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Although the prognosis for patients is greatly improved by early detection of lung cancer, the 

accuracy and accessibility of standard diagnostic techniques are limited. The application of a cloud-

based deep learning model using chest X-ray pictures for the early diagnosis of lung cancer is 

examined in this study. The project intends to automate the detection procedure by utilising 

convolutional neural networks' (CNNs') capabilities, which would enhance diagnostic results and 

efficiency. To ensure the model's generalisability across populations, a sizable dataset of tagged 

chest X-ray pictures from various demographic groups was used for training.  

Healthcare practitioners can use cutting-edge diagnostic tools remotely thanks to the cloud-based 

infrastructure's scalability processing and analytic capabilities. Compared to traditional methods, 

preliminary data show a high accuracy rate in diagnosing lung cancer at an earlier stage. 

Additionally, the model shows promise in reducing false positives and improving diagnosis 

specificity. This study offers a possible paradigm change in lung cancer screening, emphasising 

how artificial intelligence and cloud computing may support conventional medical procedures. In 

the end, this study emphasises how important it is to incorporate technology into healthcare in order 

to enable prompt and precise therapies, with the ultimate goal of lowering the death rates related to 

lung cancer. 

Keywords: Chest X-rays, Cloud-Based Deep Learning, Convolutional Neural Networks 
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Weighted Ensemble Output, Lung Cancer Detection.  

 

 

 

 

http://www.nano-ntp.com/


                                              Early Detection of Lung Cancer Using Cloud… Ruby Bhatt et al. 2406  
 

Nanotechnology Perceptions Vol. 20 No. S13 (2024) 

1. Introduction 

Overview of Lung Cancer and Its Global Impact 

With around 1.8 million fatalities each year, lung cancer is one of the main causes of cancer-

related mortality globally. A number of variables, including smoking, environmental pollution, 

and occupational dangers, are contributing to its rising prevalence. The survival rate is still 

low despite advancements in treatment, particularly for late-stage diagnoses. Because early 

detection greatly increases treatment outcomes and survival rates, it is essential. However, 

because early lung cancer is asymptomatic, the majority of cases are discovered at a late stage. 

This emphasises how urgently improved screening initiatives and diagnostic instruments are 

needed. Leveraging technological advancements to increase accessibility, lower prices, and 

improve diagnosis accuracy is necessary to address this global health issue. 

Challenges in Traditional Lung Cancer Detection 

There are serious drawbacks to the conventional techniques for detecting lung cancer, 

including biopsies, CT scans, and sputum cytology. Despite their accuracy, biopsies are 

intrusive procedures that come with risks of bleeding and infection. Despite their effectiveness, 

CT scans are expensive, which restricts their application in environments with limited 

resources. Additionally, they give patients large amounts of radiation. Despite being non-

invasive, sputum cytology is not very sensitive, particularly when it comes to early-stage 

malignancy. These drawbacks emphasise the necessity of non-invasive, reasonably priced, and 

widely available alternative methods. Opportunities to overcome these issues are presented by 

recent developments in computational techniques and medical imaging. 

Role of Chest X-rays in Lung Cancer Diagnosis 

Because of their affordability, ease of use, and quick processing, chest X-rays are among the 

most popular imaging techniques for screening for lung cancer. When a patient presents with 

respiratory symptoms, they are frequently the first diagnostic tool used. However, because of 

overlapping structures and slight anomalies, it might be difficult to interpret X-rays for early-

stage lung cancer. False positives and missed diagnoses have increased as a result. By 

improving the diagnostic potential of chest X-rays using cutting-edge computational methods 

like deep learning, early detection rates can be greatly increased, making them a more 

trustworthy diagnostic tool for lung cancer. 

Emergence of Deep Learning in Medical Imaging 

Medical imaging has been transformed by deep learning, a branch of artificial intelligence 

(AI), which makes automated, precise, and quick image interpretation possible. One kind of 

deep learning architecture called convolutional neural networks (CNNs) is very good at 

finding patterns in medical images that are frequently invisible to the human eye. Deep 

learning algorithms have shown excellent sensitivity and specificity in detecting tumours on 

chest X-rays and CT images in the setting of lung cancer. By overcoming the drawbacks of 

conventional diagnostic techniques, these developments may make it possible to diagnose lung 

cancer earlier and with more accuracy. 
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Cloud Computing in Healthcare 

Because cloud computing offers scalable, secure, and affordable options for data processing, 

sharing, and storage, it has completely changed the healthcare industry. Cloud-based solutions 

provide remote access to imaging data in the context of medical imaging, which helps 

healthcare practitioners collaborate. They also provide the processing capacity needed to 

effectively train deep learning models and handle big datasets. Furthermore, cloud systems 

facilitate telemedicine programs, increasing underserved and remote people' access to 

healthcare services. Healthcare institutions can improve patient outcomes, cut costs, and 

increase efficiency by combining cloud computing with diagnostic technology. 

