CLUSTER ANALYSIS IDENTIFIES VARIABLES RELATED TO
PROGNOSIS OF BREAST CANCER DISEASE
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ABSTRACT: This work presents a cluster analysis approach aiming to determine
distinct groups based on clinicopathological data from patients with breast cancer (BC).
For this purpose, the clinical variables were considered: age at diagnosis, weight, height,
lymph nodal invasion (LN), tumor-node-metastasis (TNM) staging and body mass index
(BMI). Ward’s hierarchical clustering algorithm was used to form specific groups. Based
on this, BC patients were separated into four groups. The Kruskal-Wallis test was
performed to assess the differences among the clusters. The intensity of the influence
of variables on the prognosis of BC was also evaluated by calculating the Spearman’s
correlation. Positive correlations were obtained between weight and BMI, TNM and LN
invasion in all analyzes. Negative correlations between BMI and height were obtained in
some of the analyzes. Finally, a new correlation was obtained, based on this approach,
between weight and TNM, demonstrating that the trophic-adipose status of BC patients
can be directly related to disease staging.
KEYWORDS: Cluster; hierarchical; Kruskal-Wallis test; Sperman’s correlation; breast
cancer.
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1

Introduction

The growing number of existing diseases, and its several clinicopathological
features, have led us to the need to provide tools that help clinicians to solve how
to proceed in specific situations. In many cases, it is necessary to join efforts
from different areas of knowledge to generate results that can serve as a basis for
some type of improvement in the diagnosis, treatment or remission of the disease
(CARELS et al., 2016; FRANCESCHINI et al., 2013).
Advances in the last decade have improved disease diagnosis for several chronic
diseases, especially cancer. Historically, there has been a significant growth in
diagnosis for the most common types of tumors, and breast cancer is a good
example. After the 90s, its increase stabilized, occurring reduction in the frequency
of the disease in some countries (JATOI; MILLER, 2003; PINTO et al., 1991;
SANTOS, 2018). Although breast cancer mortality rate has decreased worldwide,
many women are still dying, in spite of treatment advances. This fact indicates that
the current information used by clinicians to stratify patients and make decisions
regarding their treatment are not enough. Thus, it is important to develop new
strategies that help to address the putative different outcomes of cancer.
It is known that strategies based on prevention and treatment are adapted
according to individual characteristics of the patients. These features are obtained
by using information from data banks containing, for example, medical history,
lab results, demographic data and daily graphs. Aiming to process and efficiently
extract this information, several approaches are being used.
From multivariate statistics it is possible to build and classify groups based on
specific characteristics from each observation (CHATFIELD et al., 1980; JOHNSON
et al., 2007; SCHMID et al., 2007).
Therefore, data clustering can be a pivotal tool in Medicine, aiming to
discover subgroups of patients that can have distinct diagnosis and treatment
overcomes. Further investigation concerning specific subgroups altogether with
clinical guidelines can help to design strategies that help clinicians to take care
of their patients.
In this context, many researchers have been developing studies with the
objective of interpreting data available on breast cancer, considering different
clinical conditions, such as height, weight, age, body mass index (BMI), lymph
node invasion and TNM staging (AZRAD et al., 2019; CHEN et al., 2017; COX et
al., 2002; GAJDOS et al., 2000; KUROZUMI et al., 2019; KYUWAN et al., 2019;
LAUBY-SECRETAN et al., 2016; MAEHLE et al., 2004; MARTEL et al., 2018;
NEWMAN et al., 1986; PAPA et al., 2013; SMETANA et al., 2016; SUN et al.,
2017; TRETLI, 1989; XIA et al., 2018), and other parameters (AL-AMMAR et al.,
2018; BURFORD et al., 2017; CASTILLO-OTINIANO et al., 2019; CHRISTIAN
et al., 2015; HORIGOME et al., 2019; HUANG et al., 2019; KRUGER et al., 2018;
KULLDORFF et al., 1997; LAMINO et al., 2011; NATAL et al., 2019; NEVO et
al., 2016; PINEDA-HIGUITA et al., 2019; RENDA et al., 2019; ZAPATA et al.,
2010).
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Excessive body fat is an emerging risk factor for breast cancer development
(CHEN et al., 2017). Young obese patients are often diagnosed in advanced stages
of disease, demonstrating that the combination of both risk factors, overweight and
young age at diagnosis, decrease the disease-free survival and overall survival of
these women (GAJDOS et al., 2000). Furthermore, the weight gain in adulthood
seems to accelerate the development of breast cancer (AZRAD et al., 2019). Obesity
is also a factor that has been linked to poor prognosis in breast cancer patients.
It has been demonstrated that high BMI is directly correlated with the failure to
identify positive lymph nodes in biopsies (COX et al., 2002).
Obese patients can have a high risk of lymph nodal metastasis (LAUBYSECRETAN et al. 2016) than eutrophic patients. It is also known that the
BMI did not show a statistically significant relationship with disease prognosis,
when only the status of the hormone receptors were considered. However, if the
status of the lymph nodes and the hormone receptor were considered together with
BMI, this association was strong and reversed in the lymph node-positive group
with ER-negative tumours. These findings point out that the conjoint analysis
of clinicopathological data from breast cancer patients can completely change the
perspective of their prognosis.
Therefore, statistics may be a powerful tool to be considered in patients’
data analysis, to provide reliable associations among parameters that can not be
understood in isolation. Considering that clinicians are not used to this type of
analysis, interdisciplinary study in this field is essential.
Thus, here is presented an analysis of data correlations for clinicopathological
variables used to evaluate breast cancer prognosis. Several works have looked for
correlations between variables as age and body mass index, TNM and age, obesity
and lymph node invasion, triple-negative and obesity, height and weight (COX et
al., 2002; GAJDOS et al., 2000; MAEHLE et al., 2004; SUN et al., 2017; TRETLI,
1989), respectively.
However, it is necessary to analyze it in a larger set of variables, aiming a
better understanding of their behavior in relation to disease prognosis.
This work presents an exploratory study of data treatment when considering
the set of variables age, weight, height, BMI, lymph nodal invasion (LN) and
tumor-node-metastasis (TNM) staging by using a design based on a cluster analysis
tool. The intensity of the influence of each variable on the prognosis of cancer was
evaluated by calculating the Spearman’s correlation (BEST et al., 1975; BEWICK
et al., 2004; HECKE, 2012; ORNSTEIN et al., 2016; SCHMID et al., 2007). For
data statistical analysis was used R software (R CORE TEAM, 2020).

