
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Table 1. Main characteristics of the dataset containing data from
2004 patients
Prognostic

No. of

variables (mnemonic)

patients

%

Age, years (A)
Mean (Std)
Range

56.21
25–90

Tumour size (T)
Mean (Std)

2.8

Range

0.2–13

# Axillary lymph nodes (N)
Positive

1038

51.8

Negative

966

48.2

Histological grade (G)a
1 – G(1)

390

19.4

1129

56.3

485

24.3

Ductal

1738

86.7

Lobular

131

6.5

Special

132

6.7

3

0.1

Combined ER) and PR)

355

17.7

Combined ER+ and/or PR+

956

47.7

Missing

693

34.6

Pre-menopausal

647

32.3

Post-menopausal

1319

65.8

38

1.9

2 – G(2)
3 – G(reference)
Histological type (H)

Missing
Hormonal receptor status (ER)
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weight decay procedure (to prevent overﬁtting) with
parameter k chosen within the range (1.0e-5, 7.5e-1).
Cox regression analysis
Cox regression analysis, a standard statistical tool in
survival analysis, was used as a comparison for the
performance of the NN approach. The relationships
between diﬀerent prognostic factors and patient
survival, as well as the calculation of the prediction of
the patient outcome, were assessed by applying Cox
proportional hazards regression using the COXPH and
PREDICT procedures in R [22,23] . Variable selection
was done using backward and forward stepwise selection processes (the signiﬁcance level of entry and permanence of a given variable in the model was p<0.05).
Tied event times were handled by the Breslow method
[24] and the estimation of the survivor function at event
times were performed using the BASEHAZ statement in
R. The assumption of hazard proportionality for the
model was tested using the ZPH procedure in R, which
performs a test for a non-slope in a generalized linear
regression of the scaled Schoenfeld residuals on functions of time [23]. A p-value <0.05 in the test for zeroslope, or a non-constant value for the parameters b over
time when the scaled Schoenfeld residuals are plotted,
will indicate a violation of the proportional hazard
assumptions.

Menopausal state (M)

Missing
Type of treatment (Tr)b
No treatment – Tr(reference)

120

6.0

Radiotherapy – Tr(1)

103

5.1

Hormonetherapy – Tr(2)

469

23.4

Chemotherapy – Tr(3)

210

10.5

Hormone and radiotherapy – Tr(4)

406

20.2

Chemo and radiotherapy – Tr(5)

255

12.7

Chemo and hormonetherapy – Tr(6)
All three adjuvant therapies – Tr(7)

210
207

10.4
10.3

24

1.4

Intensive chemotherapy – Tr(8)
a

Histological grade and between brackets the codiﬁcation used by the
Cox model for categorical variables.
b
Type of treatment and between brackets the codiﬁcation used by the
Cox model for categorical variables.

follow-up is included as an additional covariate. Seven
diﬀerent non-overlapping intervals were studied (in
months, 1–10, 11–20, 21–30, 31–40, 41–50, 51–60, 61–
Maximum Follow-up Time (MFT)), and the output of
the network represents directly the cumulative relapse
probability for a given patient [8]. This approach has
also the advantage that if needed a single NN can be
used to obtain predictions for every time interval.
The NN architectures were trained by backpropagation with momentum with learning rate =0.05 and
momentum constant equal to 0.35, combined with a

Validation of the prognostic models
In order to estimate the classiﬁcation accuracy for the
NN models a standard technique of stratiﬁed ninefold
cross-validation was used [25]. Firstly, data was divided
into 10 subsets of approximately equal size, and one of
them was reserved (as ‘future’ data) to test the prediction accuracy for every prognostic model. This ‘Test
set’ was not used in any part of the training or validation procedure. Each of the left 9 random subsets of
the data served as a validation set, to select an
appropriate neural architecture. For the estimation of
the Cox regression model all data except the test set
was used. Then, the prediction accuracy for the models
was tested over the ‘future’ data subset. Figure 1 shows
a diagram of the procedure used for the splitting of the
dataset in training, validation and testing sets used for
training the neural architectures. To test the classiﬁcation accuracy of the Cox regression model the same
test set used for the NNs was used. For both models
(Cox and NNs), a survival curve for each patient in the
test set was generated, obtaining the cumulative probability of survival for every time interval. The predictive accuracy of diﬀerent models was computed using
the area under the ROC curve for censored data
[26,27]. The area under the ROC curve (AUC) can be
interpreted, given its equivalence to the c-index, as the
proportion of all pairs of subjects whose survival time
can be ordered such that the subject with higher predicted survival is the one who survived longer [28–31].
A ROC area of 0.5 is obtained for random predictions
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second, the NN models with a diﬀerent number of
hidden neurons and the Cox models including interactions terms were tested with data only from the diﬀerent
time intervals considered. For the NNs, we used the
ninefold cross-validation procedure described above,
using the validation error as target for the architecture
selection procedure. Diﬀerent NN architectures with a
single hidden layer with a number of neurons between 5
and 30 were tested. The best architecture was the one for
which the validation error was the lowest, and the performance was then tested using the test set.

