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Abstract 

The comparison of survival among patients with breast cancer was analyzed using the Cox 
proportional hazards model and the Kaplan-Meier estimator to model the survival outcomes. A 
sample of 563 patients was selected to evaluate the impact of risk factors such as age, tumor stage, 
type of surgery, chemotherapy, radiotherapy, and hormone therapy. The log-rank test results 
indicated that radiotherapy (p = 0.8) and age (p = 0.08) did not significantly affect survival 
distribution. Conversely, tumor stage (p < 0.0001), surgical type (p = 0.0004), chemotherapy (p = 
0.04), and hormone therapy (p = 0.0004) showed significant differences in survival outcomes. Cox 
regression analysis identified tumor stage as the most influential factor, with patients at Stage 2, 
3, and 4 exhibiting 1.85 to 3.98 times higher risks of mortality compared to those at Stage 1. 
Additionally, patients undergoing mastectomy had a 1.32 times higher risk than those receiving 
breast-conserving surgery (p = 0.0288). The assumptions of proportional hazards were violated 
for chemotherapy and hormone therapy (p = 0.015 and p = 0.018, respectively), which contributed 
to the overall significance of the model (p = 0.048). Stratification of these variables confirmed the 
robustness of the model, with tumor stage and surgical option remaining key factors. These 
findings underscore the importance of early diagnosis in improving survival outcomes for breast 
cancer patients. 
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Contribution of this paper to the literature 
This study contributes to the existing literature by incorporating both non-parametric and semi-
parametric models in breast cancer prognosis. The main contribution is the tumor stage and the surgery 
type used as the key elements of patient survival. Stratification improves model validity, and 
individualized and early treatment improve outcomes. 

 

1. Introduction 
Breast cancer is among the most common or prevalent diseases that women in virtually every part of the world 

have in common, and this has always been a major challenge to the health of the population over the last few 
decades, notwithstanding the early detection, mode of treatment, and even the survival of patients with breast 
cancer [1]. There has been a phenomenal change in the survival of breast cancer patients, and the data now clearly 
demonstrate a significant improvement in both overall survival rates and disease-specific survival rates of breast 
cancer patients. The awareness of these survival patterns is highly relevant to clinicians, researchers, and patients, 
as it aids in making informed treatment choices and addressing prognostic challenges within the contemporary 
oncological environment [2]. The recent trends in survival rates provide an optimistic future outlook concerning 
breast cancer survival rates, as women who receive a breast cancer diagnosis collectively have a 5-year relative 
survival rate of nearly 91 percent [3]. This progress is an effect of the overall positive outcomes of more efficient 
screening activities, earlier identification measures, as well as the design of more effective treatment measures [4]. 
Survival rates have also allowed us to determine that early detection is incredibly important, with only the 
localized phase of breast cancer being highly positive, as the relative survival rate at that stage of the disease at the 
time of detection is 99.6% after five years [5]. Regional disease (growth to surrounding structures and lymph 
nodes) exhibits a considerably lower relative survival rate at 86% after five years. Conversely, metastatic disease, 
which is far more advanced, has a more challenging prognosis, as women have a 31% relative survival at five years 
in reference to the continued investigation necessary in expanded illness care [1]. 

The temporal trends in the mortality of breast cancer further support the suggestion of developments in 
patient outcomes. The death due to breast cancer has decreased significantly since 1989, when the rates were 
recorded as high, with a total of 44 percent reduction in breast cancer mortality rates, and this figure translates to 
almost half a million women being saved due to the lack of breast cancer-related deaths in the United States [4]. 
This outstanding success is due to improvements in the effectiveness of treatment and earlier diagnosis. 
Surprisingly, although mortality rates indicate a downward trend, the number of new female breast cancer cases 
has been increasing on average by 1.0 percent every year over the period between 2012 and 2021, which is an 
indicator of how well modern treatment works despite its rising incidence rates [2]. The heterogeneity of breast 
cancer survival is not limited to the stage at diagnosis; it also involves biological subtypes, demographic factors, 
and treatment response patterns. The statistics show that 63.5 percent of breast cancers are diagnosed at the local 
level as a result of the effectiveness of screening programs and awareness [5]. Nonetheless, disparities in survival 
prevail among various groups in the population and between tumor attributes, and further investigation into the 
factors affecting survival rates and the implementation of individual treatments is still needed [6]. The survival 
statistics can be studied not only as evidence of the improvement that occurred in breast cancer care but also as a 
basis for the studies conducted to enhance patient outcomes further. As we become more aware of breast cancer 
biology, develop new therapeutic agents, and determine the best use of current and new agents, the analysis of 
patterns of survival becomes much more detailed, necessitating increasingly sophisticated statistical methods to 
model the patterns of factors affecting patient prognosis. 

