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Lung Cancer Survival Period Prediction: 
Exploring Machine Learning Approaches

ABSTRACT
Lung cancer imposes the highest disease burden among all cancers and has the highest 
expected mortality rate, with 1.8 million deaths annually. It also has the lowest five-year sur-
vival rate, averaging at 20% among all diagnosed cancers. Machine learning (ML) offers a novel 
approach that has been utilized in healthcare for early detection, treatment planning, and sur-
vival time estimation. In this study, we applied various supervised, ensemble, and unsuper-
vised ML algorithms to surveillance, epidemiology, and end results (SEER) lung cancer data to 
predict disease-specific survival (DSS) at 0.5-year, one-year, three-year, and five-year intervals. 
Our results show that ML models were effective in predicting short-term survival outcomes, 
but their ability to predict three-year and five-year survival was suboptimal. The limited perfor-
mance of the models to predict survival outcomes may be attributed to the class imbalance that 
inherently exists in lung cancer patients. It may also be an indication of limited capacity of the 
selected features to predict long-term survival. Among the models tested, logistic regression (LR) 
and XGBoost were most robust algorithms to predict survival outcomes using given features. 
K-nearest neighbour (K-NN) and deep neural network (DNN) showed relatively weak perfor-
mance as compared to other models in survival prediction. Additionally, the study found that 
household income, a socioeconomic factor, was the most significant predictor of survival across 
all time intervals. These findings highlight the potential of ML in survival prediction, particu-
larly in the short term for lung cancer. The study also emphasizes the importance of addressing 
socioeconomic disparities as part of public health strategies to improve lung cancer outcomes.
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1	 INTRODUCTION

Lung cancer is responsible for approximately 350 deaths per day, making it the 
leading cause of cancer-related mortality in both men and women [1]. The annual 
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death toll from lung cancer exceeds that of colon, breast, and prostate cancers com-
bined [2]. It remains one of the most common cancers with a significantly poorer 
survival rate compared to other malignancies diagnosed at the same stage. To esti-
mate the survival time of patients diagnosed with lung cancer, staging systems are 
widely utilized by clinicians for treatment selection and informed decision-making 
by the patients. However, while these systems provide valuable insights into 
population-level trends, they often lack the precision necessary to predict individ-
ual survival outcomes [3], particularly for high-risk cases. Consequently, developing 
robust survival prediction models is critical for improving patient outcomes.

The “survival rate” refers to the percentage of a population still alive at specific 
intervals after receiving a diagnosis [2]. For lung cancer, survival rates are typically 
assessed for time frames 0.5-year, one-year, and five-years. Traditional statistical 
methods have historically relied on patient data to estimate survival periods with a 
limited ability to handle multi-dimensional data. However, advancements in artifi-
cial intelligence (AI), and machine learning (ML) in particular, has opened new fron-
tiers in cancer data modelling. These technologies have demonstrated significant 
potential in areas such as early detection, treatment selection, drug response predic-
tion, and survival analysis due to their ability to handle complex high dimensional 
data [4]. An ML model with high predictive accuracy for survival rates can help 
clinicians avoid unnecessary interventions, optimize treatment plans, and allocate 
resources more effectively. For instance, patients with a higher anticipated survival 
time may be prioritized for aggressive treatments, while those with lower survival 
projections could be directed toward quality-of-life-focused care.

This study utilizes ML techniques to predict disease specific survival (DSS) out-
comes in lung cancer patients using data from the U.S. Surveillance, Epidemiology, 
and End Results (SEER) database. The key objectives of this study are as follows:

1.	 To develop a robust ML model for predicting lung cancer survival and compare 
the performance of various algorithms, with the goal of identifying the most 
effective model.

2.	 To investigate temporal trends and identify significant risk factors associated 
with lung cancer survival.

2	 LITERATURE REVIEW

For over four decades, patient data has been utilized through traditional statisti-
cal models to understand disease processes and facilitate healthcare delivery; how-
ever, these methods are limited in their ability to handle complex multidimensional 
data. Recently, AI has revolutionized the landscape of data inference by uncovering 
complex relationships inherent in cancer data [5]. ML, a subset of AI, is now being 
employed for early detection, treatment selection, and survival prediction by identi-
fying patterns within patient data [6].

