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Abstract

 Survival analysis can be defined as a field that studies the time period until the occurrence of an event. 

However, in some cases, these methods may not gain sufficient control over the disease process because 

disease progression may involve interesting intermediate events. Therefore, multistate model have multiple 

events or states, which can give greater knowledge and clarity of disease progression than a pure model for 

survival analysis. The main purpose of this study is to reduce the ambiguity of the multistate model theory that 

relies on the Markov property to estimate the competing factors that may have an impact on the amount of a 

patient’s surgery and to estimate the severity of transmission and the probabilities of transition between dif-

ferent cases )transient as well as absorption( of breast cancer patients. Finally, each factor has different effects 

on each transition.

Key words: Multistate model, Markov Property, Cox Proportional Hazard Model, Breast Cancer, Competing fac-

tors.   

پوختە
 دهدات بــە شــیکردنەوهى کات هەتــا 

گ
دهتوانرێــت پێناســەى شــيكارى هــەوڵ دان بــۆ مانــەوه لــە ژیــان بکرێــت  بــەوهى کــە لقێکــە گرنــكی  

بــکات. کــە  ۆ�ڵ پرۆســەى نەخــۆ�ش  ناتوانێــت بەتــەواوى کۆنــ�ت دۆزه  بــ�ي ئــەم  لــە هەندێــک حاڵەتــدا  ڕووداوێــک ڕوودهدات. وه لەگــەڵ ئەوهشــدا 

 
گ

دۆزى فــره هەنــگاو چەندیــن حاڵــەت و ڕووداوى گرنــكی بــەرهو پێشــچوو�ف نەخــۆ�ش چەندیــن ڕووداو قۆنــا�ف گرنــگ دهگرێتــە خــۆى. لەبەرئــەوه بــ�ي

دۆزى هــەوڵ دان بــۆ  تێدایــە کــە زۆرتریــن زانیــارى و بەرچــاو ڕوو�ف زیاتــر دهدات بــە بــەره وپێشــچوو�ف نەخۆشــیەکە وهک لــەوهى لــە شــیکارى بــ�ي

دۆزى فــره  مانــەوه ژیــان) تــاك هەنــگاو(  دهخرێتــە ڕوو. ئامانــ�ج ســەرهكى لــەم توێژینەوهیــە کــەم کردنــەوهى نــاڕوو�ف و زياتــر ڕوونکردنــەوهى  بــ�ي

نــدن بکرێــت بــۆ ئــەو هۆکارانــەى کــە لەوانەیــە کاریگــەرى هەبێــت لەســەر بــڕى  ف بــە تایبەتمەنــدى مارکــوڤ بــۆ ئــەوهى خەم�ڵ هەنــگاوه بــە پشبەســ�ت

نــدن بکرێــت بــۆ توانــاى گواســتنەوه و ئەگــەرى  پەنجەى مەمکیــان هەیــە. هەروههــا خەم�ڵ ئەونەشــتەرگەریانەى کــە دهکرێــت بــۆ ئــەو کەســانەى شــ��ي

ڕكى� کارهکان  پەنجەى مەمک. لە کۆتاییدا هەریەکە لە هۆکاره کێ�ج گواســتنەوه لە بەیىف حاڵەتە جیاوازهکان )حاڵە�ت ناوهند و پڕ( بۆ نەخۆشــا�ف شــ��ي

کاریگــەرى جیاوازیــان هەیــە لەسەرگواســتنەوه لــە بەیــىف حاڵەتــەکان.                          
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ووشەى‌سەرهكى:

ڕكى� کارهکان .                                                                                                                        پەنجەى مەمک، هۆکاره کێ�ج دۆزى چەماوهى کۆکس, ش��ي دۆزى فره هەنگاو, تایبەتمەندى مارکۆڤ, ب�ي  ب�ي

الملخص
ي بعــض الحــالات ، قــد لا تكتســب 

ة الزمنيــة حــىت وقــوع الحــدث. ومــع ذلــك ، �ف يمكــن تعريــف تحليــل البقــاء عــلی قيــد الحيــاة بأنــه حقــل يــدرس الفــ�ت

ة لاهتمــام. لذلــك فــإن النمــاذج  ــا وســيطة مثــ�ي
ً
هــذه الأســاليب الســيطرة بشــكل كافٍ عــلی عمليــة المــرض لأن تطــور المــرض قــد يتضمــن أحداث

ي لتحليــل 
ي يمكــن أن تعــ�ي معرفــة ووضوحًــا أكــ�ج لتطــور المــرض ممــا يوفــره نمــوذج نــىت متعــددة الحــالات لهــا أحــداث أو حــالات متعــددة ، والــىت

البقــاء. الغــرض الرئيــسیي مــن هــذه الرســالة هــو تقليــل الغمــوض عــن نظريــة النمــوذج متعــدد الحــالات يعتمــد عــلی خاصيــة ماركــوف لتقديــر العوامــل 

ف حــالات مختلفــة )عابــرة وكذلــك  ي قــد يكــون لهــا تأثــ�ي عــلی كميــة جراحــة المريــض وتقديــر شــدة الانتقــال واحتمــالات الانتقــال بــ�ي المتنافســة الــىت

ات مختلفــة عــلی كل انتقــال.                                                                                                                                      ا ، لــكل عامــل تأثــ�ي ً اســتيعاب( مــن مــر�ف سرطــان الثــدي. أخــ�ي

، سرطان الثدي، عامل منافس                               ي الكلمات‌الرئيسية:‌نموذج متعدد الحالات، خصائص ماركوف، نماذج كوكس الخطر النسىج

1.‌Introduction‌‌

       In recent years Multistate and competing risk models are considered as one of the common models in 

survival analysis. This is because of their common use for cancer patients. Researchers mostly focus on this 

model to collect cancer data. They try to study how treatments and prognostic factors influence the course of 

a patient of these diseases and to quantify the hazard risks and average survival cancer patients.

