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Abstract: Immunotherapy has brought about many advances in treatment options for patients with advanced non-small 
cell lung cancer (NSCLC), although there is great variability among patients' responses to the treatment; thus, there is a 
need for accurate predictive methods. This study seeks to analyze the predictive power of machine learning models 
using computed tomography (CT)-based radiomic features to identify responders to immunotherapy in patients with 
metastatic NSCLC. The use of pretreatment CT images and responses to treatment was analyzed in a retrospective 
cohort of 150 patients with advanced non-small cell lung cancer. The responders were those who demonstrated full or 
partial effectiveness of treatment, while the non-responders were the patients who had cancer stabilisation or 
progressive illness. Tumor segmentation was performed, and radiomic features of intensity, shape, texture, and higher-
order features were extracted. Feature selection and dimensionality reduction were performed before constructing 
Support Vector Machine (SVM), Random Forest (RF), and Gradient Boosting (GB) classification models. The predictive 
performance of the models was evaluated using accuracy, sensitivity, specificity, and the area under the curve (AUC) of 
the receiver operating characteristic (ROC) curve. The RF classifier provided the best accuracy at 88.6%, sensitivity at 
86.9%, specificity at 89.7%, and an AUC value of 0.92. In feature ablation, the accuracy rate obtained by CT combined 
radiomic features was 88.6%, and AUC was 0.92, which was superior to the texture features with accuracy and AUC of 
83.7% and 0.87, respectively, and intensity features with 78.5% and 0.82, respectively. It is evident that CT radiomic 
features might be helpful for investigating the immune therapy response. However, further validation is needed. 
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1. INTRODUCTION 

Radiomic signatures are quantitative patterns 
derived from medical images that reflect subtle features 
of tumors that are barely visible in traditional visual 
analysis. Radiomics converts traditional computed 
tomography and positron emission tomography (PET) 
scans into multidimensional quantification by utilizing 
the features of tumors which describe their shape, 
intensity changes, textures, and heterogeneity [4]. 
These characteristics provide a detailed account of 
tumor phenotypes and the microenvironment, enabling 
clinicians to investigate intricate biological events non- 
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invasively. Recent achievements have shown that 
radiomic signatures may indicate tumor heterogeneity, 
immune, and metabolic activity, which are essential for 
defining responses to treatment and disease 
progression [1,7]. Radiomics has found wider 
application in the study of lung cancer to identify 
predictive biomarkers of therapy response and survival 
in patients. As an example, radiomic models based on 
CT have been demonstrated to predict pathological 
response in patients with non-small cell lung cancer 
(NSCLC) who received immunotherapy or neoadjuvant 
therapies. The application of longitudinal CT studies 
has made it possible to build radiomic and delta-
radiomic models that reflect changes in the 
characteristics of tumors, providing an opportunity to 
estimate the response to treatment and progression-
free survival in patients receiving immune checkpoint 
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inhibitors [3]. These approaches underscore radiomics' 
emerging role in connecting medical imaging and 
precision oncology. Secure cloud-based machine 
learning frameworks allow radiomic data analysis for 
immunotherapy prediction while maintaining privacy [2]. 

Figure 1 shows the overall structure of the machine 
learning platform by incorporating CT-based radiomics 
for classification of response to immunotherapy in 
advanced NSCLC patients. The model uses CT image 
datasets and clinical patient data. The data obtained 
through CT are processed through tumor segmentation 
for every individual patient. Radiomic intensity features 
and tumor shapes are analyzed. Radiomic features 
obtained are further explored to develop image 
features, including tumor texture and 2D, 3D, and 
wavelet features. The suggested methodology makes 
use of SVM, RF, and GB algorithms in order to classify 
the texture features of tumors. Mosaab's model uses 
tumor texture and radiomic shape features to predict 
tumor status and ultimately provide a probability score 
for immunotherapy response. 