Studies have demonstrated that ML achieves superior accuracy compared to clinical 
staging systems and traditional statistical models [7]. This advantage stems from its ability 
to handle large datasets, process non-linear relationships, and decipher multi-variable 
interactions. These capabilities have enabled clinicians to make informed decisions for 
treatment selection and triage, particularly for critically ill in-hospital patients [8].

Among supervised ML algorithms, logistic regression (LR) is widely used for 
binary classification problems and has been extensively applied in survival predic-
tion. It is favoured for its simplicity, as it does not require hyperparameter tuning 
while maintaining high accuracy [9]. Naive Bayes (NB), another supervised learning 
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technique, has also shown success in cancer survival prediction and has outper-
formed Bayesian networks (BN) [10]. Moreover, NB has been effectively used as 
a screening tool for early lung cancer detection [11]. Gradient boosting machines 
(GBM), while limited in their capacity to handle highly complex data, have demon-
strated superior performance among various supervised ML techniques in predict-
ing lung cancer prognosis [12].

In a comparative study, Patra evaluated multiple algorithms, including LR, ran-
dom forest (RF), K-nearest neighbour (K-NN), artificial neural networks (ANN), and 
support vector classifiers (SVC), using lung cancer data. It was found that the radial 
basis function network (RBFN) outperformed all algorithms [13]. Further studies 
compared supervised learning models, such as LR, RF, and GBM, with deep learn-
ing models (DLMs), including ANN, recurrent neural networks (RNN), and con-
volutional neural networks (CNN). The DLMs demonstrated superior predictive 
capabilities, both in classification and regression tasks, particularly on datasets such 
as SEER [14][15]. Additionally, DLMs have shown superior results in cancer survival 
prognosis when evaluated with time-dependent metrics [16].

Ensemble learning techniques, such as decision trees (DT), have outperformed LR, 
K-NN, NB, and RF classifiers in predicting five-year survival rates [17]. K-NN, while 
not always the most accurate, has the advantage of interpretability, making it acces-
sible for patient communication [9]. Similarly, RF has demonstrated higher accuracy 
in predicting cancer mortality risk factors compared to DT, neural networks, LR, and 
support vector machines (SVM) [18]. Performance discrepancies among models are 
often observed when applied to different datasets. For instance, LR achieved the 
highest accuracy on UCI data, while SVM outperformed other models on lung cancer 
data from Data World [18].

Similarly, model performance can vary across different survival periods. A study 
using SEER data found that GBM provided the highest accuracy for predicting sur-
vival between 0.5 to two-years, whereas RF was the most robust for survival predic-
tions of less than 0.5-years and more than two-years [12]. The development of robust 
survival prediction models requires the inclusion of relevant risk factors. For lung 
cancer, key predictors include smoking history, gender [1], race [3], [19], tumour size, 
stage at diagnosis [20], treatment received [1], and the presence of metastasis. This 
study aims to predict survival in critical time windows and investigate how signifi-
cant risk factors change over time [21].

3	 METHODOLOGY

Data for this study was extracted from the SEER database, a comprehensive 
resource of cancer statistics in the United States. Features were selected based on 
domain knowledge and a thorough review of relevant literature to ensure their rel-
evance to lung cancer survival outcomes. The SEER dataset, being highly structured 
and well-categorized, required minimal pre-processing, which facilitated a straight-
forward data preparation phase.

Machine learning algorithms were chosen based on their established effective-
ness in cancer survival studies, as highlighted in the literature. A diverse range 
of modelling approaches was employed, including supervised learning methods, 
ensemble learning techniques, and deep learning models, enabling a robust com-
parison of algorithmic performance. The specific algorithms used included LR, DT, 
RF, XGBoost, SVM, K-NN, and deep neural networks (DNN).

The dataset was divided into training and testing subsets; the models were 
trained on the training subset. Parameter tuning was performed to optimize model 
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performance and ensure its generalizability. Model validation was conducted on the 
test dataset using standard evaluation metrics including accuracy, precision, recall, F-1 
score, and AUC. The results were systematically analysed to evaluate algorithmic per-
formance and derive insights into the significance of selected risk factors in lung can-
cer survival prediction. A brief overview of the methodology is provided in Figure 1.

Feature ranking techniques were employed to assess the role and importance 
of risk factors in survival analysis. This step provided a deeper understanding of 
how individual features contributed to the predictive models and the overall sur-
vival outcomes.

