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Abstract 

In this work, we employ Survival Analysis to model the time until 

smoking relapse, considering social, demographic, and clinical 

variables, such as age group, gender, type of treatment, and time as a 

smoker. Survival curves were estimated using the Kaplan-Meier and 

Nelson-Aalen methods, showing group differences. The Logrank and 

Wilcoxon tests indicated significance only for the age group. In the 

Cox modeling, the type of treatment and age group stood out as 

relevant. It was concluded that combined treatments with three 

interventions are more effective, especially for young people who 

require greater support and awareness. 
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1. Introduction 
 

Smoking is a disease characterized by dependence on the nicotine found in cigarettes. 

According to the Pan American Health Organization and the World Health (WHO) (2019) 

smoking is considered a pandemic, currently responsible for around five million deaths a 

year, most of them in men. If the prevalence Organization of tobacco use does not change, it 

is estimated that by 2025 this figure will rise to ten million deaths a year (Araújo et al., 

2004). This dependence causes physical, psychological damageand behavioral. The damage 

to health is exorbitant and, the ones that main occur most frequently are lung, cancerheart 

attacks, chronic bronchitis, pulmonary emphysema and strokes (WORLD HEALTH 

ORGANIZATION, 2023). 

  

Quitting smoking has numerous benefits: After 20 minutes, blood pressure and pulse rate 

return to normal. After 2 hours, nicotine no longer circulates in the blood and within 12 to 24 

hours the lungs function better (Araújo et al., 2004). sense of smell and taste also become 

more acute. As it is an addiction, the difficulties of quitting are exorbitant, must include 

psychological support, medication, group therapies and changes in habits help so treatments 

for quitting tocurb anxiety addiction. Furthermore, according to Abreu and Caiaffa (2011), 

among adolescents and young adults the problem of smoking is even more influential, 

emphasis on the population with less schooling, males and hyperbolic alcohol consumption. 

Other studies, such as that by Malcon et al. (2003), have identified an association between 

tobacco addiction and a low level of schooling among adolescents. 

  

Knowing this, in order to evaluate the behavior of patients who are quitting, the time until 

smoking relapse will be evaluated considering some characteristics of the patient's profile, 

such as the type of treatment, the patient's age, gender, type of addiction and length of time 

smoking, among other characteristics, which Silva et al. (2014) point out as essential to 

characterize the patient's profile. For this purpose, the analysis approach survival will be 

used, which is extensively applied in studies where it is necessary to monitor and understand 

the time until the occurrence a certain event, which in this case ofis smoking relapse (Klein 

& Moeschberger, 2003). This method seeks to understand the differences in abstinence times 

according to the patient's demographic, socioeconomic and clinical profile. 

 

2. Materials and Methods 

The data being analyzed refers to 125 patients being studied for treatment against smoking, 

the treatments applied being triple therapy and nicotine patch. This data was taken from the 

GitHub platform, published by Mota Vieira (2020). In addition, these data include other 

variables besides the type of treatment the patient is undergoing. The variables analyzed 

together with the time until smoking relapse are categorical.  

With regard to the treatment offered to patients, there are two main: Types the exclusive use 

nicotine patches and a combined approach that uses three different pharmacological methods 

simultaneously, which is usually made up of nicotine replacement (NRT) which denotes the 

function of the nicotine patch, bupropion (BUP) and varenicline (VAR), where BUP helps 

with withdrawal symptoms and VAR acts on the brain's nicotine receptors by decreasing the 

pleasure associated with tobacco consumption, as cited by Dantas et al. (2016). With regard 

to age, the categories were defined based on factors associated with the typical characteristics 
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of each age group. For patients under 25, believed to social factors are play a significant role 

in relapse. For those between aged 25 and 44, which includes young and middle-aged, adults 

there is less social, but if the addiction was acquired in youth, these individuals may have a 

more consolidated dependence on tobacco. Similarly, the 45 to 64 age group probably carries 

an even higher smoking burden due to greater exposure to tobacco throughout life. For 

patients aged 65 and over, the health problems resulting from prolonged tobacco use, as well 

as other conditions associated with ageing influence can serve as a strong incentive to give 

up smoking. According to Goulart et al. (2010) the patient's age group directly influences 

their recovery, considering that the groups to which the patient belongs have their own 

characteristics. In addition, smokers over the age of 50 in particular find it more difficult to 

give up the habit.   

