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Abstract: In Nigeria, Breast Cancer is the most common malignancy among women. Unfortunately, many breast cancer 

patients present for treatment late. Using a parametric survival model to predict the survival times of patients and contribution 

of the prognostic factors, the study focused on the 1-year survival of breast cancer patients from the day of presentation. A total 

89 women, who were diagnosed with breast cancer in which 32.56% reported early for treatment from 2009 to 2014, were 

recorded. Age, stage of presentation, average years of breastfeeding, neoadjuvant treatment offered, age at menarche and use of 

contraceptives were the variables used in the study. The predictive model that can be used to predict survival times of breast 

cancer patients was obtained. The results showed that stage at presentation is significant at 0.05 significance level. 
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1. Introduction 

Cancer is known medically as a malignant neoplasm. It is 

a broad group of disease involving unregulated cell growth. 

In Cancer, cells divide and grow uncontrollably, forming 

malignant tumors and invading nearby parts of the body. The 

cancer may also spread to more distant parts of the body if 

not well taken care of at the early stage of formation. There 

are over two hundred different known cancers that affect 

humans but findings show that the commonest is Breast 

Cancer. [4] 

Breast cancer occurs when cancer develops from breast 

tissue. Signs of breast cancer may include a lump in the 

breast, a change in breast shape, dimpling of the skin, fluid 

coming from the nipple, or a red scaly patch of skin. In those 

with distant spread of the disease, there may be bone pain, 

swollen lymph nodes, shortness of breath, or spinal cord 

paralysis. 

In general, breast cancer is the most common malignancy 

among women in developed as well as some developing 

countries, often being the second leading cause of cancer 

mortality after lung cancer [9]. 

Breast cancer affects women of all races without exception 

even though severity and survival rate are often diverse [10]. 

The breast cancer burden differs between countries and 

regions showing variations in incidence, mortality and 

survival rates. Early diagnosis of breast cancer is known to 

be vital not just in the treatment of the disease but also in 

determining prognosis [5]. Incidence rates are higher in the 

developed countries than in the developing countries. 

Incidence rates are also higher in urban areas than in the rural 

areas [4]. 

In Africa, breast cancer has overtaken cervical cancer as the 

commonest malignancy affecting women and the incidence 

rates appear to be rising. In the United Kingdom, where the 

age standardized incidence and mortality is the highest in the 

world, the incidence among women aged 50 approaches two 

per 1000 women per year, and the disease is the single 

commonest cause of death among women aged 40-50, 

accounting for about a fifth of all deaths in this age group. 
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There are more than 14 000 deaths each year, and the 

incidence is increasing particularly among women aged 50-64, 

probably because of breast screening in this age group [6]. 

In Nigeria for example, incidence rate has increased from 

13.8-15.3 per 100,000 in the 1980s, to 33.6 per 100,000 in 

1992 and 116 per 100,000 in 2001. These increases in 

incidence are due to changes in the demography, socio-

economic parameters, epidemiologic risk factors, late 

reporting and unawareness of the disease. While mortality 

rates are declining in the developed world (Americas, 

Australia and Western Europe) as a result of early diagnosis, 

screening, and improved cancer treatment programs, the 

converse is true in the developing countries [2]. 

Factors that increase the incidence of breast cancer include 

early menarche and late menopause, null parity and an 

increased age at the first birth. Also, family history of breast 

cancer before the age of 40, bilateral breast cancer, ovarian 

cancer, and male breast cancer are also associated with breast 

cancer [7]. Many of these factors cannot be prevented. 

Therefore, early screening is still the best way to control the 

disease and configures one of the strategies to increase the 

survival rate of the women. Survival refers to the occurrence of 

a specific event of interest, starting from an initial time until a 

final time, for example, from the diagnosis of breast cancer to 

the death. Thus, the analysis of survival means the likelihood 

of survival from zero time until the final time considered. 

Knowing the factors that contribute to increased survival rates 

among women with breast cancer may help define early 

detection actions, and improve treatment and care proposals, in 

the nursing area as well as in all the areas of health. 

