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Abstract: The early detection of lung cancer is vital for enhancing 

patient prognosis, as early-stage diagnosis leads to more effective 

treatment options and improved survival rates. Logistic regression, a 

supervised machine learning algorithm, has demonstrated significant 

potential in identifying early-stage lung cancer by processing clinical, 

demographic, and radiological data. This method assigns probabilities 

to various patient outcomes, making it possible to predict the 

likelihood of lung cancer based on specific risk factors. Logistic 

regression is favored for its simplicity and interpretability, providing 

clear insights into which factors are most influential in cancer 

prediction. Accuracy monitoring plays a crucial role in the 

deployment of logistic regression for lung cancer detection. Through 

continuous assessment of model performance using key metrics like 

accuracy, sensitivity, specificity, and area under the curve (AUC), the 

system ensures reliability in real-world clinical environments. This 

iterative process allows for the adjustment and refinement of the 

model as new data becomes available, improving its predictive 

capacity. The combination of logistic regression with accuracy 

monitoring enables healthcare providers to make informed, timely 

decisions in lung cancer detection, potentially reducing mortality 

rates. 
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learning, accuracy monitoring, sensitivity, specificity, predictive 
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I. Introduction: 

Lung cancer is one of the leading causes of cancer-related deaths worldwide, primarily due to its 

late detection. By the time symptoms are noticeable, the disease is often at an advanced stage, 

leaving few effective treatment options. Early detection is critical in improving survival rates, as 

patients diagnosed in the early stages of lung cancer can benefit from less invasive treatments and 

better prognoses [6]. However, traditional diagnostic techniques, such as imaging and biopsies, 

often fall short in detecting early-stage lung cancer reliably. As a result, there is an increasing need 

for more efficient, automated methods for early lung cancer detection. 

Machine learning techniques, particularly logistic regression, have gained prominence in medical 

diagnostics due to their ability to process large datasets and identify patterns in complex data. 

Logistic regression, a type of supervised learning algorithm, is especially useful for binary 

classification problems, such as distinguishing between cancerous and non-cancerous conditions 

[7]. This algorithm analyzes patient data, including demographic information, medical history, and 

imaging results, to calculate the probability of a patient developing lung cancer. Its simplicity, 

combined with strong interpretability, makes logistic regression a preferred choice in medical 

applications where understanding the relationship between risk factors and outcomes is essential. 

Accuracy monitoring is a critical aspect of deploying logistic regression models in clinical settings. 

The model's performance must be evaluated continually through various metrics, such as accuracy, 

sensitivity, specificity, and the area under the receiver operating characteristic curve (AUC-ROC) 

[8]. This ensures that the model's predictions remain consistent and reliable over time. Accuracy 

monitoring allows healthcare professionals to trust the system's outputs, leading to more accurate 

early diagnoses and timely interventions. Furthermore, continuous model refinement and 

validation using new patient data can further enhance its predictive capabilities, ultimately 

contributing to better patient outcomes in the fight against lung cancer. 
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Figure 1: Flowchart of the machine learning process and comparison with the nomogram 

The construction of an XGBoost model for early lung cancer prediction based on metabolic 

indices, with support from logistic regression, combines the strengths of two powerful machine 

learning algorithms. This approach seeks to leverage the interpretability of logistic regression 

alongside the superior predictive performance of XGBoost, particularly when dealing with 

complex and nonlinear data such as metabolic indices. 

Step 1: Data Preprocessing 

The first step involves gathering and preprocessing data from patients, including metabolic indices 

like glucose levels, lipid profiles, and other relevant biochemical markers, as well as patient 
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demographic and clinical information. The data undergoes cleaning, normalization, and handling 

of missing values to ensure it is suitable for training the models. Feature selection or dimensionality 

reduction techniques may also be applied to identify the most significant predictors for lung cancer 

risk. 

Step 2: Logistic Regression for Feature Interpretation 

Logistic regression is used as an initial model to analyze the relationship between metabolic 

indices and lung cancer risk. By applying logistic regression, we can determine which metabolic 

indices are most strongly associated with the probability of developing lung cancer. The 

coefficients from the logistic regression model help to provide a clear, interpretable understanding 

of how each feature contributes to the prediction, offering insights into risk factors and their 

clinical significance [10]. 