Machine learning is already an innovative tool in the 
healthcare industry that will change how large 
biomedical data is analyzed to improve diagnosis, 
prognosis, and treatment planning. Machine learning 
algorithms are particularly well-suited for radiomics, as 
they automatically recognize patterns and associations 
in large, complex datasets, unlike traditional statistical 
algorithms. Support Vector Machines, Random 
Forests, and deep learning algorithms are some of the 
best solutions for dealing with the complex problems 

related to imaging data and clinical outcomes. Machine 
learning models have been widely used in oncology 
where they are applied along with clinical and 
radiomics data to create personalized medicine 
approaches. Research shows great possibilities of 
machine learning radiomics models to accurately 
predict the treatment outcomes and immunogenicity of 
tumors in patients with NSCLC [1]. Radiological 
artificial intelligence systems may additionally help in 
the process of decision-making in medicine by 
predicting the results of immunotherapy based on 
imaging and clinical data. Such data-driven approaches 
allow doctors to better stratify their patients and design 
treatments in order to minimize the risks of their 
engagement in ineffective treatment strategies. 

Immuno-therapy and specifically the usage of PD-
1/PD-L1 inhibitors has been proven to have a positive 
effect on the survival of NSCLC patients with advanced 
stage of their diseases. Still, tumors remain quite 
different and, due to the fact that some patients have 
shown no response to the treatment or adverse 
immune reactions to the drugs, the unpredictable 
behavior of the tumors requires predictive biomarkers 
that can help choose the right treatment and increase 
the survival of the patients. One of the more successful 
ways of doing so is the use of the radiomics of a 
tumor's immune microenvironment and thus, its 
heterogeneous structure as an imaging biomarker, 
instead of invasive methods. There is a lot of literature 
emerging and showing that radiomic models are able to 
predict PD-L1 expression, treatment response and 
efficacy, as well as the progression of the disease [9]. 

 
Figure 1: Architecture of the Machine Learning–Based Radiomic Prediction System. 
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Moreover, there are some new imaging techniques, 
such as habitat radiomics, which allow predicting 
adverse immune reactions and progression-free 
survival of a particular patient [5]. Finally, radiomics 
along with machine learning techniques has proved to 
be more efficient than traditional methods in predicting 
the outcomes of immunotherapy. 

The prediction of immunotherapy response in 
advanced non-small cell lung cancer is hard to predict 
owing to the heterogeneity of tumors and the limited 
predictive value of current biomarkers. The integration 
of such models that include imaging biomarkers and 
radiomics will significantly help in making decisions in 
personalized medicine and choosing therapies. 

The purpose of this research is to find out whether 
the response to immunotherapy in advanced NSCLC 
can be predicted based on machine learning and 
radiomic features extracted from medical imaging. 
Such an approach will help create imaging biomarkers 
of treatment outcomes. 

2. Background 

Innovation in immunotherapy, more specifically the 
use of immune checkpoint inhibitors such as PD-1 and 
PD-L1, has transformed treatment regimens for 
patients suffering from advanced NSCLC. However, 
there are still several unresolved clinical questions with 
regard to the selection of patients suitable for such 
therapies. This is because of the myriad of problems 
raised by tumor heterogeneity and the complex 
interplay between cancerous cells and the immune 
microenvironment [12]. Biomarkers such as TMB and 
PD-L1 expression have been proven to lack predictive 
capacity in certain populations and circumstances [16]. 
In most researches, patients with high levels of PD-L1 
do not respond to therapy. 

On the other hand, there are some cases when low 
amounts of PD-L1 demonstrate clinically meaningful 
activity, indicating the need for better predictive 
techniques [14]. Another problem is the dynamic nature 
of the tumor immune process, which may change 
during therapy and over time, limiting the effectiveness 
of one-point diagnostic assessments [19]. It has 
motivated scientists to think about imaging biomarkers 
capable of capturing spatiotemporal heterogeneity of 
tumors [11]. The use of deep learning models with 
SMOTE regularization improves therapy outcome 
predictions for patients [6]. 

Radiomics is an imaging analysis method that uses 
high-dimensional imaging features extracted from 
medical images to aid cancer diagnosis, prognosis, and 
personalized therapeutic approaches [8]. Over the past 
several years, many papers have analyzed radiomic 
signatures extracted from CT images to predict 
immunotherapy response in NSCLC. According to the 
articles, radiomic features can describe the tumor 
phenotype (tumor heterogeneity, vascularity, and 
immune cell infiltration) associated with the response to 
treatment [13]. Research at different centers has 
proven that combining radiomic features and clinical 
features allows improving survival prediction and 
constructing more accurate models predicting 
prognosis in the case of immunotherapy [17]. 
Furthermore, sub-regional radiomic analysis has been 
proposed in order to reveal the differences between 
different tumor microenvironments and model them 
more accurately [11]. In addition, short-term follow-up 
imaging is used to extract delta-radiomic features 
capturing the effect of the treatment and providing 
additional data for early prediction of the response to 
treatment [19]. It contributes to increasing knowledge 
about the importance of radiomics as a noninvasive 
way of assessing the tumor behavior and as a 
personalized cancer therapy tool. 

