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Introduction

Breast cancer, the most common cause of cancer death and the most frequently diagnosed cancer among women worldwide, ranks as the second cause of death next to lung cancer. Thus, the main objective was to assess the factors that affect the survival time of breast cancer patients using the shared frailty model.



Methods

A retrospective study design was used to collect relevant data on the survival time of breast cancer patients from the medical charts of 322 breast cancer patients under follow-up at the Felege Hiwot Comprehensive Specialized Hospital (FHCSH). The data were explored using the Cox proportional hazard model, the accelerated failure time model, and shared frailty models. The model comparison was done using AIC and BIC. As a result, the Weibull gamma shared frailty model had a minimum AIC and BIC value.



Result

From a total of 322 patients, about 95 (29.5%) died and 227 (70.5%) were censored. The overall mean and median estimated survival times of breast cancer patients under study were 43.7 and 45 months, respectively. The unobserved heterogeneity in the population of clusters (residence) as estimated by the Weibull-gamma shared frailty model was 0.002 (p-value = 0.000), indicating the presence of residential variation in the survival time of breast cancer patients. The estimated hazard rate of patients who had not had recurrent breast cancer was 0.724 (95% CI: 0.571, 0.917) times the estimated hazard rate of patients who had had recurrent breast cancer.



Conclusion

The prevalence of breast cancer was considerably high. Under this investigation, older patients, patients in stages III and IV, anemic and diabetes patients, patients who took only chemotherapy treatment, metastasized patients, patients with an AB blood type, patients with a positive breast cancer family history, and patients whose cancer was recurrent had high death rates. Patient characteristics such as age, stage, complications, treatment, metastasis, blood type, family history, and recurrence were significant factors associated with the survival time of women with breast cancer.
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Introduction

Cancer is a disease caused by the uncontrolled division of abnormal cells in a part of the body. It begins when cells start to grow uncontrollably due to genetic changes that impair their normal evolution. It can develop almost anywhere in the body (1). Among numerous types of cancer, breast cancer is the second most common type after lung cancer, each contributing 12.3% of the total number of new cases diagnosed by 18 million people (2, 3), but in 2020 breast cancer became the first and the leading common type of cancer, contributing (11.72%) for breast cancer and (11.43%) for lung cancer and it will be the most deadly disease for females in developed and developing countries if treatment is not initiated at an early stage (4, 5).

Breast cancer is the most diagnosed cancer among all women worldwide overall and in 140 of the world’s 184 countries, representing one-quarter of all cancers diagnosed in women. It is also the leading cause of cancer deaths among women globally. Although once primarily considered a disease of Western women, 52% of new breast cancer cases and 62% of deaths now occur in economically developing countries (6). It is the first leading cause of cancer death among women in 2020 in Africa, with over 1.1 million cases and 711,429 deaths (Breast Cancer Statistics and Resources, 2020). The most common female malignancy in most African countries is cancer, with the first or second highest incidence and/or mortality rate (7).

The number of deaths from breast cancer in Africa is estimated to double by the year 2050. In sub-Saharan Africa (SSA), breast cancer survival rates are poor, and diagnosis of cancer at earlier stages could prevent deaths (8). African women from sub-Saharan Africa will be found to have a low incidence of breast cancer, yet a higher mortality rate compared to women from developed nations (9). The estimated age-standardized rates for breast cancer incidence in sub-Saharan Africa (which range from 15 to 53 per 100,000 women) are lower than in Western countries (which range from 53 to 102 per 100,000) (10).

In Ethiopian women, breast cancer is the most prevalent type of cancer. Despite the high incidence, Ethiopia’s mortality rate and breast cancer patient survival rates were poorly understood (11). While there is probably very substantive underreporting as rural women seek help from traditional healer seeking, the incidence of breast cancer rate in Ethiopia is low, many are never diagnosed and not reported particularly from the rural side of the country, and there is not much awareness from health care professionals (12). Many patients in Ethiopia are unaware of the signs and symptoms of breast cancer, which leads to delays in reaching an effective diagnosis and care and is often complicated by unclear and inefficient navigation of the health system and, consequently, often presents too late for effective treatment (13, 14). According to various research, the trend of breast cancer over the past 16 years has increased year over year. This increase may be related to a lack of awareness, the hospital’s remote location, and the hospital’s limited capacity for breast cancer diagnostics (15).

Rates of survival with breast cancer have significantly increased all over the world in the past decades. Researchers led by (16), a senior epidemiologist for the American Cancer Society, examine international trends in incidence and death rates of 39 and 57 from all over the world, respectively. In contrast to incidence trends, breast cancer death rates have decreased in most countries (17). Most of the decreasing trends, as well as the most rapid declines, occurred in high-income countries because of improved breast cancer treatment and early detection through mammography. But while death rates are dropping in most countries, the study finds that they have increased in economically transitioning countries (18). In most high-income nations, mortality rates are falling while incidence rates are rising or remaining stable. The actual cause for concern, however, is the rising incidence and fatality rates in developing nations. Increased risk factors brought on by economic growth and urbanization, such as obesity, adoption of a Western-style diet, physical inactivity, delayed childbearing, and shorter nursing length, are most likely to blame for the rise in breast cancer incidence in emerging nations (17, 18).

Research from Vietnam has found that educational status affects the risk of mortality. This is because with a higher level of education there is approximately a 10% risk reduction in death. Marital status has also been found to be a prognostic factor for the mortality of women with breast cancer (17). Age has a significant effect on women’s breast cancer patients. It indicates that the mortality rate for breast cancer is high as age increases (18). A study conducted in the United States on the effects of some risk and prognostic factors contributing to the survival of breast cancer patients showed that tumor size, lymph node metastasis status, and tumor extension had a significant effect on breast cancer survival. Alcohol consumption increases the risk of mortality due to breast cancer. The risk of breast cancer in women is about 7% to 12% for each 10 g (roughly one drink) of alcohol consumed per day (19). A study conducted by Addis Ababa University on the effects of some risk factors contributing to the survival of breast cancer patients shows that stage and pathology type had a significant effect on breast cancer survival (20). Likewise (21), suggests modest positive associations between urbanization and the socioeconomic environment of residential areas and breast cancer incidence.

Several studies have been done on the survival analysis of breast cancer (20, 22, 23). However, the random effects in the model that account for unobserved variability do not include this research. A statistical modeling idea called the frailty method seeks to account for heterogeneity brought on by unmeasured factors. A frailty model is a random effect model for time-to-event data in statistics (24).

When survival data are derived from various groups or when individuals have repeated measures, heterogeneity across individuals should be considered. Numerous issues could arise if heterogeneity is ignored, including an overestimation of the relative hazard rate, inaccurate estimates of the regression coefficients, and estimations of the regression parameters that tend to zero (18, 25). Although semi-parametric and parametric survival models have been the subject of extensive research, accounting for frailty in the model has garnered significant attention more recently. An attempt was made to use frailty models in this investigation. Therefore, the purpose of this study was to use frailty survival analysis to determine the prevalence and associated factors among breast cancer patients.



Methods


Study area and study design

The data for this study were collected from the Felege Hiwot Comprehensive Spatialized Hospital (FHCSH), Bahir Dar, Ethiopia. A retrospective cohort study design was carried out by retrieving relevant information from the medical records of BC patients to meet the specified objectives (26).



Data source

The survival data were extracted from the patient’s chart from the data record office at the Felege Hiwot Comprehensive Specialized Hospital (FHCSH) from January 2018 to January 2022. The study subjects were BC patients diagnosed in different parts of Ethiopia (urban and rural).

The shared frailty models were applied based on their residence. The data chart contains the patient’s history from the entry date up to the discharge date. In this study, breast cancer patients represent the number of patients who follow the clinical treatment up to the discharge date and or who either leave the hospital by any means, or transfer from the hospital to another hospital or die before completing the treatment by any accident other than breast cancer or those who are on treatment. The data were collected by a statistician and public health officer and coded, cleaned, and analyzed using SPSS 20, STATA 16, and SAS 9.4 statistical software.