2
2.1

DESCRIPTION OF THE PROBLEM
Data from the patients

The data used in this study were obtained from the patients medical records.
Initially, 361 women were considered, diagnosed with breast cancer between April
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2015 and May 2018. However, due to missing information, it was decided to
evaluate a smaller group of 129 patients. Confidentiality of the data was maintained
according to the clinical research guidelines.
The study was approved by the Institutional Ethics Board under the number
CAAE 35524814.4.0000.0107, and included patients diagnosed with breast cancer
attended by the 8th Health Care Region of the State of Paraná at Francisco Beltrão
Cancer Hospital, Paraná, Brazil, corresponding to a total of 27 municipalities. All
patients signed consent forms and each protocol followed the principles for medical
research involving human subjects described in the Declaration of Helsinki.
The measured variables were:
a) age (in years);
b) weight (in kg);
c) lymph nodal invasion (LN): This variable represents the existence, or nonexistence, of metastasis in lymph nodes;
d) tumor-node-metastasis (TNM) staging: It represents the stage of the disease,
established after the patient has been diagnosed. The international standard
is used for classification, where T represents the existence of the tumor and its
size; N refers to the existence of cancer in the lymph nodes and M describes
the absence or existence of metastasis;
e) body mass index (BMI), is calculated by using the expression:
BMI =

Weight [kg]
.
Height2 [m2 ]

(1)

All patients were categorized according to the classification of the World Health
Organization (WHO), with low weight if BMI < 18.5 kg/m2 , normal weight if BMI
is between 18.5 e 24.9 kg/m2 , overweight if BMI is between 25.0 e 29.9 kg/m2 , and
obese if BMI > 30.0 kg/m2 (WHO, 1995).

