
O R I G I N A L  R E S E A R C H

An Efficient Dual-Sampling Approach for Chest 
CT Diagnosis
Khalaf Alshamrani 1,2, Hassan A Alshamrani1

1Radiology Sciences Department, College of Medical Sciences, Najran University, Najran, Saudi Arabia; 2School of Medicine and Population Health, 
University of Sheffield, Sheffield, UK

Correspondence: Khalaf Alshamrani, Email Kaalshamrani@nu.edu.sa, k.alshamrani@sheffield.ac.uk 

Background: This paper aimed to enhance the diagnostic process of lung abnormalities in computed tomography (CT) images, 
particularly in distinguishing cancer cells from normal chest tissue. The rapid and uneven growth of cancer cells, presenting with 
variable symptoms, necessitates an advanced approach for accurate identification.
Objective: To develop a dual-sampling network targeting lung infection regions to address the diagnostic challenge. The network was 
designed to adapt to the uneven distribution of infection areas, which could be predominantly minor or major in different regions.
Methods: A total of 150 CT images were analyzed using the dual-sampling network. Two sampling approaches were compared: the 
proposed dual-sampling technique and a uniform sampling method.
Results: The dual-sampling network demonstrated superior performance in detecting lung abnormalities compared to uniform 
sampling. The uniform sampling method, the network results: an F1-Score of 94.2%, accuracy of 94.5%, sensitivity of 93.5%, 
specificity of 95.4%, and an area under the curve (AUC) of 98.4%. However, with the proposed dual-sampling method, the network 
reached an F1-score of 94.9%, accuracy of 95.2%, specificity of 96.1%, sensitivity of 94.2%, and an AUC of 95.5%.
Conclusion: This study suggests that the proposed dual-sampling network significantly improves the precision of lung abnormality 
diagnosis in CT images. This advancement has the potential to aid radiologists in making more accurate diagnoses, ultimately 
benefiting patient treatment and contributing to better overall population health. The efficiency and effectiveness of the dual-sampling 
approach in managing the uneven distribution of lung infection areas are key to its success.
Keywords: lung cancer, SVM, KNN, dual sampling, uniform sampling, balanced class sampling, under sampling and over fitting

Introduction
Deep learning has been shown to be effective in identifying abnormalities in medical imaging.1,2 However, medical 
professionals are concerned about the capacity of models to absorb and perceive information,3 which is crucial for lung 
diagnosis. Class stimulation mapping4 and gradient-weighted class stimulation mapping5 both make localized heat maps 
that show key areas that are strongly connected to expected outcomes. This makes it easier to choose a model. These 
examples are provided in order to facilitate the process of selecting models. Both patients and physicians are put at 
serious risk when healthcare providers exploit false data. Misdiagnoses and improper treatments can result from data that 
is incorrect in the first place, in which the medical records of a patient are altered to display erroneous measurements or 
outcomes of tests. This could lead to misdiagnosing a patient’s disease or giving them the wrong treatment.

Deep learning has the ability to diagnose diseases,6 classify organs,7 and perform other tasks.8–11 Convolutional 
neural networks (CNNs) have been put to use in the process of analyzing and assessing CT images.12–14 CNN detects 
adaptive enhancement agent-enhanced CT imaging of liver lesions.15 Chest CT is capable of diagnosing pulmonary 
nodules16,17 and pulmonary tuberculosis.18

The universal paradigm is not capable of selecting long-tailed datasets in a reliable manner for network training.19,20 Because 
of the uniform sampling, the network may choose to disregard these occurrences. This is achieved via the use of class re- 
sampling.21–24 Mini-batches are used to update class examples in order to improve the performance of long-tailed datasets.
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Over-sampling causes data to be repeated for minority-labeled classes,25 but under-sampling causes samples to be 
arbitrarily eliminated in order to bring class numbers closer together.26 There is a possibility that oversampling may 
overfit minority groups.27

In datasets that have an uneven distribution of classes, classification algorithms have a difficult time distinguishing 
between minor classes and the principal class. The challenges frequently involve datasets that contain this uneven 
distribution of classes. In the beginning, efforts were made to correct the class imbalance by using under- and 
oversampling to reduce the size of the information sample in the majority group and to increase the size of the sample 
in the minority group, respectively. The sampling that was carried out using the ensemble classifier had a positive 
outcome.