Fig. 1. Development of survival prediction model

3.1	 Data selection

Data was retrieved from SEER data, which is one of the largest most comprehen-
sive US-based cancer data repository. It provides extensive coverage (47.0% US popu-
lation), standardized data, with large number of variables that can form generalizable 
predictions. The patient factors selected as independent variables were patient demo-
graphics, primary tumour site, tumour morphology, evidence of metastasis, stage at 
diagnosis, first course of treatment, and follow-up status given in Table 1.

Table 1. Feature selection for lung cancer survival prediction

SEER Data Field Description

Age Indicates patient’s age at diagnosis

Race/Origin Indicates demographic variable categorizing patients by race and ethnicity

Gender Indicates patient’s gender

Seqnum Indicates the sequence number of the primary tumour for an individual patient

StageSummary Indicates the summary stage at diagnosis (localized, regional, distant)

Site Indicates anatomical site of the primary lung tumour

HouseholdIncome Indicates the median household income in the patient’s geographical area

(Continued)
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SEER Data Field Description

Urbun-Rural Indicates the patient’s residential status as urban or rural, influencing access 
to healthcare

RxsysSxSeq Indicates the sequence of systemic and surgical treatments

SxRdSq Indicates sequence of surgery and radiation treatments

SxPrimarysite Indicates whether surgery was performed on the primary tumour site

CxRecode Indicates chemotherapy administration

Radrecode Indicates whether radiation therapy was administered

SxLN Indicates whether lymph node surgery was performed

SxDistant Indicates whether surgery was performed on distant metastatic sites

noSxreason Indicates the reason for not performing surgery, such as patient refusal or clinical 
ineligibility

Rxdelay Indicates time from diagnosis to treatment in days

Metslung Indicates the presence of lung metastases

Metsbrain Indicates the presence of brain metastases

Metsbone Indicates the presence of bone metastases

Metsliver Indicates the presence of liver metastases

Inclusion criteria:

1.	 All cases diagnosed with malignant lung cancer during the period 2015–2017 
reported in SEER Research data with Delay-Adjustment from 22 US Registries.

2.	 Primary tumour site was lung and bronchus.

Exclusion criteria:

1.	 Benign lesions and non-invasive tumours were excluded.
2.	 Patients lost to follow-up and those who died due to reasons other than lung cancer.

3.2	 Data pre-processing

Feature selection was performed based on availability of field knowledge and 
literature. Variables were extracted from the SEER database, with the outcome vari-
able defined as the survival period in months, representing the time a patient sur-
vives post lung cancer diagnosis until the end of the follow-up period or the event of 
death, whichever occurs first. Four survival brackets were selected: 0.5-year (0.5Yr), 
one-year (1Yr), three-years (3Yr), and five-years (5Yr).

The survival status was engineered as a new variable by creating cut-off values 
in survival months, resulting in three variables corresponding to the 0.5Yr, 1Yr, and 
5Yr survival brackets. A binary classification approach was used to predict the num-
ber of survival months where 0 is assigned to non-survival and one to survival class. 
The patient cohort of three years will be followed up for three time bracket to study 
their survival characteristics.

Table 1. Feature selection for lung cancer survival prediction (Continued)
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Survival period estimation:
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All object data types were converted to the ‘category’ type to prepare the dataset 
for ML. Additionally, variables were encoded for use in the study. Variables provid-
ing overlapping information were removed. For instance, ‘Year of diagnosis,’ ‘Year of 
death recode,’ and ‘Survival months’ extracted to provide information on the ‘Survival 
Status’ of patient, were dropped once the variable was engineered using their informa-
tion. Variables such as ‘Site recode’ and ‘Behaviour recode,’ initially extracted to iden-
tify malignant cases of lung cancer, were also removed as they were no longer needed.

Imputation techniques in health data are not recommended if data size is suffi-
cient for dropping missing data. Missing data for lymph node surgery ‘RX Summ-
Scope Reg LN Sur (2003+)’ was significantly large therefore category was dropped. 
All rows with missing data in the four metastasis categories were eliminated. Rows 
marked as ‘blank’ for critical variables, such as survival months, were deleted. Fields 
with ‘unknown’ outcomes for metastasis (mets) variables were dropped as they pro-
vided no actionable information.

A suitable cohort window was selected to ensure that all variable metrics 
adhered to standardized collection criteria. Numerical variables were standardized 
using a standard scaler to ensure uniformity in data. Data containing whitespaces 
was cleaned to make it machine-readable. Time from diagnosis to treatment was 
binned into predefined intervals based on a literature review: 8, 60, 120, 180, 240, 
360, 480 days, and greater than 480 days [22]. One-hot encoding was applied to 
convert categorical variables into dummy variables for ML models. The final dataset 
included a total of 136587 cases diagnosed with invasive lung cancer, the number of 
cases selected over the three-year period is given in Figure 2.