Nowadays, Breast Cancer is the type of cancer that more common as compared to other types of cancer. 

According to many publicities and available Data, breast cancer is the most common type of cancer among 

women. It comprises 23% of the 1.1 million female cancers that are newly diagnosed each year. This disease 

became the first cause of death in third world countries. This is because of the shift in lifestyle which causes 

an increase in incidence, and the lack of clinical advances to fight the disease )Doutani, et al, 2012, 676-681(. 

Furthermore, In Iraqi, and Iraqi province of Kurdistan Breast cancer ranks first among the other forms of cancer 

in the population and accounts for nearly one-third of reported female cancers cases among the Iraqi popula-

tion, This shows a trend for the disease to affect younger women as it is the leading cause of death among Iraqi 

women. This belongs to the lack of investigation and detection programs Cancer early, along with insufficient 

facilities for diagnosis and treatment )Annual Report Iraqi Cancer Registry )2015-2016(.

Multistate model can be called as prolong of survival analysis. It is an important useful way to get the answer 

of a wide range of questions in survival analysis that are very hard to be answered by olden models. There are 

many types of multi state model but the more common among other types is the illness-death model. As a 

model of illness-death, it has often been referred for time- to-event data in which a single terminal or more 

events has been measured and all people begin in one or more original states. Several intermediate states 

might be seen between these transitions that may or may not be visited. For variety of reasons, all individuals 
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of the initial state may not last until the end or absorbing state. This is the situation in which real life data is 

presented. Those who were able to get to the final state are called censored observations. Basic goal of such 

models is to define all feasible gradually and to calculate the unsimilar transition probabilities and intensities.

From the viewpoint of the above descriptions and explanations, in this study, the five states multistate model 

has developed for patients who suffer because of breast cancer disease as a stochastic model depends on Mar-

kov property. Furthermore, the transition intensities and probabilities between variable states have estimated. 

It also estimates the effect of the most competing factors behind transitions using the Cox proportional hazard 

model. The impacts are evaluated before and after surgery for patients. In this manner, a formal test on the 

equality of these impacts and test this mediator's impacts on death incidence are performed. In this study, 

the model is used while the initial situation of the patient is divided into four or more occurrences. i.e.; “the 

patient with the tumor” the divided amount relies on the status of the patient.  Also, the method which is used 

to collect the breast cancer data records the survival time of the patient before and after surgery. By using this 

method in the original diagnosis and using one model, the results of )no surgery, first surgery, second surgery, 

third surgery, and death( states during the disease are developed. In application and data description part the 

model is partitioned into three parts and three models to get accurate results with benefit from Markovian 

property.

2.‌Literature‌reviews:

]Broët, et al, )1999(, 83-89[ used the Multi-state model as a very helpful model, to evaluate prognostic factors 

behind each transition in breast cancer disease progression more precisely. The authors have shown that each 

of a high stage of the clinical, high grade of histological, positive lymph nodes, and age equal or less than 40 

years were all factors behind heightening the risk of developing LRR, distant recurrence or death from the be-

ginning of the disease diagnosis. Expect age, previously mentioned factors stayed as factors for metastases or 

death following LRR. This study reported that patients who experienced chemotherapy for first cancer, the risk 

for growing MCBC is very poor. The study emphasizes that as the interval between the diagnosis of the primary 

tumor and LRR increased, transition rate to distant recurrences or death risk decreases. After MCBC, nodal 

status for the first tumor and clinical stage for the contralateral tumor heightened the probability of metastasis 

or death. In opposite, the danger for patients who experienced hormone therapy after MCBC reduced. ]Saint-

Pierre, et al, )2003(, 3755-3770[ .Used a Markov continuous-time model using time-dependent covariates, 

and a Markov model with piece-by-piece steady intensities to model asthma control evolution. For this study 

the definition of asthma control grade was used for each visit to classify the status of the subject as optimal 

control, sub-optimal control and inappropriate control at the time of the visit. The author has confirmed that 

BMI is correlated with asthma management, and the amount of exacerbations. ]Putter, et al, )2006(, 366-380[ .  

Developed a semi-Markov multistate model for breast cancer patients to estimate transition rates between the 

states in the model and later used these estimates to predict the future progression of the disease for patients 
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with a given history. The authors have verified that a grate rate of transition by a positive tumor also the large 

of tumor size has the same significant but the reverse effect for the transition to death, age is known to be one 

of the significant risk factors to occur recurrence but sometimes it is non-significant to transition for death, 

Breast-conserving treatment implies a higher local recurrence rate compared to mastectomy and radiotherapy. 

