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Bayesian model prediction for lung cancer survival based 
on demographic and laboratory results: a retrospective 
analysis
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ABSTRACT

Aim To examine the likelihood of predicting lung cancer survival versus death using Bayesian model based 
on demographic and laboratory data.
Methods A predictive design using electronic health records from 2012 to 2023 was implemented. IBM 
SPSS Statistics version 29.0 was used for data descriptive analysis and prediction models were built using 
SPSS Modeler version 18.0. Among the eight generated models, the Bayesian model demonstrated the high-
est accuracy (71.9%) and the best area under the curve (AUC) at 80.304, showcasing its superior predictive 
performance for lung cancer outcome. 
Results A total of 1,843 patients without missing values were used. Males constituted 64.2 % of total sample. 
About 70 % of the patients were aged between 46 and 99 years. The Bayesian network identified seven key 
predictors for determining patient outcome (survival versus death). Among these, age was found as the most 
significant predictor of survival outcome. 
Conclusion The Bayesian network outperformed other models in predicting lung cancer survival versus 
death probability. The integration of routine laboratory testing and demographic data in the machine learning 
model can help in the prediction of lung cancer survival versus death. 
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INTRODUCTION

Lung cancer has become the most frequent disease globally 
and continues to be a major public health concern (1). In 2022, 
lung cancer has accounted for about 2.5 million new cases 
globally (2). Furthermore, lung cancer is a leading cause of 
illness worldwide (1).  In the United States of America (USA), 
there is an increase in the incidence of lung cancer, which is 
accounted for 33 cases per 100,000 persons in 2022 (2). Lung 
cancer is considered to be a leading cause of death in the US 
with a mortality rate of 18.9 cases per 100,000 persons in 2022 
(2). In Jordan, lung cancer is the fourth most frequent type of 
cancer and the average age at lung cancer diagnosis is 63.8 
years (3).  
Lung cancer development is significantly affected by demo-
graphic factors such as age and gender (4). Age is considered 
an important factor that affects the risk of developing lung can-
cer because this cancer becomes more common in older pa-

tients (5). Although lung cancer is uncommon in patients under 
40 years of age, health care providers should not rule it out in 
younger patients (4). Lung cancer ranks first in men and sec-
ond in women for both incidence and mortality (2). Regardless 
of the age at which it is recognized, men are more likely to 
have this malignancy than women (6). For both genders, lung 
cancer is a common cause of cancer-related death (7). In 2022, 
mortality rate among men was 18% higher than in women with 
lung cancer (2). 
Laboratory tests are considered to be an important predictor 
of lung cancer such as white blood count (WBC), as higher 
WBC values were associated with lung cancer (8,9). Further-
more, low red blood cells (RBC) and haemoglobin (Hb) values 
were associated with lung cancer (10). Higher serum creati-
nine variation during hospitalization was associated with an 
increased risk of one-year mortality among patients with lung 
cancer (11). Manual diagnosis techniques for lung cancer are 
imaging tests, needle biopsy, sputum cytology, bronchoscopy, 
and lab tests (1).  
In a recent study conducted in 2024, researchers used regres-
sion approaches, including the Cox proportional hazards (CPH) 
model to predict lung cancer survival (12). However, missing 
covariate data in clinical datasets is a significant barrier for 
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regression-based models (12). Incomplete predictors cannot 
be included in regression-based predictive models. Machine 
learning (ML) algorithms imply that missing values occur ran-
domly. However, if there is a specific missing pattern, such as 
a non-random process, ML algorithms may result in incorrect 
conclusions. Due to restrictions, commonly used imputation 
methods may not be accurate enough for datasets with missing 
values. To address the challenge of unavailable data in clinical 
risk assessment, we applied Bayesian network, which success-
fully manages data by creating a complex network structure 
with multiple components (12). The Bayesian network uses 
evidence to determine the posterior probability distribution of 
query variables (13). Furthermore, Bayesian Network is com-
monly utilized for predicting illness onset and progression, as 
well as evaluates treatment effectiveness. In cancer treatment, 
Bayesian network was used to estimate patient survival and 
evaluate treatment options, guiding the development of opti-
mal strategies (12). 
The aim of this study was to examine the likelihood of predict-
ing lung cancer survival versus death using Bayesian network 
based on demographic and laboratory data.