Fig. 2. Number of cases selected from three-year period
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Exploratory data analysis (EDA) showed the expected finding that 0.5-year the 
number of patients who survived was highest as compared to non-survivors, as 
seen in Figure 3, at one year time the class size between survival vs. non- survival 
was almost the same as seen in Figure 4. As time progresses after diagnosis, the 
number of survivors decreases compared to non-survivors, as seen over a three-
year period shown in Figure 5, and even further over a five-year period as shown 
in Figure 6.

Fig. 3. Comparison of survival vs. non-survival class at 0.5-year

Fig. 4. Comparison of survival vs. non-survival class at one-year

Fig. 5. Comparison of survival vs. non-survival class at three-year
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Fig. 6. Comparison of survival vs. non-survival class at five-years

3.3	 Model training

A variety of ML algorithms were employed in this study, including LR, DT, RF, 
XGBoost, SVM, K-NN, and DNN to predict lung cancer survival outcomes, reflect-
ing their established relevance in survival analysis from the literature. LR has been 
successfully used in cancer survival modelling due to its interpretability and abil-
ity to estimate survival probabilities based on risk factors [23]. DT are frequently 
applied in survival studies as they provide interpretable decision rules for identi-
fying prognostic factors [24]. RF has been shown to perform well in survival pre-
diction by capturing complex feature interactions and providing robust variable 
importance measures [25]. Similarly, XGBoost, a gradient boosting framework, has 
demonstrated superior accuracy in survival analysis tasks, particularly in handling 
high-dimensional and imbalanced datasets, and has been successfully applied in 
survival prediction [26]. SVM have been effectively used in survival analysis for 
datasets with non-linear relationships, often coupled with appropriate kernel func-
tions [29]. K-NN, while less common, has shown utility in lung cancer prognosis by 
leveraging proximity-based survival estimates [27]. Lastly, DNN have emerged as 
powerful tools for modelling survival outcomes and have been successfully applied 
in lung cancer survival studies [15]. These algorithms collectively provide comple-
mentary strengths, enabling robust predictions of lung cancer survival outcomes.

In this study, we employed hyperparameter tuning to optimize the performance 
of the ML models used. The hyperparameter tuning process was performed using 
cross-validation to identify the optimal model configurations, thereby improving the 
generalization ability of the models in predicting long-term survival outcomes. Given 
the significant class imbalance observed in the dataset in the long-term survival 
period, we applied both the synthetic minority over-sampling technique (SMOTE) 
and random over-sampling to address this issue. SMOTE was utilized to generate 
synthetic samples of the minority class, enhancing its representation, while random 
over-sampling was applied to duplicate minority class instances. These techniques 
were combined to ensure a more balanced dataset, allowing the models to better 
capture the patterns associated with both survivors and non-survivors.

4	 RESULTS

The results presented in Table 2 indicate that XGBoost was the most effective 
model for predicting 0.5-year disease-specific survival (DSS) in lung cancer, achiev-
ing a well-balanced classification between survivors and non-survivors. LR and 
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SVM show high accuracy, recall, and F1 scores, making them reliable for identifying 
survival cases, but their precision could be improved. In contrast, simpler methods 
such as K-NN demonstrated the lowest performance relative to more advanced algo-
rithms. The suboptimal performance of the DNN could be the result of the challenges 
associated with applying deep learning to this particular dataset, showing relatively 
low accuracy and precision as compared to other models.

The results of model performance on 1-year data show similar results with LR, 
DT, and XGBoost showing best performance as seen in Table 3. All three models 
show high accuracy, AUC, and balanced recall. LR slightly outperformed XGBoost in 
recall and F1-score. SVM showed a high recall but has lower precision, leading to 
more false positives. LR or XGBoost are the preferred models for practical use due 
to their balanced performance across accuracy, precision, recall, and AUC, hence 
their ability to correctly classify both survivor and non-survivors. DT can be used as 
an alternative if interpretability is required for decision-making. RF is slightly less 
reliable albeit the high AUC of 0.72 due to its low recall and F-1 values as compared 
to other models. Both K-NN and DNN showed poor performance due to their weaker 
ability to identify positive cases, making them less suitable for survival prediction.

