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Abstract

Non-parametric and semi-parametric models allow us to predict the gender of individuals based
on their survival time in lung-survival data. Primary, we used the North Central Cancer Treat-
ment Group for patients with advanced lung survival dataset to apply the combination of sur-
vival models, along with the relevant confidence intervals. Based on the findings of this research,
gender is statistically significant based on p—value, determinants in predicting coefficient of
—0.5509, and hazard ratio of 0.5765 using cox proportional hazard with Breslow model. The re-
sults of these methods” analysis, x? test, were utilized to ascertain whether a gender difference
exists. The Kaplan-Meier curve for the entire dataset estimates a mean survival time of 327.5
days and a median survival time of 310 days; for males, the estimated median overall survival is
270 days, and for females, the median survival time is estimated to be 426 days. A study of the
dataset indicates that sex significantly influences survival results. Gender is a determinant that
impacts the duration of survival, with females often exhibiting a higher median survival time
of 426 days. These findings emphasize the importance of considering age and gender when
predicting survival outcomes and creating targeted interventions for certain subgroups.

Keywords: central tendency values; lung cancer; probability survival time; survival metrics;
survival models.
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Abbreviation’s
Cls :  Confidence intervals
CoxPH : Cox proportional hazard
HR :  hazard ratio
KM :  Kaplan-Meier
LC :  Lung cancer
MDST :  Median survival time
MST : Mean survival time
oS : Overall survival

1 Introduction

Lung cancer (LC) constitutes a significant universal health care issue, ranking as the foremost
cause of cancer-related mortality [29]. Its high prevalence and advanced diagnosis stage make
it dangerous, reducing treatment options and impacting survival rates [30]. Factors like tobacco
smoke, environmental contaminants, workplace risks, and inherited tendencies contribute to its
complexity [11]. Unlike many other types of cancer, LC is categorized into non-small cell and small
cell types [20]. The prognosis for later stages of LC remains generally gloomy, emphasising the
necessity of finding creative approaches to research and management [16]. To enhance patient
results, new approaches to early identification, targeted treatments, and personalised medicine
are required [5]. LC is the most dangerous cancer globally, more than 1.79 million new cancer
cases are expected to be diagnosed in 2020. Colon cancer is the second most lethal type of cancer,
with stomach and liver cancer coming in second [26]. But heart disease and stroke account for
the largest percentage of deaths globally, making LC only the sixth most common cause of death
[9]. Globally, LC is the primary cause of cancer-related deaths. In 2023, it is projected that 238,340
people will receive a LC diagnosis. In one’s lifetime, 1 in 16 men and 1 in 17 women will receive
a LC diagnosis [4]. Since 2006, the incidence of LC has declined by 2.6% for males and 1.1% for
women annually, most likely as a result of improved therapies and early detection [17].

The main objectives of this work are

e The objective is to analyze multiple variables in the dataset and determine their impact on
survival time, specifically focusing on a coefficient between time, age, and sex.

e In order to determine the significant factors based on p—values, standard error, hazard ratio
(HR) values applying the semi parametric model.

o Next, to evaluate the influence of gender on LC survival outcomes. This can be achieved by
using the log-rank test and thereafter determining the survival probability.

e Lastly, to find the survival time and percentage of deaths related to sex using the Kaplan-
Meier (KM) estimator.

The research provides essential information for assessing survival analysis screening using
publicly available LC data. It highlights the importance of studying LC globally and analyzed
semi-parametric and non-parametric estimation techniques. The rest of this article is organized
as follows: The works by different authors relevant to LC analysis are described in Section 2. In
Section 3.1, the data set information is used. The implemented methodologies and the metrics
used for experimentation are discussed in Section 3.2. The obtained findings and implications are
shown in Section 4. The conclusion has been placed subsequently in Section 5.

724



P. Shankaraiah et al. Malaysian ]. Math. Sci. 20(2): 723-737(2026) 723 - 737

2 Related Works

The study investigated by Chaudhry et al. [8], the distinction between actuarial and condi-
tional survival after lung resection. Using the KM, Cox Proportional Hazard (PH), and log-rank
approaches, it comprised 863 patients who had anatomic lung resection between 2010 and 2021,
over a median surveillance period of 44.1 months. The findings revealed that at every stage fol-
lowing surgery, conditional overall survival (OS) and disease control survival exceeded actuarial
rates. Disease-free survival was correlated with variables such male sex, tumor size, node positiv-
ity, and the American Joint Committee on Cancer stage. According to the study, Alifano et al.[1]
analysed the LC patients who are considered high-risk candidates for perioperative targeted and
immunological therapies may benefit from prognostic assessment, which is essential for cancer
treatment planning. With an emphasis on OS up to five years, the study examined clinical, surgi-
cal, and pathological data from ongoing patients with non-small-cell LC between 2003 and 2020.
It examined nine prognostic markers and their effect on nomograms in 62, 633 individuals with a
median survival period of 9.2 years. Using sex-specific nomograms and Cox modeling, prognostic
relevance was evaluated.