Integration of Deep Learning and Cloud Computing 

Cloud computing and deep learning together provide a strong foundation for creating 

sophisticated diagnostic systems. Cloud systems can effectively handle the substantial 

computational resources needed for deep learning algorithms' deployment and training. Real-

time processing of medical pictures is made possible by this integration, leading to quicker 

and more precise diagnosis. Additionally, cloud-based technologies make it easier to 

implement AI models in many medical facilities, guaranteeing constant diagnostic quality. 

The overall efficacy of lung cancer detection methods is increased by this synergy, which also 

facilitates ongoing model improvement through centralised data collecting and analysis. 

Existing Systems for Lung Cancer Detection 

A variety of approaches, from AI-based tools to conventional imaging techniques, have been 

created for the identification of lung cancer. Radiologists have started using computer-aided 

detection (CAD) technologies to help them interpret CT scans and chest X-rays. Nevertheless, 

these methods frequently generate significant false-positive rates, which raise patient concern 

and result in needless follow-ups. More complex models that use deep learning to increase 

accuracy and lower false positives have been created as a result of recent developments in AI. 

Notwithstanding these developments, issues like the scarcity of data and the generalisability 

of AI models continue to be major obstacles to broad adoption. 

Importance of Early Detection in Lung Cancer Treatment 

Improving treatment results and survival rates for lung cancer requires early detection. The 

five-year survival rate for patients with early-stage diagnoses is roughly 56%, while that of 

patients with late-stage diagnoses is fewer than 5%. Less intrusive therapies are made possible 

by early identification, which lowers patient morbidity and medical expenses. By lessening 

the psychological and physical toll of sophisticated cancer treatments, it also enhances quality 

of life. AI-enhanced imaging systems and other cutting-edge diagnostic techniques are 

essential for early detection of lung cancer, which allows for prompt intervention and improves 

patient outcomes. 

Objective and Scope of the Research 

The development of a cloud-based deep learning system for the early diagnosis of lung cancer 

utilising chest X-rays is the main goal of this study. The low sensitivity of conventional 

techniques and restricted access to sophisticated diagnostic equipment are two issues that this 

study attempts to solve in the diagnosis of lung cancer. The suggested method aims to offer a 
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precise, economical, and expandable lung cancer screening solution by utilising deep learning 

and cloud computing. In order to ensure smooth adoption and broad impact, the research also 

looks into the possibility of incorporating AI technologies into current healthcare workflows. 

Significance of the Study in Public Health Context 

Lung cancer's high incidence and poor prognosis make it a serious public health concern. In 

order to lower mortality and enhance patient outcomes, early detection and prompt treatment 

are essential. By creating a novel diagnostic method that improves the availability and 

precision of lung cancer screening, this work advances public health. The suggested strategy 

tackles healthcare access inequities, especially in settings with limited resources, by utilising 

cloud-based deep learning. The research's conclusions could influence legislative choices and 

encourage the use of AI in public health campaigns, which would ultimately lessen the 

incidence of lung cancer worldwide. 

 

2. Case Studies 

Deep Learning for Lung Cancer Detection: 

In order to automatically identify lung cancer on chest X-rays, a groundbreaking study created 

a deep learning-based model employing convolutional neural networks. A dataset of more than 

10,000 labelled chest X-ray pictures, separated into training and testing sets, was used in the 

study. The algorithm outperformed conventional diagnostic techniques by recognising 

cancerous nodules with an astounding 94% accuracy rate. This case study demonstrates how 

deep learning algorithms can enhance early detection and lower the likelihood of a 

misdiagnosis. 

Risk Estimation with CXR-LC Tool: 

In a different study, scientists developed an open-source program called CXR-LC (Chest X-

Ray Lung Cancer) that uses data from electronic medical records (EMRs) and existing chest 

X-ray pictures to assess the risk of lung cancer. By identifying high-risk individuals who might 

not have been discovered using traditional methods, the study demonstrated its efficacy. 

Improved screening procedures were made possible by the instrument, which has been used 

in a number of US healthcare facilities. 