The temporal evolution of breast cancer mortality numbers supports the indication of improved patient 
outcomes. The burden of death due to breast cancer has decreased significantly since it was recorded as high in 
1989, when a 44 percent reduction in breast cancer death rates was observed. This reduction has translated into 
approximately half a million women saved in the United States due to a decline in breast cancer-related deaths [4]. 
This remarkable achievement is attributed to increases in the accuracy of treatment as well as early diagnosis. 
Surprisingly, the mortality rates show a statistically decreasing trend, but the new cases of breast cancer in women 
are, on average, increasing at an annual rate of 1.0 percent across the years between 2012 and 2021, which points 
towards the efficiency of modern treatment that is associated with its increasing cases [2]. The diversity of breast 
cancer survival extends not only to the stage at which the cancer is diagnosed but also includes biological subtypes, 
demographic factors, and patterns of response to treatment. According to statistics, 63.5 percent of breast cancers 
are diagnosed at the local level due to the efficiency of screening programs and awareness [5]. However, a survival 
gap remains between different groups within the population and between characteristics of the tumor, and further 
research on the factors that influence the survival rate and the introduction of personalized treatments is still 
required [6]. 

The survival statistics may be reviewed as a sign of the progress taking place regarding breast cancer care, but 
may also be discussed as a foundation of the research performed to improve the situation and outcomes of patients 
even more. With increasing knowledge of the biology of breast cancer, new agents to treat it, and understanding of 
how to harness current and novel agents, the description of survival patterns will be much more detailed and will 
require increasingly complex statistical methods to describe the patterns of factors impacting patient prognosis. 

Cancer survivorship has since shifted to a more holistic approach, extending beyond survival thresholds to a 
multi-dimensional focus on the physical, emotional, and social well-being of individuals during the cancer 
experience [7]. Such a comprehensive measurement of the outcome requires advanced analytical procedures 
capable of considering competing risks, covariates that change over time, and patient-reported outcomes [8]. 

The increasing use of precision medicine strategies has added a new layer of complexity to survival analysis 
because treatment decisions are becoming more tailored to individual patient and tumor characteristics. Oncotype 
DX, MammaPrint, and other genomic profiling tools have provided practical prognostic and predictive data, which 
contribute to treatment choices and, by extension, survival rates [9, 10]. Inclusion of these molecular markers in 
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survival models involves complex statistical techniques that may involve large dimensions of information and 
intricate interaction effects [11]. 

The study investigates the impact of visual analytics on understanding breast cancer trends, patient 
demographics, clinical characteristics, and treatment outcomes, facilitating better decision-making in healthcare. 
The objectives are to: examine the relationship between patients' demographic and clinical characteristics (such as 
age, tumor stage, and surgery type) and their survival outcomes; also to assess the impact of different breast cancer 
treatment modalities (chemotherapy, hormone therapy, and radiotherapy) on patient survival rates; and to evaluate 
the statistical significance of survival differences across various treatment groups using chi-square tests (Log-rank 
tests) and Kaplan-Meier survival analysis. 
 

2. Methodology  
A log-rank test, which is one of the most used statistical tests in the analysis of survival, was first proposed by 

Mantel [12] and later refined by Peto and Peto [13].  It is a non-parametric test tailored specifically to compare 
survival distributions across two or more groups and thus invaluable in clinical trials, epidemiological research, and 
other studies where time-to-event outcomes are central to inquiry. 

The popularity of the test is based on its capability to effectively analyze censored data and assumes very few 
distributional assumptions. In contrast to parametric tests, which need to specify the underlying survival 
distribution, the log-rank test can be performed within a non-parametric model, providing relatively robust 
information under a broad spectrum of survival patterns. 