Jiang et al. [14] comparative analysis of survival outcomes in advanced NSCLC patients en-
gaged in clinical trials versus those who were not shed light on the transformative potential of
clinical engagement. Their robust analysis underscored the marked impact of clinical trial par-
ticipation of 155 patients on both OS and progression-free survival by using KM curves and the
Cox PH model, elucidating the pivotal role of trial involvement in advancing treatment paradigms
and improving patient outcomes. An independent UK investigation, Teng et al. [28] discovered
that ceasing smoking upon diagnosis is strongly linked to enhanced survival in non-small-cell
LC, irrespective of the stage. The study monitored a cohort of 2751 individuals diagnosed with
non-small-cell LC for a maximum duration of two years or until they passed away. Patients were
provided with the option to quit smoking in accordance with national norms and local services.
The preliminary two-year KM and Cox analyses were conducted. The proportional hazard func-
tions for individuals who quitter and those who remain were shown to be significantly dissimilar.
The median survival time (MDST) for individuals who quitters were 659 days, while it was 348
days for those who continuers. This study suggests that smokers diagnosed with LC should be
provided with smoking cessation guidance and therapies.

The study examined by Alvarez et al. [3] of survival disparities based on gender and screen-
ing status using the Boston LC Study, which examined 1216 patient databases, highlighted critical
differences in survival rates by using KM curves and Cox PH models. Employing propensity score
matching, their findings unveiled substantial disparities between screened and unscreened males,
accentuating the urgency for widescale LC screening initiatives to mitigate the gender-based sur-
vival gap. The study investigated by Sun et al. [27] provided 340 patients with significant insights
into the implications of genetic changes on OS, recurrence-free survival, and the effect of clini-
copathological variables using the KM and Cox PH model. This was achieved by delving deeply
into the genetic foundations of stage I solid-appearing NSCLC. Their thorough retrospective study
identified common mutations, such as those in EGFR, KRAS, ALK, ROS1, and fusion genes, high-
lighting their influence on recurrence-free survival. However, given the implications for OS, more
research is necessary to fully comprehend their significance in patient outcomes. concentrating
on predictive modelling.

The following are the restrictions that we have found. Ignoring the correlation between intra-
operative variables and survival results in order to offer a more thorough evaluation of treatment
efficacy [1]. The clinical relationship between identified genes and patient outcomes was not fur-
ther discussed by the authors [15]. In order to get stronger evidence of causal links, the author
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recommended conducting more prospective studies and allowing for better control of confound-
ing variables [14]. According to Ljunggren et al. [19] used KM, logistic, and Cox PH to estimate
survival time, 95% Confidence Intervals (Cls), and HRs without identifying a significant factor,
suggesting a preliminary study is needed. It should be noted that the investigation that was de-
scribed above examined survival rates in relation to OS rather than clusters. Still, the majority of
the works use KM, Cox proportions, and log rank concepts separately, with fewer combining them.
The study analyzed datasets for various variables to compare gender with MDST and mean sur-
vival time (MST), survival time probability, and death percentages. The KM estimator produces
survival curves, allowing comparisons by sex with respect to survival time.

3 Materials and Methods

3.1 Dataset and processing

This investigation used survival statistics from the North Central Cancer Treatment Group for
patients with advanced LC. The patient’s activities of daily living capacity are indicated by their
performance scores. The data was provided by Terry Therneau. All of these variables are features
in the data sample, which consisted of 168 rows and 9 columns. The study spanned a follow-up
period of 1022 days. I'm utilising all the units in this data to identify status with respect to time is
the dependent and remaining all are the independent variables.

w | Clustered analysis
»

Filtered with log rank

Lung cancer data actors Testing of hypothesis

Significant factors Evaluation outcome analysis
of SP and NP
( SFA phase
A
Semi-parametric ——— Mean survival time ————
Kaplan Meier —————3 Median survival time ————————

N4

Figure 1: The proposed survival methodological architecture.

