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Abstract: This study develops and compares a traditional Cox proportional hazards nomogram
with a machine learning-based random survival forest (RSF) model to predict 1-, 3-, and 5-year
overall survival in lung cancer patients using data from the SEER database (N = 8695). Variable
selection is conducted through univariate screening (p < 0.05), multivariate Cox regression, and RSF
variable importance (VIMP) analysis, identifying key prognostic factors, such as TNM stage, tumor
size, chemotherapy status, and patient age. Compared with the Cox proportional hazards model, the
RSF model has a slightly lower concordance index (C-index), but its time-dependent area under the
curve (AUC) values are all higher. This indicates that the RSF model is more accurate in prediction
at specific time points, confirming its clinical utility. Both models also exhibit good calibration.
These interpretable prognostic tools provide valuable support for clinical decision making, enabling
improved risk stratification and personalized survival estimation. The findings underscore the potential
of machine learning approaches to enhance predictive accuracy in oncology.
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1. Introduction

Lung cancer are among the most common and lethal malignancies worldwide, with both incidence
and mortality rates ranking highest among all cancer types. According to World Health Organization
estimates, approximately 2 million new cases of lung cancer are diagnosed annually, resulting in
about 1.76 million deaths. This disease imposes substantial psychological and economic burdens on
patients and their families [1]. Despite considerable advances in diagnostic and therapeutic techniques
in recent years, the overall prognosis for lung cancer remains poor.

The high mortality rate is largely due to the lack of noticeable early symptoms, which leads to the
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majority of patients being diagnosed at advanced stages. Late-stage diagnosis is associated with limited
treatment options and unfavorable outcomes. Therefore, accurate prediction of patient prognosis is
critical for developing personalized treatment strategies and improving survival rates.

The survival outcomes of cancer patients are influenced by a variety of factors, including clinical
and pathological characteristics as well as treatment strategies. In recent years, the Cox proportional
hazards model has been widely employed in survival analysis due to its ability to integrate multiple
predictors and provide individualized survival estimates. Nomograms developed based on this model
have demonstrated high predictive accuracy and are increasingly utilized in clinical decision support.
For instance, Zhu et al. constructed and validated a nomogram for predicting survival in patients with
second primary small cell lung cancer using univariate and multivariate Cox regression analyses,
incorporating variables, such as disease stage, age, chemotherapy, radiotherapy, and surgical
history [2]. Similarly, Alexander et al. developed the lung cancer prognostic index for non-small cell
lung cancer by integrating factors, including age, sex, and disease stage, through Cox regression
modeling to predict overall survival [3].

Nevertheless, the impact of socio-economic factors, such as marital status, household income, and
urban versus rural residence, on lung cancer prognosis remains insufficiently investigated.

Meanwhile, the rapid advancement of machine learning has drawn increasing attention to its
applications in survival analysis. As a non-parametric tree-based method, the random survival forest
(RSF) model is capable of capturing complex non-linear relationships and feature interactions, while
demonstrating strong adaptability to high-dimensional data [4]. Unlike the Cox model, RSF does not
require the proportional hazards assumption, thereby offering greater flexibility and robustness in
handling complex datasets.

For example, Churpek et al. compared the predictive performance of RSF, logistic regression, the
modified early warning score, and conventional regression models in forecasting clinical deterioration
among heart disease patients. Their results showed that although all models provided predictive value,
the RSF model achieved the highest performance [5]. Thus, the incorporation of RSF into survival
prediction for lung cancer may provide multidimensional support for individualized
prognostic assessment.

This study systematically compares the Cox proportional hazards model with the random survival
forest (RSF) model for predicting overall survival in lung cancer patients using SEER database. Two
key innovations distinguish this research: first, the inclusion of socioeconomic variables alongside
traditional clinicopathological factors to develop a more comprehensive prognostic model; second,
systematic hyperparameter tuning of RSF through grid search to enhance its capability in capturing
complex nonlinear relationships. This robust methodological comparison provides a more reliable
foundation for prognostic assessment in lung cancer.