The underlying idea of the log-rank test is that the observed and expected numbers of events are compared 
within each category under the null hypothesis of the same survival distributions. Comparison is done at each 
observed event time, and some information on the entire follow-up time is contained within the test statistic. The 
statistic obtained follows a chi-square distribution, which facilitates statistical inference on the null hypothesis. 

For comparing k groups, the log-rank test addresses: 

S₁(t) = S₂(t) = ... = Sₖ(t) for all t ≥ 0 against. 

Sᵢ(t) ≠ Sⱼ(t) for at least one pair (i,j) and some t ≥ 0. 
The null hypothesis states that all groups have identical survival distributions, while the alternative hypothesis 

allows for differences in survival between at least two groups. 
Under the assumption of proportional hazards, the equivalent is to:  

h₁(t) = h₂(t) = ... = hₖ(t) for all t ≥ 0. 
This equivalence is important because it connects the log-rank test to the broader framework of proportional 

hazards models. 
Consider two groups with survival times and censoring indicators: 

Group 1: (Y₁₁, δ₁₁), (Y₁₂, δ₁₂), ... , (Y₁ₙ₁, δ₁ₙ₁). 
Group 2: (Y₂₁, δ₂₁), (Y₂₂, δ₂₂), ... , (Y₂ₙ₂, δ₂ₙ₂). 
Let t₁ < t₂ < ... < tₐ be the D distinct event times across both groups. 

At each event time tᵢ, we construct a 2×2 contingency table. 
 
Table 1. Summary of events and number at risk for two groups in survival analysis. 

Group Events At Risk Total 

Group 1 𝑑1𝑖 𝑛1𝑖 𝑛1𝑖 
Group 2 𝑑2𝑖 𝑛2𝑖 𝑛2𝑖 
Total 𝑑𝑖 𝑛𝑖 𝑛𝑖 

 
Table 1 presents the number of events ( e.g, death or failure) and the number of people at risk at each observed 

time in two groups in a survival study. 
Where: 

d₁ᵢ, d₂ᵢ = Number of events in groups 1 and 2 at time tᵢ. 

n₁ᵢ, n₂ᵢ = Number at risk in groups 1 and 2 just before time tᵢ. 

dᵢ = d₁ᵢ + d₂ᵢ = Total events at time tᵢ. 

nᵢ = n₁ᵢ + n₂ᵢ = Total at risk just before time tᵢ. 
The most commonly used multivariate method for testing survival data in medical research is the Cox 

Proportional Hazards model, developed by Cox [14]. This semi-parametric regression model establishes the 
relationship between event occurrence rates and multiple covariates through the hazard function, which represents 
the instantaneous probability of an event occurring at any given time point. Mathematically expressed as. 

ℎ(𝑡) =  ℎ𝑜(𝑡)𝑒𝑥𝑝
𝛽1𝑋1+ 𝛽2𝑋2+𝛽3𝑋3+⋯+ 𝛽𝑝𝑋𝑝    (1) 

The model consists of a baseline hazard function h₀(t) and a linear combination of p covariates (x₁ denoting the 

age category, x₂ denoting the tumor stage, x₃ denoting the surgery category, x₄ denoting chemotherapy, x₅ 

denoting radiotherapy, and x₆ denoting hormone therapy) with their corresponding coefficients (𝛽₁, 𝛽₂, ..., 𝛽ₚ). The 
main benefit of this method is that the baseline hazard is estimated using non-parametric methods, which do not 
require that the survival times have a particular statistical distribution, unlike in the conventional parametric 
survival models.  

This model is a multiple linear regression of the logarithm of the hazard on the covariates, in which the 
baseline hazard is a time-varying intercept term. The covariates are multiplicative on the hazard at any given time, 
and the basic proportional hazards assumption is that the hazard ratio between any two groups does not change 
with time. Consequently, the hazard curves of different groups should be proportional and should never intersect. 

The exponential changes of the regression coefficients, exp (𝛽𝑖), are hazard ratios, and when they are not equal to 
one, they are covariates associated with the probability of events (negative with the length of survival) or 
covariates that are protective. Despite the fact that this assumption of proportional hazards is usually quite 
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reasonable in the case of survival data, it should be strictly examined and confirmed to guarantee valid 
interpretation of the model and sound conclusions. 