Considering the dataset generated within the context of patients suffering from advanced LC,
the whole pipeline functionality for the processing of data is depicted in Figure 1. Taking into
account that the dataset consists of both numerical and discrete variables [22]. The variables
"Time" and "status," which indicated whether a patient was censored or died at the conclusion
of the follow-up period, respectively, describe the patients’ follow-up durations. To create sur-
vival times, both of these individual factors were utilized. To make it easier to look at subgroups,
the people were split into three categories based on their gender (male and female) and age: less
than 60 years (between 30 and 59 years), 60 years or more, and all ages. The goal of this strati-
fication was to figure out how survival rates change between genders and between different age
groups. Age, gender, performance status, Karnofsky performance score, meal calories, and weight
reduction are examples of demographic and clinical characteristics [7]. While gender may have
an impact on survival outcomes, age is a critical predictor in survival analysis. General well-being
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and activity level are indicated by performance status and Karnofsky performance scores. Weight
reduction and meal calories are examples of nutritional factors. Entire data processing [2].

The study examined the predictive variables linked to LC patients’ survival duration. Based
on the state of LC, researchers could utilize survival analysis, which has multiple models, particu-
larly in identifying the significant prognostic factors using Cox PH [24]. The survival probability
of patients with LC was calculated using the KM model. The significance difference between the
patient’s male and female groups was then ascertained using a log-rank test.

In particular, we can understand the relationships between variables according to this funda-
mental concept in statistics and data analysis. The covariates shown in Figure 2, exhibit a pairwise
association in the majority of cases when utilizing Pearson correlation formula [31]. which, given
the current circumstances, calls for a suitable choosing parameters process.
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Figure 2: Pairwise analysis of correlated features in LC.

This suggests that the colour gradient shows the intensity and direction of the correlations,
with deep red meaning a strong positive connection and deep blue meaning a strong negative
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correlation. The correlation analysis shows that the status variable, which shows whether an
event happened, is only weakly linked to individual demographic, clinical, and nutritional factors.
There isn't a strong linear relationship between any of the factors and status, but there are some
small patterns. For example, performance scores (Ph.karno, Pat.karno) and sex have negative cor-
relations with status, whereas age, ECOG score, meal.cal, and wt.loss have positive connections.
These results show that no one event can accurately predict the probability of death. So, a multi-
variate estimation of survival perform is necessary to provide a better picture of how many factors
affect survival outcomes in LC patients [25].

3.2 Statistical analysis

Let T represent the survival time ¢ as a continuous variable, z; = (z;1, Z;2, . . ., Z;7) represent
the observed values of the covariates with regard to subject i [6]. The stratified Cox regression
model’s HF has the following general form,

h(t | Xl) = ho(t) -exp(Xi . 6) (1)

The Cox model uses a partial likelihood that focuses on the regression coefficients 8;. The partial
likelihood is based on the concept that the risk of every person who is at risk at time t is propor-
tionate to the likelihood of each person failing at that moment [ 13]. We examined the proportional
hazards assumption to make sure the Cox PH model was correct. We utilized Schoenfeld residuals
to see if the effect of covariates varied over time. The assumption was true for the variables that
were included because the p—value was not significant (p > 0.05). Additionally, log(log survival
plots) were utilized as a graphical approach to assess parallelism between groups, which further
confirmed the proportionality of hazards throughout time.

The log partial likelihood function,

m

B => 1 Y Xip—log| > exp(XiB)]] . (2)

j=1 [i€eD(t;) kER(t;)

To estimate the regression coefficients 3;, the log partial likelihood ¢(5) is maximized. The Newton-
Raphson method is applied to solve the maximization problems. Once the regression coefficients
B; are estimated, the H R for each covariate is calculated as,

HR; = exp(8;). (3)

To compare the survival times of the male and female groups, a supplementary log rank test is
employed as a hypothesis test [27]. The log rank test is similar to a chi-square (x?) test.

— (0i — Ey)?
X* = Z B (4)
i=1 v
where, k — 1 is the degrees of freedom, O; is the total number of events observed at each time

point, E; is the total number of events predicted at each time point. Calculate the p—value using
the chi-square distribution and interpret the results based on the p—value and significance level.