Machine learning is a powerful method for analyzing 
high-dimensional radiomic data and establishing 
complex correlations between imaging characteristics 
and treatment outcomes. Compared with conventional 
statistical methods, machine learning models can 
analyze large volumes of imaging and clinical data 
simultaneously and uncover previously obscured 
patterns that would not be readily identified by the 
human eye [20]. Machine learning frameworks, when 
applied to the diagnosis of NSCLC immunotherapy, 
have demonstrated the ability to predict both response 
and survival outcomes using a combination of radiomic 
features and biological and clinical variables [15]. 
Predictive machine learning performance has also 
been enhanced by automated machine learning 
methods, which streamline feature selection and model 
architecture to build more accurate and reproducible 
predictors to assess the efficacy of immunotherapy 
[18]. Such methods also enable early identification of 
responders and non-responders, and clinicians can use 
different approaches to medicine to prevent 
unnecessary toxicity associated with ineffective 
therapies [15]. Understanding the mechanisms of 
inflammation helps incorporate biological markers into 
predictive radiomic signatures [10]. 
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According to the literature, traditional biomarkers 
are insufficient to accurately predict immunotherapy 
response in advanced NSCLC. Machine learning 
algorithms enable the effective analysis of complex 
tumor data. Heterogeneity and immunological 
interactions of tumors can be explored using radiomic 
signatures and machine learning techniques in medical 
imaging data. Radiomics/machine learning integration 
is thus a promising approach for developing robust 
predictive models to aid decision-making in 
immunotherapy for lung cancer. 

3. METHODOLOGY 

3.1. Selection of Patient Data 

The study aimed to assess how radiomic 
signatures, using machine learning methods, can 
predict immunotherapy response in patients with 
advanced non-small cell lung cancer (NSCLC). 
Retrospective patient data were collected from the 
imaging repositories of hospitals and clinical imaging 
databases in Tamil Nadu, India, which included data on 
patients who had received immunotherapy. Patient 
data collection was done based on the following 
inclusion criteria: confirmed advanced NSCLC, pre-
treatment CT imaging, and complete clinical records of 
the treatment outcome. Lack of good imaging data and 
lack of data on follow-ups of the patients was taken into 
consideration for exclusion of such patients from the 
dataset for accuracy of the dataset. This dataset 
included imaging data and other clinical information like 
age, gender, tumor staging, and treatment response. In 
preprocessing of CT images, images were normalized 
and spatially resampled so that all the scans had same 
voxel sizes. Semi-automatic segmentation methods 
were employed in outlining tumor regions under the 
guidance of expert radiologists. These segmented 
tumor regions were used for extraction of radiomics 
and training a predictive model. 

3.2. Ethical Approval Statement 

The retrospective study included anonymized 
computed tomography imaging data and clinical data 
from patients suffering from metastatic non-small cell 
lung cancer. The study design was assessed and 
approved by the institution's ethics board. Because the 
study is retrospective in nature and involves 
anonymized data, patient consent was waived. 

3.2.1. CT Image Standardization 

For reducing discrepancies due to differences in CT 
scan images, all scans were standardized prior to 
segmentation of tumors and radiomics features 

extraction. Intensity normalization was performed to 
reduce differences in intensity distribution among the 
scans, while spatial resampling was performed to 
achieve a more uniform voxel size in the dataset. Noise 
reduction was also done as part of preprocessing to 
reduce image noise and increase the consistency of 
radiomic features extracted. The preprocessing step 
was done for all available CT scans prior to radiomic 
feature extraction. Variance associated with differences 
in image intensity and spatial resolution was addressed 
using these techniques. However, other sources of 
variance due to scanner type and other factors must 
still be considered. 

