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Network topology can be used to simplify the complexity of the datasets. We are explor-
ing its function in performing survival analysis to identify the most important factors that
contributed to the survival time from diagnosis to death. This technique has the potential
to illustrate easily some types of complex interactions in dataset. Then, based on those
interactions, the most important factors in survival analysis are identified. However, net-
work topology based on classical estimator is extremely sensitive to outlying observations,
i.e., conclusions drawn from contaminated network topology could be misleading. Hence,
in this paper, the classical estimator, i.e., classical correlation matrix of network topology
is substituted with robust estimator, i.e., robust correlation matrix which is developed
based on Index Set Equality (ISE). Then, the interpretation of that robust network topol-
ogy is delivered by using centrality measure, i.e., degree centrality. A case study of the
survival time for cervical cancer patients is presented and discussed. Robust network
topology revealed that the most important factors that influence the survival of cervical
cancer patients is stage at diagnosis (STG). The higher stage of cervical cancer led to
shorter survival time of cervical cancer patients. Consequently, early diagnosis is very
important. Early diagnosis of cancer allows early intervention to try to slow or prevent
cancer development and lethality, hence, the survival improves.
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1. Introduction

Survival analysis is a statistical method used to analyze and interpret data on the time until an event of
interest occurs. The event could be anything from the time until a patient relapses, the failure time of a
mechanical part, or the duration until a person finds employment and etc. Survival analysis was initially
developed in biomedical sciences to understand the beginning of certain diseases but is now used in
engineering, insurance, and other disciplines. This paper focused on cancer studies where survival time
was calculated from time of diagnosis to death for cancer deaths or to date of last contact or death
from other causes for censored patients [1]. A unique feature of survival data is that typically not all
patients experience the event (example: death) by the end of the observation period, so the actual
survival times for some patients are unknown. There are many factors that influence the survival
period, see for example [2–4]. Schober and Vetter [5] mentioned that the most common statistical
techniques used to analyze the survival data are the Kaplan–Meier estimator, log-rank test, and the
Cox proportional hazards (PH) model. These techniques also have been discussed in [6–9]. These three
methods are examples of univariate analysis; they describe the survival with respect to the factor under
investigation, but unavoidably ignore the impact of any others [10]. Hence, in order to present more
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details on the survival time with respect to several factors simultaneously, multivariate analysis will be
performed in this study. Multivariate analysis refers to set of statistical techniques that simultaneously
look at three or more variables with the aim of identifying or clarifying the relationships between
them [11]. Due to that and also the complexity of underlying data sets, multivariate analysis requires
much computational effort. Therefore, to simplify the complexity of the multivariate analysis, network
topology approach will be used in this study. However, network topology based on classical estimator
is extremely sensitive to outlying observations, i.e., outliers, conclusions drawn from contaminated
network topology could be misleading [12,13]. Hence, in order to overcome this problem, the classical
estimators of network topology will be substituted with robust estimators [14, 15]. Various robust
estimators such as M-estimator, Minimum Volume Ellipsoid (MVE) estimator, Minimum Covariance
Determinant (MCD) estimator, Fast-MCD (FMCD) estimator, Minimum Variance Vector (MVV),
Covariance Matrix Equality (CME) and Index Set Equality (ISE) have been presented in the previous
studies [16, 17]. Mutalib et al. [17] mentioned that ISE is as effective as FMCD and MVV and have a
lower computation time. Hence, in this study, ISE will be used to substitute the classical correlation
matrix. An example of the survival time for cervical cancer patients will be discussed to illustrate
the structure of network topology and a recommendation will be presented. The rest of the paper is
organized as follows. In the Section 2, we present the methodology of network topology, followed by
the results and discussion of corresponding example in Section 3. At the end, this paper will be closed
with a conclusion in Section 4.

2. Methodology

This section will discuss the characteristics of cervical cancer dataset used in this study and also robust
network topology will be proposed.

2.1. Case study: survival time of cervical cancer

Table 1. Description of variables used.

Variable Description

TIME Survival time from diagnosis of
cervical cancer to death (in months)

AGECAT Age at diagnosis
6 39 = 0

40 − 49 = 1
50 − 59 = 2
> 60 = 3

STG Stage at diagnosis
I = 0
II = 1

III − IV = 2

An example used in this study is about the survival time
for cervical cancer patients. There are 120 patients with
two predictor variables involved in this study. The data
was retrieved from local hospital in Malaysia. An event
of interest for this data is survival time (TIME). Those
variables are age at diagnosis (AGECAT) and stage at di-
agnosis (STG). In this study, qualitative variables which
are ethnicity (ETH), lymph node involvement (LN), his-
tologic type (HIS), primary treatment (PT) and distant
metastasis (DM) cannot be used because of singularity
problem that related to the method used.
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Fig. 1. Illustration of outliers’ situation of cervical cancer patients.