For the Lung-Survival Dataset, the KM test is a reliable statistical approach for effective age
and sex [12]. The MST and MDST for patients in two groups are calculated using this test. The
KM estimator [15] can be defined as,

S(t)_H(l—dj>, j=1,2,3,...,168, (5)

s
t; <t 7
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where r; indicates number of persons at risk and d; represents persons who die at a certain time.

Standard 95% ClIs [23] for S(t) assume the following form,

S(t)+ Z1_g - 6(t), (6)

MST and MDST metrics are utilized in medical research to analyze survival statistics in LC data,
characterizing the average length of survival time following disease diagnosis [10], like cancer.

Events time of each individual)

_ 2
MST = Number of individuals

()

The MST may not fully represent community survival experiences, so additional statistical metrics
like MDST or survival rates at specific time periods can provide more comprehensive knowledge
[18]. The MDST is a crucial survival metric used in disease, epidemiology, and clinical trial set-
tings to estimate the time it takes for 50% of monitored patients to experience an event [21], aiding
in prognosis, treatment planning, and therapy efficacy evaluation. It is derived from the KM es-
timator by utilising at 95% ClIs to get the MDST. The significance threshold Sex 0.00609, Ph.ecog
0.00101, and Ph.karno 0.04574, and the software R version 4.2.3 used for the analysis.

4 Results and Discussion

The present research study makes use of every unit in this data set which is enunciated in Table 1.

Table 1: Present the descriptive statistics of all variables, types and distributions.

Variable Type Normality Statistical measure
Age Quantitative Normally distributed [62.61 +9.17]
Sex Categorical ~ Non-normally distributed 1.00
Ph.ecog Quantitative ~ Non-normally distributed 1.00
Ph.karno  Quantitative = Non-normally distributed 80.00
Patkarno Quantitative Normally distributed [79.58 + 15.01]
Meal.cal Quantitative Normally distributed [927.84 £ 411.36]
Wtloss Quantitative Normally distributed [9.78 +13.32]

The results of a Cox PH with Breslow regression model are shown in Table 2; each row corre-
sponds to a distinct covariate (or feature) in the model. In (2) generated the covariate’s estimated
regression coefficients: a positive number means that the event’s risk rises as the covariate does,
whereas a negative value means that the event’s risk falls as the covariate rises. In (3) and the as-
sociated graph in Figure 3 are used to get the HR. With all other variables held constant, it shows
the relative chance of the event happening given a one-unit increase in the covariate. A higher risk
is indicated if HR > 1, while a lower risk is indicated if HR< 1.
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Table 2: Statistical metric values of Cox PH with the Breslow method.

Variable  Coefficient S.E HR 95% CI’s p—values
Age 0.01065 0.01161  1.01070  [0.9880,1.0340] 0.35906
Sex —0.55090  0.20080 0.57650  [0.3889,0.8545] 0.00609

Ph.ecog 0.73420 0.22330 2.08380  [1.3452,3.2277] 0.00101

Ph.karno 0.02246  0.01124  1.02270  [1.0004,1.0455] 0.04574

Pat.karno —0.01242  0.00805 0.98770  [0.9722,1.0034] 0.12316

Meal.cal 0.00003  0.00002 1.00003  [0.9995,1.0005] 0.89791

Wt.loss —0.01433  0.00777 0.98587  [0.9709, 1.0009] 0.06518

The interval gives a range of values that, with 95% CIs, represent the genuine HR. The covariate
could not be statistically significant if the period contains 1. The coefficient estimate’s correctness
is gauged by the standard error. While a higher SE denotes greater uncertainty, a lower SE suggests
a more accurate assessment.

The findings of a Cox PH with Breslow regression model, which evaluates the influence of
different clinical trials and demographic factors on the quality of life for patient’s outcomes, are
displayed in Table 2. The coefficient, HR, standard error (SE), 95% CIs, and statistical significance
as shown by the p—value are used to assess each covariate. With HR = 0.5765 and a negative
coefficient (—0.5509), sex is an accurate metric of survival, as seen by the declining risk of the
events. Sex is a statistically significant factor, as evidenced by the p—value (0.00609) being far
below the traditional cutoff of 0.05 and the HR’s CIs not including 1. According to a p—value
with a positive coefficient (0.7342) and HR = 2.0838, Ph.ecog, or the ECOG performance score, is
another significant predictor. This means that a higher ECOG score (worse performance status)
more than doubles the risk of the event, and the p—value (0.00101) indicates that this covariate is
statistically significant. The CIs does not include 1. This finding emphasizes the significance of
performance status as a predictive indicator in survival analysis by indicating that patients with
worse Ecog performance status have a significantly increased chance of unfavourable outcomes.
With HR of 1.0227 and a positive coefficient (0.02246), Ph. Karno (physician-assessed Karnofsky
score) likewise suggests a small increase in danger with higher Karnofsky scores. The p—value
(0.04574) is just below 0.05, and the CIs barely excludes 1, indicating that this covariate is border-
line significant. Although the impact size is tiny and its practical significance may be restricted,
this data suggests that higher Karnofsky scores, as determined by physicians, are related with a
minor increase in the probability of the occurrence.