When the sample distribution is not balanced, it indicates that one class has a greater number of examples than the 
other classes. The authors of28 suggested a clustering-SVM unbalanced data classification technique as a solution to the 
problems of insufficient classification accuracy and significant time requirements. The approach suggests under-sampling 
the samples that make up the majority in order to consider the distributions of the samples that make up the minority.

Data analysis relies on clustering, a basic approach that aims to group data items that are similar.
Clustering does not make use of any labels or categories that have been previously established for the data points; 

rather, it is an unsupervised learning technique. Instead, it automatically groups them based on the inherent common
alities in the data. This is why clustering is so effective for finding patterns in unlabeled data.

Every one of the several clustering methods has its own set of advantages and disadvantages. By reducing the 
distances between data points and their assigned cluster centers (centroids), the K-means cluster is suggested to be 
a better fit in such a situation. In order to provide a method for sampling and selecting members of minority categories, 
K-means clusters are used.29,30 In this scenario, the initial step in training the network involves carrying out uniform 
sampling throughout the whole of the dataset. Utilizing the suggested sample and selection strategy may help enhance the 
diagnostic performance of uniform sampling for a subset of anomalies that is underrepresented in the population. As 
a result, the dual-sampling network will be established as a result of this study. After the K-means approach has clustered 
and grouped the samples of the minority type, we will construct each cluster using the new data, and then valid 
confirmation will be completed. In conclusion, the classifiers are put to use to demonstrate the validity of the experi
mental findings. Both the SVM and the KNN classifiers have had their performance evaluated and compared.

Materials and Methods
This study employs SVM and KNN to provide a successful approach for uniform and balanced class sampling that may 
be used for chest X-ray and CT diagnostics. A data set that may be utilized for training and testing purposes is 
constructed with the help of the characteristics of a chest X-ray or a CT scan image. Following that, SVM and KNN 
will be used to categorize the images. The approach that is advised delivers a reliable diagnosis based on chest X-ray or 
CT scan images by making use of a dataset that is accessible to the general public. For the purpose of minority class 
formation in unequal data sets, this research suggests an oversampling technique that is based on K-means clustering. 
This strategy enhances the accuracy of minority class classification, whose performance has been examined using 
K-nearest neighbor (KNN) and support vector machine (SVM) classifiers. The data sets focus on how to better categorize 
members of minority classes. There is a possibility that the algorithm layer and data layer approaches will improve the 
performance of minority class classification in unequal data sets.

Proposed Methodology
The proposed method for minority class classification might work better if it includes an algorithm layer that sorts data 
by changing the cost function of samples from different classes, as well as the probability density, category boundary, and 
other factors. After preprocessing the training set using the data layer technique, classifier training should be performed 
using the discarded data set. Data layer resampling could be oversampled or undersampled. Duplicating samples from 
minority groups is the most straightforward approach to oversampling because doing so improves the accuracy of those 
groups’ classifications. It does not give any extra knowledge about the minority class, which might narrow the decision- 
making scope of the classifier and lead to overlearning. Under-sampling will limit the number of examples of the 

https://doi.org/10.2147/JMDH.S472170                                                                                                                                                                                                                                                                                                                                                                                                                                             Journal of Multidisciplinary Healthcare 2025:18 240

Alshamrani and Alshamrani                                                                                                                                                       

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



majority class in order to increase the classification performance of the minority class. The most direct approach to 
under-sampling is the arbitrary removal of certain examples from the majority of types of class samples. As a result, 
more complex resampling methods were suggested. Figure 1 shows the block diagram of the proposed method.