The time at which local recurrence and distant metastasis occurred have clear effects on practically all transi-

tions after local recurrence and distant metastasis; early local recurrences and distant metastases increase 

the risk of progression and death.  ]De Bock, et al, )2009(, 401-408[. This work proposed using a multi-state 

model to assess whether the impacts of prognostic variables correlated with the frequency of distant metasta-

ses )DM( on the key diagnosis shift following the incidence of loco-regional recurrences )LRR( among women 

treated for invasive stage I or II breast cancer. It also suggests that the presence of an LRR is a major prognostic 

risk factor )for DM incidence(; the key prognostic risk factors for a DM are diagnostic young age, greater tumor 

size and node positivity, whereas adjuvant chemotherapy is protective for a DM. ]Meira-Machado, et al, )2009(, 

195-222[.Discussed the use of multi-state models in the evaluation of survival data comparing multi-state as-

sessment with the well-known Cox model with time-dependent covariates using two data sets: the Stanford 

heart transplant survey began in October 1967 until 1 April 1974 of the 103 patients. Furthermore, data on 

Galician breast cancer were collected between April 1991 and December 2003, which included 585 breast 

cancer patients who were treated in Galicia )Spain(. The Stanford multi-state heart transplant model therefore 

offers new insights and confirms some of the findings obtained with the Cox model. For example, breast cancer 

was infringed on the Markov property )Cox semi Markov model(, used to evaluate the covariate impacts and 

estimate the transition probabilities )non-Markov(. ]Grover, et al, )2018(, 129-139[ . Study the importance of 

CA15-3 as a disease marker in tracking and assessing the development of patients with breast cancer using a 

Markov multi-state model. Based on the identified cut-off value of tumor marker CA15-3, the study of the three 

disease progression states of breast cancer patients is specified. In addition, the importance of the measured 

CA15-3 highly correlated with the patient, reduced survival. Each age, lymph node, tumor type, and ER status 

were found to be significantly correlated with the risk of death in breast cancer patients, except for the effect 

of tumor size, which is not considered to be important in this study.

3.‌An‌introduction‌to‌Multi‌state‌model‌

A multistate model is a stochastic process )X )t(, t ∈ T( with a finite state space S = }1, 2, 3… N{. Where, T = ]0, 

τ[, is a duration which observation of the process at time t visits states at that time, and achieve certain as-

sumptions of simplification, such as time homogeneity, Markov or semi-Markov properties. Individuals travel 

through time, between states, providing data on the occupied states and the transitional period. A history )Ft-( 

is created by observing the process at intervals ]0, t( over time t with the progress of the process. In this sense, 

transition probabilities and transition intensities are the two quantities that better describe a multistate pro-
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cess. )Meira-Machado, et al, 2009, 195-222( .

The transition probabilities are described by

 )s, t( = P)X )t( = j|X)s( = i, Ft-(        for i, j  S, s, t,   T, s ≤ t                                        ... )1(

And the transition intensities are determined by the derivatives 

Pij )t( =                                                                                                  … )2(

This description means that the multistate model is Markovian, meaning that the possibility of moving to a 

future state depends only on the present state and not on past.

According to )Ibe, O, 2013( )Ibe, O, 2014(, for i, j ∈ S and, t ∈ T where  is the conditional probability of entering 

state j at time t, provided that the system was in state i at time 0. 

So, pij )t( = P)X)t( = j|X)0( = i( for all i, j ∈ S and t ≥ 0. The quantities pij )t( are called the transition probabilities.

And form a P)t( matrix called the matrix of transition probability. We can therefore describe a CTMC with n 

possible States

P )t( =P

Properties of transition probability matrix P )t(

 1. All entries are greater than or equal to 0;                 pij )t( ≥ 0 for all i, j ∈ S and t ≥ 0

 2. In every column the number of the entries is 1.      j∈S pij )t( = 1 for all i ∈ S and t ≥ 0.

 3. pij )t + s( =                      )s( for all t ≥ 0, s ≥ 0 and i, j ∈ S.       (...                                 3(         

The transition intensity can be interpreted as the instantaneous rate or hazard of making a transition from state 

i to state j at time t, for each state i, the amount of time spent in that state in a given visit is an exponentially 

distributed random variable. We define the parameter of this exponentially distributed random variable to be 

qi. At this point qi is referred to as the transition intensity, and by the time homogeneous assumption of the 

Markov process, this parameter can be regarded as a constant. Let   be the rate of going from state i to j. We 

define the parameter to be qi for this exponentially distributed random variable.

lim∆t→0 Pij (t , t +  ∆t)∆t   

p11 (t)        p12 (t) · · · p1n (t) 

P (t) =   p21 (t)        p22 (t) · · · p2n (t) 

.                  .                 . 

pn1 (t)        pn2 (t) · · · pnn(t) 

 

  

∑ pik(t) pkj k∈s  
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Properties of transition rate matrix Q )t(

)i(    = 0 for all i ∈ S

)ii(qi =   

)iii(qi =   −       = − qi for all i ∈ S.