2.2

Statistical methods

Cluster analysis is a multivariate statistical tool used for the construction and
classification of groups according to the characteristics of the variables, so that the
groups are heterogeneous with each other, but the elements (patients) within each
group have homogeneous characteristics (CHATFIELD et al. 1980; JOHNSON et
al., 2007; MADHULATHA, 2012; RODRIGUEZ et al., 2019).
For the formation of groups, Ward’s hierarchical agglomerative algorithm was
considered (CHATFIELD et al., 1980; JOHNSON et al., 2007). In the first stage,
each element (patient) is considered a cluster of unit size, totaling n groups. In the
following stages, the clusters are combined until the end of the process, when a single
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cluster is obtained with all elements. At each step, Ward’s algorithm combines two
clusters that result in the lowest value of
SSR =

gk
X

SSi ,

(2)

i=1

where gk is the number of clusters in the step k,
SSi =

ni
X

Xij − X̄i·

T

Xij − X̄i·



(3)

j=1

describes the sum of squares of the i-th cluster in step k, Xij is the j-th element of
the i-th cluster and X̄i· is the average of the i-th cluster.
Note that the number of desired clusters, described by g, represents a natural
division of the elements, where 1 < g < n. Thus, to determine the number of groups
g, the behavior of the fusion level was studied in each step of Ward’s algorithm,
equation (2). The calculation of the fusion level is given by



T
nq nr
X̄q· − X̄r· ,
(4)
X̄q· − X̄r·
dq,r =
nq + nr
where X̄q· and X̄r· are averages and nq and nr are the sizes (number of elements)
of the q-ths and r-ths clusters, respectively.
To compare the g groups formed, equation (4), according to clinicopathological
variables, the Kruskal-Wallis non-parametric test (BEWICK et al., 2004; HECKE,
2012) was adopted, whose only requirement is that the variables can be ordered.
The Kruskal-Wallis technique tests the null hypothesis H0 , that the groups come
from the same population, against the alternative hypothesis H1 , that the groups
originate from different populations. Population are patients defined by the groups
tested.
In order to perform the test, the complete sample (n elements) must be
considered. For each variable, the values must be ordered and transformed into
rank, assigning rank 1 for the lowest observed value, rank 2 for the second lowest
g
P
value and so on up to N =
ni , corresponding to the highest value observed in
i=1

the complete sample. The Kruskal-Wallis test statistic is given by the expression:
g
P

12
H=
N (N + 1)

j=1

1−

nj R̄j2 − 3(N + 1)

l
P

,

(5)

(t3i − ti )/(N 3 − N )

i=1

where nj , j = 1, 2, ..., g, represents the number of elements from the j-th cluster,
R̄j is the average of the ranks in j-th cluster, l is the number of groups with tied
ranks and ti is the number of ties in the i-th cluster.
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For g > 3, nj > 5, and assuming true H0 , the H statistic has an approximate
chi-square probability distribution, with k − 1 degrees of freedom.
In every hypothesis test there is always a probability of making a mistake,
called the level of significance of the test (α), associated with the decision to reject
H0 .
To decide whether to reject H0 or not, it is necessary to compare α with
p-value = P (H > h), where h is an estimate for H, given in the equation (5).
If p-value > α, then H0 is rejected, otherwise the null hypothesis must not be
rejected. If the null hypothesis is rejected, then at least one cluster differs from
the others, however the Kruskal-Wallis test does not identify which clusters are
different.
To identify the different clusters, the difference test is used. The results of
the difference test, in general, are presented in tables, whose values are followed
by letters. Different letters indicate that, for each variable, there is a significant
difference between the averages in each cluster. The test analyzes the difference
between clusters two by two, verifying the validity of inequality
s
|R̄u − R̄v | ≥ zα/g(g−1)

N (N + 1)
12



1
1
+
nu
nv


,

(6)

where the u and v indices identify the clusters and zα/k(k−1) is the quantile of the
standard Normal probability distribution, such that P (Z ≥ zα/k(k−1) ) = α/k(k−1).
Through the Kruskal-Wallis and differences tests, qualitative results were
obtained, in which it assesses the differences between the clusters. To quantify the
intensity of statistical dependence between the set of clinicopathological variables,
Spearman’s correlation is calculated. The Spearman’s correlation coefficient is a
modification of the Pearson coefficient, in which the observed values of each variable
are replaced by ranks (BEST et al., 1975; BOLBOACA et al., 2006; RAMSEY,
1989).
The mathematical expression for the Spearman’s coefficient is given by
N
P

rs = s

(xi − x̄) (yi − ȳ)

i=1
N
P
i=1

,
2

(xi − x̄)