2. Breast Cancer in Nigeria 

In the North-Western geopolitical zone of Nigeria, cancer 

of the breast was second to cancer of the cervix, while at 

University College Hospital (UCH), Ibadan (situated in the 

South-Western geopolitical zone of Nigeria) it was the 

leading malignancy among women. In the North-Central 

geopolitical zone, breast cancer constituted 22.41% of new 

cancer cases registered in 5 years and accounted for 35.41% 

of all cancers in women. 

Unfortunately there is paucity of data and sparse literature 

review on the trends of breast cancer in Nigeria due to few 

existing cancer registries most of which are either hospital-

based or pathology based instead of the preferred population-

based cancer registries. Also, in low resource countries, 

hospital-based cancer registry has been serving as a 

fundamental source of information on cancer [3]. 

In Nigeria, breast cancer was characterized by late clinical 

presentation and in advanced stage of the disease, when only 

chemotherapy and palliative care could be offered, and 

therefore associated with high mortality [1]. 

In Nigeria, as indeed in many developing countries, a 

combination of poor health education, poverty and a high 

patronage of non-orthodox healing practices among the 

populace contribute to late presentation of breast cancer in 

many hospitals with attendant high number of metastatic 

disease and poor disease survival. This is worsened by the 

commonly encountered non-adherence to treatment schedule 

among the patients. The burden of caring for these large 

numbers of patients in a low resource country is enormous 

[2]. The purpose of this study is to derive the model that can 

predict survival times of breast cancer patients and determine 

which prognostic factor. 

3. Related Works 

According to Aalen [11], the parametric model is 

underused in medical research and deserving of more 

attention. Elvan [16] compared five survival models using 

breast cancer registry data from Ege University Cancer 

Research Center. A survival analysis was conducted by using 

Weibull, Gamma, Gompertz, Loglogistic and Lognormal 

distribution of parametric models. In the analysis of the 

survival periods using parametric models, the age variable is 

taken as the covariate. To determine the best model among 

parametric models, Akaike Information Criteria (AIC) was 

exploited. The results of the study revealed that the survival 

model found by the Gompertz distribution was the most 

appropriate one. 

Zare [8] worked on modelling of breast cancer prognostic 

factors using a parametric log-logistic model in Fars 

province, Southern Iran. The log-logistic model was 

employed as the best parametric model which could explain 

survival times. The hazard rates of the poor and the medium 

prognosis groups were respectively 13 and 3 times greater 

than in the good prognosis group. Also, the difference 

between the overall survival rates of the poor and the 

medium prognosis groups was highly significant in 

comparison to the good prognosis group. 

Vallinayagam [15] compared the performance of the 

common parametric models to a breast cancer survival data 

and found out that lognormal model is better than other 

models after comparison using the likelihood ratio test. 

Baghestani et.al [12] used the weibull parametric model to 

analyse the survival time of breast cancer patients that were 

treated at the cancer research centre in Shadid Beheshti 

University of Medical Sciences and found out that the one 

year overall survival rate was 0.98. 

4. Materials and Method 

4.1. Study Site 

Ladoke Akintola University of Technology Teaching 

Hospital, Osogbo, the capital city of Osun state was 

established in 1991. It is located in Osun state in the South-

Western part of Nigeria. It is jointly owned and funded by 

two states (Oyo state and Osun state) 

4.2. Study Design 

The study was a descriptive study conducted on breast cancer 

cases from 2009 to 2014. The study was carried out at the 

general surgery ward of the hospital. Four parametric survival 
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models were used to model survival times of the breast cancer 

patient (a regression model) and determine the effect of the 

prognostic factors towards the survival times of the patient. 

4.3. Data Collection 

Clinical data from eighty-nine selected breast cancer 

patients were retrieved from their case-note files at the Ladoke 

Akintola University of Technology Teaching Hospital, 

Osogbo. The survival times of the patients were retrieved from 

their files, right censored at one year of diagnosis. The survival 

time recorded is the time from the day of report (admission) of 

the patient till the day of last contact (death, alive or loss to 

follow up). Also, variables (factors) that might influence the 

survival time of the patient were also recorded. The variables 

retrieved for this research are Age of Patients at report (Age), 

Age of Patient at menarche (menarche), Use of Contraceptives 

(contraceptives), Average years used for breastfeeding 

(breastfeeding), Stage of tumor development at the point of 

report (detection) and the use of Neoadjuvant Therapy 

(neoadjuvant). 