 

3. Results and Discussion 
The paper includes a number of statistical methods to evaluate the correlation between patient features and 

survival rates. In particular, tests of association between the dependent variable (Status: Alive/Dead) and different 
independent variables were tested using the Log-rank test. Additionally, survival analysis methods such as the 
Kaplan-Meier (KM) estimator and Cox proportional hazards model are employed to further study how patient 
survival depends on other factors. The Kaplan-Meier technique is applied to obtain estimates of survival functions 
for various subgroups of the sample, providing a graphical illustration of survival probabilities over time. The Cox 
proportional hazards model is used to evaluate the effects of continuous and categorical variables on the risk of 
mortality, controlling for other possible confounders. These techniques offer a comprehensive understanding of the 
variables affecting patient outcomes, highlighting important predictors of survival and mortality risk. 

Table 2 offers a descriptive analysis of different clinical and tumor features using a sample of 1,090 
observations that was subsequently narrowed to 563 observations due to the consequence of survival time that is 
too consequential and was subsequently capped at a maximum of 10 years. Kaggle is the source of the dataset that 
provides extensive and detailed clinical data that can be utilized in research. The link to the dataset is available 
here: https://www.kaggle.com/code/alexandervc/breast-cancer-metabric-with-omics-data-1 

According to the statistical analysis of this cancer data (n=563 patients), the cohort is highly clinically diverse 
in all the measured parameters. The mean age of the patients at the time of diagnosis is 62.28 (SD=13.83), but 
there is a slightly negative skewness (-0.31), which demonstrates the presence of a slight concentration of patients 
in their sixties and fewer younger ones. The median age of 63 years supports the typical diagnosis at the beginning 
of the sixties, with ages ranging from 22 to 96 years. The overall survival varies significantly, with a mean of 63.05 
months (SD=32.45) and a slightly normal distribution (skewness=0.04), although the survival range is broad, from 
0.1 to 119.87 months, indicating heterogeneity among patients. The average relapse-free survival is 52.68 months 
(SD=34.26) with positive skewness (0.35), suggesting that most patients experience shorter disease-free survival, 
with a longer tail representing those in sustained remission. Tumor characteristics exhibit considerable 
heterogeneity; the average tumor size is 28.52 cm (SD=17.28), with a highly skewed distribution (skewness=3.57) 
and kurtosis of 21.54. This pattern indicates that most patients have smaller tumors, while a significant number 
have very large masses, ranging from 1 to 180 cm. Such a wide variation in clinical parameters reflects the 
multifaceted nature of this malignancy, with early mortality (minimum 0.1 months) and prolonged survival 
(maximum 119.87 months) as evidenced by survival and relapse-free survival data. The data confirms that older 
adults are generally more susceptible to this cancer and highlights the broad spectrum of disease presentation and 
progression, emphasizing the challenge in predicting individual patient outcomes within this diverse group. 
 
Table 2. Descriptive summary table. 

 Variable Age at diagnosis 
Overall survival 

(Months) 
Relapse-free status 

(Months) Tumor size 

Mean 62.284 63.054 52.675 28.515 
Standard error 0.583 1.368 1.444 0.728 
Median 63 61.9 45.933 25 
Mode 69 19.733 37.467 20 
Standard 
deviation 13.832 32.453 34.256 17.276 
Sample 
variance 191.311 1053.205 1173.440 298.457 
Kurtosis -0.498 -1.108 -1.120 21.543 
Skewness -0.309 0.0389 0.351 3.566 
Range 74 119.767 119.733 179 
Minimum 22 0.1 0 1 
Maximum 96 119.867 119.733 180 
Sum 35066 35499.633 29656.067 16054 
Count 563 563 563 563 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://www.kaggle.com/code/alexandervc/breast-cancer-metabric-with-omics-data-1
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Table 3. Frequency table presenting the variables and the test of independence between survival status and various independent variables. 