PATIENTS AND METHODS 

Patients and study design

Predictive and retrospective designs were used in this study. 
This study was conducted at Jordan University Hospital over 
the course of six months, from January 2024 to July 2024.  Pa-
rients’ information was managed with confidence. Each record 
was assigned an ID, allowing for anonymous processing of pa-
tient records. The extracted data were kept in a password-pro-
tected file at a secured computer in the researcher’s office. The 
study data were only accessible to the researchers. 
The study was conducted in accordance with the ethical prin-
ciples of the Declaration of Helsinki, Good Clinical Practic-
es, and the Indian Council of Medical Research (ICMR). We 
included the electronic health records of patients who were 
diagnosed with lung cancer. The inclusion criteria specified 
patients with lung cancer regardless of the age. We excluded 
patients with any cancer other than lung cancer. The Jordan 
University Hospital Ethics Committee approved the study pro-
tocol prior to its initiation.

Methods

During the study period from January 2024 to July 2024, data 
on patients with lung cancer between 2012 and 2023 were ob-
tained from Jordan University Hospital using a part of their 
electronic health records system (EHS). Extracting the data 
took four months due to the complexity of the organizational 
processes and the electronic health system. This dataset con-
tains 1,843 records and eight variables. The selection of these 
variables was based on previous literature indicating that the 
choice of variables included in a study or model was guided by 
findings from previous publications. This approach is common 
in research to ensure that relevant and important factors are 
considered for predicting the outcome of lung cancer. Each re-
cord represents a particular patient within the database. These 
variables provide socio-demographic and lung cancer specific 
information. The variables that were requested included the 
stage of lung cancer, age, gender, RBC, Hb, WBC, and cre-

atinine values, governorate, smoking, family history of can-
cer and patient outcome (survival versus death). The values 
such as the stage of lung cancer, smoking, and family history 
of cancer were excluded because they were not available in the 
electronic health records.

Statistical analysis

To build the Bayesian network, the following steps were per-
formed as data preparation: checking for missing data clean-
ing by eliminating noisy data from the dataset and removing 
the duplicate and inconsistent data. All laboratory data were 
standardized using one international unit for analysis. All data 
were originally on five Excel sheets exported to SPSS files. 
Then, the files were merged into one data sheet by matching 
the cases with the ID numbers. Descriptive statistics were con-
ducted using Statistical Package for Social Sciences, version 
29.1 (14). IBM SPSS Statistics (Version 29.0) and IBM SPSS 
Modeler (Version 18.0) were employed for data manipulation, 
statistical analysis, and visualization in this study. These soft-
ware applications enable effective data presentation for statisti-
cal and predictive analysis, as well as data management for de-
scriptive and predictive modelling (15). Descriptive modelling 
found the major predictive variables for predicting lung cancer 
survival versus death. Predictive modelling was chosen based 
on accuracy and Area Under Curve (AUC) factors to create an 
appropriate model.
For applying data mining step, SPSS Modeler version 18.0 was 
used (15). Seventy and 30 percent of database records were 
selected as training and testing data, respectively. Training data 
were utilized to develop a predictive model, whereas testing 
data were used to evaluate the model’s performance (16). The 
primary criteria for selecting the most effective AI model were 
the overall accuracy and AUC (17). The accuracy is the per-
centage of all the used datasets that are properly predicted out 
of all the instances (18). The AUC represents the performance 
metrics that determine the predictive ability of machine learn-
ing (ML) models and it measures the overall performance of 
the model (19).  
The Bayesian network is a probabilistic graphical model that 
describes variables and their relationships using an acyclic 
graph with a directed structure (13). They are particularly 
useful in medical applications such as predicting lung cancer 
because they can model complex relationships between risk 
factors and symptoms, incorporating uncertainty and prior 
knowledge effectively. A probabilistic graphical model for 
information prediction about an uncertain area is called the 
Bayesian networks. According to Kim and Lee (13) this mod-
el has nodes that represent random variables and edges that 
reflect the conditional probability for the related random vari-
ables. Furthermore, the Bayesian network was selected due to 
several reasons other than achieving the highest performance, 
such as the likelihood of survival versus death calculated using 
the existing variables and their conditional likelihood correla-
tions, effectively addressing the difficulty of risk assessment 
with partial knowledge (13). The Bayesian network supports 
expert knowledge to determine the conditional independence 
of risk variables. Additionally, they provide an intuitive visual 
representation of the relationships between survival and death 
parameters (20). Because the model is based on easily accessi-
ble covariates from daily clinical practice, it can be utilized as 
a predictive tool for particular lung cancer patients, assisting 
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doctors in decision-making process (13). Bayesian networks 
use a probabilistic framework to generate predictions, enabling 
outcomes to be interpreted in terms of probabilities. 