4.4. Methods 

Parametric methods assume that the underlying 

distribution of the survival times follos certain known 

probability distribution. Popular ones include the 

exponential, weibull, log-logistics and lognormal 

distributions. The description of the distribution of the 

survival times and the change in their distribution are usually 

estimated using maximum likelihood method. Survival 

estimates obtained from parametric survival models typically 

yield plots more consistent with the theoretical survival 

curve. Also, efficiency and completeness of estimates are the 

main appeals of using the parametric approach. 

Accelerated Failure Time Model (AFT) 

The AFT is a predictive (regression) model in which the 

survival times (time to event) depends on the covariates. Let 

Ti be a random variable denoting the survival times of the i
th

 

individual in the sample, 

xip, p= 1,…, k be the values of k-covariates for the same 

individual and 

i = 1,…, n where n is the sample size, the model is 

��� � 	� � �	
 � 	�	                             (1) 

where � is said to follow a particular distribution, β are the 

estimates of the covariates x and �  is the intercept of the 

model. 

Estimates of the parameters of the AFT model can be 

derived by using the Maximum Likelihood Estimation (M. L. 

E) method, involving optimization technique. The maximum 

likelihood function is of the form 

� � 	∏ ����/�, 
��
��� �	∏ ����

�/�, 
�	�
���          (2) 

which equivalently is 
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where ���/
�=exp�#�
� and ���� � �exp�#�
�. 
Also ��������  and ��������  are the baseline probability 

density function and baseline survival function respectively. 

4.5. Data Analysis 

The retrieved data was analyzed using four common 

existing survival models (exponential, weibull, lognormal, 

loglogistic) with the aid of R-statistical software. In this 

study, Akaike Information Criterion (AIC) was used to 

measure the goodness of statistical models fitness (determine 

the considerably best model). The smaller the AIC, the better 

it is [17]. AIC for the model used in this study has been 

calculated according to the following equation 

$%& � 	#2 log��+,-�+.//0� � 2,	              (4) 

in which k is the number of parameters in the model. 

Also, from the model with the lowest AIC, the prognostic 

factor was considered significant if the p-value is less than 

0.05 (i.e p < 0.05) and if otherwise, the prognostic factor is 

insignificant according to the result of the study. 

5. Results 

A total 89 women were diagnosed with breast cancer in 

which 32.6% reported early for treatment. The mean age at 

presentation is 50.29 and 46.07% used contraceptives. Figure 

1 is a chart showing the survival time distribution of the 

patients. The distribution is skewed to the left as could be 

seen from the histogram. The skewness of this survival time 

distribution is pointing to the fact that as the survival time 

increases, the number of survivors decreases. Figure 2 

displays the histogram showing the distribution curves of the 

fitted models under consideration which shows that the data 

is well fitted by the distributions. 

 

Figure 1. Histogram of the survival times of Breast cancer patients. 
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Figure 2. Histogram of survival time and the fitted distribution. 

Using the four survival models to model the survival times 

of the patients, the tables 1-4 show the results of the 

estimates of parameter and p-value of each parameter. 

Comparing the AIC of the derived models, table 5 shows that 

lognormal clearly demonstrates superiority over these other 

models due to its lowest AIC. Using the lognormal model the 

result of the study showed that the stage of reporting 

(detection) was significant. 

Table 1. Analysis of the survival times of breast cancer patients using 

loglogistic survival model. 

Parameters Value Std. Error z p 

(Intercept) -1.5145 3.0310 -0.500 6.17e-01 

Age 0.0382 0.0319 1.199 2.31e-01 

Menarche -0.0886 0.1341 -0.661 5.09e-01 

Breastfeed 0.7485 0.6288 1.190 2.34e-01 

Contraceptive 1.1620 0.6551 1.774 7.61e-02 

Detection 1.5490 0.7115 2.177 2.95e-02 

Neoadjuvant 1.1762 0.6844 1.719 8.57e-02 

Log(scale) 0.4672 0.1188 3.932 8.41e-05 

Table 2. Analysis of the survival times of breast cancer patients using 

lognormal survival model. 

