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Lung Cancer Survival Analysis: A Comparative Evaluation of  
Cox Proportional Hazards and Accelerated Failure Time Models:  
An Analytical Study 
Akciğer Kanseri Sağkalım Analizi: Cox Orantılı Tehlikeler ve  
Hızlandırılmış Başarısızlık Süresi Modellerinin Karşılaştırmalı 
Değerlendirmesi: Analitik Çalışma 
     Gülcan GENCERa 
aAfyonkarahisar Health Sciences University Faculty of Medicine, Department of Biostatistics, Afyonkarahisar, Türkiye

ABS TRACT Objective: This study aims to evaluate and compare the 
Cox Proportional Hazards (PH) model and Accelerated Failure Time 
(AFT) models in the survival analysis of lung cancer patients. The anal-
ysis focuses on survival times across different cell types, prior therapies, 
and treatment groups. Material and Methods: The study was con-
ducted using a dataset containing survival times, censoring indicators, 
and variables such as cell type, prior therapy, and treatment group. The 
Cox PH model and 3 AFT models (Weibull, Log-Normal, Log-Logis-
tic) were applied. While the Cox PH model does not assume a specific 
distribution for survival times, AFT models assume parametric distri-
butions. Model performance was evaluated using the Akaike Informa-
tion Criterion (AIC). Results: The Smallcell type was identified as the 
most aggressive cancer type, with the lowest survival probability. AFT 
models, particularly the Weibull AFT model, provided a better fit to 
the data than the Cox PH model, as indicated by lower AIC values. 
Prior therapy was associated with lower survival probabilities, sug-
gesting higher risk among these patients. The standard treatment group 
showed slightly better survival over time. Conclusion: This study high-
lights the importance of selecting an appropriate survival analysis 
model based on the characteristics of lung cancer data. While the Cox 
PH model offers flexibility, the Weibull AFT model provided better in-
sights and fit. These findings emphasize the critical role of model se-
lection in accurately understanding and predicting patient outcomes in 
lung cancer survival analysis. 
 
Keywords: Lung cancer; survival analysis;  

 Cox proportional hazards model;  
 accelerated failure time model 

ÖZET Amaç: Bu çalışma, akciğer kanseri hastalarının sağkalım ana-
lizinde Cox Orantılı Tehlikeler [Proportional Hazards (PH)] modeli ile 
Hızlandırılmış Başarısızlık Süresi [Accelerated Failure Time (AFT)] 
modellerini değerlendirmeyi ve karşılaştırmayı amaçlamaktadır. Farklı 
hücre tipleri, önceki tedavi ve tedavi grupları arasındaki sağkalım sü-
releri incelenmiştir. Gereç ve Yöntemler: Analiz, sağkalım süreleri, 
sansür göstergeleri ve hücre tipi, önceki tedavi ve tedavi grubu gibi de-
ğişkenleri içeren bir veri seti ile gerçekleştirilmiştir. Veri setine Cox 
PH modeli ve 3 AFT modeli (Weibull, Log-Normal, Log-Lojistik) uy-
gulanmıştır. Cox PH modeli, belirli bir dağılım varsaymazken, AFT 
modelleri parametrik dağılımlar varsayar. Model performansı Akaike 
Bilgi Kriteri [Akaike Information Criterion (AIC)] ile değerlendiril-
miştir. Bulgular: Küçük hücre tipi en düşük sağkalım olasılığı ile daha 
agresif bir kanser tipi olarak belirlenmiştir. AFT modelleri, özellikle 
Weibull AFT modeli, daha düşük AIC değerleri ile Cox PH modeline 
kıyasla daha iyi uyum sağlamıştır. Önceki tedavi, daha düşük sağka-
lım olasılıkları ile ilişkili bulunmuş, bu da daha yüksek risk altında ol-
duklarını göstermiştir. Standart tedavi grubu ise zamanla biraz daha iyi 
performans göstermiştir. Sonuç: Çalışma, akciğer kanseri verilerinin 
özelliklerine uygun sağkalım analiz modelinin seçilmesinin önemini 
vurgulamaktadır. Cox PH modeli esneklik sunarken, özellikle Weibull 
AFT modeli, daha iyi içgörüler ve uyum sağlamıştır. Bu bulgular, 
model seçiminin hasta sonuçlarını doğru anlamak ve tahmin etmek açı-
sından önemini ortaya koymaktadır. 
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Survival analysis is a critical component of med-
ical research and enables the evaluation of time-to-
event data such as patient survival times. Among the 
statistical models used in survival analysis, the Cox 
Proportional Hazards (PH) model and the Acceler-
ated Time to Failure (AFT) model are 2 of the most 
prominent approaches. Each model offers different 
advantages and addresses different aspects of survival 
data, making the choice between them dependent on 
the research context and underlying data characteris-
tics. The Cox PH model, introduced by Cox, has be-
come a cornerstone of survival analysis due to its 
semiparametric structure that does not assume a spe-
cific distribution for survival times.1 By estimating 
the hazard ratio, the model provides insights into the 
relative risk associated with covariates while adjust-
ing for other variables in the model. Its flexibility and 
interpretability have led to its widespread adoption in 
clinical trials.1,2 In contrast, the AFT model, which 
includes parametric models such as the Weibull, Log-
Normal, and Log-Logistic distributions, offers an al-
ternative by directly modeling survival time. The 
AFT model assumes that covariates accelerate or 
slow down survival by a fixed factor, which may be 
particularly useful when the proportional hazards as-
sumption is violated.3,4 The parametric nature of the 
AFT model allows for more precise estimates of sur-
vival times, which may be advantageous in certain 
clinical settings where the distribution of survival 
times is well understood. The choice between these 
models can have important implications for the con-
clusions drawn from survival data. While the Cox PH 
model is generally preferred for its robustness and 
flexibility, the AFT model offers valuable insights, 
particularly when the proportional hazards assump-
tion does not hold.5-7 In clinical trials, where patient 
outcomes are often a primary concern, the ability to 
accurately model survival times and understand the 
effects of covariates on these times is crucial.8,9 Given 
the importance of these models in survival analysis, 
this study aims to compare the Cox PH and AFT mod-
els using real-world lung cancer survival data. By ap-
plying both models to the same dataset, this research 
aims to highlight the strengths and weaknesses of each 
approach and to provide researchers with guidance in 
selecting the appropriate model for their study. 