For the analysis, a response vari-
able, i.e., survival time (TIME) is
added to determine which predictor
variables give significant influence to
the response variable. The descrip-
tion of variables used as in Table 1.
Meanwhile, Figure 1 illustrates the
outliers’ situation in this dataset by
using Mahalanobis distance in R Pro-
gramming. Mahalanobis distance is

the most commonly used distance metric to detect outliers for the multivariate setting [18]. Figure 1
shows that the cervical cancer dataset used in this study contaminated with the outliers where 23 out
of 120 patients are the outliers. Croux and Haesbroeck [12] and Fitrianto and Midi [13] mentioned
that any conclusion drawn from contaminated data could be misleading.
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2.2. Robust network topology

Network topology starts with classical correlation matrix followed by transforming it into a distance ma-
trix [19]. From this matrix, a minimum spanning tree (MST) is constructed as suggested Kruskal [20],
by using Kruskal’s algorithm provided in Matlab version R2018b. Kruskal’s algorithm performed bet-
ter than Prim’s algorithm in terms of computational speed [21]. From MST, we construct the network
topology of all variables. This is a simplification of the complex system of corresponding correlation
matrix which will be used to summarize the most important information. The visualization of MST can
be made possible by using the open source called ‘Pajek’ [22]. In order to make the network topology
more attractive and easier to interpret, we use the Kamada–Kawai procedure provided in Pajek. The
interpretation of that network will be delivered by using the centrality measure, i.e., degree centrality
measure [22].

In this paper, robust network topology is proposed by substituting the classical correlation matrix
with robust correlation matrix which developed based on ISE. The robust correlation matrix was
obtained by using this following algorithm [23,24]. This algorithm was implemented in R Programming.

Step 1: Choose an arbitrary subset Hold containing h different observations, where h is the smallest
integer > (n+ p+ 1)/2, where p is the number of variables and n is the sample size. Hold

is an initial subset containing h observations were chosen from n observations.
Step 2: Compute the mean vector X̄Hold

and covariance matrix SHold
of all observations belonging

to Hold.
Step 3: Compute d2

Hold
(i) =

(

Xi − X̄Hold

)′
S−1
Hold

(

Xi − X̄Hold

)

for i = 1, 2, . . . , n. d2
Hold

(i) is the
distance for each observation in Hold.

Step 4: Sort d2
Hold

(i) for i = 1, 2, . . . , n in increasing order d2
Hold

(π(1)) 6 d2
Hold

(π(2)) 6 . . . 6

d2
Hold

(π(n)) where π is a permutation on {1, 2, . . . , n}.

Step 5: Define Hnew = {Xπ(1),Xπ(2), . . . ,Xπ(h)} and then calculate X̄Hnew
,SHnew

and d2
Hnew

(i) for
i = 1, 2, . . . , n. Hnew is a new subset obtained from Step 4 where only h observations
are chosen after d2

Hold
(i) is sorting. X̄Hnew

and SHnew
is the sample mean and covariance

matrix of Hnew. While d2
Hnew

(i) is the distance for each observation in Hnew.
Step 6: If Inew 6= Iold, let Hold := Hnew, calculate X̄Hnew

and let Hold := Hnew, X̄Hold
:= X̄Hnew

and
SHold

:= SHnew
. Then go to Step 3. Otherwise, the process is stopped. Iold and Inew is the

index sets correspond to the observations in Hold and Hnew, respectively.

Then, robust correlation matrix is obtained based on covariance matrix, SISE which obtained in
the last step. According to Singh [25], classical estimators fail to be efficient in practical scenarios when
data is riddled with outliers, hence, robust estimators approaches which are insensitive to outliers are
used in such cases.

Since the cervical cancer dataset used in this study is contaminated with the outliers, then, the
use of robust correlation matrix in network topology is a necessity to ensure the validity of conclusion
drawn from the analysis.

3. Results & discussion

The correlation matrix of survival data consists of 3 variables as nodes connected by ((3−1)×(3/2)) = 3
links each of which corresponds to the correlation between two different nodes. However, by using the
MST as in Figure 2, we only have to consider [3 − 1] = 2 links. The number of links shows that
the complexity of multivariate analysis has been reduced. MST is a subgraph that connects all the
variables (nodes) whose total weight, i.e., total distance i. Figure 2 shown that, STG relate directly
to the survival time (TIME) of cervical cancer patients.

In Figure 3, the network topology where the colour of the node (predictor variables) represents the
rank of importance based on degree centrality is presented. The colours used in this analysis, ordered
decreasingly in terms of the rank of importance: green and black. The higher the score of the centrality
measures of a particular node, the more dominance that node is. From Figure 3 STG has the highest
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STG

TIME AGECAT

STG

TIME AGECAT

Fig. 2. Minimum Spanning Tree (MST) – illustrate
which variable relate significantly to the response vari-

able, TIME.

Fig. 3. Degree centrality – indicates the level of im-
portance of a variable in terms of its connectivity with
other variables and provides information on how many

edges incident upon a given variable.

(green node) number of links, i.e., 2 links in the network. It plays the most important role in the
network. This means that TIME is strongly influenced by the STG.