For the 3-year survival prediction, the models exhibited a mixed performance, 
influenced significantly by the class imbalance between survivors and non-survivors 
as seen in Table 4. K-NN was able to correctly predict a high number of non-survivors 
(thus achieving high accuracy), it failed to identify most of the survivors, leading to 
poor recall and a low F-1 score. LR, DT, XGBoost, and DNN all showed relatively consis-
tent performance. These models had accuracy values ranging from 62.18% to 67.10%, 
which reflect their ability to distinguish between survivors and non-survivors, but 
there were challenges with imbalanced class distribution. The DT and RF models 
had better precision (42.69% and 43.56%, respectively) than some other models but 
their recall was lower (83.02% for DT and 58.87% for RF), suggesting that while they 
were relatively good at detecting non-survivors, they missed some survivors, which 
contributed to their moderate F-1 scores (56.38% for DT and 50.07% for RF). XGBoost 
and DNN performed similarly in terms of overall metrics, both had an AUC score of 
0.74, the highest among the models. These models also achieved relatively balanced 
results in terms of recall (82.92% for XGBoost and 83.16% for DNN), but their precision 
(41.66% for XGBoost and 42.33% for DNN) remained lower, reflecting the challenge 
of maintaining a balance between detecting survivors while avoiding false positives. 
Both models had F-1 scores around 55%, indicating they were reasonably good at pre-
dicting the minority class of survivors without compromising too much on precision.

The results for the five-year survival prediction, as given in Table 5, show that 
the models struggled with the significant class imbalance, leading to generally low 
performance in terms of precision and F-1 scores. DT and SVM exhibited high recall 
(91.95% and 89.88%, respectively), but their low precision (18.30% and 19.26%) and 
F-1 scores indicate that they heavily misclassified non-survivors as survivors, result-
ing in a poor overall balance between precision and recall. LR, RF, XGBoost, and DNN 
all achieved moderate accuracy levels (ranging from 48.58% to 65.30%). Despite this, 
the precision values across these models were low (ranging from 18.75% to 21.55%), 
and the recall values were moderate, indicating that while these models did capture 
some survivors, they still struggled with false positives.

Overall, the five-year survival prediction models demonstrated suboptimal per-
formance, likely due to the severe class imbalance, which skewed the models’ abil-
ity to correctly predict the minority class (survivors). Even with the application of 
techniques such as SMOTE analysis for the five-year analysis, the overall balance 
between precision and recall remained a challenge, with models performing well on 
recall but poorly on precision. The DNN had the best AUC, but still showed limited 

https://online-journals.org/index.php/i-joe


	 54	 International Journal of Online and Biomedical Engineering (iJOE)	 iJOE | Vol. 21 No. 4 (2025)

Ghous et al.

performance when accounting for both precision and the F-1 score, making it 
unsuitable for use in survival prediction.