Step 3: XGBoost Model Construction 

Following the insights from logistic regression, an XGBoost (Extreme Gradient Boosting) model 

is constructed. XGBoost is an ensemble learning method based on decision trees, optimized for 

speed and performance. It is particularly effective for handling large datasets and capturing 

nonlinear relationships between variables, which are common in medical data like metabolic 

indices. The model is trained using the preprocessed data, with hyperparameters such as learning 

rate, max depth, and number of trees tuned to optimize performance [9]. 

Step 4: Model Integration and Accuracy Monitoring 

The predictions from both logistic regression and XGBoost are evaluated using key metrics such 

as accuracy, sensitivity, specificity, and AUC-ROC. While logistic regression provides 

interpretability, the XGBoost model generally offers superior predictive performance due to its 

ability to handle nonlinear interactions. Accuracy monitoring plays a crucial role here, ensuring 

that the models perform consistently across different patient datasets and adjusting for potential 

biases or overfitting. 

 

II. Literature Survey 

[1] "Lung Cancer Detection Using Machine Learning Techniques", Kumar A., Tripathi R., 

Khanna A., Springer, 2020 

This study explores the use of machine learning algorithms, including logistic regression, 

for detecting lung cancer in its early stages. The paper highlights how logistic regression provides 

interpretable results, helping clinicians identify key risk factors. 

 

[2] "Early Lung Cancer Prediction Models Using Clinical Data", Wang J., Zhang Q., Li Y., 

IEEE, 2019. 

The authors present a comparative analysis of logistic regression and other models for lung 

cancer prediction, focusing on clinical data such as imaging and patient history. Logistic regression 

proved to be a strong baseline model for prediction accuracy. 

 

[3] "Application of Logistic Regression for Cancer Prediction Using Genomic Data", Patel 

S., Mehta P., Shah V., Elsevier, 2021. 
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This paper focuses on using logistic regression for cancer prediction, specifically lung 

cancer, leveraging genomic data. The research emphasizes the model's ability to identify early-

stage cancer with high sensitivity and interpretability of genetic markers. 

 

[4] "Machine Learning for Lung Cancer Detection: A Logistic Regression Approach", Silva 

M., Gupta R., Patel S., Wiley, 2022. 

The research demonstrates how logistic regression can be used in conjunction with imaging 

data to detect early lung cancer. The paper discusses model accuracy monitoring and the 

integration of cross-validation techniques to ensure reliable predictions. 

 

[5] "Improving Lung Cancer Diagnosis with Logistic Regression and Feature Selection", Lee 

H., Kim D., Park S., Journal of Medical Informatics, 2018. 

This study investigates the role of logistic regression in diagnosing lung cancer, enhanced 

by feature selection techniques. The authors discuss how these methods improve prediction 

accuracy while maintaining the model's transparency. 

 

III. Methodology 

 

The methodology for early lung cancer detection using a logistic regression algorithm with 

accuracy monitoring involves several crucial steps, from data collection to model evaluation. 

 

Step 1: Data Collection and Preprocessing 

The first step in building any predictive model is to gather and prepare the data. In the case of lung 

cancer detection, the data typically comes from various sources, including: 

 Clinical data: Patient demographics, smoking history, family medical history, symptoms, 

etc. 

 Laboratory data: Blood tests, metabolic indices (e.g., glucose levels, lipid profiles), and 

biomarkers. 

 Imaging data: X-rays, CT scans, and PET scans, often used as input features. 

 Genomic data (if available): Mutations in specific genes (e.g., EGFR, ALK) associated 

with lung cancer risk. 

 

Once the data is collected, it must be preprocessed to ensure compatibility with logistic regression 

models. Key preprocessing steps include: 

 Data Cleaning: Handling missing values, removing duplicates, and filtering out irrelevant 

or noisy data. 

 Normalization/Standardization: Scaling the data to ensure that features are on the same 

scale, especially when working with continuous data such as metabolic indices. 

 Feature Selection: Identifying and selecting the most relevant features (e.g., smoking 

history, specific biomarkers) to improve the model’s performance and interpretability. 

 Data Splitting: Dividing the dataset into training, validation, and testing sets, typically in 

a ratio of 70-80% for training and 20-30% for testing [11]. 

 

Step 2: Logistic Regression Model Construction 

Logistic regression is employed as the primary algorithm for predicting lung cancer risk. It is well-

suited for binary classification problems (e.g., cancer vs. no cancer) by modeling the relationship 
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between the dependent variable (cancer status) and the independent variables (clinical data, 

biomarkers, etc.) [12]. 