4.‌Materials‌and‌methods

4.1‌Descriptions‌of‌the‌data

The data are taken from the patient register at the Center for the Treatment of Breast Diseases, other medi-

cal centers. The study community is patients with breast cancer that have been diagnosed with the disease in 

the period from January 2011 until December 2018. Universal asymmetry, i.e. all patients with breast cancer, 

was used in this period were )634( of patients with breast cancer had been hospitalized and had undergone 

surgery or treated without surgery. The patients had records in the archives of the hospital, and in their files, 

their addresses and phone numbers were available for subsequent follow-ups. The survival time of patients 

was determined with and without surgery and those patients who were still alive at the end of the study pe-

riod or the ones whose data were not available after a specific time-period was considered right-censored. 

But my drawback refers to the register's patient information suffer from missing values and the sample size 

about )319( females are accessed. Also, the use of an indicator variable indicating the patient's position takes 

the value one when the patient dies and takes the value zero if the patient is alive or has lost follow-up. The 

data are represented in age, the presence of carcinoma of the lymph nodes, tumor size in centimeters, and the 

margin of the surgery involved by tumor or not, type of the treatment.

4.2‌Statistical‌analysis

In this analysis, with the aid of R package mstate )de Wreede, et al, 2011, 1-30(, a time-non homogeneous 

Multistate Markov model was applied to analyze the progression of breast cancer disease. The p-value > 0.01 

has been accepted as statistically important in all situations. States associated with disease progression were 

dependent on the amount of surgery performed by patients, described as

- q1              q12    . . .    q1n q21           - q2. . .         q2n 

Q (t) =           .                 .     .         .                      qn1            qn2  . . .      - qn 

 

 

∑ qijj∈s  

∑ qij j≠i  

 

 ∑ qijj≠i  

 

∑ qijj∈s  

∑ qij j≠i  

 

 ∑ qijj≠i  

 

∑ qijj∈s  

∑ qij j≠i  

 

 ∑ qijj≠i  
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State     1                               2                       3                            4                    5 

Patient with tumor        first surgery       second surgery        third surgery       Death

 

Nevertheless, there is no reverse transition from third surgery to second or first surgery, as for other study. 

The model included covariates as categorical variables – age )≤ 50 years/<50 years(, tumor size )> 2cm/2-5 

cm/<5 cm(, nodal status )positive/negative(, surgical margin )positive/negative(, 'treatment' included both sur-

gical mastectomy and breast-conserving surgery with and without treatment, no surgery with and withaout 

treatment. A patient's survival time, which was alive at the end of the study period, was regarded as right 

censored. After close analysis of the count of surgery it became apparent that reverse transitions do not need 

to be included in the model. States 1 to 2, 3, 4 are transient states 5 and the only consuming state is death. A 

patient can switch to the absorbing state continuously between different transient states and even from any of 

the transient state. The model can be partitioned in to three models in three parts to get accurate results and 

benefits from Markov property.
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5. Cox proportional hazard regression Model

In )1972(, by summing up earlier work on the life table )Kaplan and Meier, 1958(, Cox presented a model in 

one of his famous papers, introducing his model postulating a simplified model known as the Cox regression 

model. This is one of the well-recognized statistical risk models in the Survival Analysis to examine the relation-

ship between many variables overtime before the incident takes to happen in the context of an outcome such 

as death. This model is referred as semi parametrical model because that model has two components the first 

is called the baseline hazard function of time the other is an exponential term used to produce different hazard 

rates for each individual based on which covariate groups they belong. )Bradburn,et al, 2003, 431-436(.

This model can be employed in multistate model to calculate the transition intensity and transition probability 

between states and to calculate the effect of covariate vector z on transition i       j. It is expressed by

           )t|z( =  0)t( × exp }             {                                                                                           … )4(

    0)t(: represents the baseline hazard function in i to j.

           : is the vector of regression coefficient that describes the effect of Z on transition        in i to j.

            0)t|z( =  0)t( × exp }            {                                                                                        … )5(

           : is the vector of covariates specific to transition in i to j, defined for patients based on his / her covariates 

Z Provided the covariate does not change over time. .)Andersen, et al, 1991, 153-167(.

In this study at first Cox proportional hazard regression model is applied to our Data to estimate cumulative 

hazard function with ignores influence covariates for each of three parts. The basic quantities of interest are 

the transition intensities or hazard rates from state i to state j for each transition and each part. This situation is 

illustrated with the help of three figures for each part. In the interest of space, its numeric result is not shown 

here. But the numeric result for prediction transition probability is presented for each of three parts. A second 

time Cox proportional hazard regression model is applied to calculate the effect of covariates on the transition 

between states for breast cancer patients the output is represented in three tables for each of three parts.

λij BTij Z 

 BTij Zij λij BTij Z 
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6.‌Estimation

6.1. Estimation baseline cumulative hazard function

For cumulative hazard analysis, we presume that we have data with independent censorship. 

The cumulative hazard estimator  )t( for transformation i            j is given by Nelson-Aalen

 Where     indicates the time of the incident,   is the observed number of transitions from state i to 

state j at time , and   is the number of subjects at risk for a transition from state i at  and the estimates 

of the diagonal elements  A)t( are given by          

)de Wreede, et al, 2011, 1-30(.