 MATERIAL AND METHODS 
The data used in this study are from the Veterans Ad-
ministration Lung Cancer Trial reported by Prentice. 
This randomized clinical trial was designed to evalu-
ate a test chemotherapy treatment.3,10 Since the study 
contains publicly available data, it does not require 
ethics committee approval. Data Preprocessing Ini-
tially, the data were preprocessed to prepare for sur-
vival analysis. The Python programming language, 
specifically the pandas library, was used for data pre-
processing.11 Statistical models 3 different AFT mod-
els were used to compare the Cox PH and AFT 
models: Weibull, Log-Normal, and Log-Logistic. 
These models were selected because of their 
widespread use in survival analysis and their ability to 
model time-to-event data under different assumptions.  

SEMIpARAMETRIC:  
COx pROpORTIONAL HAzARDS MODEL 
The Cox model estimates the hazard function, which 
allows the inclusion of covariates to determine their 
effects on survival without assuming a specific dis-
tribution for survival times, as follows: where h0(t), is 
called the baseline hazard rate.12 This semiparametric 
model was implemented using the lifelines library in 
Python.13,14 

pARAMETRIC MODEL:  
ACCELERATED FAILuRE TIME MODEL 
In parametric regression models, the distribution of 
survival time is known and the probability density, 
hazard, and survival functions are precisely defined. 
By defining these functions, the parameter estimate is 
made by obtaining information about all data of the 
estimated survival curve. The conditional hazard 
function, which is a function of the independent vari-
ables, is used to model the independent variables af-
fecting the survival time with parametric regression. 
The conditional hazard function is as follows. Here, 
β is the regression coefficient vector, and h0(t) is any 
unspecified basic hazard function of T.6 
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When determining the conditional hazard func-
tion for the PR model, the basic hazard function of 
the distribution that the survival time is suitable for 
should be used. The most commonly used models are 
based on distributions such as Weibull and log-nor-
mal. In this article, Weibull, Log-Normal, and Log-
Logistic models are used, The Weibull AFT model 
was implemented using WeibullAFTFitter from the 
lifelines library.6,15 This parametric model assumes 
that survival times follow a Weibull distribution and 
provides estimates of the acceleration factor that 
show how covariates affect survival times.16 The 
Log-Normal AFT model assumes that the logarithm 
of survival times follows a normal distribution. This 
model was fit using LogNormalAFTFitter from the 
lifelines library, which provides insights into survival 
times under the assumption of log-normality.5 An-
other parametric model, the Log-Logistic AFT 
model, assumes that survival times follow a log-lo-
gistic distribution. This model was fit using LogLo-
gisticAFTFitter from the lifelines library and is 
particularly useful when the hazard function exhibits 
a non-monotonic pattern.8 Each model was fitted to 
the lung cancer dataset using the specified survival 
time and censoring variables. The Lifelines library 
was used for model fitting and summary generation. 
The performance of each model was evaluated based 
on the Akaike Information Criterion (AIC) values. 
These metrics provide a comparative understanding 
of model fit and predictive accuracy. AIC is used to 
evaluate the relative quality of statistical models for 
a given dataset. Lower AIC values   indicate a better fit 
by balancing model complexity and goodness of fit.17 
AIC is calculated as follows. 