N
P

(yi − ȳ)

(7)

2

i=1

where xi and yi are ranks related to the i-th element, in relation to the variables X
and Y , respectively, and x̄ and ȳ are the average ranks of X and Y .
The correlation coefficient, rs , is limited between -1 and 1. Values close to 1
for rs indicate a strong positive association between the variables X and Y , while
values close to -1 represent a strong negative association between these variables. If
rs is identically equal to zero, or assumes values close to zero, it is said that there
is no correlation between the variables, or that the correlation is weak.
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However, an observed value of rs may be a mistake due to the randomness of
the sample, and therefore, it is necessary to perform a hypothesis test for Spearman’s
correlation. The test hypotheses are H0 , there is no association between X and Y ,
against H1 , there is an association between these variables.
The statistics of the Spearman’s correlation test are given by
s
N −2
,
(8)
T = rs
1 − rs2
where the T random variable has t-Student probability distribution with N − 2
degrees of freedom. Thus, H0 will be rejected if p-value = 2P (T ≥ t) < α and it is
concluded that the variables are correlated.

3

Results

For data statistical analysis, software R was used, R version 4.0.3 (R CORE
TEAM, 2020). The clinicopathological variables age, weight, height, LN invasion,
TNM staging and BMI of 129 patients were considered. The average age of the
patients was close to 57 years. The average weight, when diagnosed, was close to
74 kg, but one of the patients had a weight of 120 kg. The LN invasion variable,
which classify patients who have metastasis spread to the lymph nodes (LN positive)
and those who do not (LN negative), presented an average of 35.66% of patients
with positive lymph nodes. It was found in the patients that the TNM staging
varied from IA to IV, but stages II and III were predominant. Table 1 shows some
descriptive statistics to these variables.

Table 1 - Descriptive statistics on variables in the sample of 129 patients
Minimum
Average
Maximum

Age

Weight

Height

LN

TNM

BMI

32.00
56.91
82.00

41.00
73.87
120.00

1.42
1.61
1.79

0.00
0.36
1.00

0.00
2.09
7.00

18.22
28.48
51.26

Considering information about patient variables, the hierarchical formation
of the groups was obtained Ward’s algorithm, applied by the equation (2). The
graph of fusion level, Figure 1, presents jumps in the algorithm steps 125 and
126, suggesting accentuated reduction in the similarity when it is obtained 5 or 4
clusters, respectively, indicating that the algorithm needs to be finished in some of
these steps.
To further validate the results shown in Figure 1, it were studied two scenarios
including 5 and 4 clusters, but little difference was observed in the created groups,
and were kept only four clusters.
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Figure 1 - Fusion level in each step of Ward’s algorithm.
The dendrogram, Figure 2, identifies the four main clusters, represented by
Ci , i = 1, ..., 4, considered from the fusion level calculation, equation (4).
The variable chosen for modeling, age and BMI at diagnosis, were selected
based on their contribution to characterize the influence of each variable in breast
cancer prognosis. Thus, the identified clusters are different concerning age and BMI
variables, with patients with an average age below 50 years and above 70 years
and groups with an average BMI below 24.9 kg/m2 and greater than 30 kg/m2 .
Information concerning each variable, in the clusters, are presented in Figure 3.