According to the analysis, the HR is 1.0107 and the coefficient for age is positive (0.01065),
meaning that the risk increases by 1.07% for every year that goes by. Nevertheless, the high
p—value (0.35906) and 95% ClIs imply that this impact is not statistically significant. Similar to
this, the patient-assessed Karnofsky score (Pat.karno) indicates a modest decrease in the over-
all risk of an incident with higher scores, as seen by its negative coefficient (—0.01242) and HR of
0.9877. However, its p—value of 0.12316 and CIs show no discernible effect. With a strong p—value
(0.89791), a CIs, and an insignificant positive coefficient (0.00003) and HR (1.0003), meal.cal,
which represents caloric intake per meal, did not significantly impact survival outcomes. Finally,
the HR of 0.98587 and the negative coefficient (—0.01433) for weight loss (Wt. loss) indicate that
weight loss is linked to a marginal decrease in hazard. Its p—value (0.06518) and CIs indicate a
marginally significant effect on survival.
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Figure 3: HR values and significant features using Cox PH model.

Figure 3 shows that the two best predictors of survival in this model are Sex and Ecog per-
formance score, both of which have statistically significant impacts on risks. Patient-assessed
Karnofsky score and calorie intake are not significant predictors, although age, weight reduction,
and physician-assessed Karnofsky score have lesser, borderline effects. While other factors like
age and weight loss may have more minor or non-significant effects in this particular dataset, our
findings highlight the significance of sex and performance status in predicting survival outcomes.

Table 3: Gender cluster wise outcomes of a chi-square (x?) test.

Gender Observed Value Expected Value Formula
Males 104 91.6 4.55
Female 64 73.4 5.68

Table 3 displays the outcomes of a chi-square (x?) test, utilized to ascertain the difference exists
between the male and female groups. This test assesses whether the gender distribution in the
sample significantly deviates from the expected distribution under Hy. The observed numbers
denote the precise counts of males and females within the sample. There are 104 males and 64
females in this instance. The anticipated values are the frequencies that would be predicted under
the null hypothesis. The anticipated count for males is 91.6, but for females, it is 73.4. The values
are derived from the overall sample size and the anticipated proportions for each gender group.
The Chi-square contribution for males is 4.55, while for females it is 5.68, yielding a total Chi-
square statistic of 10.3, as calculated utilizing (4). This number contrasts to the crucial value of
6.632 from the Chi-square distribution table at 1 d.o.f and level of significance 0.01. Consequently,
we reject the null hypothesis, and the chi-square test produces strongly indicate a large disparity in
gender distribution within the sample. A p—value of 0.001 signifies that the observed frequencies
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of males and females deviate from the expected values to an extent that is improbable to result
from a random effect.

The research study conducted using (6) and (7) of the KM estimator approaches produced
results that demonstrated a remarkable degree of consistency between the sexes. With a median
survival duration of 270 days and a strikingly high death rate of 81.2%, the estimated 95% CI for
survival for males is between 212 and 310 days. The 95% ClIs for females is broader, ranging from
348 to 550 days. This shows that the median survival period for females is substantially higher at
426 days, while their death rate is lower at 58.9%. Table 4 displays these findings, while Figure
4 visually depict the various gender-specific survival attributes. Males had a higher death rate
but a shorter MDST. The mortality rate for females is significantly lower than that of males, even
though the former has a higher median survival duration. "More survive" is determined based
on the particular criteria and analysis goals. Although suffering a lower proportion of deaths,
females exhibit a higher survival outcome despite having a longer MDST.

Table 4: Gender cluster wise obtained results.

Sex 95% CI  MDST Percentage of deaths
Male  [212,310] 270 81.2%
Female [348,550] 426 58.9%

To improve survival results for both males and females, these findings may inform customised
healthcare methods, risk assessments, and the creation of gender-specific therapies. Studies sur-
veyed a dataset and found that gender had an effect on survival rates. The fact that women fared
better in terms of MDST raises questions about potential gender disparities in vulnerability, treat-
ment efficacy, or other variables impacting longevity. Using KM survival analysis also laid the
groundwork for future investigations into the reasons impacting these differences.
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Figure 4: KM gender wise survival curve.