RESULTS 

The study included 1,843 patients between 2012 and 2023 of 
which 1,8184 (64%) were males. Age groups were categorized 
as children (2-18 years, 3.4%), young adults (19-45 years, 
26.2%), and older adults (46-99 years, 70.4%). Laboratory as-
sessments included haemoglobin (Hb), red blood cell (RBC) 
count, white blood cell (WBC) count, and creatinine serum 
levels. Below-normal Hb and WBC levels were observed in 
628 (34.0%) and 569 (31.0%) of patients, respectively. Geo-
graphically, 1,084 (59%) were from Middle Governorates, fol-
lowed by Northeast 423 (23.0%), South 175 (9.5%), and North 
Governorates 161 (8.7%). Notably, 1,479 (80%) of the patients 
belonged to the survived class (Table 1).

This study used the Bayesian network for binary classifica-
tion to distinguish between deceased and surviving patients. 
The patient outcome node (survival versus death) in the graph 
represented a random variable, with death encoded as 0 and 
survival as 1. This encoding enabled the identification of prob-
abilistic dependencies among discrete variables, facilitating 
the analysis of relationships within the dataset. The Bayes-
ian network model contains eight nodes, including the parent 
node. It has 13 edges, representing the parameters that define 
the relationships between these nodes (Figure 1). Each node 
in the network represents a random variable of interest.  For 
outcome (survival versus death) prediction of lung cancer, the 
predictor variables were age, gender, governorate, RBC, Hb, 
WBC, and creatinine values. The parent node is a node that has 
direct edges that lead to one or more child nodes (13). Directed 
edges between the nodes reflect the probability link among the 
variables in the network (20). 
The Bayesian network found seven important predictors to 
predict the outcome of lung cancer (survival versus death). The 

Variable No of patients (%)

Patient outcome  
Dead 364 (19.8)
Survived 1,479 (80.2)
Gender
Male 1,184 (64.2)
Female 659 (35.8)
Age group
Children (2-18) 63 (3.4)
Young adult (19-45) 482 (26.2)
Old adult (46-99) 1,298 (70.4) 
WBC 
Normal 1,274 (69.1)
Above normal 569 (30.9)
Hb
Normal 1,215 (65.9)
Below normal 628 (34.1)
Creatinine
Normal 1,093 (59.3)
Abnormal 750 (40.7)
RBC
Normal 1,133 (61.5)
Below normal 710 (38.5)
Governorates  
Middle 1,084 (58.8)
Northeast 423 (23.0)
South   175 (9.5)
North 161 (8.7)

Table 1. Characteristics of the study sample (N=1,843).