With regard to gender, the categories analyzed are male and female, respectively. Race was 

categorized as white, black, Hispanic and others. The time the patients worked in this study 

was classified into three groups: Full-time, part-time and other. Considering the length of 

time they had been smoking, the patients were divided into three groups: Those with less 

than 15 years of addiction, indicating intermediate; dependence between 16 and 30 years, 

where dependence is strongly established; and over 30 years, where the risk of relapse tends 

to be even greater due to a long history of dependence on tobacco.  

The categories for the number of quit attempts were defined on based the following 

perceptions: Patients who have never tried to quit may have a strong dependence or lack of 

motivation to quit. Those who have tried (zero attempts) 1 or 2 times and failed indicate 

moderate dependence. Patients who have tried between 3 and 5 times without success 

suggest a higher level of dependence, possibly facing greater difficulties in the process of 

quitting. For those with more than 5 attempts, this may indicate severe dependence and 

major challenges in the process of quitting, despite having significant motivation to quit.  

The categories for the number of days without smoking were defined follows: Those who 

can't abstain for even one day show strong dependence. Patients who go between 1 and 30 

days without smoking show that they are trying to quit but cannot sustain abstinence for 

more than a month. Those who manage to go between 31 and 180 days without smoking 

indicate greater control over their addiction. Patients who abstain for more than 6 months 

show significant control over the situation. These characteristics of the patient's clinical 

profile were established based on the guidelines addressed by Lopes et al. (2023).  

The exploratory analysis of the individuals under study was carried out in order to 

understand how the patients condition is constituted. According to Bussab and Morettin 

(2017), graphs and frequency tables are very useful when we seek to describe the behavior of 

data when working with qualitative characteristics, with this in mind, graphs of were plotted 

frequency so that this behavior could be understood. 

2.1. Survival Analysis 

Survival analysis is a powerful tool from a group of statistical techniques used when trying to 

assess the time until the recurrence of an expected event (Hosmer, Lemeshow and May, 

2008). This technique is widely applied in various economic, social and industrial areas, as 

well as in medicine, which pioneered the studies that led to the widespread use of this tool. In 

this case, we will use Survival Analysis to assess the time to relapse of patients studying 
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smoking, with the aim of identifying the possible causes that make it more difficult for those 

seeking to quit. 

Survival analysis is extremely useful when the data lacks information during the analysis 

period, as this lack of information makes other analyses impossible (Colosimo and Giolo, 

2021). This lack of information is referred to as censoring and the occurrence of censoring 

determines the entire analysis approach. 

 

The survival data for a study subject are represented in general by the pair (𝜏𝑖, 𝛿𝑖), where 𝜏𝑖 is 

the time of failure of the individual and 𝛿𝑖 it is indicative of the status of the individual at that 

time, that is, whether he failed or censored, thus 𝛿𝑖 will receive 1 if the individual has failed, 

relapsed into addiction, and 0 if the individual is censured. 

Censoring can occur in different ways, in this study the survival approach is clinical, so 

censoring can occur for various reasons and some of them may be the loss of patient follow-

up or the non-occurrence of the event until the end of the study. 