Operational definition


Stage

Describes the extent or spread of cancer at the time of diagnosis. Cancer’s stage is based on the size or extent of the primary tumor and whether it has spread to nearby lymph nodes or other areas of the body (27, 28). This was done based on authoritative guidelines or references published by the American Joint Committee on Cancer (AJCC) (8, 9).



Malignant

Malignant cells grow in an uncontrolled way and can invade nearby tissues and spread to other parts of the body through the blood and lymph system (27, 28).




Sample size determination

The sampling method is a process by which a representative sample is chosen from a population to use as a sample. There are several plans from which the sample can be picked. With knowledge of the degree of accuracy required, approximate estimates of the sample size can be made for each plan that is considered. For each program, the relative costs and time involved are also compared before making a decision (29).

Many survival studies are designed to compare two alternative therapies, but there may also be information available on the values of such explanatory variables. It was demonstrated by Schoenfeld. Thus, the sample size determination considered in this study was based on (30).

Is given by:  And  Where n is the sample size required, α is the level of significance or the size of the critical region in hypothesis testing, β is the power of the test, d; is the total number of deaths, and θR is the log hazard ratio. In this study, the power of 80% and the 5% level of significance will be used, and then Zβ = 0.84 and Zα/2 = 1.96 from the standard normal distribution table.

The probability of an event occurring and the log-hazard ratio were extracted from (31). This study compared patients at stage I with and without radiotherapy. According to the study, the probability of death was 0.411, and the hazard ratio at stage I with radiotherapy was 3.15 θR= log (3.15) = 0.498. Hence, the total sample size is 307 and by considering a 95% confidence interval and a 5% margin of error. Finally, the total sample size is calculated, and we get the final sample size of n = 322.



Inclusion and exclusion criteria

All people who registered with full information, including study variables of interest on the registration card, were considered eligible for the study. The study included patients who started breast cancer treatment in January 2018 and had at least one follow-up until January 2022. Patients who have incomplete information regarding study variables on their registration cards are not eligible for the study; also, breast cancer patients who dropped out of the study without starting any treatment and the breast cancer patients who died due to accidents are not included in the study.



Variables considered in the research


Outcome variables

The main outcome variable for this study was time to death for breast cancer patients.



Independent variables

Several predictors will be considered in this study. They are mentioned here as:

	➢ Socio-demographic variables:	∘ Age

	∘ Residence




	➢ Clinical factors:	∘ Clinical stages

	∘ Complication

	∘ Treatment used

	∘ Pathology type

	∘ Metastasis

	∘ Blood type

	∘ BMI

	∘ Family history

	∘ Recurrent status









Methods of data analysis


Survival analysis

Survival analysis is a collection of statistical procedures for data analysis for which the outcome variable of interest is time in years, months, weeks, or days from the beginning of follow-up of an individual until an event occurs. In survival analysis, we usually refer to the time variable as survival time because it gives the time that an individual has “survived” over some follow-up period (32).



Non-parametric survival analysis

Non-parametric survival analysis is more widely used in situations where there is doubt about the exact form of distribution. In non-parametric survival analysis, the data are conveniently summarized through estimates of the survival function and the hazard function. The estimation of the survival distribution provides estimates of descriptive statistics. These methods are said to be nonparametric since they require no assumptions about the distribution of survival time. The Kaplan–Meier, Nelson–Aalen, and Life tables are most widely used to estimate the survival and hazard functions (32).



Kaplan–Meier estimate of the survival function

The Kaplan–Meier (KM) estimator is the standard non-parametric estimator of the survival function used for estimating survival probabilities from observed survival times, both censored and uncensored (33).



Comparison of survivorship functions

When comparing groups of subjects, it is always a good idea to begin with a graphical display of the data in each group.



Log-rank test

The log-rank test, sometimes called the Cox–Mantel test, is the most used nonparametric test for comparing two or more groups of survival functions and is the most well-known test statistic.

Therefore, the log-rank test statistic becomes

 




Semi-parametric survival analysis


Cox proportional hazard model

The Cox Proportional Hazard Model is a multiple regression method used to evaluate the effect of multiple covariates on survival (34). A semi-parametric model is proposed for the hazard function that allows the addition of covariates while keeping the baseline hazards unspecified and taking only positive values. This model gives an expression for the hazard at time t for an individual with a given specification of a set of explanatory variables denoted by X, and it is generally given by:

 

Where h0 (t) is the baseline hazard function at time t, X is the vector of values of the explanatory variables, and β = (β1, β2, … βk) is the vector of unknown regression parameters that are assumed to be the same for all individuals in the study, which measures the influence of the covariate on the survival experience.

Note h0 (t) is the hazard function, where all values of the covariates are zero, i.e., γ(X=0,β)=1 .

The ratio of the hazard functions for two subjects with covariate values denoted X1 and X2 is given by

 

Therefore, the hazard ratio (HR) depends only on the function r(X, β).This model is referred to as the Cox model, the Cox proportional hazards model, or simply the proportional hazards model. The term proportional hazards refer to the fact that the hazard functions are multiplicatively related.

Assumptions:

The baseline hazard depends on t, but not on the covariates x1, x2 …, xp.

The hazard ratio, i.e., exp (β’X) depends on the covariates X = (x1, x2 …, p) but not on time t.



Accelerated failure time model

Although parametric models are very applicable to analyzing survival data, there are relatively few probability distributions for survival time that can be used with these models. The accelerated failure time model is an alternative to Cox PH and parametric models for the analysis of survival time data when the assumption of Cox PH is violated. Unlike the proportional hazards model, the regression parameter estimates from AFT models are robust to omitted covariates. They are also less affected by the choice of probability distribution (35). Under AFT models we measure the direct effect of the explanatory variables on survival time instead of a hazard. This characteristic allows for an easier interpretation of the results because the parameters measure the effect of the correspondent covariate on the mean survival time. The common distributions of the AFT model include exponential AFT, Weibull AFT, log-logistic, log-normal, and gamma distributions.




Distributions used in AFT models

To be used in an AFT model, a distribution must have a parameterization that includes a scale parameter. The logarithm of the scale parameter is then modeled as a linear function of the covariates.


Weibull accelerated failure time model

The Weibull distribution can be parameterized as an AFT model, and they are the only family of distributions to have this property. The Weibull distribution is a very flexible model for time-to-event data. It has a hazard rate that is monotonously increasing, decreasing, or constant (36).



Log-logistic accelerated failure time model

One limitation of the Weibull hazard function is that it is a monotonic function of time. However, the hazard function can change direction in some situations. The log-logistic distribution provides the most used AFT model for such situations. The log-logistic distribution is a non-monotonic hazard function that increases at early times and decreases at later times. It is similar in shape to the log-normal distribution, but its cumulative distribution function has a simple closed form, which becomes important computationally when fitting data with censoring (37).



Log-normal accelerated failure time

The log-normal distribution is also defined for random variables that take positive values, so it may be used as a model for survival data. If the survival times are assumed to have a log-normal distribution, the baseline survival function and hazard function are given by:


Modeling frailty

Using parametric or semi-parametric regression models is an important way to handle heterogeneity. Regression models take a lifetime as the dependent variable and explanatory variables are regressed. Sometimes these models may not provide an adequate fit to the data. One of the reasons is due to the omission of important covariates. Several methods have been developed to model the frailty in survival data in recent years. The generalization of the Cox proportional hazards model (34) is the best and most widely applied model that allows for the random effect by multiplicatively adjusting the baseline hazard function.

Frailty models extend the Cox proportional hazards model by introducing unobserved frailties to the model. In this case, the hazard rate will not be just a function of covariates but also a function of frailties. A frailty model is a random effects model that has a multiplicative effect on the hazard rates of all members of the subgroup. In univariate survival models, it can be used to model heterogeneity among individuals, which is the influence of unmeasured risk factors in a proportional hazards model. In multivariate survival models, the shared frailty model is used to model the dependence between individuals in the group. In multivariate cases, unobserved frailty is common among a group of individuals.