6.2.‌Estimation‌the‌transition‌probability‌matrix‌

The Alan- Johnson estimator is used to determine the transition probability matrix, and the formula for this 

method is as follows:

                    =                                                                                              … )7(

Where u indicates the event times, I is an n × n identity matrix, and   is a n × n matrix with ijth element. )de 

Wreede, et al, 2011, 1-30(.

6.3.‌Estimation‌parameters‌of‌the‌model

If the ordered transition times from state i to state j are  >   >   …      then the partial likelihood for that transition 

is given by

                                                                                … )8(                                           

Where  is the covariate vector for patient k, and   is  the  risk  set  at  time  t for  making  transition 

from  i฀j.

Consequently, the pervious formulation is a generalization of the Cox )1972( partial likelihood function to mul-

tistate models.

The maximum partial likelihood estimate   = )ˆb1, ˆb2, . . . , ˆbk( 0 can be found by setting the derivative of the 

expression log in Equation )8( with respect to b equal to zero and iteratively resolving the resulting simultane-

ous equations using computational methods such as the Newton-Raphson process. )Kay , 1982, 1743-1756(.
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Table )1(: Represents descriptive features of breast cancer patients )n=319(

7. Data analysis

7.1. Data analysis for part one 

The model can be represented via a transition matrix which is a 3-by-3 matrix in this case. A number at matrix 

entry )i;j( represents a possible change from state i to state j. Such numbers vary from 1 to 3 here, as there are 

3 transitions in the pattern. These transition numbers are used during the different phases of the study. If a 

transition is not permitted between two States, the entry becomes zero.  

   

            Initial         First        Death

  Initial       0           1            2

  First         0           0            3

  Death      0           0            0 

 

Competing factors                         Class code Frequency Proportion 

Age    ≤ 50 (1) 207 64.9 > 50 (2) 112 35.1 
Tumor size    < 2 cm (1) 82 25.7 

2-5 cm (2) 207 64.9 > 5cm (3) 30   9.4 
Nodal status    

Positive (1) 187 58.6 
Negative (2) 132 41.4 

Surgical margin    

Positive (1) 31   9.7 
Negative (2) 266 83.4 

No surgery (3) 22   6.9 
Type of the treatment    

Mastectomy (1) 8   2.6 
Mastectomy + therapy (2) 123 38.6 

B.c.s (3) 55 17.2 
B.c.s + therapy (4) 111 34.8 

No surgery + therapy (5) 15   4.7  
No surgery + no therapy (6) 7    2.1 
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Table )2(: Represents observed transition between states

The table above shows the observed transition during the follow-up visits between states )rows

to column(. There are 297 transitions from state 1 )patient with tumor to surgery one(. In state two, 13 patients 

died and diagnosed with cancer without surgery, while 9 patients alive without surgery diagnosed with cancer, 

but they are alive with the help of other therapies like chemo, radio, hormone during the Study, also 19 deaths 

occurred in transition three after surgery one. There is no back transition from state 2, 3 to state 1 because the 

patient after surgery one cannot go back or from death, and from state 3 to state 2 after the patient has done 

surgery one and died the patient cannot come back. Totally in this table 9 and 278 transitions were censored 

from Sate1 and State 2, respectively and 32 patients died with and without surgery.

         Figure )4(: Represents baseline hazard curves for all transitions by cox-regression model 

In Figure )4( it is clear that the cumulative hazard is increased with increasing time which leads to increasing 

the number of deaths for the patients under the Study. It also demonstrates the heights hazard from state one 

which means at first diagnosis patient with tumor to surgery one. Moreover, the hazard is high in patients that 

do not have done surgery compared to the patients that have done surgery one.

The model can also be represented using a transition probability that is the conditional probability of entering 

a patient in state j at time t, provided that the patient was in state i at time 0 with the assumption that is; The 

starting time is interpreted to calculate the transition probabilities for each transition that is a list of )S+1( com-

ponents, where S is the number of states. Item j of the list includes all probabilities of transition starting from 

 

  

  To state                                     

From state Initial First 
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No event 

 

Total entering 

 

Initial 0 297 13    9 319 

First 0 0 19 278 297 

Death 0 0 0   32  
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state j to all states and their corresponding standard errors )j = 1,.., S(.

Table )3( Represents prediction probabilities for all transitions from head and tail of state 1

Table )4(: Represents the Likelihood ratio test of postulated model

The above table shows the likelihood ratio test for fitted cox-regression model which is equal to )70.63( and 

the result of the test clarifies that the model is statistically significant because the significant value is less than 

)0.01(. 

Table )5(: Represents Parameter estimates for all covariates and all transitions with cox-regression model 

Table )5( represents the hazard ratio for each covariate )age, tumor size, nodal status and treatment( on each 

transition along with their 99% confidence interval )CI(. In second transition from initial to death Covariate 

treatment, )no surgery with other treatment( is found to be statistically associated to transition from patient 

diagnosed with tumor associated to transition with hazard of death of breast cancer patient’s that do not do 

surgery because they diagnosed their diseases at high stage of cancer.