3.3. Definition of Immunotherapy Response 

Response to immunotherapy was determined based 
on the response to treatment and imaging information 
that was recorded during the follow-up period after the 
initiation of immunotherapy for each patient. Those who 
developed CR or PR after immunotherapy were 
classified under the responder group, while those with 
SD or PD were categorized under the non-responder 
group. This categorization served as the target for 
machine learning algorithms. Response to treatment 
was determined based on the recorded treatment 
outcome data associated with the clinical file of each 
patient. 

The composition of the dataset used in the research 
has been summarized in Table 1. The information 
describes the patient demographics and clinical 
features used in the model's development. 

Workflow in Figure 2 illustrates how the 
classification of immunotherapy response can be 
accomplished using the data from CT scans before 
treatment and patient’s clinical record. The next step is 
to apply image preprocessing techniques, which help to 
improve the quality of data by normalizing it and 
minimizing noise. Tumor Segmentation is applied to get 
the tumor region, which helps to focus on the region of 
interest. Feature Extraction of radiomics comes 
afterward, producing quantities from the tumor in terms 
of intensity, shape, and texture. Prior to the creation of 
the model, feature selection is conducted to keep the 
most useful features while removing redundant ones. 
The selected features are utilized to train the classifiers 
SVM, RF, and GB, which will be evaluated using the 
metrics accuracy, sensitivity, specificity, and AUC. 

3.4. Radiomic Feature Extraction 

Tumor heterogeneity quantification was performed 
by segmenting a region of the tumor from the CT 
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images and analyzing different quantitative aspects of 
tumor heterogeneity using radiomics. This was 
accomplished by converting image information into 
structured quantitative characteristics in terms of tumor 
morphology, intensity distribution, and spatial structure. 
Image preprocessing techniques were applied to 
reduce variability and improve feature stability prior to 
feature extraction. The radiomic features obtained were 
categorized into separate clusters, namely first-order 
statistics, morphology, and texture analysis. The first-
order features calculated the distribution of the intensity 
values of the voxels within the segmented tumor area, 
whereas the morphological features represented the 
geometrical attributes of the region such as total 
volume and surface roughness. The texture features 
were calculated using Gray Level Co-occurrence Matrix 
(GLCM) and Gray Level Run Length Matrix (GLRLM). 
All these characteristics allowed for the identification of 
a characterization of tumor structure and heterogeneity 
that could be associated with the response to 
treatment. 

Table 2 groups the various radiomic feature sets 
gathered from the CT images. These characteristics 
represent all kinds of different features of tumor 
structure and heterogeneity of interest in predictive 
modeling. 

3.5. Machine Learning Algorithms Used for 
Prediction 

The data were then ready to be subjected to 
predictive modeling with normalization and 
dimensionality reduction techniques after feature 
extraction. Exclusion of highly correlated and repeated 
variables was done for simplification of model 
development, increasing efficiency of computation, and 
reducing the likelihood of overfitting. The identification 
of the most informative radiomic attributes was made 
using feature selection techniques to determine the 
response to immunotherapy. Predictive modeling was 
conducted using SVM, RF, and GB classifiers. The 
models were developed using a designated subset of 

Table 1: Characteristics of Patient Dataset 

Parameter Description 

Total patients 150 

Age range 40–80 years 

Gender distribution 92 Male, 58 Female 

Cancer stage Stage III–IV 

Imaging modality CT scan 

Treatment type Immunotherapy 

Response categories Responder/non-responder 
 

 
Figure 2: Workflow of Radiomic Feature Extraction and Machine Learning Prediction 
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the dataset, while cross-validation was employed to 
examine the consistency of their predictive 
performance. Model effectiveness was assessed using 
accuracy, sensitivity, specificity, and AUC. 

Table 3 illustrates the application of machine 
learning algorithms in the study. The algorithms 
possess numerous strengths in processing the 
complicated radiomics information and participate in 
the accurate forecasting of immunotherapy response. 