Shared frailty models

This frailty model allows individuals in the same group to share the same frailty (38). Due to the assumption that the frailties in each cluster are random, it is also referred to as a mixture model. Given the frailty, it is assumed that each event time in a cluster is independent. The shared frailty model was introduced by (39) without using the notion of frailty and was extensively studied by (40) (41), and (42).

Suppose there are n clusters, and that the ith cluster has ni individuals and is associated with an unobserved frailty Zi, 1≤ i≤ n. A vector Xij 1≤ i≤ n, 1≤ j ≤ ni is associated with the jth complete survival time Tij of the jth individual in the ith cluster. Conditional on frailties Zi, the survival times are assumed to be independent and their hazard functions to be of the form

 

where h0(t) is the baseline hazard function and β is a vector of fixed effect parameters to be estimated. Frailties Zi are assumed to be identically and independently distributed random variables with a common density function (z, θ), where θ is a parameter of the frailty distribution.




Frailty distributions


Gamma distribution

The Gamma frailty model belongs to the power variance function family (40) and can be expressed in terms of its Laplace transform, from which properties such as mean and variance are easily derived (42) From a computational and analytical point of view, it fits very well with failure data. It is widely used due to its mathematical tractability (43).

Note that if θ >0, there is heterogeneity. So, the large values of θ reflect a greater degree of heterogeneity among groups and a stronger association within groups. The conditional survival function of the gamma frailty distribution is given by (43).

 

The conditional hazard function of the gamma frailty distribution is given by (43):

 

 

where S(t) and h(t) are the survival and hazard functions of the baseline distributions, respectively.

The variance θ of the frailty term represents heterogeneity among clusters, while the mean is constrained to 1 to make the average hazard identifiable. A larger variance indicates a stronger association within groups.

For the Gamma distribution, Kendall’s Tau (40) measures the association between any two event times from the same cluster in the multivariate case and is given by:

 



Inverse Gaussian frailty distribution

The inverse Gaussian (inverse normal) distribution was introduced as a frailty distribution alternative to the Gamma distribution by (44) and has been used by (36). Like the gamma frailty model, simple closed-form expressions exist for the unconditional survival and hazard functions; this makes the model attractive. The probability density function of an inverse Gaussian shared distributed random variable with parameter θ >0 is given by

 






Results


Descriptive statistics

Among a total of 322 breast cancer patients, about 95 (29.5%) experienced the event. When we consider the baseline characteristics of patients, 196 (60.9%) are urban, and the rest are rural (see Table 1).


Table 1 | Descriptive summary of covariate variables for breast cancer patients.



Regarding the baseline stage, 58 (18.1%), 88 (27.3%), 83 (27.3%), and 93 (28.9%) of the patients were in stages I, II, III, and IV, respectively. Among the patients in stages I, II, III, and IV at baseline, 1 (1.1%), 10 (10.5%), 35 (36.8%), and 49 (51.6%) died during the study period, respectively. This shows that most patients who started cancer treatment in stages III and IV had a shorter survival time. Out of the total sample of 322, 112 (32%) patients had associated diseases like anemia, diabetes, hypertension, and other kinds of diseases. Among these patients, 86 (90.5%) experienced the event. Also, Table 2 shows that, of the total participants, patients who took only chemotherapy treatment had the highest number: 154 (47.8%), followed by patients who took chemotherapy and surgery: 100 (31.1%), and patients who took chemotherapy and hormonal therapy: 68 (21.1%). Among these, 25 (26.3%), 50 (52.6.1%), and 20 (21.1%) experienced the event, respectively (see Table 1).


Table 2 | Multivariable cox proportional hazards regression model analysis.



Table 3 revealed the average age of the year’s breast cancer patients included in the study to be 43.8 with a standard deviation of 10.131. This is a minimum age of 26 years, and a maximum age of 75 years.


Table 3 | Summary of continuous variables for breast cancer patients.





Non-parametric survival analysis


Kaplan–Meier survival estimate for survival time of breast cancer patients

The graph in Figure 1 (left) shows that most of the deaths occurred in the earlier months of breast cancer treatment and declined in the later months of follow-up. The hazard functions are depicted in Figure 1 (right), showing that an increase in the hazard rate has a direct relationship to the increase in time.




Figure 1 | The plot of the overall estimate of Kaplan–Meier survivor function (left) and hazard function (right) of BC patients.






Survival function of different categorical groups of covariates

Descriptive graphs of the survivor function would be used for comparing the events experienced at a time by two or more groups and the survival quantities of covariates to describe the survival experience of an individual at specific times. The Kaplan–Meier estimator of the survival curve gives the estimate of survivor function among different groups of covariates to make comparisons. In general, the pattern of one survivorship function lying above another means the group defined by the upper curve has better survival than the group defined by the lower curve.

The gap between the two curves distinguishes the survival distribution of survival time of breast cancer patients by their residence. The differences that are displayed in the survival curve above show that breast cancer patients who come from urban areas have higher survival times when compared to those who came from rural areas. That means BC patients who come from urban areas have higher survival experiences than those who came from rural areas (Figure 2).




Figure 2 | Survival curves by residence.



The survival curves in Figure 3 show that the survival experience for BC patients who have complications is lower than the survival experience for BC patients who do not have complications. This means that patients who have associated diseases like anemia, diabetes, and hypertension have higher death experiences compared to patients who have no associated diseases.




Figure 3 | Survival curves of complication status.



The survival curves in Figure 4 show that BC patients whose cancer is not metastasized have a better survival experience than BC patients whose cancer is metastasized. This means that patients who have metastatic cancer have a lower survival rate than patients whose cancer has not metastasized.




Figure 4 | Survival curves of metastasis status.



Figure 5 depicts the family history status as a gap in their survival curves. BC patients who have a BC history in their family have a lower survival experience compared to those who have no BC history in their family.




Figure 5 | Survival curves for family history.





Log rank test

It is vital to do some statistical tests that will be used as an introduction to our subsequent findings. Here we start with the test of equality of probabilities across the different groups of categorical variables using the log-rank test to look at the significance of the difference among different factors. The null hypothesis to be tested is that there is no difference between the probabilities of an event occurring at any time point for each population. The results are summarized in Table 4.


Table 4 | Log-rank test and mean survival time among the different groups of covariates.



Table 4 showed the mean and median survival times of each covariate, and the different groups of residence, stage, complication, treatment, pathology, metastasis, blood type, family history, and recurrence had a statistically significant difference in survival probabilities. On the other hand, the survival functions of the BMI categories were statistically insignificant. That means there is no significant difference between obese, overweight, normal, and underweight. The overall mean and median estimated survival times of breast cancer patients under study were 43.7 and 45 months, respectively.



Cox proportional hazards model


Univariable analysis

In any data analysis, it is always a great idea to do some univariable analysis before proceeding to more complicated models. Single-covariate Cox proportional hazards model analysis is an appropriate procedure that is used to screen out potentially important variables before directly including them in the multivariable model. In the univariable analysis, the relationship between each covariate and the survival time of BC patients was examined. This result showed that age, residence, stage, complication, treatment, pathology, metastasis, blood type, family history, and recurrence are statistically significant at a 25% significance level. But the covariate BMI is not statistically significant at the modest level of significance of 25%.




Multivariable Cox proportional hazards model

For our data, the multivariable Cox proportional hazards model was fitted by including all the covariates significant in the univariable analysis at a 25% level of significance. Covariates that became insignificant in the multivariable analysis were then removed one by one from the model starting with the largest p-value by using the purposeful variable selection technique. Accordingly, age, stage, complications, treatment, metastasis, blood type, and recurrence were included.

The multivariable analysis of survival time of BC patients using the Cox proportional hazard model is presented in Table 2, and it indicates that the parameter estimates of coefficients for the covariates with the associated standard error, hazard ratio, 95% confidence interval for the hazard ratio, and the p-value. A hazard ratio of less than one indicates that the covariates decrease the risk of death in BC patients, and greater than one indicates that the covariates increase the risk of death in BC patients. Therefore, covariates like age, stage, complication, metastasis, blood type, and recurrence decreased the risk of death in BC patients, whereas covariate treatment increased the risk of death in BC patients.