2.2. Survival Function 

The survival function is widely used to discuss survival analysis. This function denotes the 

probability that will the individual not fail by a certain time. This function is written as 

follows: 

      𝑺(𝒕) = 𝑷(𝑻 ≥ 𝒕)        (𝟏) 

Thus, the cumulative distribution function that shows the probability of an individual failing 

in a given time 𝑡 is defined by: 

     𝑭(𝒕) = 𝟏 − 𝑺(𝒕)       (𝟐) 

The survival function is a parametric approach that can only be used in cases where there is 

no censoring, which is uncommon in real studies. To avoid censoring, non-parametric 

approaches are used to estimate survival curves and cumulative risk. The most widely used 

estimator is the Kaplan-Meier (1958) estimator, followed by the Nelson-Aalen estimator, 

which was first proposed by Nelson (1972) and improved by Aalen (1978), both of which 

will be used in this study. The Kaplan-Meier estimator is defined as: 

 

               (3) 

 

where 𝑡 is the time, 𝑛𝑗 is the number of individuals at risk and 𝑑𝑗 the number of failures that 

occurred. The Nelson-Aalen estimator is based on the survival function which is defined by: 

      𝑺(𝒕) = 𝒆𝒙𝒑{−𝚲(𝒕)}         (𝟒) 

where 𝚲(𝑡) is the accumulated risk function, which is estimated by: 
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    (5) 

 

Thus, the Nelson-Aalen estimator for the survival function is expressed as follows: 

 (6) 

 

In general, Kaplan-Meier estimates tend to be closer to the value of 𝑺(𝑡). 

2.3. Comparison tests 

In many studies, the main interest is to assess whether there is a difference in the survival of 

individuals analyzed by interest groups that share the same characteristics in the study. For 

this, non-parametric tests are used, such as the Logrank and Wilcoxon tests. The Logrank 

test, according to Mantel (1966), is the most used in survival studies, although the Wilcoxon 

test is more recent (Gehan, 1965). The calculation of the test statistic by the Logrank test is 

constructed as follows: 
 

(7) 
  

 

For large samples, the statistic  follows a Chi-squared distribution with 1 degree of freedom. 

Other tests widely used in the literature, such as the Wilcoxon test, generalize this statistic by 

adding weights. These weights vary between the tests, which results in the differences 

observed between them. This generalization can be expressed as follows:  
 

(8) 

 

 

in which in the Wilcoxon test the weight 𝐮𝒋 = 𝐧𝐣, assigning greater weight to events that 

occur earlier, while in Logrank 𝐮𝐣 = 𝟏. We consider that there is a difference between these 

curves when the p-values obtained from the test statistics are higher than the established 

level of significance. 
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2.4. Modeling 

For this study, the approach modeling used will be semi-parametric modeling or models Cox, 

since parametric does not suit the behavior of the data. Cox regression models (Cox, 1972) 

have brought new perspectives to survival analysis, especially for clinical cases. To follow 

Cox's modeling, the groups evaluated need to have proportional risks (Struthers and 

Kalbfleisch, 1986). Thus, assuming proportionality of risks, we have: 

 
      𝝀𝟏(𝒕) 

= 𝑲            (9) 
       𝝀𝟎(𝒕) 

 

Thus, 𝐾 is the ratio of failure rates or relative risk, constant for the entire follow-up period. 

The Cox regression model is characterized by the coefficients that measure the effects of the 

covariates on the failure rate function. For an estimation method, necessary, inference is and 

one of the inferential methods widely used is the maximum likelihood method [see (Cox and 

Hinkley, 1974)]. However, the presence of the non-parametric component makes the 

maximum likelihood method unfeasible. With this in mind, Cox (1975) proposed a partial. 

maximum likelihood method. Thus, the modeling is semi-parametric. Considering p 

variables, Cox's model has the following form: 

    𝝀(𝒕) = 𝝀𝒐(𝒕)𝒈(𝒙´𝜷)    (𝟏𝟎) 

 
where g is a function that must be specified, so that 𝐠(𝟎) = 𝟏. The model is composed of 

two components, one parametric and one non-parametric. 