Risk Factors 
Event 

(Death) 
Censored (Alive) Total Log rank value P value 

Age category Young  52 (72%) 20 (28%) 72 

6.6 0.08 
  Middle Age 99 (61%) 63 (39%) 162 
  Elderly  140 (61%) 48 (39%) 188 
  Senile 87 (86%) 14 (14%) 101 
Tumor stage Stage I 94 (66%) 49 (34%) 143 

225 <0.0001 
  Stage II 263 (76%) 85 (24%) 348 
  Stage III 56 (84%) 11 (16%) 67 
  Stage IV 5 (100%) 0 (0%) 5 
Surgery type Breast conserving 138 (66%) 71 (34%) 209 

12.6 0.0004 
  Mastectomy 280 (79%) 74 (21%) 354 
Chemotherapy Yes 112 (72%) 43 (28%) 155 

4.1 0.04 
  No 306 (75%) 102 (25%) 408 
Radiotherapy Yes 265 (72%) 105 (28%) 370 

0.1 0.8 
  No 153 (79%) 40 (21%) 193 
Hormone therapy Yes 261 (71%) 108 (29%) 369 

12.3 0.0004   No 157 (81%) 37 (19%) 194 

  Total 418 (74%) 145 (26%) 563 

 
Table 3 displayed how the risk factors impact survival outcomes, survival analysis, and it can be observed that 

tumor stage, surgery type, chemotherapy, and hormone therapy all significantly impact patient outcomes, showing 
clear differences in survival distributions. The log-rank test confirms that these variables have a meaningful effect 
on survival, with p-values below 0.05 indicating statistical significance. Among these tumors, stage is the strongest 
predictor of survival (p < 0.0001). Older patients and those diagnosed at advanced tumor stages (III & IV) have 
considerably lower survival rates (11% and 0%), reinforcing the importance of early detection and timely 
intervention to improve survival chances. 

Surgery is another factor that has been found to be more successful in terms of survival than mastectomy 
surgery, which can be explained by the fact that patients who are more severely ill might have surgery as opposed 
to those who do not. Chemotherapy (p = 0.04) and radiotherapy (p = 0.0004) are effective methods of treatment 
that increase survival, but their efficacy depends on the specifics of a patient and on the progression of the disease. 

Frequency distribution-wise, the data indicate that a high percentage of the patients are within the middle-aged 
and elderly groups, with higher mortality rates as age advances. Stage II tumors represent the greatest proportion 
of cases, but survival rates decrease drastically as the disease progresses, thus indicating the aggressiveness of late-
stage cancer. The allocation of treatment modalities indicates that chemotherapy, radiotherapy, and hormone 
therapy are extensively utilized, but their effects on survival vary among different patient groups. 

Influence of Different Breast Cancer Factors on Patient Survival Outcomes? 
 

 
Figure 1. Kaplan-Meier survival curve by radiotherapy status. 
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Figure 2. Kaplan-Meier survival curve by hormone therapy status. 

 

 
Figure 3. Kaplan-Meier survival curve by chemotherapy status. 

 
Figure 4 illustrates the survival probability of both the surgical groups. Individuals with mastectomy enjoyed 

better survival than those in the group of breast-conserving surgery in the follow-up. This difference in survival 
between the two groups is higher in the period beyond the first 40 months, with the breast-conserving group 
experiencing a greater decline in the likelihood of survival. The mastectomy group had a higher survival rate 
within the period of observation, which indicates that the long-term outcome is more favorable. The difference in 
the curves proves that the survival of breast-conserving surgery is worse, and the factor is not temporary but 
observed throughout the entire period of 120 months. 
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Figure 4. Kaplan-Meier survival curve by surgery type status. 

 
The radiotherapy analysis (Figure 1) shows that there was no statistically significant difference in the survival 

probability of the patients undergoing radiotherapy and those who did not receive radiotherapy, as the two curves 
share a near-identical trajectory over the course of observation. This observation indicates that radiotherapy might 
not have a significant survival benefit for this particular group of patients. On the other hand, the survival 
differences are also significant between both hormonotherapy (Figure 2) and chemotherapy (Figure 3), with treated 
individuals recording significantly better survival rates than the untreated controls. The benefit of 
hormonotherapy is most significant during the intermediate period of follow-up (Months 30-60), when a significant 
separation between the treatment groups is also observed. The comparison of chemotherapy shows a slower but 
longer-term survival response, whereby the treatment advantage becomes more pronounced after the first 24 
months of treatment, and the response continues throughout the follow-up period. 
 

Null Hypothesis (𝐻0): The hazards are proportional (no violation of the PH assumption). 

Alternative Hypothesis (𝐻1) : The hazards are not proportional (violation of the PH assumption).  
 
Table 4. Testing of the Validity of the Factors. 