Fig. 4. Scatter plot: TIME versus STG with AGECAT distribution.

P-value:      0.0009915

Equation: Time = -12.7046*Stage + 51.2856

Coefficients

Term Value

Stage -12.7046

StdErr t-value

3.7616 -3.37746
11.19454.5813451.2856intercept

p-value

0.0009915
< 0.0001

Fig. 5. Description of scatter plot’s linear trend.

Since AGECAT is not directly influenced the sur-
vival time (TIME) of cervical cancer patients, a scat-
ter plot between TIME and STG with distribution
of AGECAT was constructed by using Tableau as
in Figure 4 to illustrate their relationships. Figure 4
shows the negative trend between the TIME and
STG, indicate that the survival time (TIME) of cer-
vical cancer patients decreases when stage at diag-
nosis (STG) increases. This finding supported by

Tabatabaei et al. [26] who mentioned that higher stage of cervical cancer led to shorter survival. Fig-
ure 4 also shows that age of patients at diagnosis (AGECAT) influenced indirectly the survival time
(TIME) where the older diagnose patients led to shorter survival which implied that early diagnosis
is very important. Early diagnosis of cancer allows early intervention to try to slow or prevent cancer
development and lethality, hence, the survival improves [27]. Figure 5 illustrated the description of
linear trend on the scatter plot between TIME and STG. It can be seen that the regression model
of scatter plot is significant to use to predict the survival time since P -value (0.0009915) is less than
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standard significance level, α which is 0.05. This finding justified that STG strongly influenced the
survival time of cervical cancer patients.

4. Conclusion

Based on the analysis on MST in Figure 2, we learn that the survival time of cervical cancer patients
(TIME) is directly influenced by STG. Further analysis based on degree centrality measure justified
the finding by MST that TIME is strongly influenced by the STG. Furthermore, scatter plot between
TIME and STG with AGECAT distribution demonstrated that higher stage of cervical cancer and
older diagnose patients led to shorter survival time of cervical cancer patients. These findings verified
by the findings by Tabatabaei et al. [26] and Carneiro et al. [28] who discovered that the stage of
cervical cancer influenced the survival time of cervical cancer patients. These findings shown that the
robust network topology is reliable to use even though that the dataset used is contaminated with
outliers but yet robust network topology able to identify the significant factor that influenced the
survival time of cervical cancer patients.

Consequently, these analyses concluded that STG is the most important factor that influence the
survival of cervical cancer patients which implied that early diagnosis is very important. Early diagnosis
of cancer allows early intervention to try to slow or prevent cancer development and lethality, hence,
the survival improves [27]. For the future research, it is suggested to use a robust network topology in
these following situations.

(i) Use the dataset which not encountered the singularity problem since ISE algorithm involved the
inverse of sample covariance matrix.

(ii) Propose a new robust network topology by substitute the classical estimator with robust estimator
which is free from singularity problem.
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Надiйний пiдхiд до топологiї мережi для аналiзу виживання

Ван Юсофф В. Н. С.1, Мухаммад Н.1, Абд Муталiб С. С. С.2, Закарiя З. А.3
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Топологiю мережi можна використовувати для спрощення складностi наборiв даних.
Ми дослiджуємо її функцiю у проведеннi аналiзу виживання, щоб визначити найваж-
ливiшi фактори, що сприяли часу виживання вiд постановки дiагнозу до смертi. Цей
метод може легко проiлюструвати деякi типи складних взаємодiй у наборi даних.
Потiм, на основi цих взаємодiй, визначаються найважливiшi фактори в аналiзi ви-
живання. Однак, топологiя мережi, яка заснована на класичнiй оцiнцi, надзвичайно
чутлива до вихiдних спостережень, тобто висновки, якi зробленi на основi забрудненої
топологiї мережi, можуть бути оманливими. Тому в цiй статтi класична оцiнка, тоб-
то класична кореляцiйна матриця топологiї мережi, замiнюється надiйною оцiнкою,
тобто надiйною кореляцiйною матрицею, яка розроблена на основi рiвностi iндекс-
них наборiв (ISE). Потiм iнтерпретацiя цiєї надiйної топологiї мережi здiйснюється
за допомогою мiри центральностi, тобто ступеня центральностi. Подано та обговоре-
но дослiдження часу виживання пацiєнтiв з раком шийки матки. Надiйна топологiя
мережi показала, що найважливiшим фактором, що впливає на виживання пацiєнток
з раком шийки матки, є стадiя постановки дiагнозу (STG). Вища стадiя раку ший-
ки матки призводить до коротшого часу виживання пацiєнток з раком шийки матки.
Тому рання дiагностика дуже важлива. Рання дiагностика раку дозволяє раннє втру-
чання, щоб спробувати уповiльнити або запобiгти розвитку раку та летальностi, отже,
покращує виживання.

Ключовi слова: топологiя мережi; надiйна оцiнка; аналiз виживання; рак шийки

матки.
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