Clustering and K-Means Framing
Clustering groups data or objects by attributes to make them as similar as feasible and increase variety. K-means method 
is a standard clustering technique that uses distance as an indicator of similarity. The closer two items are, the more 
similar they are. The adjustment rule is the distance between a particular data point and the working prototype 
classification centre) and the optimised goal function. K-means technique uses To obtain a particularly comprehensive 
categorization of any matching starting clustering centre vector, the Euclidean distance is used as a measure of similarity 
which is written as V ¼ v1; v2; . . . ; vkð Þ

T , resulting in the minimal evaluating standard Jc. The algorithm always 
clusters using criteria function and squared error, which are specified as

Mi is the mean data object value in class Ci, and p is its spatial location. The K-means frame is defined using following 
steps:

1) Fix the data set at n, I ¼ 1, choose K pieces of initial cluster centre Zj Ið Þ; j ¼ 1; 2; 3; . . . k;

Figure 1 Block diagram of the proposed method.
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2) Calculate the distance that exists between each data item and the cluster centre stage D xi; Zj Ið Þ
� �

, 
i ¼ 1; 2; 3; . . . ; n, j ¼ 1; 2; 3; . . . ; k, if it fulfils
D xi; Zk Ið ÞÞ ¼ minð fD xi; Zk Ið Þð Þ; j ¼ 1; 2; 3; � � � ; ng, so xi 2 wk;
3) Computer Square error and criteria function Jc

4) Judge; if jc Ið Þ � Jc I � 1ð Þj j<�, until end;
else the new cluster center kð Þ is computed as, I ¼ I þ 1; Zj Ið Þ ¼ 1

n ∑
j

i¼1
xi jð Þ

�
�
�
�

�
�
�
�, return 2.

Thus, the cluster algorithm may be used to create new samples by crossing minority class samples. Before clustering, 
the document is vectorized in n-dimensional characteristic space.

Vector Space Model (VSM)
Vector Space Model (VSM) is a popular document model. VSM vectors include feature item weights for each dimension. 
Formal description:

1) Add n�n pixel entries from the image as a vector expression of any image X. Such that X ¼ fX1;1; . . . :Xn;ng;X1;1 

is pixel representation of image.
2) The image can be represented with the weights for each pixel such that X ¼ w1;1X1;1; . . . :wn;nXn;n

� �
, where 

w1;1; . . . wn;n are the weights for corresponding image pixels.
The weight in the image, wn;n is 1 or 0. This weight is calculated using TF2IDF formulas

Here, N denotes the overall pixels present, ni;j is the sample set that includes X i; jð Þ, and denominator is normalisation 
factor. wi;j value is a real integer number from 0–1.

Sample Creation for Additional Classification
First, use K-mean to cluster related samples. Then, code the cluster samples by excluding incorrect samples is validation. 
New samples should have randomization and additional category information. It should be as representative as feasible. 
Some new samples will be invalid and outside the cluster, so they are rejected.

Suppose class Cp is cluster centroid is Cp ¼ fC1; C2; . . . Cng. The sample distance between xi and cen
troid: dp

ji ¼ jjx
p
j � Cp

i jj; 1 � i � Np; 1 � j � m
Algorithm steps:

1) input k ¼ 5, apply K-means method to partition class Cp ið Þ into five clusters, the ith cluster is 1 � i � 5ð Þ;
2) Randomly pair each mi in the Cp ið Þ with a group of mi

2 ;
3) Validate new individuals in Cp ið Þ, reject invalid samples;
4) In case the simulation does not satisfy the criteria, then return to step 2) to proceed on the next validation till 
sufficient samples are clustered, or the algorithm terminate and output Cp as new sample space.

Balanced Class Sampling (BCS)
Balanced class sampling involves repeating data sampling for small instances in each mini batch during training. For 
training using balanced class sampling (BCS), uniform sampling is applied throughout the dataset. In particular, the 
network receives each training dataset sample once, with the same probability value for each epoch. Therefore, the 
proposed model may examine the whole dataset while retaining the inherent data distribution. A second network is 
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trained using BCS due to an abnormal size distribution imbalance. It increases mini-batch sampling of small- and 
large-nodule areas. The dataset is divided into three groups, depending on the nodule’s proportion of volume to the 
lung:

1. small-nodule-area
2. large-nodule-area
3. Normal lung.