2. Methodology for prognostic modeling in lung cancer

A total of 12,072 patients diagnosed with lung cancer between 2010 and 2018 were retrieved from
the surveillance, epidemiology, and end results (SEER) database using SEER*Stat
software (version 8.4.3). This study utilized de-identified data from the SEER database and was
therefore exempt from institutional review board review and the requirement for informed consent.

To ensure the robustness and generalizability of our findings, all eligible cases from the database
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were included. Consistent with established methodologies in the field [6, 7] the inclusion criteria
were as follows: (1) age at diagnosis between 0 and 100 years, (2) availability of complete follow-up
information, and (3) presence of a single primary lung cancer. Patients with a history of additional
primary malignancies that could potentially confound survival prediction were excluded. Exclusion
criteria comprised: (1) missing values for any variable included in the subsequent analysis and (2)
a recorded survival time of less than one month. The overall study selection process is delineated
in Figure 1.

Figure 1. The overall study selection process.

Based on previously established literature and clinical relevance, demographic and clinical
characteristics of the patients were extracted from the SEER database. Demographic variables
included age at diagnosis, sex, race, marital status, total income, urban versus rural residence, and
survival time (in months). Clinical characteristics included tumor size, tumor grade, AJCC stage
(determined based on the T [tumor], N [lymph node], and M [distant metastasis] categories of the
primary tumor), chemotherapy status, and tumor laterality.

Based on the distribution of the data, the original variable categorizations from the SEER database
were modified to ensure a sufficient sample size in each group and to make the data more amenable to
statistical analysis. Age was categorized into five groups: <50, 50–59, 60–69, 70–79, and ≥80 years.
This recategorization scheme retained the essential information of the variables while enhancing the
validity of subsequent statistical comparisons. Laterality was classified into three categories based on
tumor location: left-sided, right-sided, and bilateral. Tumor grade was grouped into four categories:
grades I through IV. Total income was divided into six intervals: <40,000, 40,000–59,999, 60,000–
79,999, . . . , and ≥120,000. The primary endpoint of the study was overall survival (OS), defined as
the duration from the date of diagnosis to death due to cancer [8].
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2.1. The Cox proportional hazards model and the RSF model

Univariate Cox regression analysis was initially conducted to identify variables associated with
prognosis. Variables with a p-value < 0.05 were subsequently incorporated into a multivariate Cox
proportional hazards model to determine independent prognostic factors in patients with lung and
bronchial cancer. These independent predictors were used to construct a nomogram for individualized
outcome prediction.

The RSF is an ensemble tree-based method for the analysis of right-censored survival data. Its
algorithm operates through the following key steps: (1) bootstrap sampling: draw multiple bootstrap
samples with replacement from the original training set to build individual survival trees; (2) random
feature selection: at each node, randomly select mtry candidate predictor variables and choose the
optimal split point based on the log-rank statistic; (3) tree growth control: grow each tree fully under
the constraint that terminal nodes must contain at least nodesize unique events to control overfitting;
and (4) ensemble prediction: for a new patient, the ensemble cumulative hazard function (CHF) is
obtained by averaging the CHFs across all trees, from which the survival probability is derived.

The survival of lung cancer patients was modeled and predicted using the randomForestSRC
package in R. Following a common practice similar to that used for Cox proportional hazards
modeling, the entire dataset was randomly partitioned into a training group (70%) and a validation
group (30%).

2.2. Survival analysis and model evaluation

All statistical analyses in this study were conducted using R software (version 4.4.0), available for
download at https://www.r-project.org/. Continuous variables are presented as mean with standard
deviation or median with interquartile range, as appropriate. The mean represents the arithmetic
average and serves as a measure of central tendency. The 95% confidence interval (95% CI) provides
a range within which the true population parameter is expected to lie with 95% confidence. The
hazard ratio (HR), derived from Cox regression models, was used to compare the risk of the outcome
event between groups during the follow-up period.