4. RESULTS 

4.1. Analysis of Radiomic Signatures 

The features were computed and studied to uncover 
those that correlated with immunotherapy effectiveness 
for NSCLC patients. High-dimensional data were 
preprocessed, and the process included feature 
selection, during which only a small number of 
discriminatory features were selected. These were 
distinguished by different intensity distribution, texture 
heterogeneity, and geometric configuration. Responder 
patients had less heterogeneous intensity distribution 
and lower texture entropy, thus having more 
homogeneous regions of tumor. Conversely, the non-
responders were more heterogeneous in the features 
of texture that indicated abnormal tumor structure and 
complicated spatial arrangements in the tumor 
microenvironment. The statistical analysis has shown 
that texture features as a result of gray-level matrices 
played a major role in distinguishing between 
responders and non-responders. Attributes pertaining 
to shapes like surface irregularity and tumor volume 
also showed significant change across groups of 
patients. The distribution of the feature as visualized 
showed that first-order intensity features gave better 
performance when combined with higher-order texture 
descriptors. These results show that a radiomic 
signature based on CT is meaningful, in the sense of 
being a quantitative description of underlying biological 
variations that are associated with immunotherapy 
response. 

4.2. Comparison of Different Machine Learning 
Models 

In order to identify the optimal method for predicting 
the response to immunotherapy treatment, the chosen 
radiomics features were applied to build and test three 
classifiers: SVM, RF, and GB. Each model was trained 
on a subset of the dataset and cross-validated to 
ensure that the performance is stable. Random Forest 
model was also very robust because it has an 
ensemble structure that is a combination of decision 
tree predictions. Gradient Boosting was able to perform 
competitively by correcting prediction errors through 
the use of an iterative process, whereas Support 
Vector Machine was able to classify samples well in 
high-dimensional feature spaces. Random Forest was 
the most appropriate model since its sensitivity and 
specificity were the highest in predicting treatment 
response. 

Comparison between the predictive abilities of the 
classifiers used is shown in Table 4; it shows that RF 
classifier performed better than SVM and GB classifier 
in terms of accuracy and AUC, demonstrating higher 
discriminative power for patients’ sensitivity to 
immunotherapy. 

4.3. Prediction Accuracy and Confidence Levels 

Prediction of probability scores for the estimated 
probability of a patient being responsive to 
immunotherapy treatment was made by the 
classification models. The prediction probability scores 
were put into predicted probability categories based on 
predetermined criteria to characterize how the model's 
predictions were distributed. Prediction probabilities 
above 0.80 belonged to the high predicted probability 
category; predictions between 0.60 and 0.80 belonged 
to the moderate predicted probability category, and 
predictions below 0.60 belonged to the low predicted 
probability category. These categories describe the 
probability score assigned by the model, and they are 
not to be taken as any kind of calibration of confidence 
level. The largest number of predictions fell into the 
high predicted probability category for the Random 
Forest model. 

Table 2: Radiomic Feature Extraction Categories 

Feature Category Description Example Features 

First-Order Statistics Intensity distribution of tumor pixels Mean, Variance, Skewness 

Shape Features Geometric structure of tumor Volume, Surface Area 

Texture Features Spatial relationships between pixels GLCM Contrast, Entropy 

Higher-Order Features Filter-based patterns Wavelet Features 
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As shown in Table 5, the distribution shows that 
many of the model predictions have probabilities 
greater than 0.80. Probability groups described here 
are descriptive in nature and do not imply valid 
measures of prediction confidence. 

4.4. Dataset Details 

The database comprised of 150 patients with 
NSCLC, where pre-treatment computed tomography 
scan images of the patients along with their treatment 
response data was available. The data comprised the 
pre-treatment CT images and the respective clinical 
labels of the treatment response. Radiomic features of 
the segmented tumor regions were intensity-based 
features, shape features, and texture metrics based on 
the grey-level matrices. The average number of 
quantitative radiomic attributes per patient record was 
around 120 and was then narrowed down using feature 
selection methods in an effort to enhance the efficiency 
of the model. 

4.5. Software Details 

The computational model of this research was 
performed using the Python programming language. 
PyRadiomics library was used as the radiomic feature 
extraction tool, and SimpleITK and OpenCV modules 
were used to help in image preprocessing and 
segmentation. Scikit-learn was used to build machine 
learning algorithms implementing SVM, RF, and GB 
techniques. NumPy and Pandas were used for data 
preprocessing and analysis, whereas Matplotlib was 
used to visualize the results. 

4.6. Performance Evaluation 

Comparison of performance based on widely 
accepted measures of classification was done. 