The nodule instances are classified as small-area or large-area based on a <0.030 threshold. A ratio >0.001 is for large- 
nodule areas, whereas the remainder are modest. The three groups have [small nodule, big nodule, normal] samples. The 
weights for the three groups are defined as small nodules, big nodules, and normal lung. Small and large nodules are 
greater than 1 because the threshold levels are low. Each training fold has a weight of 1.5. In any batch, it is random to 
choose among [small nodule, big nodule, normal] and a uniform sample from the chosen group. This technique increases 
the likelihood of sampling accuracy with minor abnormalities and with major abnormalities. All mini-batches are size- 
balanced during training the proposed model.

Uniform Sampling
Class-balanced sampling might improve minority representation and reduce nodule area bias in lung cancer patients. It 
may overfit minority groups. Uniform sampling may reliably comprehend depictions of features from data that was 
originally collected. An ensemble learning layer weights prediction outputs from both models in a dual-sampling 
technique. The estimates of two models are combined in an ensemble learning layer trained with different sampling 
strategies to provide the diagnostic result.

Statistical Analysis
Statistical data analysis to report the robustness of a detection strategy for lung tumour detection utilising mean values 
and standard deviations of performance indices. The mean values and standard deviations of the performance indices for 
a detection technique for lung tumour detection are shown in Table 1.

It is possible to draw the conclusion that the detection method is running efficiently based on the fact that the mean 
values of all of the performance indicators are pretty close to 1. This may be inferred from the data. It is possible to draw 
the conclusion that the detection method maintains a consistent level of performance overall by noting that all of the 
performance indices have extremely small standard deviations. This may be inferred from the fact that all of the 
performance indices have very modest standard deviations. Examining the distribution of performance indicators is 
another way to find out how reliable the current detection system is. If the performance indices are distributed normally, 
we can say that the detection system is trustworthy. The fact that the performance indices in the given scenario follow 
a Gaussian distribution supports the validity of the detection system. Thus, it appears that small discrepancies in the input 
data are unlikely to have a significant impact on the detection technique’s performance. To find out if the method works 

Table 1 The Mean and Standard Deviation of the 
Performance Index

Performance Index Mean Standard  
Deviation

Sensitivity 0.9 0.05

Specificity 0.95 0.02

Positive predictive value 0.8 0.07

Negative predictive value 0.98 0.01
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as a detection strategy, it is crucial to assess how well it holds up under repeated testing. A robust detection method is one 
that can endure disturbances without significantly reducing its performance. This implies that factors like noise are less 
likely to have an impact on it. The performance indicators’ mean values and standard deviations were calculated using 
the number of samples that should be included when reporting on a detection approach’s robustness utilising statistical 
data analysis.

Experimental Results
In order to evaluate the model’s capacity for generalization, this study used a dataset including 150 images that was 
retrieved from an internet database (https://www.kaggle.com/datasets). Under conditions of balanced class sampling, 
the suggested model achieved an area under the curve of 95.5%, accuracy of 95.2%, sensitivity of 94.2%, specificity 
of 96.1%, and F1-score of 94.9%. The suggested model was successful in achieving an F1-score of 94.2%, accuracy 
of 94.5%, sensitivity of 93.5%, specificity of 95.4%, and area under the curve of 98.4%. Both balanced class 
sampling and uniform sampling were used to investigate two different classifiers. After the data were normalized, 
the SVM classifier showed much superior average classification accuracy as compared to KNN. SVM was not able 
to identify with greater overall average classification accuracy when the data were unbalanced relative to the optimal 
classifier. A dual sampling method has been employed to discover significant diagnostic regions for the purpose of 
gaining a better understanding of the suggested model’s conclusion. If the training set is heavily skewed towards 
small-nodule areas, then the model may be better at detecting small nodules than large nodules. This could lead to 
the model making inaccurate predictions on cases with large nodules. The error rates for the training set, the 
validation set, and the test set are shown in Figure 2.