Multivariable analysis of the AFT model

Multivariable AFT models of the Weibull, log-logistic, and log-normal distributions were fitted by including all the covariates that were significant in the univariable analysis at a 25% level of significance. The common applicable criteria to select the model is the AIC and Bayesian information criterion (BIC). Based on AIC and BIC, a model having the minimum AIC and BIC values was preferred. Accordingly, the Weibull AFT model (AIC = 310.310, BIC = 370.703) was found to be the best for the set of the given alternatives (see Table 5).


Table 5 | Comparison of AFT models using AIC and BIC for a given dataset.



The results of the Weibull multivariate AFT model show that the predictor covariates age, stage, complication, metastasis, blood type, family history, and recurrence was significantly associated with the survival of BC patients at a 5% level of significance. The remaining variables that were used in the univariable covariate analysis, such as residence, treatment, and pathology were not significantly associated with the survival of BC patients at a 5% level of significance (see Table 6). This implies that the covariate residence, treatment, and pathology, were not jointly associated with the survival of BC patients but rather had individual effects.


Table 6 | Summary result for Weibull accelerated failure time model.



In the AFT model, the sign of the coefficient indicates how a covariate affects logged survival time. Thus, a positive coefficient increases the logged survival time and, hence, the expected duration. A negative coefficient decreases the logged survival time and, hence, the expected duration. Therefore, from Table 6, age, stage, complication, metastasis, blood type, family history, and recurrence had a negative coefficient and decreased the logged survival time as compared to their reference category.

The accelerated factor for the patient is 0.987 with 95% CI (0.975, 0.999) with a p-value of 0.047, indicating that age was a significant factor to determine the survival time of BC patients at a 5% level of significance. The accelerated factor for the patient is 0.233 and 0.283 with 95% CI (0.080, 0.677) and (0.088, 0.752) with P-values 0.007 and 0.013 for stages-III and IV, respectively, indicating that the patients whose stage was stages-III and IV had shortened the survival time from that of the patients whose stage is stage I. The accelerated factor for the patient is 0.444 with a 95% CI (0.291, 0.677) and a p-value of 0.000, indicating that the patients who had complicated diseases had a shorter survival time than those who had no complications.

The acceleration factor for the patient is 0.747 with a 95% CI (0.560, 0.997) with a p-value of 0.047 indicating that patients who had metastasized cancer shortened their survival time compared to those who had not metastasized cancer. The acceleration factor for the patient is 0.724 with 95% CI (0.571, 0.917) (P-value<0.05).



Parametric shared frailty model results

Three AFT models were fitted and compared to analyze the survival times of BC patients and identify baseline distributions by using Akaike information criteria and Bayesian information criteria to identify associated risk factors. As a result, the Weibull accelerated failure time model, which has a smaller AIC (AIC = 310.310) and BIC (BIC = 370.703), was used as a baseline distribution for the parametric shared frailty model. To model the heterogeneity (random component) using a residence as a frailty term and investigate risk factors associated with the survival time of BC patient’s gamma shared frailty and inverse Gaussian shared frailty models with Weibull baseline distribution were used. The effect of the random component (frailty) was significant for both Weibull gamma shared frailty models and for Weibull inverse Gaussian shared frailty models. The AIC and BIC values for both parametric shared frailty models are summarized in Table 7. The Weibull gamma shared frailty model has a minimum AIC (309.932) value and a minimum BIC (377.875) value. This indicates the Weibull gamma shared frailty model was an appropriate model to describe BC patients’ dataset.


Table 7 | Comparison of Weibull Gamma frailty and Weibull Inverse-Gaussian frailty model.



The three models—Cox proportional hazards model, the accelerated failure time model, and the parametric shared frailty model—were included in this study to know the relationship between the survival time of BC patients and the covariates. The interpretation of the Cox proportional hazards model was based on hazard ratio; that of the accelerated failure time model was based on time ratio; and that of the frailty model had an additional unobserved heterogeneity or unmeasured risk factor. To construct the final model that best fits BC patients’ dataset, we made a comparison using AIC and BIC. From Table 8, we can see the values of AIC and BIC for the three models. A lower value of AIC and BIC suggests a better model fits the data. The Weibull gamma shared frailty model, which has a lower value than AIC (1,064.96) and BIC (1,064.96), appears to be an appropriate model compared with other models.


Table 8 | Comparison of Cox PH, Weibull AFT, and Weibull gamma shared frailty model.





Weibull gamma shared frailty model result

This model is the same as the Weibull AFT model discussed in the previous section, except that a frailty component has been included. The frailty in this model is assumed to follow a gamma distribution with a mean of 1 and variance equal to theta (θ). The variability (unobserved heterogeneity) in the residence estimated by the selected model (Weibull-gamma shared frailty model) is θ = 0.002. A variance of zero (θ = 0) would indicate that the frailty component does not contribute to the model. A likelihood ratio test for the hypothesis θ = 0 is shown in Table 2 below and indicates a chi-square value of 3.17 with one degree of freedom, resulting in a highly significant p-value of 0.000. This implied that the frailty component had a significant contribution to the model. The associated Kendall’s tau (τ), which measures dependence within clusters (residence), is estimated to be 0.0001. The estimated value of the shape parameter in the Weibull gamma shared frailty model is 1.941 (p = 1.941). The Weibull shape parameter greater than one indicates the hazard of failure increases with time.

All categorical variables were significant except for one category of pathology type. The confidence intervals of the acceleration factor for all significant categorical covariates do not include one at a 5% level of significance. This shows that they were significant factors in the survival of BC patients in Ethiopia. However, from the variable of pathology type category, pathology category lobular carcinoma using ductal carcinoma as the reference category with (p-value = 0.268, ф = 0.8971, 95%CI = 0.682, 1.112) were not significantly associated with the survival of BC patients. Accordingly, BC patients who came from urban areas (ф = 1.300) had a prolonged survival time when compared to BC patients who came from rural areas. From BC patients who get chemotherapy and surgery (ф = 1.125), BC patients who get chemotherapy and hormonal therapy (ф = 1.386) had prolonged survival time when compared to BC patients who get only chemotherapy.

The 95% confidence interval for the acceleration factor of age was 0.974, 0.999. This confidence interval does not include one, and the p-value was small (p-value = 0.032), indicating that age was a significant factor determining the survival time of BC patients at a 5% level of significance. Accordingly, the acceleration factor for age was less than one. This shows that a one-unit increase in age shortened the survival time of BC patients by a factor of 98.7% (Table 9). The acceleration factor and its 95% confidence interval for residence were 1.128 and (1.012, 1.672), respectively. This shows the survival time of BC patients who came from rural areas was shorter when compared to BC patients who came from urban areas (Table 9).


Table 9 | Results of Weibull gamma shared frailty model.



The acceleration factor and its 95% confidence interval for stage-III BC patients were estimated to be 0.224 and (0.078, 0.646), respectively, and for stage-IV BC patients, they were estimated to be 0.268 and (0.093, 0.772), respectively. However, for both categories of stages III and IV of BC patients, the acceleration factor was less than one, indicating that both categories of stages III and IV shortened the survival time of BC patients as compared to stage-I (Table 9).

The 95% confidence interval for the acceleration factor of a covariate complication was (0.260, 0.616) for those in the category of having complications compared to those with no complications. Accordingly, the acceleration factor for complications was less than one. This study showed that having a complication shortened the survival time of BC patients by a factor of 45% when compared with having no complication (Table 9).

The acceleration factor and its 95% confidence interval for treatment were estimated to be 0.326 and (0.079, 0.959), respectively. The confidence interval did not include one, and the p-value was 0.05, indicating that treatment was a significant factor in determining the survival time of BC patients at a 5% level of significance. Accordingly, for the categories of chemotherapy and hormonal therapy, the acceleration factor was greater than one, indicating that the categories of gating both chemotherapy and hormonal therapy prolonged the survival time of BC patients as compared to gating only chemotherapy treatment (Table 9).