Generalization Set

10 Generalization Set

Validation Set
9
8
7
6
5

Training Set
9–fold
cross validation

4
3
2
1

Figure 1. Scheme showing the way in which the training, validation
and test sets were constructed and then used for training the neural
architectures. The whole dataset was splitted in ten similar size boxes.
The test set was initially randomly selected and not used for the
architecture selection procedure that was implemented through a
ninefold cross validation procedure.

while an area of 1 indicates a perfectly discriminating
model.
Areas under the ROC curves (AUCs) of diﬀerent
models were compared by the Hanley–McNeil procedure [29–32]. It must be emphasized that diﬀerences in
the AUCs merely reﬂect diﬀerences in the ability of the
models to predict outcome in a given group of patients
and not an actual diﬀerence in patient outcome. In other
words, a high AUC means that outcome was predicted
more accurately by a particular model, not that patient
outcome was better than expected.
We computed the prediction accuracy of both NN
and Cox regression models in two diﬀerent ways. In
both analyses the models were trained with all the
available training data but were tested in diﬀerent ways.
First, the whole test set was used to measure the prediction accuracy independently of the interval, and

Hazard rate analysis
To compute the yearly hazard rate shown in Figure 3,
SPSS mortality table analysis was used for patients with
follow-up between 1 and 120 months in yearly intervals.
To analyze the signiﬁcance of the peaks the values of the
hazard rate were analyzed in 6 months intervals and the
signiﬁcance of the peaks was contrasted against the
mean value of the hazard rate (One-sample t-test).

Results
Using the artiﬁcial NN model, the best performance was
obtained with ﬁve input variables that were age, tumour
size, number of aﬀected axillary lymph nodes, grade of
tumour and type of treatment, when all data was considered together independently of the time interval. The
area under the ROC curve (AUC) was 0.8497
(SE=0.015, 95% CI 0.82–0.87) and a graph of the curve
obtained is plotted in Figure 2, where also the curve
obtained from the Cox model is presented.
Table 2 shows those variables that were statistically
signiﬁcant by applying the forward conditional stepwise
selection procedure in Cox regression analysis.
Hormonal receptors, menopausal status, and histological type (all with p>0.05) were excluded from the full
model and no interactions were found between any of

1
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Figure 2. ROC curves obtained by using both neural networks and
Cox models for the prediction of breast cancer relapse. The AUC was
0.8497 and 0.7602 for NNs and Cox model respectively and the difference was statistically signiﬁcant at p < 0.001.
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Figure 3. Yearly hazard rate function obtained from the dataset
containing the records from 3811 breast cancer operated patients.
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the other variables. The area of the ROC curve obtained
with the Cox regression model with the same generalization dataset used for the NN was 0.7602
(SE=0.0172, 95% CI 0.74–0.78). The diﬀerence
between the two ROC areas (NNs and Cox regression)
was assessed by the Hanley–McNeil procedure and
was highly statistically signiﬁcant (z-score=3.8879,
p<0.001).
As mentioned before, we also constructed specialized
neural architectures to compute predictions of survival
for 7 diﬀerent time intervals using neural architectures
with a single hidden layer containing between 5 and 30
neurons in all cases. The results are shown in Table 3,
where the time-intervals considered are indicated in the
ﬁrst column and the results for the Cox and NNs models
are shown in columns 2 and 3 respectively (mean
value±standard error). For the case of the NN, the
diﬀerent prognostic factors used in each interval are
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shown in column 3. Finally, in the last column of
Table 3 the z-scores (and related one tail p-values) of the
diﬀerence between the predictions of NN and Cox
regression models are included.
From these results, it is clear that the predictive
accuracy of the NN models was signiﬁcantly better than
the one obtained by using Cox regression model (p-value
<0.0001). Five prognostic factors were found to be
signiﬁcant and common for both NN and Cox regression models (A, T, N, G, Tr). The model ﬁtted by the
Cox regression did verify the assumption of hazard
proportionality. Despite its lower observed predictive
power, one advantage of the Cox model it is the possibility of easier interpretation of the results. The categorical analysis carried out for the diﬀerent type of
treatments (Table 2) shows a signiﬁcant eﬀect (p-value
<0.05) in survival for patients treated with Chemotherapy (Tr 3) and with all three adjuvant therapies