The Kaplan-Meier curve is a fundamental tool in survival analysis, used to visualize the probability
of an event occurring over time [9, 10]. The survival probability changes only at each time point where
an event is observed. The survival function is calculated as follows:

S (t) = S (t − 1) × (1 −
dt

Nt
),

where S (t) represents the survival probability at time t, S (t − 1) denotes the survival probability
immediately before time t, dt is the number of events (e.g., deaths) occurring at time t, and Nt refers to
the number of subjects at risk (i.e., still under observation and event-free) just prior to time t.

The discriminative ability of the model was evaluated using the Harrell’s concordance index
(C-index), with higher values indicating better performance in distinguishing between patients with
different survival outcomes [11]. Additionally, the predictive accuracy of the model was assessed
using time-dependent receiver operating characteristic (ROC) curves and the corresponding area
under the curve (AUC). Calibration curves were generated using bootstrap resampling with 1000
iterations to evaluate the agreement between predicted and observed survival probabilities.
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Similar to variable screening in univariate and multivariate Cox regression, the variable importance
(VIMP) measure in the RSF model was computed to quantify the contribution of each predictor. A
higher VIMP value indicates a stronger influence on the prediction of survival probability.

3. Development and validation of the Cox proportional hazards regression model

Data from 12,072 patients diagnosed between 2010 and 2018 were retrieved from the SEER
database. After applying inclusion and exclusion criteria, 8695 patients were included in the final
analysis. These patients were randomly allocated into training and validation groups at a 7 : 3 ratio.
The baseline characteristics of the study population are summarized in Table 1. Both chi-square and
Kolmogorov-Smirnov (K-S) tests yielded p-values greater than 0.05, indicating no statistically
significant differences between the training and validation groups in terms of baseline characteristics.

As shown in Table 1, the study cohort predominantly consisted of elderly patients. The majority
were Caucasian (77.96%), followed by African American (6.87%) and other racial groups (15.17%).
Most patients (54.89%) presented with Grade III tumors, while Grade I, II, and IV tumors accounted
for 8.41%, 30.64%, and 6.06% of cases, respectively. Chemotherapy was administered to 62.69% of
the patients. Tumors were primarily unilateral, with a small proportion (0.53%) exhibiting
bilateral involvement.

The resulting curve is a step function that begins at 100% and decreases at each event time. Figure 2
illustrates the Kaplan-Meier survival analysis for all lung cancer patients in the study cohort.

Figure 2. Kaplan-Meier survival curve for all lung cancer patients.
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Table 1. Clinical and pathological characteristics of the 8695 lung cancer patients.