Risk factors Chi-Square (χ²) df P 

Chemotherapy 5.921 1 0.015 
Radiotherapy 0.254 1 0.614 
Hormone Therapy 5.624 1 0.018 
Age 6.214 3 0.102 
Tumor Stage 6.724 3 0.081 
Surgery Type 0.629 1 0.428 

GLOBAL 18.462 10 0.048 

 
Based on Table 4, it is clear that out of the six factors under analysis, only Chemotherapy and Hormone 

Therapy do not uphold the proportional hazards assumption, with p-values of 0.015 and 0.018, respectively. These 
values are considered statistically significant and result in the rejection of the null hypothesis that states that the 
hazard ratios do not change with time. The model, therefore, has to be adjusted by stratifying these two variables. 
Their breach also contributes to the overall breach of the global proportional hazards assumption, which also 
warrants adjustment. 
 
Table 5. Testing of Validity of the Factors After Stratification. 

Variable Chi-Square (χ²) Df p-value 

Radiotherapy 0.0833 1 0.77 
Age 1.6713 3 0.64 
Tumor stage 3.5444 3 0.32 
Surgery type 0.4373 1 0.51 
 

 
Table 5 presents the report after stratification of the two factors that violated the proportional hazards (PH) 

assumption, Chemotherapy and Hormone Therapy. As noted, the rest of the variables met the assumption, and 
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their p-values were higher than the 0.05 level of significance. This indicates that the proportionality of hazards 
holds for these variables. Therefore, it can be concluded that Radiotherapy, Age, Tumor Stage, and Surgery Type 
are valid predictors and significantly contribute to the survival outcomes of breast cancer patients within the 
context of the Cox proportional hazards model. 

 
Table 6. Cox proportional Hazards model results. 
Risk factors  Coef Exp (Coef) SE (Coef) Z P-value 

Treatments (Reference: No) 
Radiotherapy 0.052 1.054 0.126 0.415 0.678 
Age category (Reference: Elderly) 
Young 0.056 1.057 0.189 0.295 0.768 
Middle Age -0.047 0.954 0.143 -0.329 0.742 
Senile 0.211 1.235 0.135 1.568 0.117 
Tumor stage (Reference: Stage 1) 
Stage 2 0.617 1.853 0.137 4.507 <0.0001 
Stage 3 0.977 2.657 0.209 4.682 <0.0001 
Stage 4 1.381 3.981 0.475 2.909 0.004 
Surgery type (Reference: Breast conserving) 
Mastectomy 0.278 1.320 0.127 2.186 0.029 

 
 

ℎ(𝑡) =  ℎ0𝑒0.6166 stage 2+0.9770 stage 3+1.3814 stage 4+0.2776 mastectomy    (2) 
Table 6 presents the results of the logistic regression analysis. It reveals that the factors bearing significance in 

the outcome are the tumor stage and surgery type, whereas treatment type and age category do not. The outcome 
was increasingly more pronounced with patients with higher levels of disease, as Stage 1 (OR = 1.79, p = 0.0001), 
compared to Stage 2 (OR = 1.85, p = 0.0001), Stage 3 (OR = 2.66, p = 0.0001), and Stage 4 (OR = 3.98, p = 
0.0036), which are significantly pronounced. Additionally, a mastectomy was found to lead to a 32 percent increase 
in the chances of the outcome compared to breast-conserving surgery (p = 0.0288). Conversely, receiving 
radiotherapy (OR = 1.05, p = 0.678) and being in different age categories (young, middle-aged, senile) did not have 
any statistically significant impact on the outcome. This indicates that the stage of the tumor and the type of 
operation are more important factors in determining the likelihood of the outcome in this model, compared to age 
and radiotherapy. 
 

4. Conclusion 
The hormonotherapy benefit is most pronounced during the intermediate follow-up period (months 30-60), 

where a substantial separation between treatment groups is observed. The comparison of chemotherapy indicates a 
slower, yet significant progress of survival rates, and the benefit of the treatment can be seen after the first 2 years 
of therapy and continues during the follow-up period. The paper concluded that radiotherapy, age, tumor stage, 
and surgery type are valid predictors and significantly contribute to the survival outcomes of breast cancer patients 
within the context of the Cox proportional hazards model. Through logistic regression, it was also concluded that 
tumor stage and surgical option are the key factors of breast cancer survival, and the necessity of early diagnosis 
and treatment based on an individual approach. 
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