The 95% confidence interval for the acceleration factor of metastasis status of cancer was (0.544, 0.967) for the category metastasize cancer (not metastasize cancer as a reference category). This confidence interval does not include one, and the p-value was small (p-value = 0.029), indicating that metastasis was a significant factor in determining the survival time of BC patients at a 5% level of significance. However, the acceleration factor for metastasis was less than one. This shows that having a metastasized cancer type shortened the survival time of BC patients by a factor of 72% when compared with not having a metastasized cancer type (Table 9).

The acceleration factor and its 95% confidence interval for blood type were estimated to be 0.638 and (0.427, 0.953), respectively. The confidence interval did not include one, and the p-value was small (p-value = 0.029), indicating that blood type was a significant factor in determining the survival time of BC patients at a 5% level of significance. Accordingly, for the categories of having blood type AB, the acceleration factor was less than one, indicating that the categories of having blood type AB shortened the survival time of BC patients as compared to those having blood type A (Table 9).

The 95% confidence interval for the acceleration factor of family history status was (0.586, 0.912) for the category having a family history of BC. This confidence interval does not include one, and the p-value was very small (p-value = 0.001), indicating that family history was a significant factor in determining the survival time of BC patients at a 5% level of significance. Accordingly, the acceleration factor for family history was less than one (0.770). This shows that having a family history of cancer shortened the survival time of BC patients by a factor of 77% when compared with BC patients who did not have a BC history in their family (Table 9).

The acceleration factor and its 95% confidence interval for recurrence was estimated to be 0.707 and (0.559, 0.894), respectively. The confidence interval did not include one, and the p-value was very small (p-value = 0.004), indicating that recurrence was a significant factor in determining the survival time of BC patients at a 5% level of significance. However, for the recurrent cancer type, the acceleration factor was less than one, indicating that the recurrent cancer type has shortened the survival time of BC patients as compared to those not having the recurrent cancer type (Table 9).




Discussion

The main goal of the study was to identify predictors of BC patients who were treated in Bahir Dar comprehensive specialized hospital using survival analysis models. The covariates that were included in the study were age, residence, stage, complications, treatment, pathology, metastasis, blood type, BMI, family history, and recurrence. The outcome variable of interest was the survival time of BC patients measured in months.

In all multivariable analyses of the Cox proportional hazards model and the AFT model, all relevant factors from the univariable analysis were taken into consideration. AIC was used for model comparison, and the model with the lowest AIC values was chosen as the best (45). For BC patient datasets, the Weibull gamma shared frailty model performed the best among AFT models. The factors of age, residence, stage, complication, treatment, metastasis, blood type, family history, and recurrence were substantially linked with the survival time of BC patients in the Weibull gamma-shared frailty model. Due to the flexibility of its hazard function and mathematical tractability, the gamma distribution is chosen for the frailty term (46). The residence effect was significant (p-value = 0.000) in the Weibull-Gamma shared frailty model. This showed that there was heterogeneity among residents regarding the survival times of BC patients.

The result of the study showed that age was associated with the survival time of BC patients at a 5% level of significance. The risk of death increases with the increasing age of BC patients. This result was in line with the study done by (47) that found that age is highly associated with the survival time of BC patients. This result was also consistent with the study conducted by (20); the result showed that increasing the age of BC patients significantly increased the risk of death due to BC. Also, the study done by (31) at the Ayder comprehensive specialized hospital in Tigray, Ethiopia, is in line with this study.

In this study, the variable residence significantly affects the survival time of BC patients. The results show that BC patients who come from urban areas have higher survival rates as compared to patients who come from rural areas. For the urban category, the acceleration factor is greater than one. The categories of urban prolonged the survival time of BC patients as compared to its reference. This result is similar to the (21) report that BC patients whose residence in a rural area increases the mortality of BC patients. This result was also consistent with the study conducted by (31) at the Ayder comprehensive specialized hospital in Tigray, Ethiopia.

The findings of this study, the stage of BC patients significantly affected their survival of BC patients. The result shows that the category of stages III and IV harmed the survival of BC patients. Since, for both categories of the stage, the acceleration factor is less than one, being on stages III and IV shortens the survival of BC patients as compared to stage-I. This means that BC patients who came for treatment at an early stage have a better survival rate than patients who came at an advanced stage. Similar findings by (46) indicate that advanced-stage BC patients are more likely to experience the event (death). This result was also consistent with the study conducted by (48) in western Amhara, Ethiopia.

The result of the study suggested that the variable complication significantly affects the survival time of BC patients. Having complicated diseases like anemia, diabetes, and hypertension shortens the survival time of BC patients. That means patients who have no associated diseases like anemia, diabetes, or hypertension are more likely to have a higher survival rate as compared to BC patients who have complications. This finding supports the result of (45). The study conducted by (49) is in line with this study.

This study shows that treatment has a statistically significant effect on the survival time of BC patients. Since, for the category of chemotherapy and hormonal therapy, the accelerated factor is greater than one, rather than gating only chemotherapy treatment, gating both chemotherapy and hormonal therapy treatment increases the survival time of BC patients. In line with (50), for breast cancer patients, in addition to chemotherapy, using additional treatments like surgery, radiotherapy, or hormonal therapy is likely to reduce the patient’s death.

In this study, a prognostic factor such as the stage of breast cancer had a significant effect on patient status. When cancer has metastasized, the patient’s chance of survival is reduced by 72.6% compared to when the cancer has not spread. According to a related American study (19), metastatic cancer tends to shorten the survival time or raise the fatality rate of BC patients. Compared to their reference blood type, BC patients with blood type AB had a shorter survival period. According to (51), the blood group should also be considered in addition to these risk factors when determining a patient’s prognosis, according to (51).

The findings of this study also found that family history determines the survival of BC patients. Patients who have a breast cancer history in their family are more likely to die earlier as compared to patients who have no breast cancer history in their family. This is consistent with the results of several other studies (18) that found that there is no evidence for a relationship between a family history of breast cancer and survival time.

The results of this study also suggested that variable recurrence was a significant predictive factor for the survival time of BC patients. That means BC patients who have recurrent cancer have a shorter survival time than patients who do not have recurrent cancer types.


Limitations of the study

This study is based on cross-sectional data and hence does not assess the prevalence of breast cancer over time. The retrospective analysis causes inevitable bias, and no external data sets were used for validation. Besides, other socioeconomic, demographic, biological, and behavioral characteristics were not considered. Thus, we authors would like to recommend that future researchers consider these characteristics as they might affect breast cancer patients.




Conclusions

The overall mean and median estimated survival times of breast cancer patients under study were 43.7 and 45 months, respectively. The findings of this study revealed that the residence effect between rural and urban areas was significant in describing the survival times of breast cancer patients. Therefore, the effects of this unobserved heterogeneity were included in the model. The Weibull-Gamma shared frailty model is the most appropriate model among the Weibull-Inverse-Gaussian shared frailty models for the survival time of breast cancer patients. The study found results based on that multivariable. Patient characteristics such as age, stage, complication, treatment, metastasis, blood type, family history, and recurrence were the prognostic factors that determined the survival time of breast cancer.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

Ethical review and approval were not required for the study on human participants in accordance with the local legislation and institutional requirements. Written informed consent for participation was not required for this study in accordance with the national legislation and the institutional requirements.



Author contributions

BF proposed the first draft, conducted data analysis, and interpretation, and wrote the manuscript. LT and AM edit and revise the manuscript. All authors contributed to the article and approved the submitted version.



Acknowledgments

We would like to thank Bahir Dar University and Felege Hiwot Referral Hospital for providing their guidance and support. The authors are also thankful to the Ethiopian Demographic and Health Survey for data availability. Lastly, we would also like to thank all staff at the referral hospital for their cooperation during data collection.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



References

1. Hazarika, J, and Mahanta, KK. A Bayesian analysis of univariate proportional hazard, accelerated failure time and proportional odds model under frailty approach. Int J Creative Res Thoughts (2018) 6, 755–68.