All analyses were performed using Python 3.10 
with the lifelines library (developed by Cameron 
Davidson-Pilon, Canada) for survival analysis and 
matplotlib (developed by John D. Hunter, United 
States) for plotting model coefficients.  

NONpARAMETRIC MODEL: KApLAN-MEIER 
The Kaplan-Meier method is a non-parametric 
method used to perform survival analysis. In this 

method, the survival function S(t), is calculated as the 
cumulative product of the times during which the 
event (e.g. death, disease progression) does not occur. 
The Kaplan-Meier survival estimator is expressed as 
follows. Here, ti represents each time point at which 
the event occurs. di, is the number of individuals ex-
periencing the event at time ti.ni, is the number of in-
dividuals surviving at time ti (those who have not yet 
experienced the event and are still under observation). 

In this study, the Kaplan-Meier method was used 
to analyze survival probabilities based on different 
cell types (Adeno, Large, Smallcell, Squamous), prior 
therapy status, and treatment groups. The Kaplan-
Meier analysis updates the survival function when-
ever an event occurs, allowing the visualization of 
time-dependent changes in survival probabilities for 
each group. The Kaplan-Meier method was imple-
mented using the lifelines library in the Python pro-
gramming language.18,19 

 RESuLTS 
Figure 1 shows the distribution of survival times. 
Time is on the X-axis and the frequency of individu-
als with this time is on the Y-axis. The graph shows 
that survival times are distributed over a wide range, 
but it is understood that more individuals survive in 
certain periods. The density of individuals with sur-
vival times between 5 and 10 time units is particu-
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FIGURE 1: Distribution of survival times.



larly striking. Such a distribution indicates that sur-
vival rates are higher in a certain period, but that there 
is a heterogeneous distribution in general. It can also 
be observed that the number of individuals decreases 
as the survival time increases. This indicates that the 
probability of survival decreases over time, which is 
a typical survival analysis result. 

Table 1 compares the AIC values   across differ-
ent survival analysis models, including the Cox pro-
portional hazards model and the three accelerated 
failure time models, Weibull, Log-Normal, and Log-
Logistic. The Cox model shows an AIC value of 
25.84, which is the baseline value for comparison 
with AFT models. The Weibull model has an AIC 
value of 157.19 when applied as a general model. 
However, when applied as an AFT model, the AIC 
improves significantly to 10.45, indicating a better 
fit under the AFT framework compared to its gen-
eral form and the Cox model. The AIC value of the 
Log-Normal model as a general model is 154.53, 
and drops to 17.09 in the AFT context. This shows 
that the Log-Normal AFT model fits the data better 
than its general counterpart and provides a good al-
ternative to the Weibull AFT model, but is not as ef-
fective. The overall AIC value for the Log-Logistic 
model is 156.38, while the AFT application reduces 
the AIC to 15.60. This model also shows an im-
proved fit as the AFT model but still lags slightly 
behind the Weibull AFT model. It reveals that the 
AFT models, especially the Weibull AFT model, 
provide a significantly better fit to the data compared 
to the Cox Proportional Hazards model, as evi-
denced by the lower AIC values. The table high-
lights the importance of choosing the appropriate 
model framework for survival analysis; AFT mod-
els, especially the Weibull, show superior perfor-
mance for this data set. 