The interpretation of covariates is based on whether they accelerate or decelerate the risk 

function. The risk ratio of failure two sample items i and j, which have the same covariate 

values of except for the ith, can be evaluated as the risk ratio at time t, provided that the risks 

are proportional [see (COLOSIMO; GIOLO, 2021)]. 

Still on the validation of the model, metrics such as the coefficient of agreement offered by 

Harrell et al. (1982) will be used, this coefficient varies from 0.5 to 1, in which, above 0.5, 

we understand that the occurrence of the event of interest did not occur by chance between 

the observations. In addition, the Wald test, also proposed by Cox (1972), evaluates the 

significance of the coefficients that exist in the model, observing whether the null option that 

the coefficient is equal to zero is true. Finally, the Akaike criterion (AIC) is a measure used 

to measure the quality of models, the AIC penalizes models that have a large number of 

parameters seeking to avoid an overfit, considering as the best model the one that has the 

lowest AIC [see (Akaike, 1974)]. 

3. Results and Discussions 

Initially, the frequency tables were evaluated so that the behavior of the characteristics of the 

patient's profile is understood. 
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Table 1 - Frequency distribution for patient profile characteristics. 

 

Variable Frequency 

Age   

< 25 years 2 

25 to 44 years 42 

45 to 64 years 70 

> 65 years 11 

Gender  

Female 81 

Male 44 

Race/Color  

Black 38 

White 77 

Hispanic 8 

Other 2 

Type of 

Employment 

 

Part-time 14 

      Full-time 72 

   Other occupation 39 

 

According to Table 1, there is a predominance of women in the patient population, and the 

majority of these patients are generally white, work full-time and are between 25 and 64 

years old. Although the prevalence of people addicted to tobacco is higher among the male, 

both in this study and in the study by Lopes et al. (2023), it was observed that the proportion 

of women followed up in treatment was higher than that of men population. 

 
Table 2 - Frequency distribution for the patient's clinical profile. 

 

Variable Frequency 

Treatment Group  

Nicotine patch 64 

Combination 61 

Smoking time  

< 15 years 12 

16-30 years 52 

> 30 years 59 

Number of times 

tried to quit smoking 

 

Never tried to quit the habit 11 

1-2 attempts to quit addiction 52 

3-5 attempts to quit addiction 35 

More than 5 attempts to quit the 

addiction 

27 



Socioeconomic Analytics, 2024, 2(1), 144-163 

151 

 

        

DA SILVA ET AL. (2024) 151 
 

Number of days the patient has gone 

without smoking previously  

 

1-30 days without smoking 40 

31-180 days without smoking 31 

> 180 days without smoking 42 

    Not a day without smoking  12 

 

In Table 2, the treatments were applied proportionally to the patients. In addition, most of 

these patients have been smoking more than 15 years, in short, they have tried to quit 1-2 

times and have gone up to 30 days and more than 180 days without smoking in previous 

attempts. Next, the Kaplan-Meier and Nelson-Aalen risk curves will be presented to assess 

the likelihood of the individual under study relapsing into smoking. 

Figure 1 - Survival Curve (Kaplan-Meier) for time to smoking recurrence. 

 

 

The Kaplan-Meier estimates of the time until smoking relapse indicate a high risk of relapse 

in the first days after the start of treatment, showing that by the 50th day of treatment, half of 

the patients had already returned to the habit. The survival curve for both methods shows a 

sharp decrease in this initial period, suggesting a weakness in recent abstinence. However, 

the relapse rate decreases significantly over time, indicating greater long-term abstinence 

stability. 

 
Figure 2 - Nelson-Aalen Cumulative Risk Function. 
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The cumulative risk function is an increasing estimate, in which the current risk is always 

added to that of the previous time. Evaluating the risk curve, the indications perceived in the 

survival curves are reiterated, which indicate that the risk of relapse in the first days of the 

intervention is high, so the function increases rapidly in the first days, indicating that many 

patients returned to smoking at the beginning of the treatment. It is possible to evaluate the 

decay behavior in relation to different categories and whether there are differences between 

these categories in terms of smoking recurrence. 