2. Tesfaw, LM, Teshale, TA, and Muluneh, EK. Assessing the incidence, epidemiological description and associated risk factors of breast cancer in western Amhara, EthiopiaBreast Cancer Management (2020) 9(3):BMT47.

3. National cancer institute. Breast cancer treatment (PDQ®) (2021) USA: NCI. Available at: https://www.cancer.gov/types/breast/patient/breast-treatment-pdq#section/all.

4. Wold Health Organaization.  Available at: https://www.who.int/news-room/fact-sheets/detail/breast-cancer.

5. World Health Organaization. International agency for research on cancer. Available at: https://gco.iarc.fr/today/online-analysis-table?v=2020&mode=cancer&mode_population=continents&population=900&populations=900&key=asr&sex=0&cancer=39&type=0&statistic=5&prevalence=0&population_group=0&ages_group%5B%5D=0&ages_group%5B%5D=17&group_cancer=1&i.

6. Zare, N, and Moradi, F. (2012). Parametric frailty and shared frailty models applied to waiting time to first pregnancy, in: International Conference on Applied Mathematics and Pharmaceutical Sciences Netherland :598–600.

7. Wienke, A, Locatelli, I, and Yashin, AI. The modelling of a cure fraction in bivariate time-to-Event data. Austrian J Stat (2006) 35(1):67–76. doi: 10.17713/ajs.v35i1.349

8. Mietlowski, W. A Review of:“Frailty Models in Survival Analysis, by A. Wienke”. Boca Raton, FL: Chapman and Hall/CRC (2011) xxi+:301 pp.

9. Vaupel, JW, Manton, KG, and Stallard, E. The impact of heterogeneity in individual frailty on the dynamics of mortality. Demography (1979) 16:439–54. doi: 10.2307/2061224

10. Vaupel, JW, and Yashin, AI. The deviant dynamics of death in heterogeneous populations. USA (1983).

11. Therneau, TM, and Grambsch, P. Extending the cox model.  P Diggle, and P Bickel, eds. USA: Minnesotta (2000).

12. Perperoglou, A, Keramopoullos, A, and van Houwelingen, HC. Approaches in modelling long-term survival: an application to breast cancer. Stat Med (2007) 26(13):2666–85. doi: 10.1002/sim.2729

13. Munda, M, Rotolo, F, and Legrand, C. Parfm: parametric frailty models in r. J Stat Software (2012) 51:1–20. doi: 10.18637/jss.v051.i11

14. Manton, KG, Stallard, E, and Vaupel, JW. Alternative models for the heterogeneity of mortality risks among the aged. J Am Stat Assoc (1986) 81:635–44. doi: 10.1080/01621459.1986.10478316

15. Li, Y, and Lin, X. Covariate measurement errors in frailty models for clustered survival data. Biometrika (2000) 87:849–66. doi: 10.1093/biomet/87.4.849

16. Lancaster, T. The econometric analysis of transition data (No. 17). USA: Cambridge University Press (1990).

17. Lan, N, Laohasiriwong, W, and Stewart, J. Survival probability and prognostic factors for breast cancer patients in vietnam. Global Health Action (2013) 6(1):18860. doi: 10.3402/gha.v6i0.18860

18. Klein, JP, and Moeschberger, ML. Censoring and truncation. Survival Analysis: Techniques Censored Truncated Data (2003) 63–90. doi: 10.1007/0-387-21645-6_3

19. Keyfitz, N, and Littman, G. Mortality in a heterogeneous population. Population Stud (1979) 33:333–42. doi: 10.1080/00324728.1979.10410448

20. Kaplan, EL, and Meier, P. Nonparametric estimation from incomplete observations. J Am Stat Assoc (1958) 53:457–81. doi: 10.1080/01621459.1958.10501452

21. Kantelhardt, E, Zerche, P, Mathewos, A, Trocchi, P, Addissie, A, Aynalem, A, et al. Breast cancer survival in Ethiopia: A cohort study of 1,070 women. Int J Cancer (2014) 135(3):702–9. doi: 10.1002/ijc.28691

22. Hougaard, P. Life table methods for heterogeneous populations : Distributions describing the heterogeneity. Biometrika (1984) 71:75–83. doi: 10.1093/biomet/71.1.75

23. Hougaard, P. Analysis of multivariate survival data. Verlag New York: Springer (2000).

24. Henderson, R, and Oman, P. Effect of frailty on marginal regression estimates in survival analysis. J R Stat Society: Ser B (Statistical Methodology) (1999) 61:367–79. doi: 10.1111/1467-9868.00182

25. Hadgu, E, Seifu, D, Tigneh, W, Bokretsion, Y, Bekele, A, Abebe, M, et al. Breast cancer in Ethiopia: Evidence for geographic difference in the distribution of molecular subtypes in Africa. BMC women's Health (2018) 18(1):1–8. doi: 10.1186/s12905-018-0531-2

26. Gutierrez, RG. Parametric frailty and shared frailty survival models. Stata J (2002) 2:22–44. doi: 10.1177/1536867X0200200102

27. Kantelhardt, EJ, Zerche, P, Mathewos, A, Trocchi, P, Addissie, A, Aynalem, A, et al. Breast cancer survival in Ethiopia: A cohort study of 1,070 women. Int J Cancer 135(3):702–9. doi: 10.1002/ijc.28691

28. Goethals, K, Janssen, P, and Duchateau, L. Frailty models and copulas: Similarities and differences. J Appl Stat (2008) 35(9):1071–9. doi: 10.1080/02664760802271389

29. Wu, C, and Thompson, ME. (2020) Sampling theory and practice. Cham: Springer International Publishing. doi: 10.1007/978-3-030-44246-0

30. Duchateau, L, and Janssen, P. Penalized partial likelihood for frailties and smoothing splines in time to first insemination models for dairy cows. Biometrics (2004) 60(3):608–14. doi: 10.1111/j.0006-341X.2004.00209.x

31. Dos Santos, DM, Davies, RB, and Francis, B. Nonparametric hazard versus nonparametric frailty distribution in modelling recurrence of breast cancer. J Stat Plann inference (1995) 47:111–27. doi: 10.1016/0378-3758(94)00125-F

32. Dickens, C, Joffe, M, Jacobson, J, Venter, F, Schüz, J, Cubasch, H, et al. Stage at breast cancer diagnosis and distance from diagnostic hospital in a peri-urban setting: A south African public hospital case series of over 1000 women. Int J Cancer (2014) 135(9):2173–82. doi: 10.1002/ijc.28861

33. Desantis, C, Siegel, R, and Jemal, A. Breast cancer facts and figures 2013-2014. Atlanta, Georgia: American Cancer Society (2013) p. 1–38.

34. Curado, MP. Breast cancer in the world: incidence and mortality Salud pública de México (2011) 53(5)372–84.

35. Cox, DR. Regression models and life tables (with discussion). J R Statist. Soc. (Methodological) (1972) 34(2):187–220.

36. Yang, M, and Goldstein, H. Modelling survival data in MLwiN 1.20. London: Institute of Education, University of London (2003):1–29.

37. Clayton, D, and Cuzick, J. Multivariate generalizations of the proportional hazards model. J R Stat Soc (1985) 7:82–117. doi: 10.2307/2981943

38. Chamberlain, G, Heckman, J, and Singer, B. Longitudinal analysis of labor market data. Heterogeneity Omitted Variable (1985). doi: 10.1017/CCOL0521304539

39. U.S. Department of Health & Human Services. CDC. center for disease control and prevention (2020). Available at: https://www.cdc.gov/.

40. Al-Ruzzieh, MA, Ayala de Calvo, LE, Bigirimana, JB, Burg, A, Buswell, L, Challinor, J, et al. Strengthening the oncology nursing workforce in low-and middle-income countries to address the growing cancer burden. Int Soc Cancer cases (2015) 5:1–6.

41. DeSantis, CE, Bray, F, Ferlay, J, Lortet-Tieulent, J, Anderson, BO, Jemal, A, et al. International variation in female breast cancer incidence and mortality ratesinternational variation in female breast cancer rates. Cancer Epidemiol Biomarkers Prev (2015) 24(10):1495–506. doi: 10.1158/1055-9965.EPI-15-0535

42. Beard, RE. (1959). Note on some mathematical mortality models, in: Ciba Foundation Symposium-The Lifespan of Animals (Colloquia on Ageing) Cuba, , Vol. 5:pp. 302–11.