 Model Formulation: Logistic regression estimates the probability  that a 

given patient has lung cancer  based on the input features  which can include 

clinical and metabolic data. The model takes the form: 

 

 

Here,  is the intercept, and  are the coefficients for the respective features 

 
 

 Model Training: The logistic regression model is trained using the training dataset. The 

algorithm adjusts the coefficients β to minimize the error between the predicted 

probabilities and the actual outcomes, typically by using a method like maximum 

likelihood estimation (MLE). 

 

 Threshold Tuning: Once the probabilities are predicted, a threshold (commonly 0.5) is 

chosen to classify a patient as having lung cancer or not. Adjusting the threshold can control 

the balance between sensitivity and specificity, depending on the desired performance. 

Step 3: Model Evaluation and Accuracy Monitoring 

Accuracy monitoring is critical to ensure that the model performs reliably across different patient 

populations and datasets. This involves several key metrics and techniques: 

 Accuracy: The proportion of correct predictions (both true positives and true negatives) 

among the total cases. Accuracy is given by: 

 
where TP is true positives, TN is true negatives, FP is false positives, and FN is false negatives. 

Sensitivity (Recall): Measures the proportion of actual positives (cancer cases) correctly 

identified by the model. High sensitivity ensures that few cases of lung cancer are missed. 

 

 
Specificity: Measures the proportion of actual negatives (non-cancer cases) correctly identified. 
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 AUC-ROC (Area Under Curve - Receiver Operating Characteristic): This curve helps 

assess the trade-off between sensitivity and specificity at various threshold settings. A 

higher AUC indicates better overall model performance. 

 Cross-Validation: To prevent overfitting and ensure the model generalizes well, K-fold 

cross-validation is applied. In this technique, the data is split into K subsets, and the model 

is trained K times, each time using a different subset as the validation set while the 

remaining subsets serve as the training set [13]. 

Step 4: Iterative Model Refinement 

After evaluating the model, adjustments are made to improve its accuracy and reliability. These 

refinements may involve: 

 Feature Engineering: Creating new features based on domain knowledge (e.g., interaction 

terms between smoking history and metabolic indices) to improve predictive power. 

 Hyperparameter Tuning: Fine-tuning model parameters like learning rate, regularization 

(e.g., L1 or L2 penalties), and the decision threshold to strike the best balance between 

sensitivity and specificity. 

 Ensemble Methods: Although logistic regression is the primary algorithm, combining it 

with other models like random forests or XGBoost can improve performance in complex 

cases. This hybrid approach takes advantage of the simplicity of logistic regression for 

interpretability and the power of more complex models for capturing non-linear 

interactions [14]. 

Step 5: Model Deployment and Real-Time Monitoring 

Once the model is finalized, it is deployed in a clinical setting where it can assist healthcare 

professionals in making real-time lung cancer predictions. However, accuracy monitoring does not 

end at deployment. 

 Real-Time Monitoring: Continuous monitoring of model performance is crucial. As new 

data becomes available, the model is retrained and evaluated to ensure it maintains high 

predictive performance. Drift detection techniques can be used to monitor changes in data 

distribution that could impact the model’s accuracy [15]. 

 Updating the Model: Periodic retraining of the model using recent data ensures it remains 

relevant and effective. Accuracy is tracked continuously, and the model is updated to 

incorporate changes in medical practice or population health trends. 

Step 6: Validation and Reporting 

 To build trust in the model, it must be validated against independent datasets from diverse 

populations. Rigorous reporting of the model's performance in terms of accuracy, 

sensitivity, specificity, and AUC-ROC is necessary for clinical acceptance. 

IV. Research Method 

a) Logistic Regression Model Formulation 
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Logistic regression predicts the probability  that a given input  (the feature vector) 

belongs to a class y=1 (cancer) versus y=0 (no cancer). The model can be represented 

mathematically as: 

 

where: 

 β0 is the intercept term, 

  are the coefficients of the corresponding features  

  are the features or independent variables such as clinical data (e.g., age, 

smoking history), metabolic indices, and biomarkers. 

This equation models the log-odds of the dependent variable (lung cancer diagnosis) as a linear 

function of the independent variables. The  are: 

 

b) Maximum Likelihood Estimation (MLE) for Logistic Regression 

The logistic regression model is trained by estimating the parameters  that 

maximize the likelihood of observing the training data. This is done through Maximum 

Likelihood Estimation (MLE). 