Figure 2 - Hierarchical formation of each group by similarity, obtained
through Ward’s algorithm.
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(a) one outlier detected in C2

(c) outliers detected in C1 and C4

(e) outlier detected in C2

(b) one outlier detected in C1

(d) outlier detected in all cluster, in C3
highlight for the value 39

(f) outlier detected in C2

Figure 3 - Boxplot distribution of variables in the analyzed clusters.
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It was observed that Figures 3(a)-3(f) present data regarding age at diagnosis
and BMI, that were chosen for cluster modeling. It was also verified that some
clusters presented discrepant values in relation to its variable, that is, values
that were very small or very big in relation to the other values. These atypical
observations alter significantly the averages and the variability of the groups that
it belongs, and can even distort the conclusions obtained from statistical analysis.
The variable that shown the biggest distort was LN invasion, Figure 3(d), and for
this reason, it will be considered as 0 if the patient did not have LN invasion and 1
for LN positivity.
3.1

Kruskal-Wallis test

The information on the averages of the clusters’ variables, obtained in the
hierarchical formation of patient groups, are described in Table 2. Still, in order to
assess the differences between the clusters, the Kruskal-Wallis test was performed,
equations (5)-(6), where a, b, c and d letters indicate significant difference between
the means of the variables in each cluster.

Table 2 - Information on the means of the variables in the clusters
Total patients
C1
C2
C3
C4

35
21
37
36

Age
b

58.66
52.95c
45.16d
69.58a

Weight
c

57.78
95.81a
75.91b
74.62b

Height
b

1.56
1,65a
1.61a
1.63a

LN
a

0.34
0.33a
0.38a
0.36a

TNM
a

1.60
2.38a
2.05a
2.42a

BMI
23.70c
35.41a
29.34b
28.18b

Different letters indicate a significance level of 5%, difference between the averages
in each cluster.

In Table 2, by the Kruskal-Wallis test, the differences in the means of the
variables age, weight and BMI, between the clusters, were considered statistically
significant, while the differences of the other variables were not considered
significant. Moreover, considering the complete sample and the means of the
variables, it is observed that patients with lower and higher BMI are allocated
in clusters C1 and C2, and younger and older, in clusters C3 and C4, respectively,
as described below.
Cluster C1: It was the cluster with the lowest BMI, below 29 kg/m2 . With
a mean age at diagnosis similar to that described to the Brazilian population
(SANTOS, 2018), fro breast cancer incidence, approximately 57.78 years.
These patients have normal average weight (eutrophic, BMI < 25 kg/m2 ).
On average, patients in this cluster have small tumors (< 2 cm), without
spreading to lymph node chains and distant organs, which categorize them as
stage IA in TNM staging.
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Cluster C2: In this cluster, the mean age at diagnosis of disease incidence
is around the fifth decade of life, but patients are obese, with an average
BMI of 35.41 kg/m2 . It is known that obesity is an important risk factor,
not only for the development, but also for the worsening of breast cancer
prognosis due to activation of additional biological mechanisms that enhance
tumor aggressiveness (SUN et al., 2017). On average, these patients were
classified as stage IIA in TNM staging, and may present locally advanced
disease, with invasion of lymph node chains near the breast.
Cluster C3: In this cluster, patients have early age at diagnosis, with
an average age of 45 years, presenting overweight with an average BMI of
29.35 kg/m2 . These patients are categorized in stage IIA-IIIC of TNM staging,
and may have lymph node metastases. Note that the positive LN for this group
is the highest. Verify that the measured data of this group are in accordance
with the information described in the literature that confers disease poor
prognosis, since the combination of young age at diagnosis and overweight
results in important risk factors for breast cancer, leading to a reduction of
disease-free survival and overall survival of these women (GAJDOS et al., 2000;
SANTOS, 2018; LAUBY-SECRETAN et al. 2016).
Cluster C4: This cluster has patients with older age at diagnosis (mean age
of 69.58 years) and overweight (mean BMI of 28.18 kg/m2 ). The TNM staging
for these patients is the highest among the clusters, classified between IIA and
IV.
The analysis of the results presented in Table 2 shown that overweight is
a factor present in all analyzed clusters, with the exception of cluster C1, where
patients have normal average weight, setting that obesity is an important risk factor
for breast cancer patients, regardless of age. About average of lymph node invasion
(LN positive), it was shown similar for all groups. On the other hand, despite the
average lymph node invasion pattern being close between the groups, we observed
that there are variations in relation to BMI and TNM staging. An alternative
to quantify the intensity of statistical dependence between the set of variables age,
weight, height, positive LN, TNM staging and BMI is the calculation of Spearman’s
correlation.