This study examined three training, validation, and testing set proportions: 80:10:10, 70:15:15, and 75:10:15. Figure 3 
shows training, validation, and test dataset error histogram plots. The training set error histogram plot shows how 
effectively the model predicts the goal result from training data. It shows the model’s performance and shortcomings by 
showing the distribution of errors between expected and actual values. The validation set error histogram shows how well 

Figure 2 Plot of error rates for training, validation and test set.
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the model works on untested data. This data determines whether the model overfits the training data and if the hyperpara
meters need to be modified. The error histogram for the test set illustrates how well the model functions when applied to 
data that it has not seen before. The performance of the model in terms of generalization may be evaluated with the use of 
this data, as can the identification of any possible problems with the design of the model (see Figures 4 and 5).

Figure 3 Error histogram plot for training, validation and test set.

Figure 4 Qualitative results (A) Balanced Class sampling of small nodule area (B) Uniform Sampling of large nodule area (C) ROI For Large nodule area (D) For small 
nodule area.

Journal of Multidisciplinary Healthcare 2025:18                                                                                 https://doi.org/10.2147/JMDH.S472170                                                                                                                                                                                                                                                                                                                                                                                                    245

Alshamrani and Alshamrani

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



The ROC plots for the training dataset, the validation dataset, the test dataset, and the total ROC are shown in 
Figure 6.

The number of images taken from the dataset that make up the training, validation, and test sets is shown in a variety 
of proportions in Table 2 and Table 3. The results of an analysis of numerous performance measures are shown in 
Table 4, which uses balanced class sampling. In most cases, the error rate for the training set is somewhere between 10 
and 15%. In most cases, the error rate for the validation set is somewhere between 15 and 20%. In most cases, the error 
rate for the test set falls somewhere between 20 and 25%. In order to improve the accuracy of the trained model via the 
use of the suggested method, two distinct sampling strategies are utilized. When utilizing balanced class sampling, the 
amount of training error for a big or tiny lung nodule is dependent on the complexity of the model as well as the size of 
the training set. On the other hand, it is more likely to be less than the error found in a balanced class when uniform 

Figure 5 Confusion matrix for (A) training (B) validation (C) test set (D) overall matrix.
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sampling is compared to it. Table 5 is available here, and it compares the accuracy of various classifiers by category. The 
results of evaluating several performance indicators using a variety of classifiers are shown in Table 6.

It has been discovered that it is feasible to build classes that are uniform and well-balanced by utilizing a support 
vector machine classifier. By using dual sampling, one is able to exercise control over the tradeoff that exists between the 
size of the margin and the misclassification rate. To acquire the required results, adjust the sampling approach to control 
the border form. By changing the number of neighbors, a KNN classifier may create consistent, balanced classifications. 
KNN classifiers allow this. Adding neighbors improves categorization consistency and balance. To achieve 

Figure 6 ROC plot for (A) training, (B) validation, (C) test set and (D) all ROC.

Table 2 Number of Images from the Dataset for Training, Validation and Test Sets in Different Ratios

Number of Images

Characteristic of Dataset Training dataset (80%) Validation dataset (10%) Test dataset (10%)

Small Nodule Area 57 8 8

Large Nodule Area 39 5 5

Normal Lung 40 5 5

(Continued)
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Table 3 Evaluation of Various Performance Metrics Using Uniform 
Sampling

Parameter Training Dataset Validation Dataset Test Dataset

F1-Score 94.2 81.6 80.3

Accuracy 94.5 85.4 86.7

Sensitivity 93.5 87.3 86.7

Specificity 95.4 87.5 86.4

AUC 98.4 93.4 94.3

Table 4 Evaluation of Various Performance Metrics Using Balanced 
Class Sampling

Parameter Training Dataset Validation Dataset Test Dataset

F1-Score 94.9 82.2 80.9

Accuracy 95.2 86.0 87.3

Sensitivity 94.2 87.9 87.3

Specificity 96.1 88.1 87.0

AUC 95.5 94.1 95.0

Table 2 (Continued). 