Table 2. Set of clinical and pathological variables selected as potential prognostic factors by the Cox model
Variable

b

Odd ratio (exp b)

p-value

95% CI for exp b
Lower

Upper

)0.010

0.017

0.990

0.986

0.994

Tumour size

0.132

<0.00001

1.142

1.116

1.166

# Axillary lymph nodes

0.092

<0.00001

1.097

1.088

1.104

Age

<0.00001

Histological grade
G(1)

)0.749

<0.00001

0.473

0.410

0.540

G(2)
Type of Treatment

)0.180

0.054
<0.00001

0.836

0.761

0.916

Tr(1)

0.110

0.677

1.117

0.856

1.455

Tr(2)

)0.148

0.472

0.863

0.702

1.058

Tr(3)

)0.565

0.019

0.569

0.446

0.724

Tr(4)

)0.132

0.528

0.876

0.711

1.080

Tr(5)

)0.245

0.267

0.783

0.627

0.976

Tr(6)

)0.277

0.218

0.758

0.605

0.949

Tr(7)
Tr(8)

)0.578
)2.471

0.012
0.000

0.561
0.084

0.445
0.048

0.706
0.146

For the categorical variables (Histological grade and Type of treatment) the results for the diﬀerent variables according to the codiﬁcation used in
the Cox model (speciﬁed in Table 1) are given.

Table 3. Predictions of survival by time-intervals

a

Survival period (months)

Cox AUCa±SE

NN AUC±SE (Prognostic factors)b

1–10

0.8420±0.072

0.9952±0.0112 (A, T, N, G, ER, M, Tr)

2.1025 (p<0.05)

11–20

0.7473±0.0534

0.8908±0.0451 (A, T, N, G, M)

2.0530 (p<0.05)

21–30

0.7587±0.0481

0.8051±0.0470 (A, T, N, G, Tr)

0.6914 (p=0.24)

31–40
41–50

0.7661±0.0443
0.7556±0.0431

0.7884±0.0459 (A, T, N, G, Tr)
0.7663±0.0446 (A, T, N, G, Tr)

0.3496 (p=0.36)
0.1725 (p=0.43)

51–60

0.7528±0.0411

0.7661±0.0411 (A, T, N, G, H)

0.2288 (p=0.40)

61–MFTd

0.7120±0.0407

0.8842±0.0265 (A, T, N, G)

3.5456 (p<0.0005)

1–MFTd

0.7602 ±0.0172

0.8497 ±0.0153

3.8879 (p<0.0001)

Prognostic factors selected by the Cox model were the same for all the intervals: A, T, N, G, Tr.
Prognostic factors used for diﬀerent intervals by the neural network model.
c
Statistical diﬀerences between NN and Cox models AUCs.
d
MFT: Maximum Follow-up Time.
b

Z-scorec
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(Tr 7). We note that as diﬀerent treatments were applied
to diﬀerent groups of patients according to the clinical
practice, the comparative interpretation of the beneﬁt of
the diﬀerent treatments cannot be done with this data,
and also the interpretation of the odd ratios has to be
done very carefully.
On the other hand, the time dependent analysis
shows (Table 3) that the NN outperforms signiﬁcantly
the Cox model mainly for the early time intervals
between 1–10 and 11–20 months. For the periods
between 21–30, 31–40, 41–50, and 51–60 months the
diﬀerence between NN and the Cox model was not so
large and in fact not statistically signiﬁcant. Despite that
in all intervals the NN prediction is more accurate, the
lack of statistical signiﬁcance might be, within others
factors, a consequence of a reduced number of cases
included in each of these intervals considered. In the last
time interval considered (61–MFT) the NNs also
outperforms the Cox model (diﬀerence between the
AUC=0.1722; p-value <0.0005). Regarding the prognostic factors considered optimal for the prediction of
the relapse using the neural architectures, it is worthwhile mention the inclusion of menopausal status (M)
for the early intervals 1–10 and 1–20 months and that in
all the cases the optimal NNs did not use H as a prognosis covariate.
We also analyzed the yearly hazard rate function to
ﬁnd that it shows two clear peaks of high risk mortality,
one at 2 years after surgery and a second one at 9 years.
The results of the hazard analysis are shown in Figure 3.
To analyze the signiﬁcance of the observed peaks, we
computed the hazard rate in intervals of 6 months and
perform a one sample t-test to check whether the values
at the peak were signiﬁcantly diﬀerent that the mean of
the Hazard values from all other times. For the ﬁrst
peak appearing around the second year in Figure 3, the
values at 6, 12, 18 and 24 months were considered
obtaining that all four values were signiﬁcantly diﬀerent
from the mean (p-value < 0.05, df=18). For the second
peak shown in Figure 3 at 9 years, only the value at
108 months was statistically signiﬁcantly diﬀerent than
the mean (p<0.001), but the real existence of this peak is
less clear as the analysis at this stage can be aﬀected by
its proximity to the end of the follow-up time.