3.2

Spearman’s correlation

The purpose of the Spearman’s correlation analysis was to compare, for
every two variables, the dependence between them. Thus, it was calculated the
Spearman’s rank coefficient for the complete sample and for each of the cluster,
equations (7) and (8).
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Rev. Bras. Biom., Lavras, v.39, n.4, p.536-555, 2021 - doi: 10.28951/rbb.v39i4.596

3.2.1

Complete sample

Considering the information from the complete sample, the results of
Spearman’s correlations are presented in Table 3.
Table 3 - Spearman’s correlation coefficients of complete sample
Age
Weight
Height
LN
TNM
BMI

Age

Weight

Height

LN

TNM

BMI

1.00

-0.16
1.00

-0.04
0.37†
1.00

0.04
0.00
-0.10
1.00

0.01
0.16
0.20‡
0.68†
1.00

-0.16
0.90†
-0.02
0.02
0.06
1.00

Significant correlation at the level of 1% (†) and 5% (‡).

According to Table 3, considering a significance level at 5%, it is concluded
that the variables weight, height, positive LN, TNM and BMI present very different
Spearmen’s correlation coefficients.
The strongest correlation occurs between BMI and weight, rs = 0.9
(p < 0.0001), thus, when considering the complete sample data, the BMI and weight
values are strongly positive-correlated. Weight and height also result in a significant
posi-tive correlation, rs = 0.37 (p < 0.0001). It is known that both weight and height
influence the BMI value, which was expected due to their dependence on the BMI
calculation, equation (1).
The correlation between positive LN and TNM staging is r = 0.68 (p < 0.0001).
Thus, it could mean that patients with positive LN tend to be in a more advanced
stage of the disease. This finding is in accordance to TNM categorization. All
correlations obtained have a significance level of 1%, Table 3. It is observed that
the correlation between height and TNM, despite having a significance level below
5%, rs = 0.2 (p = 0.0265), indicating that TNM is weakly influenced by the height
of the patients.
Further, it can be seen in the results of the complete sample, Table 2, that
patients with different ages, weight, height, and BMI have the same TMN staging
on average, in spite of no correlations found among LN invasion and TNM, and the
variables age at diagnosis, weight, height and BMI. For a better understanding of
these results, the analysis of the Spearman’s correlation coefficients, for each cluster,
is presented below.
3.2.2

Cluster C1

Cluster C1 contains 35 patients and stands out for having the lowest averages
of weight, height, TNM and BMI as can be seen in Table 2. Therefore,
here we have the patients that are eutrophic and have been diagnosed in the
fifth decade of life, which are parameters related to good disease prognosis.
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Considering this information, the results of Spearman’s correlations of cluster C1
are presented in Table 4.
Table 4 - Spearman’s correlations of cluster C1
Age
Weight
Height
LN
TNM
BMI

Age

Weight

Height

LN

TNM

BMI

1.00

0.19
1.00

-0.11
0.08
1.00

0.04
0.13
-0.05
1.00

0.14
0.36‡
0.13
0.66†
1.00

0.29l
0.74†
-0.54†
0.05
0.14
1.00

Significant correlation at the level of 1% (†), 5% (‡) and 10% (l).

Table 4 shows that Spearman’s correlation for the variables weight, height,
BMI, positive LN and TNM staging, resulted in some significant correlations. The
BMI variable, ranging from 18.22 to 28.07 kg/m2 , has a significant correlation with
the variables weight and height, which vary between 41 kg to 66 kg and 1.42 m
to 1.68 m, respectively. This correlation is expected, since weight and height are
inside the BMI calculation formula. The positive LN and TMN staging variables also
present significant correlation, with TNM between IA e IIA stages, but on average,
the stage is IA. This is another expected correlation, because TNM categorization
consider LN invasion as a parameter (N category) in association with tumor size
and metastasis.
The weight and BMI variables show rs = 0.74 (p < 0.0001), a positive
correlation, which also occurs in the complete sample. On the other hand, height
and BMI variables have rs = − 0.54 (p = 0.0009), a negative correlation, note that
this correlation was not observed in the complete sample. This correlation describes
that taller patients tend to have a lower BMI. Note that these correlations have a
significance level of 1%, Table 4.
The significant correlation, level of 5%, in this cluster occurs between the
variables TNM staging and weight, rs = 0.36 (p = 0.00336). This correlation,
despite being a weak correlation, shows that, for increasing values of the patient’s
weight, there are higher values for the stage of cancer. This finding is extremely
important, since weight is not considered when performing TNM staging of breast
cancer patients. Note that this correlation was observed in the complete sample,
Table 3, but with a correlation considered insignificant, whereas in this cluster,
although weak, it is considered acceptable.
Another significant correlation occurred between TNM stating and positive
LN with rs = 0.66 (p < 0.0001), corroborating that patients with positive LN tend
to be in a more advanced stages of the disease.
In conclusion, the correlations obtained in this cluster, cluster whose patients
have an average age of 58 years and are categorized as normal weight, identify
that the increase in body weight is associated with the presence of more advanced
548
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disease. It appears that the increase in TNM staging (positively correlated with
the LN variable) suggests spread of the cancer, from the primary site to other sites
such as lymph nodes and distant organs. The analysis of this cluster strengthens
the idea that excessive body weight, could be a factor related to the progression of
breast cancer for higher stages (TRETLI, 1989).
3.2.3