Figure 2 shows the differences in survival times 
of different cell types, prior therapy, and treatment 
groups based on Kaplan-Meier survival analysis. The 
lines represent the estimated survival probabilities, 
and the shaded areas around each line represent the 
95% confidence intervals for these estimates. For ex-
ample, the green line and shaded area represent the 
survival probabilities and confidence intervals for the 
Adeno cell type. These shaded areas help visualize 
the uncertainties in the survival estimates, with wider 
intervals indicating greater uncertainty in the survival 
probability estimates. For cell types, the Smallcell 
type has a noticeably lower survival probability com-
pared to other cell types, suggesting that it may be a 
more aggressive form of cancer.  

Survival based on the prior therapy variable 
shows the difference in survival between groups that 
have received prior therapy and those that have not. 
Patients who received prior therapy appear to have a 
lower probability of survival compared to those who 
did not, indicating that the effect of prior treatments 
may be limited or negative.  

Additionally, the survival analysis of different 
treatment groups reveals that while the survival prob-
abilities for the standard and test groups are similar 
initially, the survival rate for the test group decreases 
slightly over time, potentially reflecting differences 
in the effectiveness of the treatments over longer pe-
riods. 

In Figure 3, according to the Weibull model, the 
“Treatment=2” (possibly the new treatment being 
tested) group shows a lower survival probability com-
pared to the “Treatment=1” (standard treatment) 
group. This may indicate that the new treatment may 
be less effective at the beginning or carry a higher 
risk. The log-logistic model shows a similar trend. 
The “Treatment=2” group shows a faster decrease in 
survival probability over time. This may suggest that 
the effect of the new treatment provides less benefit 
after a certain period. In the log-normal model, the 
“Treatment=2” group shows a lower survival proba-
bility compared to the “Treatment=1” group. All 
three models show a similar trend, emphasizing that 
the new treatment leads to a lower survival probabil-
ity. In the Cox model, the survival functions of the 
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Models AIC value for fitter AIC value for AFT fitter 
Cox pH Model 25.84 - 
Weibull 157.19 10.45 
Log-Normal 154.53 17.09 
Log-Logistic 156.38 15.60 

TABLE 1:  Comparison of AIC values for Cox proportional  
hazards and AFT models.

AIC: Akaike information criterion; AFT: Accelerated failure time; pH: proportional Hazards.
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“Treatment=1” and “Treatment=2” groups are quite 
close to each other. This may indicate that the Cox 

model does not detect a significant difference be-
tween the treatment groups. However, when the 

FIGURE 2: Kaplan-Meier survival analysis by cell type, prior therapy, and treatment groups.

FIGURE 3: Survival analysis by treatment groups using various statistical models. 
1: Standard; 2: Test.
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trends in the Cox model are taken into account, it can 
be observed that the treatment differences lose their 
effect over time. 

In Figure 4, according to the Weibull model, sig-
nificant differences are observed between the survival 
probabilities of different cell types. In particular, the 
group with “Celltype=4” (Squamous) shows a lower 
survival probability compared to other cell types. 
This may suggest that the Squamous cell type may 
have a more aggressive progression. The log-normal 
model also shows a similar trend, but it is observed 
that the group with “Celltype=2” (large) exhibits a 
better survival probability over time. This model em-
phasizes that some cell types have similar survival 
probabilities at the beginning, but the differences be-
come more pronounced over time. The log-logistic 
model reveals the differentiation of survival proba-
bilities over time more clearly. Again, the group with 
“Celltype=4” (Squamous) has the lowest survival 
probability. There are also significant differences be-

tween other cell types. Although the survival differ-
ences between cell types are less pronounced in the 
Cox model, it can be observed that the “Celltype=4” 
group is generally at risk. While the survival func-
tions of the model are generally similar, it may be un-
derstood that certain cell types (especially Squamous) 
are at higher risk. 