Discussion
Prognostic factors in breast cancer provide information
to patients about the recurrence likelihood of the disease
and, more important, assist the clinicians in the selection
of appropriate adjuvant treatments for individual
patients. From a biological point of view, the identiﬁcation of good prognostic factors supplies information
about the natural history of the disease. Research on
prognostic factors in operable breast cancer has focused
in the identiﬁcation of new factors, mainly derived from
lately advances in the ﬁeld of cancer molecular biology.
Nevertheless, not much work has been done about the

methodology addressing the identiﬁcation of such
prognostic factors. In this sense, Cox multivariate
analysis has been accepted as the gold-standard in
methods of prognostic factors identiﬁcation. However,
Cox multivariate analysis involves some assumptions to
be made (e.g., the relative risk between the hazard rate
for two subjects are constant over time), that are diﬃcult
to check in practice. In this study, using a classical set of
prognostic factors an approach based on artiﬁcial NNs
provides better survival predictions than those obtained
by applying the Cox multivariate analysis. This better
prognosis accuracy is specially relevant in the ﬁrst timeinterval 1–10 months, in which an AUC value of 0.99
was obtained, and also in the second interval under
study 11–20 months in which the AUC was found to be
0.89.
The fact that the improvement in prognosis accuracy
of NNs is statistically signiﬁcant in regard to the Cox
multivariate analysis has also implications from a biological point of view. Namely, the relationships among
diﬀerent prognostic factors and the patient outcome
may well be non-linear in nature. If this is the case,
traditional statistical methods that assume linear relationships among variables could be inadequate to
investigate the predictive capability of diﬀerent biological parameters (clinical, histological o molecular
parameters). In other words, methods that assume linear
relationships among variables cannot identify non-linear
in biological relationships.
It is well known that patients diagnosed with breast
cancer have a risk for recurrence for an extended period
of time. However, Kaplan–Meier survival curves oﬀer
little information about changes in the probability for
disease relapse over time. If we could deﬁne the way
relapses are distributed in time, we could obtain information about the behaviour of micrometastatic foci,
which could contribute to the development of new
treatment strategies.
The diﬀerent risk recurrence analysis performed by
Demicheli et al. [33] by using the data of more than 1100
patients treated at the Milan Cancer Institute, led him to
the conclusion that breast cancer has two peaks of higher
recurrence risk: one early peak of higher incidence at
18 months after surgery and a second peak around
60 months. Other studies have only been able to deﬁne
one peak of higher relapse incidence in the number of
relapses. The analysis of the annual relapse risk performed by Saphner et al. [34] in a population of more
than 3500 patients included in diﬀerent ECOG studies,
showed only one peak of higher relapse risk at
18 months after surgery. The results obtained by
Karrison et al. [35] from the analysis of almost 1600
patients, pointed out a unique peak of higher risk. Furthermore, Retsky has reviewed the data from nine sets of
biological and clinical data, ﬁnding the same pattern of
relapse [36]. On the other hand, Demicheli et al. [37]
performed a comparative study of the mortality pattern
in his cohort of patients treated only with surgery,
compared with the historic control group from Middle-
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sex [38], which included non-treated breast cancer
patients. While the Milan Cancer Institute series showed
a mortality pattern with two peaks of higher mortality
rate (the ﬁrst peak between the 3rd and 4th year after
surgery, and the second peak in the 8th year), in the
Middlesex series, only one peak of increased mortality
(between the 4th and the 5th year after surgery) was
observed. Despite the evident methodological diﬀerences
in data gathering from the two series, the authors concluded that the comparison of the two curves gives some
support to the hypotheses that in breast cancer, surgical
removal of the primary tumour may induce changes in
the growth kinetic of metastatic foci.
For the dataset considered in the present analysis the
yearly hazard rate function shows two clear peaks of
high risk mortality, one at 2 years after surgery and a
second one at 9 years. The peaks are similar to those
found in the comparative study by Demicheli et al. [39]
but with the main diﬀerence that in our study the second
peak is located a little bit later, occurring at 9 years after
surgery.
For the ﬁrst time, and according to our results, it
seems that artiﬁcial NNs are especially useful in order to
predict the ﬁrst peak of breast cancer relapse that some
authors related to surgery. Furthermore, our study
conﬁrmed the results obtained by other authors, as
mentioned above, by means of a completely diﬀerent
methodological procedure.
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