Table 2. Model performance on 0.5-year survival

Model Name Accuracy Precision Recall F-1 AUC

Logistic Regression 69.36% 70.60% 89.06% 78.76% 0.73

Decision Tree 69.56% 73.85% 80.95% 77.24% 0.70

Random Forest 69.20% 73.85% 80.07% 76.83% 0.70

XGBoost 70.97% 74.67% 82.46% 78.37% 0.73

SVM 68.24% 69.59% 89.19% 78.18% 0.70

K-NN 63.07% 67.11% 82.59% 74.05% 0.60

DNN 65.76% 66.59% 92.96% 77.60% 0.69

Table 3. Model performance on one-year survival

Model Name Accuracy Precision Recall F-1 AUC

Logistic Regression 70.67% 68.07% 79.51% 73.35% 0.75

Decision Tree 71.07% 69.91% 75.51% 72.60% 0.73

Random Forest 67.66% 67.94% 68.71% 68.32% 0.73

XGBoost 70.04% 68.46% 75.98% 72.02% 0.75

SVM 69.28% 66.23% 80.54% 72.69% 0.72

K-NN 57.81% 57.34% 65.92% 61.33% 0.60

DNN 65.67% 67.70% 61.89% 64.67% 0.72

Table 4. Model performance on three-year survival

Model Name Accuracy Precision Recall F-1 AUC

Logistic Regression 62.18% 41.30% 82.97% 55.15% 0.73

Decision Tree 64.02% 42.69% 83.02% 56.38% 0.71

Random Forest 67.10% 43.56% 58.87% 50.07% 0.70

XGBoost 62.67% 41.66% 82.92% 55.46% 0.74

SVM 59.62% 39.98% 88.07% 55.0% 0.70

K-NN 67.29% 38.35% 27.58% 32.08% 0.59

DNN 63.53% 42.33% 83.16% 56.10% 0.74

Table 5. Model performance on five-year survival

Model Name Accuracy Precision Recall F-1 Score AUC

Logistic Regression 64.32% 20.91% 68.44 32.03% 0.73

Decision Tree 48.58% 18.30% 91.95% 30.52% 0.71

Random Forest 63.84% 21.41% 72.80% 33.09% 0.73

XGBoost 65.30% 21.51% 68.88% 32.78% 0.73

SVM 52.47% 19.26% 89.88% 31.72% 0.72

K-NN 85.31% 18.75% 5.87% 8.95% 0.56

DNN 64.99% 21.55% 70.08% 32.97% 0.74
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The feature ranking of risk factors showed household income consistently as the 
most important predictor across all three-time brackets, indicating the critical role 
of socioeconomic factors in lung cancer survival as seen in Table 6. Features related 
to metastasis, such as metastasis to the liver, bone, brain, and lung, appeared sig-
nificant in the short-term survival of 0.5-year period, reflecting their relevance in 
predicting immediate survival outcomes.

Demographic factors including age and race or origin showed comparatively 
minimal importance in short-term survival. Age and urban-rural classification 
gained more significance with time, rising in feature ranking in one-year period, 
highlighting demographic and geographical influences over this survival period. 
Gender on the other hand consistently retained its value as middle-value risk factor. 
Clinical features, such as treatment delay and stage summary, also show increased 
importance in the long term compared to the short-term bracket.

In the long-term survival, age and urban-rural classification increase in impor-
tance, reflecting their cumulative influence on long-term survival. Metastasis-related 
features are critical for short-term survival but drop slightly in significance over lon-
ger periods.

Table 6. Temporal variation between risk factors

Feature Ranking for 0.5-Year  
Survival

Feature Ranking for 1-Year  
Survival

Feature Ranking for 5-Year  
Survival

Feature Importance Feature Importance Feature Importance

HouseholdIncome 0.903 HouseholdIncome 0.157 HouseholdIncome 0.157

Metsliver 0.021 Age 0.132 Age 0.131

Metsbone 0.020 Urbun-Rural 0.066 Urbun-Rural 0.068

Metsbrain 0.010 Site 0.064 Site 0.063

Race/Origin 0.010 Metsbone 0.057 Race/Origin 0.057

Metslung 0.009 Race/Origin 0.057 Metsbone 0.057

Seqnum 0.008 SxPrimarysite 0.055 SxPrimarysite 0.054

Age 0.004 Metsliver 0.052 Metsliver 0.051

Urbun-Rural 0.002 Rxdelay 0.049 Rxdelay 0.048

SxPrimarysite 0.002 Seqnum 0.046 Seqnum 0.046

SxLN 0.002 StageSummary 0.044 StageSummary 0.045

Site 0.002 SxLN 0.038 SxLN 0.038

Rxdelay 0.002 Metsbrain 0.035 Metsbrain 0.035

StageSummary 0.002 Gender 0.034 Gender 0.035

RxsysSxSeq 0.001 Metslung 0.032 Metslung 0.031

Gender 0.001 RxsysSxSeq 0.019 RxsysSxSeq 0.019

noSxreason 0.001 Radrecode 0.017 Radrecode 0.016

SxRdSq 0.001 SxRdSq 0.015 SxRdSq 0.015

Radrecode 0.001 noSxreason 0.013 noSxreason 0.013

SxDistant 0.001 CxRecode 0.010 CxRecode 0.010

CxRecode 0.000 SxDistant 0.010 SxDistant 0.010
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5	 DISCUSSION

Currently several prediction models have been developed; however, they are 
weak in statistical analysis due to weak data pre-processing and parameter selection 
[28]. Although there is a rapid increase in the use of ML for time-to-event analysis 
in healthcare, more work is still needed to refine the models. The current research 
has been limited in robust parameters and vigorous data pre-processing methods 
that are warranted [6]. Li et al., [4] found that optimization of ML models can be 
improved via more standardization and validation and can be promising in gener-
ating superior predictions of survival rate.