Each of the age of group )≤ 50 years(, positive nodal status, and treatments are significantly associated with 

the transition 1 → 2. More precisely, patients )≤ 50 years( in state 1 are more likely to move to state two. This 

interprets it as majority of patient’s diagnosed with breast cancer as their age's ≤ 50 years old and have signif-

 Time pstate1 pstate2 pstate3 se1 se2 se3 
1 0.000000000 1.0000000 0.000000000 0 0.000000000 0.000000000 0 
2 0.002737851 0.9905956 0.009404389 0 0.005378564 0.005378564 0 
3 0.005475702 0.9686520 0.031347962 0 0.009666244 0.009666244 0 
4 0.008213552 0.9435737 0.056426332 0 0.012777259 0.012777259 0 
5 0.010951403 0.9341693 0.065830721 0 0.013744685 0.013744685 0 
6 0.013689254 0.9184953 0.081504702 0 0.015170030 0.015170030 0 
  

149 4.084873 0.02188329 0.8402764 0.1378403 0.009087235 0.02682659 0.02567736 
150 4.109514 0.01458886 0.8475708 0.1378403 0.007768499 0.02654902 0.02567736 
151 4.700890 0.01458886 0.8357990 0.1496121 0.007768499 0.02863844 0.02785870 
152 5.158111 0.01458886 0.8206027 0.1648085 0.007768499 0.03183105 0.03116184 
153 6.190281 0.01458886 0.7912954 0.1941157 0.007768499 0.04172282 0.04125894 
154 8.895277 0.01458886 0.7912954 0.1941157 0.007768499 0.04172282 0.04125894 

 

 

-2Loglikelihood 
 

Chi-square d.f Sig 

70. 63 54.1 12 0.0000000002 
 

 

Factors  SE Wald d.f Significant value 

 

Age.1 -0.242 0.124 8.174 1 0.004 

Age.2 0.348 0.614 2.035 1 0.153 

Age.3 0.667 0.477 0.408 1 0.522 

Tumor.size.1 0.198 0.090 3.745 1 0.052 

Tumor.size.2 -0.475 0.637 0.084 1 0.771 

Tumor.size.3 -0.203 0.408 0.230 1 0.630 

Nodal.status.1 0.187 0.119 4.261 1 0.038 

Nodal.status.2 0.142 1.302 5.207 1 0.022 

Nodal.status.3 -1.271 0.574 4.079 1 0.043 

Treatment.1 -0.159 0.041 15.370 1 0.00008 

Treatment.2 1.248 0.425 20.195 1 0.000006 

Treatment.3 0.940 0.308 6.8372 1 0.008 
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icant tumor size as well as at first before surgery type of treatment, )no surgery with and without treatment( 

is statistically associated with transition 1→ 2. As well as type of treatment and positive nodal is statistically 

associated with transition 1→ 3. In transition 2→ 3 type of treatment and positive nodal have significantly as-

sociated to transition to death for patients who underwent first surgery.

7.2. Data analysis for Part two 

The model can be represented via a transition matrix which is a 3-by-3 matrix in this case. A number at matrix 

entry )i;j( represents a possible change from state i to state j. Such numbers vary from 1 to 3 here, as there 

are 3 transitions in the pattern. These transition numbers are used during the different phases of the study. If 

a transition is not permitted between two States, the entry becomes zero. 

               First       Second      Death

   First          0           1             2

  Second      0           0             3

  Death        0           0             0

Table )6( represents observed transition between states

The above table shows that the observed transition between states )rows to column( during the follow-up 

visits. There are 67 transitions from state 1 )first surgery to second surgery( in state two 19 patients died after 

surgery one, and state three has 7 transitions which represents patients died after second surgery. There is no 

back transition from state 2 to state 1 or from state 3 to state 2 because patients after have done surgery one 

and died; the patient cannot go back to surgery one or go after surgery two, as the patient cannot comeback 

to surgery one. Totally in this table, 196 and 60 transitions were censored after surgery one and surgery two, 

respectively 26 patients died.

 

  

 

  
To state 

From state First 
 

Second 
 

  Death  No event 
 

  Total entering 
 

First 0 67 19     196             282 
Second 0 0 7       60               67 
Death 0 0 0   26                26 
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Figure )5(: Represents baseline hazard curves for all transitions by cox-regression model 

Figure )5( illustrates the heights hazard from state one which means at first surgery to second surgery. More-

over, it shows that the hazard of patients that have done surgery two is more compared to those patients 

that have done surgery one, also the number of patients that have done surgery two are less compared to 

those patients that done surgery one. It is also, clear that the cumulative hazard is increased which leads to 

increasing the number of deaths for the patients under the Study.

The model can also be represented using a transition probability that is the conditional probability of enter-

ing a patient in state j at time t, provided that the patient was in state i at time 0 with the assumption that is, 

the starting time is interpreted to calculate the transition probabilities for each transition that is a list of )S+1( 

components, where S is the number of states. Item j of the list includes all probabilities of transition starting 

from state j to all states and their corresponding standard errors )j = 1,.., S(.