Cluster C2

Cluster C2 has the lowest number of patients (n = 21). This cluster stands
out because it has the highest BMI average, and the weight of the patients differed
significantly from the other clusters, ranging from 82 kg to 120 kg, with an average
close to 96 kg (Table 2). This BMI characterizes these patients as obese, but they
are in the mean age at diagnosis for breast cancer. In addition, this cluster has
patients who are in advanced stages of the disease, between IA e IV. Considering
this information, the results of Spearman’s correlations of cluster C2 are presented
in Table 5.
Table 5 - Spearman’s correlations of cluster C2
Age
Weight
Height
LN
TNM
BMI

Age

Weight

Height

LN

TNM

BMI

1.00

-0.28
1.00

-0.33
0.14
1.00

0.16
0.08
-0.03
1.00

0.00
0.07
0.28
0.74†
1.00

-0.15
0.83†
-0.36
0.12
-0.10
1.00

Significant correlation at the level of 1% (†).

It can be seen, Table 5, that this cluster results in two significant correlations,
with a significance level of 1%. A correlation between BMI and weight, rs = 0.0083
(p < 0.0001), and a correlation between positive LN and TNM staging, rs = 0.74
(p = 0.0001).
Here, the cluster analysis did not identify any significant correlation concerning
LN invasion and TNM with the other parameters (age at diagnosis, weight, height
and BMI). A possible explanation to the lack of correlation could be the small
number of patients in this cluster, and the wide variability of TNM data (Ia to IV),
as shown in Figure 3(e).
3.2.4

Cluster C3

Cluster C3 contains the largest number of patients (n = 37). This cluster
is characterized by patients with the lowest average age at diagnosis, ranging
between 32 years and 56 years, high mean BMI, with a value of 29.34 kg/m2 ,
and the highest average of positive LN, with a value of 0.38. Therefore, this
cluster is formed by patients with early age at diagnosis, and also with overweight.
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Both parameters are determinant of poor prognosis in breast cancer. Considering
this information, Table 6 shows the respective Spearman’s correlations of the cluster.
Table 6 - Spearman’s correlations of cluster C3
Age
Weight
Height
LN
TNM
BMI

Age

Weight

Height

LN

TNM

BMI

1.00

-0.08
1.00

-0.09
-0.10
1.00

0.09
-0.09
-0.08
1.00

0.00
0.15
0.17
0.72†
1.00

0.04
0.77†
-0.69†
0.03
0.03
1.00

Significant correlation at the level of 1% (†).

It is observed, Table 6, that three correlations stand out for presenting
statistical significance, with a significance level of 1%. Again, there is a significant
correlation between weight and BMI, rs = 0.77 (p < 0.0001), between height and
BMI, rs = − 0.69 (p < 0.0001), and between TNM and LN, rs = 0.72, as already
observed in cluster C1.
No significant correlations were identified regarding LN invasion and TNM
with other parameters (age at diagnosis, weight, height and BMI), Table 1.
3.2.5