 
Figure 3 - Survival curve by genre. 

 

 

Evaluating the difference between gender, we have evidence that the survival curves are 

similar, especially at the beginning of the study, after a certain time, female patients are more 

likely to return to smoking. 

 
Figure 4 - Survival curve for treatments. 
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Looking at the survival curves, the evidence observed is that combination treatment offers 

better results than treatment with the nicotine patch alone. 

 

 
Figure 5 - Survival curve for the patient's age group. 

 

 

For the age group, it is visually observed that patients aged 45-64 years have a higher 

probability of not recurring the disease. The evidence suggests that younger patients tend to 

relapse more easily. The other curves referring to the patient's profile, present in the 

appendix, showed slight or no evidence that they affect the probability of patients relapsing 

into the habit of smoking. 

 

Table 3 - Comparison test for survival curves. 
 

Variables Log-rank Wilcoxon 

Gender 0.4 0.8 

Race 0.5 0.4 

Type of employment 0.3 0.4 

Type of addiction 0.9 0.8 

Age < 0,01*** < 0.01*** 

Smoking time 0.2 0.3 

Number of times that tried to quit 0.9 0.8 

  Number of days previously spent     

without smoking  
0.2 0.1 

 

From the tests comparing survival curves, it is possible to observe that, among all the 

covariates analyzed, only the age group proved to be significant in terms of the time until the 

recurrence of the smoking habit, i.e., the age of the patients possibly influences the cessation 

of cigarette addiction. Cox modeling was initially performed for all characteristics of the 

patient's profile. And the following results were obtained. 
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Table 4 - Model estimates considering all variables associated with the patient profile. 
 

Variable Coefficient Odds Ratio Standard 

Error 

Z-value P-value 

 Treatment: Combination  -0.5799 0.56 0.2361 -2.456 0.0141** 

Age: 25-44 years -1.113 0.3287 0.9676 -1.15 0.2502 

Age: 45-64 years -1.413 0.2434 1.002 -1.409 0.1587 

Age: 65 or more -1.452 0.2341 1.104 -1.316 0.1883 

Days without smoking: 31-180 days 0.09603 1.101 0.3532 0.272 0.7857 

Days without smoking: > 180 days -0.2947 0.07447 0.3424 -0.861 0.3893 

Days without smoking: < 1 day -15.17 2.59E-07 2228 -0.007 0.9946 

Gender: Male -0.1711 0.8427 0.2575 -0.665 0.5063 

Race: Hispanic -0.3437 0.7091 0.5076 -0.677 0.4983 

Race: Other -1.121 0.3261 1.049 -1.069 0.2853 

Race: Black 0.2685 1.308 0.2738 0.981 0.3268 

Type of occupation: Other -0.127 0.8807 0.443 -0.287 0.7744 

Type of occupation: Full-time -0.574 0.5633 0.4189 -1.37 0.1706 

Addiction: Heavy 0.1136 1.12 0.2895 0.392 0.6947 

Smoking time: > 35 years -0.1014 0.9035 0.3134 -0.324 0.7462 

Smoking time: < 15 years 0.2065 1.229 0.4451 0.464 0.6427 

Attempts to quit smoking: 3-5 times -0.1808 0.8346 0.3029 -0.597 0.5505 

Attempts to quit smoking: > 5 0.0075 1.008 0.3152 0.024 0.981 

Never tried 15.95 3111000 2228 0.007 0.9946 

*Significant at 5% confidence. 

 

When evaluating the proportionality of the risks of this model, it was observed that the genre 

does not have proportionality of the risks, thus, the assumption of the model was made 

unfeasible and thus, it was necessary to build another model that does not violate this 

assumption. For this, a new model was adjusted, which considers the gender variable as a 

stratification, so this variable is no longer direct in the analysis, does not have its own 

coefficient, but adjusts the model to deal with the differences between the strata, promoting a 

better fit without violating assumptions. The estimates obtained by this model will be 

presented in the following table. 