Hb, haemoglobin; RBC, red blood cell; WBC, white blood cell

Model Overall accuracy 
(%)

Area under the 
curve

Bayesian network 1 80.304 0.719
Logistic regression 1 80.304 0.704
CHAID 1 80.250 0.692
Neural net 1 80.250 0.685
C5 1 80.250 0.5
Quest 1 80.250 0.5
C&R tree 1 80.250 0.5
Decision list 1 40.912 0.584

Table 2. Characteristics of the study’s models

Among the eight generated models, the Bayesian network was 
the most effective one, achieving the highest overall accura-
cy score (80.304%) and the highest AUC score (0.719) (Table 
2) followed by logistic regression (80.304%, AUC = 0.704), 
CHAID model (80.250, AUC = 0.692), neural network model 
(80.250, AUC = 0.685). Then, C5 model, Quest model, and 
C&R Tree model had the same performance (80.250, AUC = 
0.5). Decision list model (70.912, AUC= 0.584) had the lowest 
performance. 

Figure 1. The structure of Bayesian network model
Hb, haemoglobin; RBC, red blood cell; WBC, white blood cell

age predictor’s importance was 0.26, which is the most im-
portant predictor followed by RBC predictor’s importance of 
0.19, Hb predictor’s importance was 0.16, gender predictor’s 
importance 0.13, governorate predictor’s importance 0.11, 
WBC predictor’s importance 0.10, and creatinine predictor’s 
importance was 0.06, which is the least important predictor 
(Figure 2). 
For patients who had below normal RBC and Hb values, the 
conditional probability of death was 85%, while for patients 
who had normal RBC and Hb values, it was 80%. Survival 
probabilities were greatest among individuals with normal 
RBC and Hb values (0.81%). Survival probabilities among 
patients with normal creatinine value (0.69%) were higher 
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than in patients with abnormal creatinine value (0.31%). Fur-
thermore, survival probabilities among patients who live in 
the North Governorates and had above normal WBC (0.14%) 
were lower than that in patients with normal WBC (0.86%). 
The older adults who live in the Middle Governorates had the 
highest probability of death (0.75%), while older adults resid-
ing in the North Governorates demonstrated the lowest record-
ed probability of death at just 0.04%. However, when WBC 
values were normal, the highest death probability was in the 
North Governorates (0.83%) and the Northeast Governorates 
(0.70%). Males with normal Hb levels had a higher survival 
probability (0.78%) compared to those with below-normal Hb 
levels (0.22%). Additionally, the probability of death among 
males was 0.42% higher than that of females (Table 3).

DISCUSSION

Machine learning is currently one of the most popular ap-
proaches to create a prediction model. It has been widely em-
ployed in medical science to assist healthcare professionals 
with prognosis, diagnosis, and other factor analysis. Machine 
learning algorithms are capable of managing massive amount 
of data and create prediction models for illness development, 
risk factors, and management, making them very useful. Using 
ML algorithms to analyse data can improve patient outcomes, 
identify needs, and enhance quality of life (21). In this paper, 
Bayesian network was used to predict survival versus death 
of lung cancer based on risk factors. Furthermore, Bayesian 
network is an extremely advanced modelling technique with 
numerous parameters (22). It is commonly used to forecast ill-
ness onset and progression, as well as evaluate treatment effec-
tiveness, and for risk prediction of lung cancer (12).
Many researches have assessed the usefulness of machine 
learning algorithms in predicting the risk of cancer, but few 
of them used Bayesian network to predict the survival of lung 
cancer (12,20,23). However, the findings of this study contrib-
ute to clarifying the effectiveness of ML algorithms for the pre-
diction of survival versus death likelihood among patients with 
lung cancer. The study model shows correlations between the 
outcome variable (whether the individual survived or died) and 
the seven predictors. This demonstrates how changes in the 
parent nodes’ statuses might alter the probabilities of outcomes 
in the child nodes. 
The Bayesian network provides a thorough description of the 
interactions and effects of a number of variables on patient out-
comes (12). A recent study using a Bayesian network model to 

Parents Nodes Conditional probabilities of RBC Conditional probabilities of creatinine