Cluster C4

Cluster C4, contains 36 patients, characterized by older age at diagnosis,
with an average of 69.58 years. In this cluster, the average BMI does not differ
significantly from the average BMI of cluster C3, both presenting overweight
patients, although C3 has younger patients, with an average age of 45.16 years.
Considering this information, Table 7 describes the Spearman’s correlations of
cluster C4.
Table 7 - Spearman’s correlations of cluster C4
Age
Weight
Height
LN
TNM
BMI

Age

Weight

Height

LN

TNM

BMI

1.00

-0.15
1.00

0.18
0.06
1.00

0.12
-0.04
-0.21
1.00

-0.07
-0.08
0.10
0.68†
1

-0.27
0.81†
-0.47†
0.00
-0.16
1.00

Significant correlation at the level of 1% (†).

It was observed that three correlations stand out for presenting statistical
significance Table 7, with a significance level of 1%.
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Again, there is a significant correlation between weight and BMI, rs = 0.81
(p < 0.0001), between height and BMI, rs = −0.47 (p = 0.4), and between TNM
and LN, rs = 0.68 (p < 0.0001). Thus, considering that the difference between C3
and C4 is the age at diagnosis, it can be concluded that overweight is an important
risk factor for breast cancer patients, independent on their age.

4

Conclusion

In this article, information on six clinicopathological variables of 129 women
diagnosed with breast cancer was analyzed: age, height, weight, lymphnodal
invasion, TNM staging and BMI.
For data analysis, multivariate statistical methods were used, such as
construction of dendrogram and cluster analysis. These clusters were studied
individually, and compared among themselves and with the data of the complete
sample, using the Kruskal-Wallis test and the calculation of the Spearman’s
correlation coefficient.
It was found that the Kruskal-Wallis test showed significant differences between
the clusters in the variables age, weight and BMI. The calculations of Spearman’s
correlations showed significant positive correlations between weight and BMI, and
between positive LN and TNM staging. There were also significant negative
correlations between BMI and height.
The results obtained reinforces the importance of bring together mathematical
tools and medical information with the aim of identify new ways to categorize
patients’ prognosis regarding classical standards used for a long time in clinical
practice.
The main finding of this study is that cluster C1 presented a correlation that is
still little discussed in the literature, showing that patient’s weight may be directly
related to TNM staging, and, consequently, to the spread of the disease.
Further, the comparison between C3 and C4 shown that overweight is an
independent factor observed in breast cancer patients, in spite of their age at
diagnosis. Excessive body fat is well established as a fuel for metastasis in cancer,
and the result obtained here strengthens high BMI as a factor that may affect breast
cancer staging.

ROMEIRO, N. M. L.; SANTOS, M. C. T.; PANIS, C.; SANTANA, T. V. F.;
NATTI, P. L.; RECH, D.; CIRILO, E. R. Análise de cluster identifica variáveis
relacionadas ao prognóstico da doença de câncer de mama. Rev. Bras. Biom.,
Lavras, v.39, n.4, p.536-555, 2021.
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RESUMO: Este trabalho apresenta uma abordagem de análise de cluster com o objetivo
de determinar grupos distintos com base em dados clı́nico-patológicos de pacientes com
câncer de mama (CM). Para tanto, foram consideradas as variáveis clı́nicas: idade
ao diagnóstico, peso, altura, invasão linfonodal (LN), estadiamento tumor-nódulometástase (TNM) e ı́ndice de massa corporal (IMC). O algoritmo de agrupamento
hierárquico de Ward foi usado para formar grupos especı́ficos. Com base nos resultados,
as pacientes com CM foram separadas em quatro grupos. O teste de Kruskal-Wallis
foi realizado para avaliar as diferenças entre os clusters. A intensidade da influência
das variáveis no prognóstico do CM também foi avaliada pelo cálculo da correlação
de Spearman. Correlações positivas foram obtidas entre peso e IMC, invasão TNM
e LN em todas as análises. Correlações negativas entre IMC e altura foram obtidas
em algumas das análises. Por fim, uma nova correlação foi obtida, entre o peso e o
TNM, demonstrando que o estado trófico-adiposo das pacientes com CM pode estar
diretamente relacionado ao estadiamento da doença.
PALAVRAS-CHAVE: Cluster; hierárquico; teste de Kruskal-Wallis; correlação de
Sperman; câncer de mama.
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