Measurements of accuracy, sensitivity, and specificity 
to detect non-responders were taken to determine the 
overall correctness of prediction, the capacity of the 
model in predicting responders correctly, and the ability 
of the model to predict non-responders. Also, AUC was 
used to evaluate the ability of the model to differentiate 
the classes under varying levels of threshold. 

4.6.1. Confidence Interval Consideration 

Confidence interval gives us an approximation of 
the uncertainty in the performance measures of the 
model. In this study, RF classifier had an accuracy of 
88.6%, a sensitivity of 86.9%, specificity of 89.7% and 
AUC of 0.92. Nevertheless, confidence intervals have 
not been computed since the original output from the 
prediction level was not available. Consequently, the 
figures provided above are point estimates derived 
from the evaluation data set. Future studies involving 
large multicenter data sets will include confidence 
intervals for the validation of the model. 

The results obtained from the measures for 
evaluating the predictive model shown in Table 6 
above demonstrate the consistency of the model in the 
process of classification, where the high value of the 
AUC means the high classification ability of the model. 

Figure 3 shows a confusion matrix heatmap that 
shows how the predictive model performs in making 
predictions on whether patients are responders or non-
responders to immunotherapy. The confusion matrix 
provides the statistics for the correct and incorrect 
predictions of the classifier using the numbers of true 
positive, true negative, false positive, and false 
negative results. The closer the values were to the 
diagonal, the higher the chances that the model 
predicted most patient outcomes. These results 
indicate that the CT-radiomics-derived classifier could 

Table 3: Machine Learning Models 

Algorithm Key Characteristics Purpose 

Support Vector Machine Effective in high-dimensional datasets Classification of responders 

Random Forest Ensemble of decision trees Robust prediction and feature importance 

Gradient Boosting Sequential learning approach Improved prediction accuracy 

 

Table 4: Comparison of the Performance of Machine Learning Models 

Model Accuracy (%) Sensitivity (%) Specificity (%) AUC 

Support Vector Machine 84.2 82.5 85.6 0.88 

Random Forest 88.6 86.9 89.7 0.92 

Gradient Boosting 86.3 84.8 87.2 0.90 
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be used to differentiate between responders and non-
responders among the advanced NSCLC patients. 

Figure 4 shows the ROC curve used to evaluate the 
predictive ability of the machine learning algorithm on 
the outcome of immunotherapy. This shows the 
correlation between true positive rate and false positive 
rate at various classification threshold levels. The 
space below the curve shows high levels of 
discriminative performance, implying that the model is 
well able to discriminate patterns of treatment 
responses using radiomic patterns based on CT 
images. 

4.7. Feature Ablation Analysis 

To determine the relative contributions of different 
radiomic features for prediction of treatment response, 
feature ablation experiments were conducted. Three 
combinations of features were studied; namely, 
intensity features only, texture features only, and 
radiomic features combination. Intensity-based feature 
extraction involved first-order statistics describing 
distributions of intensity within voxels, while texture-
based feature extraction was achieved by means of 
gray-level matrix statistics, particularly GLCM-based 
statistics. 

Table 5: Distribution of Predicted Probability Categories 

Predicted Probability Category Probability Range Percentage of Predictions 

High predicted probability > 0.80 63% 

Moderate predicted probability 0.60 – 0.80 27% 

Low predicted probability < 0.60 10% 

 
Table 6: Metrics of Overall Performance Evaluation 

Metric Value 

Accuracy 88.6% 

Sensitivity 86.9% 

Specificity 89.7% 

AUC 0.92 

 

 
Figure 3: Confusion Matrix to predict Immunotherapy Response. 
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The same preprocessing method, feature selection 
method, machine learning technique and performance 
assessment measures were used in all the feature sets 
to provide an equal basis for comparison. Performance 
comparison was done based on accuracy and AUC. No 
statistical tests were done to determine statistical 
significant differences between the feature sets; hence, 
any difference seen can be considered performance 
differences only. 

Table 7 illustrates that the radiomics feature 
combination yielded the highest accuracy and AUC 
score, followed by the radiomics texture-only and 
radiomics intensity-only combinations. The findings 
imply that the combination of complementary radiomics 
information achieved superior predictability compared 
to radiomics texture or intensity alone. Statistical 
significance tests were not conducted for the 
comparison of ablation combinations; thus, these 
differences should be regarded as descriptive. 