Variable Total (N = 8695) Training (NT = 6086) Validation (NV = 2609) P-value
Age (n[%]) 0.3999
<50 325 (3.74) 240 (3.94) 85 (3.26)
50–59 1283 (14.76) 882 (14.49) 401 (15.37)
60–69 2754 (31.67) 1918 (31.51) 836 (32.04)
70–79 2974 (34.20) 2100 (34.51) 874 (33.50)
≥80 1359 (15.63) 946 (15.54) 413 (15.83)
Sex (n[%]) 0.1443
Female 3267 (37.57) 2256 (37.07) 1011 (38.75)
Male 5428 (62.43) 3830 (62.93) 1598 (61.25)
Race (n[%]) 0.9437
Black 597 (6.87) 421 (6.92) 176 (6.75)
White 6779 (77.96) 4745 (77.97) 2034 (77.96)
Other 1319 (15.17) 920 (15.12) 399 (15.29)
T stage (n[%]) 0.1664
T0 26 (0.30) 22 (0.36) 4 (0.15)
T3 4583 (52.71) 3201 (52.60) 1382 (52.97)
T4 3597 (41.37) 2535 (41.65) 1062 (40.71)
Tx 489 (5.62) 328 (5.39) 161 (6.17)
N stage (n[%]) 0.3153
N0 3009 (34.61) 2127 (34.95) 882 (33.81)
N1 973 (11.19) 694 (11.40) 279 (10.69)
N2 3163 (36.38) 2182 (35.85) 981 (37.60)
N3 1192 (13.71) 823 (13.52) 369 (14.14)
Nx 358 (4.12) 260 (4.27) 98 (3.76)
M stage (n[%]) 0.5171
M0 4387 (50.45) 3095 (50.85) 1292 (49.52)
M1a 1338 (15.39) 927 (15.23) 411 (15.75)
M1b 2970 (34.16) 2064 (33.91) 906 (34.73)
Grade (n[%]) 0.1539
Well (I) 731 (8.41) 514 (8.45) 217 (8.32)
Moderately (II) 2664 (30.64) 1887 (31.01) 777 (29.78)
Poorly (III) 4773 (54.89) 3338 (54.85) 1435 (55.00)
Undifferentiated (IV) 527 (6.06) 347 (5.70) 180 (6.90)
Chemotherapy (n[%]) 0.8889
No/Unknown 3244 (37.31) 2274 (37.36) 970 (37.18)
Yes 5451 (62.69) 3812 (62.64) 1639 (62.82)
Laterality (n[%]) 0.8919
Left 3620 (41.63) 2525 (41.49) 1095 (41.97)
Right 5029 (57.84) 3528 (57.97) 1501 (57.53)
Both 46 (0.53) 33 (0.54) 13 (0.50)
Marital (n[%]) 0.4864
Married 8203 (94.34) 5749 (94.46) 2454 (94.06)
Unknown 492 (5.66) 337 (5.54) 155 (5.94)
Other 25 (0.29) 17 (0.28) 8 (0.31)
Income (n[%]) 0.2933
< 40000 775 (8.91) 558 (9.17) 217 (8.32)
40000–59999 4519 (51.97) 3182 (52.28) 1337 (51.25)
60000–79999 2299 (26.44) 1567 (25.75) 732 (28.06)
80000–99999 893 (10.27) 629 (10.34) 264 (10.12)
100000–119999 184 (2.12) 133 (2.19) 51 (1.95)
≥120000 1057 (12.16) 738 (12.12) 319 (12.23)
Residence (n[%]) 0.9236
Rural 7638 (87.84) 5348 (87.88) 2290 (87.77)
Urban 1057 (12.16) 738 (12.12) 319 (12.23)
Tumor-size (Mean ± SD) 62.73 ± 79.42 63.00 ± 80.18 62.09 ± 77.60 0.8508
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A univariate Cox proportional hazards model was used to evaluate the association between a single
predictor variable (e.g., age, sex, or chemotherapy) and time-to-event outcomes, such as overall
survival. This model computes a hazard ratio for the variable, which reflects the instantaneous risk of
the event occurring in one group relative to a reference group, without accounting for other factors.
Univariate analysis serves as an initial screening tool to identify potential predictors worthy of further
investigation.

In contrast, the multivariate Cox proportional hazards model examines the relationship between
multiple predictors and the time-to-event outcome simultaneously. It aims to estimate the independent
effect of each variable on the hazard after adjusting for potential confounders included in the model. For
instance, this approach can isolate the effect of a new drug on survival while controlling for covariates,
such as age, cancer stage, and sex.

Table 2. Univariate and multivariate Cox regression analyses for lung cancer patients.

Variable Univariate analysis Multivariate analysis
HR (95% CI) P-value HR (95% CI) P-value

Age
<50 Reference < 0.001 Reference −

50–59 1.248 (1.059–1.470) − 1.241 (1.053–1.463) 0.010
60–69 1.341 (1.149–1.565) 0.008 1.527 (1.307–1.785) < 0.001
70–79 1.612 (1.383–1.879) < 0.001 1.937 (1.657–2.264) < 0.001
≥80 2.191 (1.866–2.573) < 0.001 2.562 (2.172–3.022) < 0.001
Sex
Female Reference < 0.001 Reference −

Male 1.335 (1.261–1.412) − 1.247 (1.177–1.320) < 0.001
Race
White Reference 0.002 Reference −