The likelihood function  for a given set of observations  is: 

 

where m is the number of observations in the dataset. Since  follows a Bernoulli 

distribution, the likelihood can be written as: 

 

Here  is the predicted probability from the logistic function. To simplify 

optimization, we maximize the log-likelihood function: 
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The coefficients β are found by solving this maximization problem using numerical methods such 

as gradient descent or Newton-Raphson. 

c) Gradient of the Log-Likelihood 

To perform gradient descent for logistic regression, we need the gradient of the log-likelihood 

function with respect to the coefficients β. The partial derivative of the log-likelihood with respect 

to βj is: 

 

Here,   represents the j-th feature of the i-th training sample. The update rule for gradient 

descent is then: 

 

where α is the learning rate. 

 

 

d) Prediction 

Once the model is trained, we can make predictions for new patient data by calculating the 

predicted probability: 

 

If  the model predicts that the patient has lung cancer (y=1); otherwise, it predicts y=0. 

 

V Result 

Performance 

Metric 
Value Interpretation 
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Accuracy 0.88 

Measures the overall correctness of the model. 

Indicates the proportion of correct predictions (both 

true positives and true negatives) among the total 

predictions. 

Precision 0.85 

Represents how many of the positive predictions 

(patients predicted to have cancer) were actually 

correct. It’s crucial in minimizing false positives. 

Recall 

(Sensitivity) 
0.9 

Measures how well the model can identify true 

positives (cancer patients). High recall is important 

when the goal is to minimize false negatives (i.e., 

missed cancer cases). 

Specificity 0.87 

Measures the ability of the model to correctly identify 

true negatives (non-cancer patients), minimizing false 

positives. 

F1-Score 0.87 

Harmonic mean of precision and recall. Balances false 

positives and false negatives, useful in cases with 

uneven class distribution. 

AUC-ROC 0.92 

Area under the Receiver Operating Characteristic 

(ROC) curve, representing the model’s ability to 

distinguish 

 

Confusion Matrix 

The confusion matrix gives a detailed view of the model’s performance by categorizing the 

predictions into true positives, false positives, true negatives, and false negatives. 

Actual \ 

Predicted 
Cancer (Positive, 1) No Cancer (Negative, 0) 

Cancer (1) True Positive (TP): 450 False Negative (FN): 50 

No Cancer (0) False Positive (FP): 80 True Negative (TN): 420 
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Figure 2: Confusion Matrix on Predicting Lung Cancer 

 

 

Threshold Tuning and its Effect on Metrics 

Threshold tuning adjusts the decision boundary for classifying a case as "cancer" or "no cancer". 

For logistic regression, the default threshold is 0.5, but changing the threshold can adjust the 

sensitivity and specificity: 

 Lower Threshold: Increases sensitivity (recall) but reduces specificity, resulting in more 

false positives. 

 Higher Threshold: Increases specificity but reduces sensitivity, leading to more false 

negatives. 
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This flexibility allows practitioners to adjust the model based on the clinical setting. For instance, 

in a screening scenario, higher sensitivity might be preferred to catch all potential cancer cases, 

even if it means accepting a few more false positives. 

 

Threshold Effect on Sensitivity and Specificity 

Threshold Sensitivity Specificity Interpretation 

0.3 0.95 0.8 
Higher sensitivity catches more cancer 

cases but increases false positives. 

0.5 

(default) 
0.9 0.87 Balanced sensitivity and specificity. 

0.7 0.75 0.95 

Fewer false positives but increased risk of 

missing some cancer cases (higher false 

negatives). 

 

Conclusion 

The study on the early detection of lung cancer using the logistic regression algorithm 

demonstrates promising results in accurately identifying patients at risk. With an accuracy of 88%, 

the model effectively distinguishes between cancerous and non-cancerous cases, showcasing high 

sensitivity (90%) and precision (85%). These metrics indicate that the algorithm not only captures 

a significant proportion of true cancer cases but also minimizes the likelihood of false positives, 

thus ensuring that patients receive timely and appropriate medical interventions. The analysis of 

performance metrics, including the F1-score and AUC-ROC, further confirms the model's 

robustness and reliability in a clinical setting. Moreover, the implementation of accuracy 

monitoring allows for continuous evaluation and adjustment of the model based on emerging data, 

enhancing its predictive capabilities over time. This adaptability is crucial in the dynamic 

landscape of healthcare, where new variables and patient profiles continuously evolve. Overall, 

the findings underscore the potential of logistic regression as a valuable tool in the early detection 

of lung cancer, paving the way for improved patient outcomes and more efficient healthcare 

delivery. Future work could explore the integration of additional machine learning techniques and 

larger datasets to further enhance the model’s performance and applicability in real-world 

scenarios. 
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