Dead or Survived/ Hb Normal Below normal Normal Abnormal

Survival/normal 0.81 0.19 0.69 0.31
Death/normal 0.80 0.20 0.57 0.43
Survived/below normal 0.28 0.72 0.43 0.57
Death/below normal 0.15 0.85 0.46 0.54

Conditional probabilities of age (years) Conditional probabilities of  WBC

Dead or Survive/ 
Governorate* Children (2-18) Young adult (19-45) Old adult (46-99) Normal Above normal

Survived /1 0.46 0.44 0.61 0.68 0.32
Dead/1 0.57 0.57 0.75 0.50 0.50
Survived/2 0.14 0.30 0.23 0.67 0.24
Dead/2 0.14 0.20 0.15 0.70 0.30
Survived/3 0.16 0.15 0.07 0.86 0.14
Dead/3 0.14 0.09 0.04 0.83 0.17
Survived/4 0.23 0.12 0.09 0.77 0.32
Dead/4 0.14 0.15 0.06 0.56 0.44

Conditional probabilities of Hb Conditional probabilities of gender
Dead or survived/ 
Gender Normal Below normal Male Female

Survived/male 0.78 0.22 0.62
Death/male 0.60 0.40 0.71
Survived/female 0.53 0.47 0.38
Death/female 0.40 0.60 0.29

Table 3. The Bayesian network model’s determination of the probabilities of survival versus death and predictors

*1, middle, 2, Northeast, 3, North, 4, South; Hb, haemoglobin; RBC, red blood cell; WBC, white blood cell

Figure 2. Predictors’ importance for the outcome of lung cancer
Hb, haemoglobin; RBC, red blood cell; WBC, white blood cell
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evaluate lung cancer survival prognosis showed that internal 
validation demonstrated robust predictive performance, with 
the model achieving strong discrimination and calibration met-
rics, reflected by an AUC of 0.896 (12). The Bayesian network 
model had the highest overall accuracy score (80.304%) and 
the highest AUC score (0.719) in our study, whereas Bayesian 
networks had a low AUC score (0.614), which is utilized to 
predict survival among individuals diagnosed with lung cancer 
(23). The AUC decreases as the percentage of missing values 
in the validated dataset increases (12). This could mean that 
Bayesian network requires sufficient and accurate data for 
learning reliable conditional probabilities. Furthermore, the 
predictive study aimed to assess the potential value of blood 
inflammation in the diagnosis of lung cancer using a machine 
learning algorithm. It showed that the naive Bayes algorithm 
outperformed the other five ML systems in predicting adult 
lung cancer, with an AUC of 0.84 and an accuracy of 0.87 (10).
Age was the most important predictor for lung cancer, with in-
cidence and mortality probability rising dramatically with age. 
Older patients (46-99 years) have the highest chance of mortality, 
which is consistent with evidence suggesting that increasing age 
is associated with significantly higher death outcomes in lung 
cancer (2). Researchers found that age was an important pre-
dictive factor for predicting lung cancer survival and prognosis 
using Bayesian network, as the median age of the patients with 
lung cancer was 63 years and it ranged from 22 to 92 years (12).
Laboratory tests can determine the survival and death proba-
bility of lung cancer. In our study, below normal red blood cell 
(RBC) and haemoglobin (Hb) were considered as important 
predictors for low survival probability among patients with 
lung cancer. Furthermore, a cross-sectional study found that 
Hb and RBC were significantly lower in lung cancer compared 
with healthy individuals (10). 
Gender is the fourth important predictor. The study’s findings 
are consistent with other trends found in the literature on lung 
cancer. According to global data, males are somewhat more 
likely to develop lung cancer than females, which is consis-
tent with our study’s higher male prevalence (2). The study’s 
probability of survival and death was higher among males than 
females, which is consistent with global trends, particularly in 
high-income nations where early identification and advanced 
therapies are more widely available (2). A study of survival 
rates by gender found that treatment, healthcare systems, and 
comorbidities are likely to play significant effects (24). 
In our study, the death probability was high in the Northeast 
Governorates (0.70), which is consistent with a Jordanian study 
revealing that Al- Mafraq city (northeast Jordan) has a high 
probability of lung cancer, which is possibly related to gaseous 
highly radioactive Radon element in Al- Mafraq city (25).
Other laboratory test that have been frequently obtained from 
patients was WBC, which is the sixth important predictor in 
this study. Elevated WBC is an alarming risk associated with 
lung cancer (8). In our study, above normal WBC was asso-
ciated with poor survival rates and high death rate. Similar-
ly, a predictive study aimed to create a prediction model that 
predicts future lung cancer diagnoses based on the available 
laboratory and clinical such as WBC, found that 
WBC is an essential factor for predicting lung cancer death and 
has the ability to help prevent deaths from lung cancer through 
early identification utilizing a machine learning algorithm (9).
Creatinine serum value is considered as the least important 
predictor. Furthermore, abnormal serum creatinine is a predic-