Black 1.111 (0.999–1.234) − 1.130 (1.015–1.257) 0.025
Other 0.899 (0.832–0.970) 0.050 0.834 (0.770–0.902) < 0.001
T stage
T0 Reference < 0.001 Reference −

T3 1.109 (0.698–1.763) − 2.032 (1.273–3.245) 0.003
T4 1.477 (0.929–2.349) 0.662 2.219 (1.390–3.543) < 0.001
Tx 1.986 (1.235–3.194) 0.099 2.318 (1.437–3.738) < 0.001
N stage
N0 Reference < 0.001 Reference −

N1 1.307 (1.189–1.436) − 1.389 (1.262–1.530) <0.001
N2 2.011 (1.883–2.148) < 0.001 1.832 (1.703–1.970) < 0.001
N3 2.354 (2.159–2.566) < 0.001 1.878 (1.708–2.065) < 0.001
Nx 2.272 (1.987–2.598) < 0.001 1.725 (1.499–1.985) < 0.001
M stage
M0 Reference < 0.001 Reference −

M1a 1.697 (1.569–1.836) − 1.614 (1.487–1.752) < 0.001
M1b 2.748 (2.585–2.921) <0.001 2.725 (2.545–2.919) < 0.001
Grade
Well (I) Reference <0.001 Reference -
Moderately (II) 1.577 (1.407–1.767) − 1.371 (1.222–1.538) <0.001
Poorly (III) 2.081 (1.866–2.321) < 0.001 1.680 (1.502–1.880) < 0.001
Undifferentiated (IV) 2.643 (2.274–3.072) < 0.001 1.951 (1.672–2.277) < 0.001
Chemotherapy
Yes Reference < 0.001 Reference −

No/Unknown 1.127 (1.065–1.192) − 1.611 (1.513–1.716) < 0.001
Tumor-size 1.001 (1.001–1.001) < 0.001 1.001 (1.001–1.001) < 0.001

Big Data and Information Analytics Volume 9, 136–151.



143

In this study, both univariate and multivariate Cox regression models were employed to analyze
the associations between predictor variables and survival outcomes. The results of these analyses are
summarized in Table 2.

A nomogram is a graphical calculating device designed to simplify statistical predictive models by
providing a visual representation of the relationships between multiple predictors and a clinical
outcome. It enables clinicians to estimate an individual patient’s probability of a specific event, such
as disease risk or survival, by summing points corresponding to different variable values. The primary
purpose of a nomogram is to support rapid and user-friendly application of complex models for
personalized risk assessment and clinical decision-making at the point of care.

Variables that demonstrated statistical significance in both univariate and multivariate Cox
regression analyses were identified as independent prognostic factors. These included age, gender,
race, TNM stage, tumor grade, and five additional variables. Using these predictors, a prognostic
nomogram was constructed from the training group to estimate the probabilities of 1-, 3-, and 5-year
overall survival in patients with lung cancer. The final prognostic nomogram is presented in Figure 3.

Figure 3. Nomogram for predicting the 1-, 3-, and 5-year overall survival rates of lung
cancer patients.

Using this prediction model to calculate the total score, we found that the median score for all
patients was 16. Patients with a total score ≥16 were classified as high-risk, while those with a
score <16 were classified as low-risk [12] In both the training and validation groups, Kaplan-Meier
survival curves revealed a statistically significant disparity in survival outcomes between the two
groups, as assessed by the log-rank test (p < 0.0001). This result indicates that patients in the
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high-risk group had a significantly poorer prognosis compared to their low-risk counterparts. Figure 4
illustrates the Kaplan-Meier survival curves for the two risk strata across both groups.

Figure 4. Kaplan-Meier survival curves for the two mortality risk subgroups in the training
and validation groups.

The C-index was 0.707 in the training group and 0.702 in the validation group, indicating adequate
discriminative ability of the prediction model. The model’s predictive performance was further
evaluated using time-dependent ROC analysis. The area under the ROC curve (AUC) values for the
training group were 0.779 at 1 year, 0.784 at 3 years, and 0.792 at 5 years. Corresponding AUC
values for the validation group were 0.767, 0.779, and 0.790, respectively, consistently demonstrating
the strong discriminatory power of the nomogram.