5. DISCUSSION 

In this study, the use of radiomic features obtained 
from CT scans and the utilization of machine learning 
algorithms to predict immune therapy results in 
advanced NSCLC patients was assessed. In this 
analysis, the best classifier among those tested was 
RF, which resulted in 88.6% accuracy, 86.9% 
sensitivity, 89.7% specificity, and 0.92 AUC. The above 
observations corroborate past researches that have 

shown the capability of CT-derived radiomic signatures 
in predicting the efficacy of immunotherapy and patient 
outcomes in cases of NSCLC. Past researches have 
shown correlations between radiomic characteristics 
and immunotherapy responses, PD-L1 expression, 
progression-free survival and overall survival [9, 12, 
17]. Additionally, studies that have involved the 
inclusion of sub-regional radiomic analysis and 
characteristics of immune cell infiltrates within the 
tumor have emphasized the significance of imaging-
derived heterogeneity in predicting treatment outcomes 
[11, 13]. The current observations further corroborate 
the possibility of integrating intensity, texture and 
morphological characteristics in improving predictive 
accuracy in radiomic-based machine learning models. 

The better results obtained through the use of 
radiomics-based features show that intensity, texture, 
and morphologic attributes provide additional 
information that can be used in response prediction, a 
trend similar to the CT-based radiomics models used 
previously for predicting immunotherapy outcomes in 
NSCLC. Spatial heterogeneity in the tumors can be 
captured using texture and shape features, which could 
possibly account for biological variation in terms of 
cellularity, necrosis, vascularity, stromal characteristics, 
and tumor microenvironment. Nevertheless, the 
biological mechanisms are not assessed in this 
research and, hence, cannot be validated. Even though 
there have been studies that have evaluated the 
relationship between radiomics and PD-L1 or other 

 
Figure 4: Curve of ROC for the Machine Learning Model. 
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biomarkers, the current research does not include a 
direct comparison between the suggested model and 
PD-L1 status. Therefore, further studies are needed to 
evaluate radiomics, PD-L1, and combination models. 
Also, there are scanner and imaging factors that may 
influence radiomic features, which are different across 
institutions. Even though image standardization was 
performed, external multicenter and prospective 
validation is necessary. 

6. LIMITATIONS 

There were many limitations in this study. The first 
limitation is that the data used was a retrospective data 
set comprising 150 patients, which can be limiting in 
terms of generalizability of the results to other patient 
groups. Secondly, there was no external validation of 
the proposed model in the study. Even though the CT 
image standardization took place, variations in the 
scanners, acquisition parameters, reconstruction 
parameters and image acquisition techniques used in 
the hospitals can affect the radiomic features. Thirdly, 
there was no comparison of the radiomic model with 
other biomarkers like PD-L1. 

7. CONCLUSION 

This research investigated the efficacy of applying 
CT radiomic signatures and machine learning 
algorithms in predicting the response to 
immunotherapy for patients suffering from advanced 
NSCLC. The presented approach involves the use of 
quantitative features obtained from the CT images 
taken before treatment and the testing of SVM, RF, and 
GB. Among all the tested models, the RF model 
demonstrated the highest performance with the 
following metrics – accuracy of 88.6%, sensitivity of 
86.9%, specificity of 89.7%, and AUC of 0.92. Further 
analysis of feature ablation demonstrated that the 
radiomic feature combination configuration provides 
higher values of accuracy and AUC compared with 
configurations with only intensity features and only 
texture features, which suggests that complementary 
radiomic information might be used to predict 
immunotherapy response. Thus, this study provides 

evidence of the potential of CT radiomic features 
together with machine learning as non-invasive 
technique for investigation of immunotherapy response 
in advanced NSCLC. As this study lacks independent 
validation and prospective testing, the suggested 
model cannot currently be used for clinical decision-
making regarding the selection of treatment. In order to 
test the reproducibility and validity of this model, further 
investigation using larger and independent datasets 
from multiple centers needs to be carried out. It will be 
necessary to carry out prospective testing to check 
whether the results are similar in clinical application. 
Further studies need to focus on the significance of CT-
based radiomics in terms of their relevance to 
conventional clinical and molecular markers such as 
PD-L1 and the potential benefits of incorporating 
radiomics, clinical, and genetic data in predicting 
immune therapy response. 
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