tor for low survival probability in our study. Creatinine could 
be a good biomarker for detecting early lung cancer (26). Re-
searchers found that serum creatinine fluctuation increased the 
chance of death in patients with lung cancer (11).
The use of Bayesian network in lung cancer prediction incor-
porates previous knowledge and beliefs about causal links and 
conditional probabilities, as well as handling incomplete or 
uncertain data. The graphical structure of Bayesian network 
makes it easier to understand and convey variable interactions 
than more sophisticated ML models.
One of our study’s strengths was that the Bayesian network 
efficiently overcomes the issues of missing data in forecasting 
patients’ outcomes, while retaining high accuracy in predic-
tion. Furthermore, the ML method was used in the study to 
analyse a large dataset. This study was especially unique in 
that it examined all patients with lung cancer, regardless of 
age, rather than merely the elderly. 
Our research has a few limitations. While the aim was to in-
clude key variables relevant to predicting patient outcomes, 
such as lung cancer stage and medical imaging, these were 
excluded due to unavailability in the electronic health system. 
Additionally, the dataset’s class imbalance, with most patients 
classified as survivors, may influence the results.
Prospective research is required to verify the use of the Bayes-
ian network in future investigations. Further research is needed 
to compare the effectiveness of our ML model to the most used 
models for predicting lung cancer outcomes. Researchers often 
utilize Bayesian network in conjunction with medical data to 
investigate the links between risk variables and disease out-
comes. Studies may focus on network structure refinement, 
inference algorithm improvement, and prediction validation 
against clinical data.
Healthcare providers can use the Bayesian network to evaluate 
survival versus death probabilities and guide hospital-based 
lung cancer treatment decisions, fostering personalized treat-
ment approaches using routine demographic and laboratory 
data. In lung cancer survival prediction, the Bayesian network 
identifies the most influential predictors, such as age, gender, 
governorate, RBC, Hb, WBC, and creatinine values. This en-
hances model interpretability and aligns with clinician exper-
tise, validating its practical utility.
Nursing practice implications involve utilizing predictive mod-
els to improve information systems, support clinical decisions, 
streamline documentation, and estimate death probabilities. 
By incorporating routinely available data into health records, 
the Bayesian network can deliver precise risk predictions. This 
AI approach elucidates complex relationships between lung 
cancer predictors, including demographics and laboratory re-
sults. Given its simplicity and interpretability compared to oth-
er ML methods, the Bayesian network is increasingly adopted 
in healthcare and can be seamlessly integrated into clinical 
workflows.
The Bayesian network is a robust tool for predicting lung can-
cer survival versus mortality. Its ability to manage uncertainty 
and integrate prior knowledge makes it highly beneficial for 
medical decision support systems. This study has examined 
the likelihood of predicting lung cancer survival versus death 
using Bayesian network based on demographic and laboratory 
data. Abnormal laboratory tests and older age were considered 
as important predictors for low survival probability. Incorpo-
rating demographic information and routine laboratory tests 
such as RBC, WBC counts, Hb, and creatinine levels enhance 
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the model’s capacity to predict survival outcomes, supporting 
improved clinical decision-making for lung cancer care. 
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