Table )7(: Represents prediction probabilities for all transition from state1 )head and tail(
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 Time pstate1 pstate2 pstate3 se1 se2 se3 
1 0.00000000 1.0000000 0.000000000 0 0.000000000 0.000000000 0 
2 0.03011636 0.9964539 0.003546099 0 0.003533524 0.003533524 0 
3 0.03285421 0.9929078 0.007092199 0 0.004988243 0.004988243 0 
4 0.03832991 0.9893617 0.010638298 0 0.006098386 0.006098386 0 
5 0.04380561 0.9858156 0.014184397 0 0.007029156 0.007029156 0 
6 0.04928131 0.9822695 0.017730496 0 0.007844662 0.007844662 0 
  

74 4.084873 0.6667120 0.2298280 0.1034601 0.03109734 0.02678218 0.02141305 
75 4.700890 0.6574521 0.2298280 0.1127199 0.03199607 0.02678218 0.02307050 
76 5.032170 0.6574521 0.2170598 0.1254882 0.03199607 0.02802172 0.02583283 
77 5.158111 0.6454984 0.2170598 0.1374418 0.03353508 0.02802172 0.02808816 
78 6.190281 0.6224449 0.2170598 0.1604953 0.03924141 0.02802172 0.03527410 
79 8.895277 0.6224449 0.2170598 0.1604953 0.03924141 0.02802172 0.03527410 
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Table )8(: Represents the Likelihood ratio test of postulated model

The above table shows the likelihood ratio test for fitted cox-regression model which is equal to )119.3( and 

the result of the test clarifies that the model is statistically significant because the significant value is less than 

)0.01(.

Table )9(: Represents Parameter estimates for all covariates and all transitions with cox-regression model

Table )9( represents the hazard ratio for each covariate )age, tumor size, nodal status, surgical margin and 

treatment( on each transition along with their 99% confidence interval )CI(. Each of age ≤ 50, tumor size, 

surgical margin which is involved by tumor or type of treatment have associated with transition 1 → 2. In 

transition 1 → 3 from first surgery to death positive nodal status and type of treatment is found to be statisti-

cally associated with hazard of death. In third state for breast cancer patient’s that have done second surgery 

positive nodal status and type of treatment have statistically associated with transition 2 → 3.

-2Loglikelihood 
 

Chi-square d.f Sig 

119.3 120.3 15 0.0000000000000002 
 

Factors  SE Wald d.f Significant value 

 

Age.1 -0.249 0.314 6.672 1 0.009 

Age.2 0.331 0.467 0.253 1 0.614 

Age.3 -1.402 1.113 0.334 1 0.562 

Tumor.size.1 0.441 0.209 17.231 1 0.00003 

Tumor.size.2 -0.346 0.416 0.261 1 0.609 

Tumor.size.3 -0.472 0.743 0.918 1 0.337 

Nodal.status.1 -0.250 0.268 1.947 1 0.162 

Nodal.status.2 -1.203 0.580 4.480 1 0.034 

Nodal.status.3 -17.63 2329 9.464 1 0.002 

Surgical.Margin.1 -1.680 0.359 44.163 1 0.0000000000302 

Surgical.Margin.2 16.33 9334 0.146 1 0.701 

Surgical.Margin.3 -0.892 1.167 2.496 1 0.114 

Treatment.1 0.610 0.150 19.145 1 0.00001 

Treatment.2 0.647 0.251 7.745 1 0.005 

Treatment.3 -0.807 0.360 4.030 1 0.044 
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7.3.‌Data‌analysis‌for‌part‌three

The model can be represented using a matrix for transformation, which is a matrix of 3-by-3 in this case. A 

number at matrix entry )i;j( represents a possible change from state i to state j. These numbers range from 1 

to 3 here, since there are 3 transitions in the pattern. These transition numbers are used during the various 

phases of the study. If a transition is not permitted between two States, the entry becomes zero. 

              Second        Third      Death

  Second       0           1            2

  Third          0           0            3

  Death         0           0            0     

Table )10( represents observed transition between states

The above table shows that the observed transition between states )rows to column( during the follow-up 

visits. There are 15 transitions from state 1 )second surgery to third surgery(, in state two 7 patients died 

after surgery two, state three has 4 transitions which represents patients died after surgery three. There is no 

come back transition from state 2 to state 1 or from state 3 to state 2 because patients after that have done 

surgery three; the patient cannot come back to surgery two or die after surgery two and three as the patient 

cannot comeback from death. Totally in this table, 60 and 11 transitions were censored after surgery two and 

surgery three, respectively 11 patients died.
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Second 0 15 7 60 82 
Third 0 0 4 11 15 
Death 0 0 0 11 11 
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Figure )6(: Represents baseline hazard curves for all transitions by cox-regression model 

Figure )6( represents the highest hazard in stage three where patient after surgery three move to Death 

compares those patients that have done second surgery also the number of patients that have done third 

surgeries is less compares the patients that have done second surgery this means as the number as surgery 

increases the hazard increases with it. 

The model can also be represented using a transition probability that is the conditional probability of enter-

ing a patient in state j at time t, provided that the patient was in state i at time 0 with the assumption that is, 

the starting time is interpreted to calculate the transition probabilities for each transition that is a list of )S+1( 

components, where S is the number of states. Item j of the list includes all probabilities of transition starting 

from state j to all states and their corresponding standard errors )j = 1,.., S(.

Table )11(: Represents prediction probabilities for all transition from state1 )head and tail(

Table )12(: Represents the Likelihood ratio test of postulated model

The above table shows the likelihood ratio test for fitted cox-regression model which is equal to )44.68( and 

the result of the test clarifies that the model is statistically significant because the significant value is less than 

)0.01(.