Number of Images

Characteristic of Dataset Training dataset (80%) Validation dataset (10%) Test dataset (10%)

Small Nodule Area 53 7 11

Large Nodule Area 36 5 8

Normal Lung 37 5 8

Number of Images

Characteristic of Dataset Training dataset (70%) Validation dataset (15%) Test dataset (15%)

Small Nodule Area 49 11 11

Large Nodule Area 35 7 7

Normal Lung 36 7 7

Table 5 Class-Wise Comparison of Accuracy Using Different 
Classifiers

Dataset Original KNN SVM

Minority Class Sample 10 12

Majority Class Sample 87 65

Accuracy 92.4% 90.3%

(Continued)
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categorization homogeneity and equilibrium, the distance metric might be adjusted. Table 7 compares the recommended 
technique to state-of-The-art methods.28–31

Discussion
In general, the likelihood of malignancy increases proportionately with the size of the nodule. On the other hand, there 
are little nodules that may develop into malignant tumors, and there are huge nodules that are completely benign.

In medical practice, lung nodules are often categorized as either being tiny (less than 5 millimeters in diameter), 
intermediate (5–10 millimeters in diameter), or big (more than 10 millimeters in diameter). The nodule’s size and the 
likelihood that it will turn cancerous are what determine these criteria.

In the academic fields of data mining and machine learning, class-imbalance learning is a subject that draws 
a significant amount of interest from researchers and students alike. If the sample distribution is not balanced, then 
one of the classes will have a larger number of examples than the others. This will be the case if there is a difference in 
the number of instances between the classes. The authors of the paper28 propose a clustering-SVM unbalanced data 
classification approach as a solution to the problems of low classification accuracy and considerable time requirements, 
respectively. This solution can be found in the article. The strategy recommends using a smaller-than-usual sample size 
of the majority of the samples wherever it is feasible in order to provide an accurate representation of the distributions of 
the minority samples.

Table 6 Evaluation of Various Performance Metrics Using Different Classifiers

Classifier F1-Score Accuracy Sensitivity Specificity AUC

Uniform Sampling

KNN 93.4 94.5 93.2 95.3 94.3

SVM 92.1 93.2 92.8 94.1 93.2

Balanced Class Sampling

KNN 94.1 95.2 93.9 96.0 95.0

SVM 92.7 93.9 93.5 94.8 93.9

Table 7 Performance Evaluation of the Proposed Approach in Comparison to State-of-The-Art Methodologies

Method Used Performance in Terms of Accuracy

Huang B., et al, 202028 An under-sampling approach (cluster-based instance selection) 88.8%

Tsai C.-F., et. al, 201931 SVM combined with resampling technology for imbalance data 95.1%

Jiang S. et. al, 202132 Imbalance data classification algorithm 90.12% (Average Negative F-values)

Proposed Work Dual Sampling 94.3% (with KNN), 93.5% (with SVM)

Table 5 (Continued). 

Dataset Original KNN SVM

Dataset with new samples

Minority Class Sample 22 19

Majority Class Sample 75 58

Accuracy 94.3% 93.5%
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Cluster-based instance selection,31 or CBIS for short, is a unique approach to the problem of under-sampling that 
integrates the analysis of clusters with the process of selecting cases. CBIS is most often referred to as CBIS. The 
acronym CBIS is another common name for CBIS. When selecting an instance of the dataset, clustering generates 
subsets of the dataset that belong to the majority class, but when picking an instance of the dataset, data samples that are 
not relevant to each subclass are removed.

The hybrid improved adaptive SVM methodology presented in32 is a strategy that may be used for the management of 
imbalanced data. With an accuracy of 95.11%, the data revealed that their technique was superior.

The ability to recognize small and large lung nodules independently of one another facilitates the ability to distinguish 
between benign and malignant nodules. Because a greater likelihood of cancer is associated with bigger nodules, one 
might assume that smaller nodules are less likely to be malignant. This indicates that larger nodules may need removal, 
whereas smaller nodules may be examined more carefully.