Furthermore, 5-fold cross-validation yielded a C-index of 0.707, with AUC values of 0.777, 0.782,
and 0.790 at 1, 3, and 5 years, respectively. Detailed results of these analyses are presented in Figures 5
and 6.

Figure 5. ROC curves of the nomogram in the training and validation groups.
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(a) C-index (b) AUC values

Figure 6. Visualization of the C-index and AUC values from 5-fold cross-validation (k = 5).

(a) 1-year, training (b) 3-year, training (c) 5-year, training

(d) 1-year, validation (e) 3-year, validation (f) 5-year, validation

Figure 7. Calibration curves for the 1-, 3-, and 5-year predictions of the nomogram model.

A calibration curve is a graphical tool used to evaluate the accuracy of predictive models by
comparing predicted probabilities of an event, such as disease risk, against the actual observed
frequencies. The closer the curve aligns with the 45-degree ideal line, the better the model’s
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calibration, reflecting greater reliability in its predictions. This tool plays a critical role in assessing
and refining a model’s ability to produce well-calibrated risk estimates, thereby supporting informed
clinical decision-making by minimizing over-optimistic or pessimistic predictions.

In both the training and validation groups, the calibration curves showed close agreement with the
ideal diagonal, indicating strong consistency between predicted probabilities and observed outcomes.
These findings further confirm the model’s calibration accuracy. The corresponding plots are presented
in Figure 7.

4. Development and validation of the RSF model

The RSF model is an ensemble learning method based on the bagging algorithm. As a classifier
consisting of multiple decision trees, it enhances generalization performance by increasing diversity
among individual learners. We fitted the RSF model to the training group and generated a VIMP
measure, as illustrated in Figure 8.

Figure 8. Performance and VIMP analysis of the RSF model.

As shown in Figure 8, the prediction error rate stabilized after 100 trees were built. We used a
grid search to optimize the core hyperparameters of the RSF model, identifying the best combination
as mtry = 2 (number of variables randomly sampled as candidates for splitting a node), and nodesize
= 20 (minimum size of terminal nodes), which yielded optimal performance in the validation group.
Using these parameters with 500 trees (ntree = 500), the model achieved a C-index of 0.733 in the
training group and 0.698 in the validation group. VIMP analysis revealed that most covariates—except
for region, gender, marital status, tumor laterality, and race—were significantly associated with survival
and can be considered important prognostic factors.

Based on these prognostic variables, an RSF model was constructed. In line with the approach used
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for the Cox model, patients were stratified into high- and low-risk groups using the median risk score.
Kaplan-Meier survival analysis, coupled with log-rank testing, demonstrated statistically significant
differences in survival between the risk groups in both the training and validation cohorts (p < 0.0001),
with the high-risk group exhibiting markedly poorer prognosis. The model was also used to predict 1-,
3-, and 5-year overall survival in patients with lung cancer. ROC curve analysis confirmed favorable
sensitivity and specificity within the training group.

Figure 9. Kaplan-Meier survival curves for the two mortality risk subgroups in the training
and validation groups.

Figure 10. ROC curves of the RSF model in the training and validation groups.

In summary, the RSF model developed in this study effectively identified key prognostic factors and
demonstrated robust performance in risk stratification for lung cancer patients. The model’s ability to
distinguish high-risk and low-risk subgroups with significant prognostic separation was consistently
validated across both training and validation groups. Furthermore, its accurate prediction of 1-, 3-,
and 5-year overall survival, as supported by ROC analysis, underscores the clinical utility of this RSF-
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based approach. These results suggest that the RSF model serves as a reliable and non-parametric tool
for prognostic prediction and could potentially inform personalized treatment strategies for patients
with lung malignancies.