 Time pstate1 pstate2 pstate3 se1 se2 se3 
1 0.00000000 1.0000000 0.00000000 0 0.00000000 0.00000000 0 
2 0.02464066 0.9878049 0.01219512 0 0.01204640 0.01204640 0 
3 0.04654346 0.9756098 0.02439024 0 0.01693004 0.01693004 0 
4 0.07939767 0.9634146 0.03658537 0 0.02060417 0.02060417 0 
5 0.08487337 0.9512195 0.04878049 0 0.02363962 0.02363962 0 
6 0.12320329 0.9390244 0.06097561 0 0.02625884 0.02625884 0 
  

23 2.151951 0.7402053 0.1478843 0.1119104 0.05018465 0.04026109 0.03679655 
24 2.376454 0.7402053 0.1267580 0.1330367 0.05018465 0.03897199 0.04061737 
25 2.663929 0.7217002 0.1452631 0.1330367 0.05215055 0.04226385 0.04061737 
26 3.704312 0.7217002 0.1162105 0.1620894 0.05215055 0.04102906 0.04602337 
27 5.032170 0.6816057 0.1162105 0.2021838 0.06212726 0.04102906 0.05818252 
28 8.588638 0.6816057 0.1162105 0.2021838 0.06212726 0.04102906 0.05818252 

 

-2Loglikelihood Chi-square d.f Sig 
 

44.68 17.77 15 0.00009 
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Table )13(: Represents Parameter estimates for all covariates and all transitions with cox-regression model

Table )13( represents the hazard ratio for each covariate )age, tumor size, nodal status and treatment( on 

each transition along with their 99% confidence interval )CI(. In first transition from second surgery to third 

surgery covariate age ≤ 50 and surgical margin which is involved by tumor is statistically associated with tran-

sition 1→2. On the other hand, positive nodal and type of the treatment associated with transition 1→3 as 

well as positive nodal associated with transition 2→ 3 push patients to death after third surgery.

8.‌Conclusions‌
The Multistate Markove model is applied for recording the complex progression of breast cancer in women. 

Since the multistate model is the natural option for studying the progression of disease and it also helps us 

estimate transition intensities and probabilities of change among states. By using the properties of Markove 

models, this study demonstrated the utility of the non-homogeneous multistate disease mortality model in 

the review of the breast cancer disease follow-up study.

The following conclusions are drawn and created to support humanity through statistics:

1. Young age is a common competing factor to occur recurrence and makes patients become surgery from 

patients diagnosed with tumor to surgery or from first to other surgeries, as well as the reverse effect for the 

transition to death.

2. It is clear that the grate rate of transition by positive nodal status also the large of tumor size has the sig-

nificant effect but the reverse effect for the transition to death.

3. Surgical margin significantly increases transition rates from first surgery to other surgeries, as well as the 

converse influence for transition to death.

4. Type of treatment that has done for breast cancer patients significantly increases the transition rates from 

 

Factors  SE Wald d.f Significant value 

 

Age.1  1.49 0.529 5.932 1 0.014 

Age.2 -1.071 1.151 0.330 1 0.565 

Age.3 43.06 12380 0.101 1 0.749 

Tumor.size.1 0.126 0.358 0.379 1 0.537 

Tumor.size.2 -0.093 0.684 0.091 1 0.762 

Tumor.size.3 52.07 10490 0.335 1 0.562 

Nodal.status.1 0.137 0.528 0.022 1 0.879 

Nodal.status.2 19.99 9087 9.740 1 0.001 

Nodal.status.3 52.76 11370 11.736 1 0.0006 

Surgical.Margin.1 1.385 0.63 5.305 1 0.021 

Surgical.Margin.2 -0.129 1.38 1.426 1 0.232 

Surgical.Margin.3 -94.83 18170 2.951 1 0.085 

Treatment.1 -0.158 0.296 0.279 1 0.597 

Treatment.2 -0.788 0.396 4.656 1 0.030 

Treatment.3 8.52 2506 1.386 1 0.239 
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first surgery to second also; it increases the transition rates after surgery to death this obviously seen from 

table )5 , 9, 13(.

5. According to the results, the worst stage of breast cancer, which is the fourth stage and is )52( patients out 

of )319( patients, is reached in patients )16 per cent(. This can be interpreted as having a life-long connection 

to the advanced stage of the illness. Nearly )16%( of patients refer to local spreading or metastatic doctors 

and this is the leading cause of death hazard and short lifetime.

6. The hazard function is highest in patients who have done surgery three compares with patients who have 

done surgery two also surgery two compares surgery one. As the number of surgeries increases the hazard 

function increases and the elevated time highly associated with higher hazard of the patient.

9. Recommendations

After pointing to conclusions that were obtained in this study, the following recommendation for future work 

are relevant:

1. It is possible to use another type of multistate model to study some chronic disease like )kidney, heart, 

diabetes…(.

2. It is feasible to use other competing factors that maybe have an effect on breast cancer surgeries like 

hormone receptors )Estrogen, Progesterone, Her2 when they are triple negative( and used big sample size as 

much as to get more accurate conclusions. 
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