 
Table 5 - Model estimates considering gender as stratification. 

 

Variable Coefficient Odds Ratio Standard 

Error 

Z-Value P-value 

Treatment: Combination -0.5764 0.5619 0.2371 -2.431 0.0150 ** 

Age: 25-44 years -1.767 0.1708 1.006 -1.756 0.0791 * 

Age: 45-64 years -2.07 0.1262 1.045 -1.981 0.0476 ** 

Age: 65 or more -2.165 0.1147 1.147 -1.888 0.0590 * 

Days without smoking: 31-180 

days 

0.0704 1.073 0.3558 0.198 0.8432 

Days without smoking: > 180 days -0.3229 0.724 0.345 -0.936 0.3493 

Race: Hispanic -0.4011 0.6696 0.5114 -0.784 0.4329 

Race: Other -1.178 0.3078 1.05 -1.123 0.2616 

Race: Black 0.2776 1.32 0.2751 1.009 0.3131 

Type of occupation: Other -0.0932 0.911 0.4485 -0.208 0.8354 
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Type of occupation: Full-time -0.4995 0.6068 0.4225 -1.182 0.2371 

Addiction: Heavy 0.087 1.091 0.2951 0.295 0.7683 

Time of smoking: > 35 years -0.0512 0.9501 0.3209 -0.16 0.8732 

Time of smoking: < 15 years 0.1835 1.201 0.4476 0.41 0.6818 

Attempts to quit smoking: 3-5 -0.1508 0.86 0.306 -0.493 0.6222 

Attempts to quit smoking: >5 0.0294 1.03 0.3155 0.093 0.9258 

Never tried 0.1553 5.539 2.729 0.006 - 

*Significant at 5% of confidence. **Significant ate 1%. 

 

As shown in Table 5, after stratifying gender, more factors began to influence the recurrence 

of smoking in patients. Before interpreting the results, the proportionality test was performed 

and the following results will be presented in the following table: 

 
Table 6 - Risk proportionality test. 

 

Variable P-value 

Treatment group 0.951 

Age 0.425 

Time in days without 

smoking 

0.789 

Race 0.313 

Type of occupation 0.588 

Type of addiction 0.243 

Time of addiction 0.055 

Attempts to quit smoking 0.318 

Global 0.350 

 

The graphs inherent to the proportional risk validations will be presented in the appendix. All 

p-values obtained were greater than 0.05. Thus, it is assumed that the risks are proportionate 

and the violation has been circumvented. Then, the other validations of the model will be 

presented. 

 
Table 7 - Model validations. 

 

Tests Value P-value 

Concordance 0.653 - 

Likelihood ratio 26.16 0.1 

Wald 26.77 0.08 * 

Score (log-rank) 39.27 0.003** 

*Significant at 5% confidence. **Significant at 1%. 

 

 

The model considering all variables, but stratifying gender was the best among the models 

tested, achieving better results without violation of assumptions and achieving the lowest 

AIC (Akaike Criterion). In the complete model without gender stratification, the AIC was 

769.4827 and in the complete model with gender stratification, the AIC was 653.0448, 

indicating a better fit in which, although most of the variables are not directly significant, 

they influence the model. 
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As can be seen in Table 7, the model has a discriminatory power of 65.30%, and the score 

highly significant log-rank indicates that there are differences between the groups of patients 

analyzed, a fact that is corroborated by the marginal significance of the Likelihood Ratio and 

Wald test. 

 

With the modelstratified Cox, it is possible to evaluate factors that influence the time until 

smoking recurs, considering gender as a stratification variable. The treatment applied to the 

patients showed significant results. In the combined treatment, the estimated coefficient was 

-0.576, and its exponential, which indicates the odds ratiogroup, corresponds to 0.562. This 

suggests that combined treatment reduces the patient's risk of returning to smoking by 44%. 