5. Conclusions

Lung cancer, also referred to as primary bronchogenic carcinoma, is a common malignant tumor
with high clinical incidence [13, 14]. Despite recent progress in early screening and therapeutic
strategies, it remains associated with high mortality and poor overall prognosis, underscoring the
persistent need for reliable prognostic tools to facilitate personalized treatment planning. Existing
survival prediction models predominantly rely on clinicopathological variables and conventional
statistical approaches, with the Cox proportional hazards model long serving as the gold standard for
cancer prognosis evaluation. However, advances in machine learning have led to the emergence of
non-parametric models such as RSF, which have become increasingly prominent in survival analysis
due to their superior flexibility and accuracy when handling complex, high-dimensional data [15, 16].

To compare these approaches, this study utilized clinical data from patients with lung cancer
obtained from the SEER database between 2010 and 2018. Both Cox proportional hazards model and
RSF model were employed to predict overall survival. Through this analysis, key independent
prognostic factors, including age, tumor stage, and chemotherapy status, were identified, and the
predictive performance of the two modeling approaches was systematically compared.

Regarding the Cox proportional hazards model, our findings are consistent with previous studies that
identified similar prognostic factors in lung cancer. For example, in developing a prognostic model for
survival in patients with non-small cell lung cancer, Liu et al. utilized Cox regression to incorporate
variables including TNM stage, tumor grade, and the expression levels of specific genes [17]. Similarly,
Hu et al. examined factors associated with extrathoracic metastasis at initial diagnosis in patients
with small isolated lung cancers (tumor diameter ≤ 2 cm) using Cox regression, evaluating covariates,
such as age, sex, histologic type, and primary tumor site, and subsequently developed a predictive
nomogram [18].

The applicability of the Cox model relies on the proportional hazards assumption, which presumes
linear covariate effects. In contrast, the RSF model demonstrates notable advantages in handling
complex clinical datasets through its tree-based ensemble approach, effectively capturing nonlinear
relationships and higher-order interactions among prognostic factors [19].

Consistent with these methodological strengths, our analysis shows that although the C-index of
the RSF model is slightly lower than that of the Cox model, its time-dependent AUC values are
consistently higher. This indicates superior predictive accuracy at specific time points and confirms its
clinical utility. Our findings align with previous research. For example, a retrospective study by Xia et
al., which compared four models (e.g., Cox proportional hazards and RSF) for predicting survival in
lung adenocarcinoma patients, similarly reported that while the RSF model had a slightly lower
C-index, it demonstrated a stronger capability for long-term prediction, particularly in scenarios
involving complex variable interactions and nonlinear effects [20]

Beyond predictive performance, the two models also differed in their handling of prognostic
variables. While the Cox model primarily incorporated clinicopathological factors, the RSF approach
also identified meaningful contributions from socioeconomic variables such as income. Our findings

Big Data and Information Analytics Volume 9, 136–151.



149

suggest that these factors may play important roles in lung cancer prognosis and warrant further
investigation. This observation aligns with a meta-analysis by Finke et al., which reported a modest
positive correlation between income and lung cancer survival, underscoring the potential value of
integrating socioeconomic factors into personalized prognostic models, particularly in
resource-limited settings [21].

Several limitations of this study should be acknowledged. The retrospective nature of the SEER
data introduces potential selection bias, which may affect the external validity and generalizability
of our findings. Although internal validation was conducted, external validation using independent
prospective cohorts is still needed. Moreover, the database lacks detailed information on important
prognostic influences such as targeted therapies, immunotherapies, smoking history, and environmental
exposures, which may have considerably impacted survival outcomes [22, 23]. Future studies should
therefore focus on large-scale, prospective designs to validate and refine these models.

In summary, this comparative analysis demonstrates that while the Cox model remains a
foundational method in survival analysis, the RSF model offers superior predictive accuracy,
especially in capturing complex, non-linear interactions among variables. The integration of machine
learning techniques into clinical prognostic modeling shows considerable promise for enhancing
individualized risk assessment and treatment planning. Future efforts should focus on expanding data
sources to include more diverse clinical, socioeconomic, and lifestyle variables, alongside rigorous
external validation, to improve the robustness and applicability of prognostic models in lung
cancer [24].
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