Currently, chest CT is capable of performing diagnostic procedures. The success of these procedures is significantly 
correlated with the grade of the photos that are generated. Excessive noise, artifacts, and inadequate contrast in images 
may significantly impede the precision of diagnoses. An asymmetrical dataset, which is characterized by an imbalance in 
the number of normal occurrences compared to aberrant ones, may induce the model to exhibit bias, which could impact 
its performance. The current model architecture must be executed effectively by considering a multitude of distinct 
factors. Feature extraction, sampling techniques, and fusion approaches are among the aspects that are discussed. The 
computational resource requirements of the CT techniques that are currently available may be substantial, necessitating 
the provision of high-performance hardware.

Having shown its effectiveness in the diagnosis of chest computed tomography (CT), the dual-sampling network 
approach has a significant potential for use in other medical imaging diagnostic jobs. These responsibilities encompass 
a variety of fields, such as cardiology, orthopedics, oncology, and radiology. By improving the image quality and 
diagnostic accuracy in a number of applications (for example, prenatal imaging and abdominal ultrasonography), it 
contributes to the enhancement of lesion identification and characterization., CT images have wider applications, such as: 
differentiating types of pneumonia, predicting tumor genotypes, and assessing treatment efficacy.33–36 This is accom
plished through the thorough examination of functional and anatomical data.

The use of the dual-sampling network strategy has the capacity to produce a range of inventive characteristics and 
benefits in the realm of chest CT diagnostics. These tactics allow people to maximize their use of available resources. 
The approach efficiently employs imaging resources by acquiring two separate sets of CT images with varying spatial 
resolutions throughout the image collection process. This facilitates the efficient application of imaging resources. 
Obtaining the complementary information is possible after it has been received. A comprehensive depiction of the 
patient’s state may be attained by merging the data acquired from high-resolution and low-resolution images. Unlike the 
commonly used single-resolution methods, the dual-sampling methodology allows for the retrieval of a wider range of 
information. The use of the dual sampling technique has the capacity to augment the precision of diagnostic processes by 
capitalizing on the benefits that picture sets provide. This is because photo collections provide a multitude of advantages. 
The radiation dose required by these approaches is decreased due to the need for pictures with a lower resolution. 
A patient’s radiation exposure may be significantly reduced by administering a lower amount of radiation. By using 
image reconstruction methods, the dual-sampling methodology has the capability to improve the quality of pictures.

Lung nodules are treated differently depending on the size of the lesion as well as the likelihood that the tumor is 
cancerous. For example, although smaller nodules may simply require regular CT scans for monitoring, larger nodules 
may necessitate surgical excision. No matter how small, lung nodules enhance a patient’s risk of developing lung cancer. 
It is therefore probable that a more thorough evaluation of these patients for signs of cancer is required. By imaging tiny 
and large lung nodules independently, we can improve the precision of diagnosis and treatment for these conditions.37,38 

Discerning between large and tiny lung nodules is clinically significant for this reason. This might improve the prognosis 
for patients with lung nodules.

Compared to large lung nodules, the chances of small lung nodules being carcinogenic are comparatively low. Having 
said that, the chance that a small nodule is malignant remains small. For this reason, it is common practice to track the 
development of small nodules with repeated CT scans.
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Conclusions
The dual-sampling network is an especially useful diagnostic tool in chest CT. It excels in comparison to single-sampling 
networks and has the potential to enhance clinical diagnostics. The examination of the chest with a dual-sampling CT is 
more reliable. This may lead to better diagnostic results and outcomes for patients. Compared to other methods, the 
technique that has been developed is more accurate. In addition, the dual-sampling network may be simply adapted to 
many medical imaging applications, and it has the potential to be advanced even further with the introduction of other 
machine learning methodologies. The recommended model, on the other hand, needs to be validated for its performance 
and monitoring before it can be used on a very intricate dataset. When compared to the earlier methods that have been 
reviewed in this work, the method that is currently being provided has the potential to improve the interpretability of lung 
abnormality diagnoses. Additionally, the created model is able to focus on linked regions more effectively and avoid 
distortions brought about by the generation of visual feedback to classification performance. When it comes to the region 
that contains the very small nodules, the precision is rather low.
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