43. Akinyemiju, TF, Genkinger, JM, Farhat, M, Wilson, A, Gary-Webb, TL, and Tehranifar, P. Residential environment and breast cancer incidence and mortality: A systematic review and meta-analysis. BMC Cancer (2015) 5:15(1). doi: 10.1186/s12885-015-1098-z

44. Abrahantes, JC, Legrand, C, Burzykowski, T, Janssen, P, Ducrocq, V, and Duchateau, L. Comparison of different estimation procedures for proportional hazards model with random effects. Comput Stat Data analysis. (2007) 11:3913–3930.

45. Rezaianzadeh, A, Peacock, J, Reidpath, D, Talei, A, Hosseini, SV, and Mehrabani, D. Survival analysis of 1148 women diagnosed with breast cancer in southern Iran. BMC Cancer (2009) 9(1):1–6. doi: 10.1186/1471-2407-9-168

46. Ata, N, and Özel, G. Survival functions for the frailty models based on the discrete compound poisson. J Stat Comput Simulation (2013), 2105–16. doi: 10.1080/00949655.2012.679943

47. Tesfay, B, Getinet, T, and Derso, EA. Survival analysis of time to death of breast cancer patients: in case of ayder comprehensive specialized hospital tigray, Ethiopia. Cogent Med (2021) 8(1):19–48. doi: 10.1080/2331205X.2021.1908648

48. Hosmer, DW Jr., Lemeshow, S, and Everitt, B. Intervention trials-Book reviews-Applied survival analysis: Regression modeling of time to event data. Statistical Methods in Medical Res (1999) 8(4)334–4. doi: 10.1177/0962280299008004

49. Nadjib, B, Arman, M, Aidid, K, Gobel, FA, and Syamsidar,. Cox proportional hazard survival analysis to inpatient breast cancer cases. Makassar (2018) 8(2):2–7. doi: 10.1186/1471-2407-9-168

50. Tesfaw, LM, and Muluneh, EK. Modeling the spatial distribution of cancer and determining the associated risk factors. Cancer Inform 19::1176935120939898.

51. Kabel, AM, and Baali, FH. Breast cancer: insights into risk factors, pathogenesis, diagnosis, and management. J Cancer Res (2015), 28–33. doi: 10.12691/jcrt-3-2-3


Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Feleke, Tesfaw and Mitku. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fonc-12-1041245-g001.jpg
1.00

0.76

0.25

000

Survival plot of Breast cancer patients

0256 0.50 07s 1.00

0.00

Hazard plot of Breast cancer patients





OEBPS/Images/table9.jpg
Variable

Age

Residence

Stage

Complication

Treatment

Pathology

Metastasis

Blood type

Family history

Recurrent

Categories

Rural (ref)
Urban

Chemotherapy (ref)
Chemotherapy and Surgery
Chemotherapy and Hormonal
Ductal carcinoma (ref)
Lobular carcinoma

No (ref)
Yes

A (ref)
B

AB

o

No (ref)
Yes

No (ref)
Yes

P = 1941 6 = 0.515 6 = 0.0002, AIC = 309.932 BIC = 377.885.
LR test of theta = 0 chibar2 (01) = 1.0 pro >chibar2 = 0.00.

6, variance of the random effect; p, shape parameter; o, scale parameter; AIC, Akaike information criteria; LR, likelihood ratio; prob, probability; chibar2, Chi-square; chibar2(01), Chi-
square distribution with 0 and 1 degrees of freedom.

Coef.

-0.014
0.263

—0.841
-1.495
-1.318

-0.789

0.117
0.326

—-0.138

-0.138

-0.086
-0.450
0.043

—-0.261

-0.346

$

0.987
1.128

0.430
0.224
0.268

0.454

1125
1.386

0.871
0.726

0918
0.638
1.044

0.770

0.707

S.E (cof.)

0.006
0.128

0.553
0.540
0.540

0.212

0.143
0.177

0.125
0.146

0.188
0.205
0.192

0.139

0.119

P>z

0.032
0.040

0.127
0.006
0.015

0.000

0411
0.005

0.268
0.029

0.649
0.028
0.821

0.001

0.004

95% CI (&)

(0.974, 0.999)
(1.012, 1.672)

(0.146, 1.271)
(0.078, 0.646)
(0.093, 0.772)

(0.299, 0.689)

(0.850, 1.488)
(0.079, 0.959)

(0.682, 1.112)
(0.544, 0.967)

(0.634, 1.329)
(0.427, 0.953)
(0.717, 1.522)

(0.586, 0.912)

(0.559, 0.894)





OEBPS/Images/im2.jpg





OEBPS/Images/M2.jpg
h(t, X,

@)





OEBPS/Images/fonc.2022.1041245_cover.jpg
, frontiers ‘ Frontiers in Oncology

Survival analysis of women
breast cancer patients in
Northwest Amhara, Ethiopia





OEBPS/Images/M6.jpg
h(®)[1 - 0ln{s()}]™

©





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Survival analysis of women breast cancer patients in Northwest Amhara, Ethiopia

      

        		

          Introduction

        



        		

          Methods

        



        		

          Result

        



        		

          Conclusion

        



        		

          Introduction

        



        		

          Methods

        

          		

            Study area and study design

          



          		

            Data source

          



          		

            Operational definition

          

            		

              Stage

            



            		

              Malignant

            



          



          



          		

            Sample size determination

          



          		

            Inclusion and exclusion criteria

          



          		

            Variables considered in the research

          

            		

              Outcome variables

            



            		

              Independent variables

            



          



          



          		

            Methods of data analysis

          

            		

              Survival analysis

            



            		

              Non-parametric survival analysis

            



            		

              Kaplan–Meier estimate of the survival function

            



            		

              Comparison of survivorship functions

            



            		

              Log-rank test

            



          



          



          		

            Semi-parametric survival analysis

          

            		

              Cox proportional hazard model

            



            		

              Accelerated failure time model

            



          



          



          		

            Distributions used in AFT models

          

            		

              Weibull accelerated failure time model

            



            		

              Log-logistic accelerated failure time model

            



            		

              Log-normal accelerated failure time

            

              		

                Modeling frailty

              



              		

                Shared frailty models

              



            



            



            		

              Frailty distributions

            

              		

                Gamma distribution

              



              		

                Inverse Gaussian frailty distribution

              



            



            



          



          



        



        



        		

          Results

        

          		

            Descriptive statistics

          



          		

            Non-parametric survival analysis

          

            		

              Kaplan–Meier survival estimate for survival time of breast cancer patients

            



          



          



          		

            Survival function of different categorical groups of covariates

          



          		

            Log rank test

          



          		

            Cox proportional hazards model

          

            		

              Univariable analysis

            



          



          



          		

            Multivariable Cox proportional hazards model

          



          		

            Multivariable analysis of the AFT model

          



          		

            Parametric shared frailty model results

          



          		

            Weibull gamma shared frailty model result

          



        



        



        		

          Discussion

        

          		

            Limitations of the study

          



        



        



        		

          Conclusions

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-12-1041245-g002.jpg
0.5 050 075 100

Kaplan-Meier survival estimates

, 40
analysis time

Residence =fural— Residence = UTP:






OEBPS/Images/table4.jpg
Variable

Residence

Stage

Complication

Treatment

Pathology

Metastasis

Blood type

BMI

Family history

Recurrent

Categories

Rural

Urban

VN

No

Yes

Chemotherapy
Chemo&Surgery
Chemo&Hormonal
Ductal carcinoma
Lobular carcinoma
No

Yes

w

AB

Obese
Overweight
Normal
Underweight
No

Yes

No

Yes

Mean of survival time

323
514
45.4
50.7
35.0
33.6
59.7
32.0
49.8
344
2.7
484
339
54.5
349
48.0
37.5
43.8
39.7
48.7
39.9
40.6
39.8
527
319
50.8
354