Dantas et al. (2016) point out that other drugs such as clonidine and nortripline can be used 

as an alternative second option for triple therapy since they are not as effective as BUP and 

VAR. 

  

As for age group, the 25-44 age group had an odds ratio of 0.1708, indicating that patients in 

this age group have an approximately 82% reduction in the likelihood of relapse compared to 

patients aged up to 25. In the 45-64 age group, the results were even more significant, with 

an odds ratio of 0.126, suggesting a reduction of around 87% in the risk of smoking relapse. 

For patients aged 65 and over, the odds ratio indicates a reduction of approximately 88% in 

the likelihood of relapse compared to the younger group. These results are consistent with 

those obtained by Bertoni and Szklo (2021), who showed that the prevalence of using 

electronic devices to smoke is 10 times higher among younger people than among older age 

groups. 

 

4. Conclusions 

 

This study made it possible to assess the impact of the patient's clinical profile on smoking 

cessation treatment. The initial evaluation of the survival curves showed that most of the 

characteristics of the patient's profile influenced their treatment for smoking. For the patient's 

type of treatment in the survival curves, the indication was that there would be a difference 

between the patient's treatment and their recovery; after this suggestion, the curve 

comparison tests were carried out and no such difference was detected. However, after 

implementing the Cox model, this difference was significant, so that the treatment consisting 

of three different methods reduces the risk of the patient returning to smoking by around 

44% when compared to the treatment with the nicotine patch alone. 

 

Furthermore, among the sociodemographic characteristics of the patients, only the age group 

showed significant results in terms of the characteristics addressed. This difference was 

detected in the curve comparison tests and subsequently brought intriguing results in the 

modeling. The 45-64 age group proved to be the most relevant among the others, showing 

the greatest statistical significance according to its p-value, where, when compared to 

patients aged up to 25, the risk of returning to addiction is reduced by more than 80%. 

However, the age groups of 25-44 years and over 60 years also showed significant results in 

terms of reducing the risk of returning to smoking, where a reduction of around 82% and 

87% in the risk of returning to smoking was detected respectively in relation to the age 

segment of up to 25 years. 
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Still on the subject of the patient's profile, evaluating their clinical profile, which includes 

measuring time in years that the patient has been exposed to tobacco, strength of the virus, 

the number of times they have tried to quit and the maximum level of abstinence showed no 

significant differences in relation to the patient's relapse. Finally, based on the results 

obtained in this analysis, the most successful treatment for quitting is a combination of 

therapeutic methods. This reinforces the importance of making combined treatment widely 

available, given its superior effectiveness in smoking cessation. As for the age group of the 

patients, the younger group, aged up to 25, proved to be more susceptible to relapsing into 

smoking. To address this challenge, we recommend developing awareness campaigns 

specifically aimed at this audience 
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Appendix 

 
Figure 6: Survival curves for the race. 

 

 

Figure 7: Survival curves for the type of addiction. 
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Figure 8: Survival curve for the patient's type of employment. 

 

 

Figure 9: Survival curve for the number of times the patient tried to quit. 
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Figure 10: Survival curve for the number of days the patient had not smoked previously. 

 

Figure 11: Survival curve for the time in years that the patient has smoked. 

 

 

Figure 12: Risk proportionality graph for the age group. 
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Figure 13: Risk proportionality graph for the treatment group. 

 

 

Figure 14: Risk proportionality graph for the type of addiction. 

 

 

Figure 15: Proportionality graph of the risks for the number of times you tried to quit. 
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Figure 16: Proportionality graph of the risks for the time in years that the patient has spent smoking. 

 

 

Figure 17: Proportionality graph of the risks for the patient's race. 

 

 

Figure 18: Graph showing the the proportionality of the risks to time in days that the patient had not 

smoked previously. 
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