According to Figure 5, the overall data set’s mean survival period of 327.5 days indicates that,
on an average, people lived for roughly 327.5 days following a lung-related event or diagnosis.
50% of individuals survived for less than or more than 274 days. according to the MDST of 274
days. The MST is greater than the median when these two measurements are compared. This
disparity can indicate that the survival times have a positively skewed distribution or that there
are a few outliers. The mean can be raised by outliers, or people who lived noticeably longer than
the majority, since their effects tend to be greater than those of the median.
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Figure 5: KM Estimator survival curve.

We have tackled the issue of possible bias related to gender and clinical factors in this work.
This is a technical issue that goes apart from the typical biases related to research strategy and
implementation because it is a fundamental aspect of survival model technique. Three distinct
models of survival analysis were used: the KM estimator, the log-rank test, and Cox PH with
Breslow. Cox PH states that sex, Ph.ecog, and Ph.karno are significant factors; they are linked to a
gender of results when contrasted to complete examinations, with a p—value < 0.05, the negative
coefficient value, and the decrease in the HR of the sex group to the complete evaluation group
below 1. The percentage of dangers is inversely connected with this effect on HR. Secondly, studies
assessing LC survival have shown significant gender disparities in patient survival, with females
consistently having a greater survival rate than males.

In Table 4, our research showed that women had a 58.9% lower probability of dying from
advanced LC than men. In contrast, a study that found that females had a 22.3% lower relative
risk of survival than males accomplished. After the dataset was divided into gender groups, it
was discovered that 112 out of 138 males had the incident, resulting in a MDST of 270 days, and
the male groups median survival period had a 95% ClIs of 212 to 310 days. Conversely, 53 out of 90
females had the occurrence, which means their MDST was substantially greater (426 days). The
median survival for the female group had a wider 95% Cls, ranging from 348 to 550 days. The
observed discrepancy in survival periods between the mean and median values may indicate the
existence of outliers or a skewed distribution in the dataset, which might be attributed to a subset
of individuals who experienced much longer survival times than the majority. The lung survival
information was thoroughly analyzed, revealing differences in survival durations between male
and female categories. It raises the possibility of demographic variations influencing how patients
with lung-related disorders respond to treatment, how the disease progresses, or other aspects
that affect survival rates.

5 Conclusions

The Cox PH with Breslow model result indicates that, according to the p—value, Sex and Ecog
performance score are the best predictive factors of survival in this model, with statistically sig-
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nificant impacts on risks. Patient-assessed Karnofsky score and calorie intake are not significant
predictors, although age, weight reduction, and physician-assessed Karnofsky score have lesser,
borderline effects. While other factors like age and weight loss may have more minor or non-
significant effects in this particular dataset, our findings highlight the significance of sex and per-
formance status in predicting survival outcomes. Additionally, the results of the chi-square test
clearly indicate that the gender distribution of the sample differs significantly.

Given the p—value of 0.001, it seems improbable that the observed frequencies of males and
females are the result of random variation because they deviate so much from the expected val-
ues. This leads to the rejection of the null hypothesis, suggests that there is a substantial difference
between the gender distribution in this dataset and what would be predicted under equal or pro-
portional representation. This implies a statistically significant divergence between the expected
and observed gender frequencies. The KM plot, which displays a distinct difference in survival
probability between males and females, there were notable differences in the MDST of the dataset
between gender groups. The MDST for the entire dataset was found to be 310 days. However,
when gender was taken into account, women demonstrated the longest median survival duration
of 426 days, which was much longer than the MDST of 270 days for men.

For the particular demographic groups under investigation, a greater MDST in this dataset
seems to imply a longer survival length. The results point to possible variations in survival rates
between male and female groups. In general, When the survival time increases, the survival prob-
ability rate likewise increases, and there is a subsequent decrease in the death percentage number.
Concludes by showing that women have significantly higher survival rates and a lower risk of
dying from advanced LC than men. With regard to these estimations, the statistical uncertainty
is shown as the Cls. Furthermore, our research did not uncover statistically significant impacts of
age, weight change, or daily calorie intake on the survival of patients with advanced LC, despite
our exploration of these components’ effects.
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