Median of Survivaltime

33.00

36.00
34.00

32.00
51.00
34.00
42.00

35.00

36.00
51.00
43.00
56.00
41.00

43.00
45.00
44.00

32.00
56.00
36.00

CI (95%) for mean

LB

294
472
44.2
46.7
312
290
553
29.0
44.1
304
379
452
30.1
50.1
319
432
329
36.8
354
36.8
349
373
36.5
48.3
286
46.4
318

UB

352
55.6
46.6
547
388
38.1
64.0
349
55.5
38.5
47.6
51.6
37.8
589
379
52.8
41.9
50.9
44.0
60.6
44.9
43.8
43.1
57.0
353
55.1
389

Log-rank test
Chi-2  P>[z]
382 0.000
539 0.000
80.6 0.000
26.1 0.000
396 0.000
347 0.000
9.8 0.020
12 0.745
50.6 0.000
45 0.000





OEBPS/Images/table3.jpg
Variable Maximum Minimum Mean Std. deviation

Age 75 26 43.8 10.131





OEBPS/Images/table8.jpg
Models AIC BIC

Cox 799.327 852.171
Weibull AFT 310.310 370.703
‘Weibill gamma shared 309.932 377.875





OEBPS/Images/logo.jpg
& frontiers | Frontiers in Oncology





OEBPS/Images/M1.jpg
[0}





OEBPS/Images/fonc-12-1041245-g005.jpg
0.25 0.50 075 1.00

0.00

Kaplan-Meier survival estimates






OEBPS/Images/table7.jpg
Distribution AIC BIC

Weibull Gamma frailty 309.932 377.875
Weibull Inverse-Gaussian frailty 310.021 380.635





OEBPS/Images/M5.jpg





OEBPS/Images/M9.jpg





OEBPS/Images/M4.jpg
hie) = h(OZ;exp (B xy).i @





OEBPS/Images/fonc-12-1041245-g004.jpg
0 10

025 0%

0.00

Kaplan-Meier survival estimates

Metastasis =T€





OEBPS/Images/table6.jpg
Variable

Age
Stage

Complication

Treatment

Pathology

Metastasis

Blood type

Family history

Recurrent

AIC = 310.310, BIC = 370.703.

Categories

1 (ref)
2
3
4

No (ref)

Yes

Chemotherapy (ref)
Chemo&Surgery
Chemo&Hormonal
Ductal carcinoma (ref)
Lobular carcinoma
No (ref)

Yes

A (ref)

B

AB

Coef.
-0013
-0.788

—-1.458
-1.356

-0.823

0.086
0.242

-0.164

-0.291

-0.138
-0.435
-0.029

-0.312

-0.324

0.987

0.455
0.233
0.258

0.444

1.089
1.274

0.849

0.747

0.871
0.647
0.972

0.732

0.724

St. Error
0.007
~0.558

-0.545
-0.547

-0.216

0.145
0.172

0.125

0.147

0.189
0.210
0.192

0.140

0.121

P>z|
0.047
0.158

0.007
0.013

0.000

0.554
0.158

0.189
0.047

0.463
0.038
0.882

0.026

0.007

95%CI
(0.975, 0.999)
(0.152, 1.357)

(0.080, 0.677)
(0.088, 0.752)

(0.291, 0.677)

(0.820, 1.447)
(0.910, 1.783)

(0.664, 1.084)

(0.560, 0.997)

(0.602, 1.260)
(0.429, 0.976)
(0.668, 1.415)

(0.556, 0.963)

(0.571, 0.917)





OEBPS/Images/table2.jpg
Variable

Age
Stage

Complication

Treatment

Pathology

Metastasis

Blood type

Family history

Recurrent

Categories

No (ref)
Yes
Chemotherapy (ref)

Chemo&Surgery
Chemo&Hormonal

Ductal carcinoma (ref)
Lobular carcinoma
No (ref)

Yes

A (ref)

B

AB

[¢]

No (ref)

Yes

No (ref)

Yes

$

1.028

3.973
14.997
11.936

4.569

.889
637

1.381
1.709

1158
2.345
1.158

1.860

1.926

St. Error
012
1.065

1.026
1.030

396

278
334

242

282

.368
416
375

270

237

220

130
2.64
241

-043
-1.35

0.91
2.05
0.39

P>z
0.028
0.195

0.008
0.016

0.000

0.670
0.177

0.182

0.058

0.363
0.040
0.695

0.021

0.006

95%CI
(1.003, 1.053)
(0.493, 32.055)

(2.009, 111.934)
(1.586, 89.835)

(2.104, 9.921)

(0.516, 1.531)
(0.331, 1227)

(0.860, 2.219)

(0.982, 2.973)

(0.680, 2.872)
(1.038, 5.295)
(0.556, 2.415)

(1.096, 3.158)

(1.210, 3.064)

Cof.
027
1380

2.708
2.480

1.519

-118
-451

323

536

334
852
146

621

655





OEBPS/Images/M8.jpg
0

R}

Jwhere T€ (0,1) ®





OEBPS/Images/M3.jpg
HR(G,%,%) =

= Soum)
3)





OEBPS/Images/im1.jpg
L2 s el





OEBPS/Images/table1.jpg
Variable

Residence

Stage

Complication

Treatment

Pathology

Metastasis

Blood type

BMI

Family history

Recurrent

Categories

Rural

Urban

1

2

3

4

No

Yes
Chemotherapy
Chemotherapy and Surgery
Chemotherapy and Hormonal therapy
Ductal carcinoma
Lobular carcinoma
No

Yes

A

B

[¢]

AB

Obese

Overweight
Normal
Underweight

No

Yes

No

Yes

Total (%)

126 (39.1%)
196 (60.9%)
58 (18.1%)
88 (27.3%)
83 (27.3%)
93 (28.9%)
173 (53.4%)
150 (46.6%)
154 (47.8%)
100 (31.1%)
68 (21.1%)
206 (64.0%)
116 (36.0%)
153 (47.5%)
169 (52.5%)
74 (23.0%)
104 (32.3%)
55 (17.1%)
89 (27.6%)
18 (5.6%)
68 (21.1%)
177 (55.0%)
59 (18.3%)
203 (63.0%)
119 (37.0%)
173 (53.7%)
149 (46.3%)

Status

Censored (%)

65 (28.6%)
162 (71.4%)
57 (25.1%)
78 (34.4%)
48 (21.1%)
44 (19.4%)
163 (71.8%)
64 (28.2%)
129 (56.8.0%)
50 (22.0%)
48 (21.1%)
174 (76.7%)
53 (23.3%)
153 (58.6%)
94 (41.4%)
63 (27.8%)
7 (29.5%)
36 (15.9%)
1 (26.9%)
13 (5.7%)
43 (18.9%)
127 (55.9%)
44 (19.4%)
174 (76.7%)
53 (23.3%)
142 (62.6%)
85 (37.4%)

Event (%)

61 (64.2%)
34 (35.8%)
1(1.1%)
10 (10.5%)
35(
49 (
(
6 (

36.8%)
51.6%)
9 (9.5%)

90.5%)

25 (26.3%)

50 (52.6.1%)

20 (21.1%)

2 (33.7%)

63 (66.3%)

20 (21.1%)

75 (78.9%)

11 (11.6%)

37 (38.9%)
(20.0%)
(29.5%)
(5.3%)

26.3 (26.3%)
50 (52.6%)
15 (15.8%)
29 (30.5%
66 (69.5%)
31 (32.6%)
64 (67.4%)

7
19
28

5





OEBPS/Images/fonc-12-1041245-g003.jpg
025 0.50 075 100

0.00

Kaplan-Meier survival estimates

20 40
analysis tirme
Corrplication =No

Compication = Yes





OEBPS/Images/table5.jpg
Baseline AFT distributions AIC BIC

Weibull 310.310 370.703
log-logistic 319.295 379.688
lognormal 320914 381.306





OEBPS/Images/M7.jpg
ht)

()1 - 81n{S(0)}) ™" 7