We aimed to develop a DSS prediction model by selecting relevant risk factors, a 
large patient cohort, and optimal parameter tuning.

In the present study, LR, XGBoost, and DT outperformed other methods in sur-
vival analysis. These findings are consistent with previous research, which has 
demonstrated the successful application of LR and ensemble learning techniques 
in cancer classification tasks [29, 30, 23]. However, as the survival time extended to 
the three- and five-year periods, the ability of the ML models to accurately predict 
survival outcomes diminished, as has been previously shown in predictive analysis 
for lung cancer survival [25].

Although neural networks are often expected to outperform other models due 
to their ability to capture complex non-linear relationships in cancer data [14], our 
study did not identify neural networks as the superior algorithm. This outcome may 
be attributed to the inherent strengths of XGBoost in handling tabular data and the 
superior ability of LR to handle bivariate analysis, the typical format of survival 
datasets. Both algorithms excel at capturing feature interactions and modelling 
non-linear relationships without requiring extensive feature engineering or hyper-
parameter optimization. In contrast, neural networks often demand careful tuning 
of their architecture and hyperparameters to achieve optimal performance. The 
observed superior performance of XGBoost is consistent with findings reported in 
existing literature [31].

Socioeconomic factors emerged as critical determinants in lung cancer survival, 
highlighting their significant influence on access to care, early diagnosis, advanced 
treatments, and therapy adherence. Temporal trends show that socioeconomic dis-
parities impact outcomes at all stages but are particularly dominant in the short 
term. Addressing these disparities through targeted policies and education programs 
could significantly improve survival rates.

Metastatic burden (e.g., liver, bone, brain, lung metastases) is critical in the short 
term but diminishes in importance over time, as patients with advanced disease 
rarely reach the five-year survival mark. Staging becomes more relevant in long-
term survival, as early-stage patients benefit significantly from curative treatments 
such as surgery and radiation. Among treatment factors, surgery has increasing 
importance over time, especially for early-stage patients. Radiation delay shows 
minimal short-term impact but gains significance over time as it affects recurrence 
and long-term outcomes.

Age has little impact on short-term survival but becomes a dominant factor in the 
long term due to chronic health issues and treatment tolerability.

In summary, short-term survival is dominated by acute clinical factors such as 
metastases and socioeconomic barriers. Intermediate-term survival reflects the 
increasing importance of clinical interventions such as surgery, while long-term sur-
vival is shaped by socioeconomic and demographic factors, emphasizing sustained 
care, early diagnosis, and optimized treatment strategies. Short-term outcomes 
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require aggressive management of metastatic disease, while long-term outcomes 
benefit from consistent follow-up care and addressing age-related challenges.

6	 FUTURE WORK

This study, conducted as part of a master’s single-subject coursework project, rep-
resents an initial exploration and serves as a foundation for more extensive future 
research, acknowledging the constraints of time and resources. Despite these lim-
itations, it provides valuable insights into the potential of using ML for lung can-
cer survival prediction. Future work can add value by including a more extensive 
exploration of additional factors within the SEER dataset and further optimization of 
predictive models through advanced tuning and validation techniques. These efforts 
will be essential to improve the accuracy and generalizability of survival predictions 
and ensure their applicability in diverse clinical settings.

To comprehensively account for the diverse factors influencing survival out-
comes, future prediction modelling can benefit from including a wider range of 
risk factors that influence patient survival. Further, integrating heterogeneous data 
types, including imaging data, and leverage advanced algorithms such as CNNs [32]. 
Furthermore, the application of large language models (LLMs) for analysing clini-
cal notes has demonstrated significant utility in survival prediction and should be 
incorporated into future models. Robust predictive modelling requires careful con-
sideration of the interplay between multiple health determinants. Rigorous valida-
tion of models, including the use of external validation strategies, will be crucial to 
ensure reliability and applicability across different datasets and populations.

Data modelling is inherently sensitive to the characteristics of the sampled popu-
lation. While the SEER database offers the advantage of a large dataset, it predomi-
nantly represents the demographics, healthcare practices, and access patterns of the 
United States, which may not be reflective of populations in other regions. Variations 
in healthcare systems, socioeconomic conditions, cultural attitudes, and genetic 
diversity can influence cancer incidence, treatment patterns, and survival outcomes. 
As such, findings based on SEER data can potentially have limited generalizability to 
non-U.S. populations and should be interpreted cautiously when applied elsewhere.
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