In Figure 5, according to the log-normal model, 
the survival probability of the group that received 
prior therapy (Prior Therapy=2) decreases signifi-
cantly over time. The group that did not benefit from 
therapy (Prior Therapy=1) has a higher survival rate. 
This situation shows that patients who received prior 
therapy are at higher risk over time. The log-logistic 
model also shows a similar trend. The group that re-
ceived prior therapy exhibits a lower survival proba-
bility over time. The survival rate of the group 
without therapy is more stable. This model empha-
sizes that the group that received therapy is at a 
higher risk in terms of survival, especially in the long 

FIGURE 4: Survival analysis by cell type using various statistical models. 
Adeno: 1; Large: 2; Smallcell: 3; Squamous: 4
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term. Similar results are observed in the Weibull 
model. Patients who received prior therapy have 
lower survival rates over time, suggesting that this 
group may have a worse prognosis over time. In the 
Cox model, the difference between the 2 groups be-
comes more pronounced. The group that received 
prior therapy (orange line) has a higher risk profile, 
while the group without therapy (blue line) has a 
lower risk. The Cox model reveals statistically sig-
nificant differences in risk between these two groups. 

 DISCuSSION 
In this study, survival analysis was performed using 
the Cox PH model and the AFT models. It was shown 
that both models provide critical tools for survival 
analysis and provide researchers with the opportunity 
to model survival times in different contexts. While 
the Cox PH model offers flexibility thanks to its 
semiparametric structure, AFT models can better fit 
data sets by directly modeling survival times. 

The Cox PH model is widely used to interpret 
survival data by estimating hazard ratios. However, 
when the basic assumption of this model, the propor-
tional hazards assumption, is not met, the model’s es-
timates can be misleadingi.5 In this case, parametric 

models such as AFT models can provide more accu-
rate estimates of the distribution of survival times.7 

Among the AFT models used in this study, the 
Weibull model showed particularly strong perfor-
mance. This model stands out with its ability to ac-
curately predict survival times and is a preferred 
model in survival analysis studies.19 On the other 
hand, Log-Normal and Log-Logistic models have 
also provided useful insights under different distri-
butions of survival times. In particular, the fact that 
the Log-Logistic model can successfully capture non-
monotonic patterns in survival functions makes it 
preferable in certain contexts.3 

Whether AFT models are suitable for survival 
analysis depends on the context of the study and the 
characteristics of the data set. Although the Cox PH 
model is generally more flexible and has a wide range 
of uses, AFT models may provide more accurate re-
sults under certain assumptions.8 Therefore, re-
searchers need to consider the nature of the data set 
and the objectives of the study when choosing the 
most appropriate model for their studies.4 

The findings of this study are in line with previ-
ous studies in the literature. For example, the study by 

FIGUREL 5: Survival analysis by prior therapy using various statistical models. 
1: No; 2: Yes.
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Bradburn et al. also showed that AFT models provide 
better results than the Cox PH model for certain clin-
ical data sets. Similarly, the study by Klein and 
Moeschberger emphasizes that AFT models perform 
better, especially when parametric survival time dis-
tributions are suitable.8,16 The results of this study re-
veal how important the correct selection of survival 
analysis models is, especially in clinical trials, to un-
derstand patient outcomes. Researchers should care-
fully evaluate the characteristics of the data sets they 
use in their studies and make the most appropriate 
model selection accordingly. This will contribute to 
obtaining more accurate estimates and results. 

 CONCLuSION 
In this study, the Cox proportional hazards model, 
which is widely used in survival analysis, and accel-
erated failure time models were compared. While the 
Cox PH model offers a flexible and semiparametric 
approach under the proportional hazards assumption, 
AFT models stand out as parametric approaches that 
directly model survival time. The findings obtained in 
the study show that both models offer advantages for 
certain data structures and research contexts. AFT 
models may perform better, especially in cases where 
the data sets do not meet the proportional hazards as-
sumption. Weibull, Log-Normal, and Log-Logistic 
AFT models were successful in modeling survival 
times under certain assumptions and provided a bet-
ter fit compared to the Cox model with lower AIC 
values. However, the Cox PH model continues to be 
preferred by researchers because it is generally more 
flexible and has a wide range of uses. Our study high-

lights important factors to consider when selecting 
survival analysis models. It is of great importance for 
researchers to make model selections by considering 
the nature of the datasets, the validity of the propor-
tional hazards assumption, and the research ques-
tions. In addition, this study shows that AFT models 
can provide more accurate and meaningful results, 
especially when the distribution of survival times is 
well known. In conclusion, this study reveals that the 
selection of survival analysis models can have a de-
cisive effect on the results of the study. The compar-
ison between the Cox PH model and AFT models 
shows that both approaches play important roles in 
the analysis of health data and that these models 
should be selected carefully and consciously. These 
findings can guide the design of clinical trials and the 
interpretation of the results. 
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