Parameters Value Std. Error z p 

(Intercept) -1.2598 3.1709 -0.397 6.91e-01 

Age 0.0406 0.0325 1.250 2.11e-01 

Menarche -0.1018 0.1394 -0.731 4.65e-01 

Breastfeed 0.6021 0.6237 0.965 3.34e-01 

Contraceptive 1.1087 0.6550 1.693 9.05e-02 

Detection 1.4720 0.7163 2.055 3.99e-02 

Neoadjuvant 1.3543 0.6995 1.936 5.28e-02 

Log(scale) 1.0062 0.1076 9.356 8.30e-21 

Table 3. Analysis of the survival times of breast cancer patients using 

exponential survival model. 

parameter Value Std. Error z p 

(Intercept) 1.8867 1.7423 1.083 0.278865 

Age 0.0347 0.0157 2.208 0.027258 

Menarche -0.0562 0.0690 -0.815 0.415135 

Breastfeed 0.1807 0.3364 0.537 0.591173 

Contraceptive 0.6521 0.3009 2.168 0.030184 

Detection 1.1660 0.3321 3.511 0.000446 

Neoadjuvant 0.6491 0.3195 2.032 0.042166 

Table 4. Analysis of the survival times of breast cancer patients using 

weibull survival model. 

Parameter Value Std. Error z p 

(Intercept) -0.4937 3.2719 -0.151 8.80e-01 

Age 0.0431 0.0318 1.355 1.76e-01 

Menarche -0.1135 0.1379 -0.823 4.10e-01 

Breastfeed 0.6967 0.6458 1.079 2.81e-01 

Contraceptive 1.1654 0.6488 1.796 7.25e-02 

Detection 1.6083 0.6962 2.310 2.09e-02 

neoadjuvant 1.2938 0.6695 1.932 5.33e-02 

Log(scale) 0.7781 0.1171 6.643 3.07e-11 

Table 5. Table showing comparison of AIC of the survival models. 

Model Loglikelihood AIC 

Exponential -374.3 762.6 

Lognormal -337.9 691.8 

Loglogistic -338.7 693.4 

Weibull -341.9 699.8 

6. Discussion 

Breast cancer is a clinically heterogeneous disease. This 

study showed that lognormal model is considerably the best 

fitted life time model as supposed to weibull distribution 

gotten in a study done in Pakistan. Survival rate are worse 

when compared to those in older women and multivariate 

analysis has shown younger age to be independent predictor 

of adverse outcome in a study done by Carey et.al [14]. 

However, age seems not to be significant predictor of 

survival in this new finding. This may be due to the fact that 

cancer can develop both in the young and old and therefore 

there should be no age limit to when self-breast examination 

should be instituted. Self-breast examination should be 

encouraged even right from adolescence. However, in this 

study, early detection of breast cancer is a good prognostic 

factor for survival; this was in line of what was discovered in 

a study done in Spain, which collaborated the fact that stage 

of presentation (detection) was a good predictor of survival 

times for breast cancer patients [9]. 

7. Conclusion 

In this study, four parametric survival models were used to 

model the survival times of breast cancer patient in a 

teaching hospital in Osogbo. The model is a predictive model 

of survival times, considering the prognostic factors. The 

AIC was used to compare the models. Out of the four models 

used in this study, lognormal survival model which has the 

lowest AIC value was the considerably best model. In the 

lognormal model, stage of presentation (detection) of the 

breast cancer is found to be statistically significant with the 

survival experience while other factors are insignificant. 

Recommendations 

Self-breast examination should be advocated. If breast 

cancer is detected early, survival time is improved. This is 

because once a lesion is detected early, preventive or curative 
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measures can be instituted before further spread of the tumor. 

However, some of the known modifiable risk factors for 

breast cancer can be engineered such as prevention of 

obesity, avoidance of consumption of fatty foods etc. Also, 

we advocate for the government to promote breast cancer 

awareness practices (especially the need for early reporting 

of breast cancer) among females especially adult females. 

The government should further help in making cancer 

registries functional in Nigeria to enhance proper 

documentation of cancer patients. 
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