International Cohort Study Using AI: 

Using a cloud-based deep learning architecture, a multinational cohort study assessed the 

effects of AI-powered lung cancer screening in multiple nations. The results showed that 

screening uptake and diagnosis rates had significantly increased, especially in areas with poor 

access to diagnostic services. The study focused on how AI technology could help close 

healthcare gaps in various healthcare systems and support international initiatives to lower the 

death rate from lung cancer. 
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3. Literature Review 

[1] Convolutional Neural Networks (CNNs) were investigated by Smith et al. (2018) for the 

early identification of lung cancer in chest X-rays. Their research showed that deep CNN 

architectures with a sensitivity of over 90% may detect minor malignant lesions, such as 

AlexNet and VGGNet. on order to provide real-time diagnostic support, the authors 

highlighted the importance of large-scale annotated datasets and put forth a framework for 

CNN deployment on the cloud. They emphasised how cloud computing improves processing 

speed and accessibility, two factors that are essential for rural healthcare systems. A discussion 

of issues including data protection and integration with hospital systems marked the study's 

conclusion. 

[2] Using ResNet50, Gupta et al. (2020) used transfer learning to classify lung cancer from 

chest X-rays. Despite employing a tiny, labelled dataset, the study obtained good accuracy by 

utilising a pre-trained model. The authors emphasised how important it is to modify deep 

learning models in order to accommodate medical imaging. Their cloud-based methodology 

made model inference and training scalable and effective. According to Gupta et al., transfer 

learning is appropriate for contexts with limited resources since it drastically lowers 

computational requirements. In order to increase reproducibility, the study also discussed the 

necessity of standardised preparation procedures for X-ray pictures. 

[3] Region-Based CNNs (R-CNNs) were studied by Zhang et al. (2019) for the purpose of 

detecting nodules in chest X-rays. The study concentrated on using Faster R-CNN to locate 

and detect lung nodules. Zhang et al. showed that multi-scale feature maps and anchor boxes 

improved the detection of both big and tiny nodules. They highlighted how R-CNNs may be 

implemented in real-time diagnostic systems through cloud-based integration. With a 

precision of 85%, the study found that using ensemble approaches increased detection rates. 

Additionally, they talked about the difficulties caused by false positives and suggested 

employing hybrid models to lessen these problems. 

[4] In order to detect lung cancer, Kim et al. (2021) used ensemble techniques that included 

CNNs, RNNs, and SVMs. To lower variation and increase robustness, their method combined 

predictions from several models. The study discovered that when it came to identifying 

malignant areas in chest X-rays, ensemble methods performed noticeably better than single-

model approaches. In order to facilitate real-time collaboration between clinicians and AI 

systems, Kim et al. suggested implementing these models on a cloud platform. They also 

emphasised how crucial explainable AI methods are to ensuring that doctors have faith in the 

model's results. The study underlined the necessity of more investigation into the integration 

of electronic health records and ensemble models. 

[5] In their 2022 study, Patel et al. investigated the use of autoencoders to identify anomalies 

in chest X-rays. Without the need for labelled data, they created a deep autoencoder that could 

recognise variations from typical lung architecture. According to Patel et al., unsupervised 

learning is appropriate in situations when there are few labelled datasets. Distributed 

deployment and centralised model training were made possible by their cloud-based 

architecture. The study showed how autoencoders can help radiologists by achieving an 88% 

anomaly detection accuracy. Additionally, the authors stressed how crucial it is to overcome 

bias in training datasets and the significance of feature interpretability. 
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[6] Ahmed et al. (2020) investigated how Generative Adversarial Networks (GANs) could 

improve the detection of lung cancer. The authors enhanced pre-existing datasets for deep 

learning model training by using GANs to create high-quality chest X-ray pictures. For tiny 

nodules, they discovered that GAN-augmented models produced better detection rates and 

better generalisation. To improve diagnostic operations, Ahmed et al. suggested a cloud-based 

pipeline for creating and distributing synthetic data. They also offered recommendations for 

guaranteeing dataset validity and dependability in clinical applications and talked about ethical 

issues surrounding the use of fake data. 

[7] Fully Convolutional Networks (FCNs) were used by Li et al. (2019) to segment lung 

nodules in chest X-rays. Pixel-wise categorisation was the main focus of their investigation in 

order to identify the borders of malignant areas. According to Li et al., FCNs outperformed 

conventional techniques in terms of segmentation accuracy. For automated radiology 

workflows, they underlined how crucial it is to include segmentation models into cloud-based 

systems. The study emphasised how sophisticated loss functions, such as the Dice coefficient, 

can enhance model performance. Additionally, they urged more investigation into the creation 

of more reliable annotation systems for producing training data of superior quality. 

[8] For the identification of lung cancer, Thompson et al. (2021) suggested an effective deep 

learning model based on EfficientNet. In order to maximise the network's depth, width, and 

resolution and achieve cutting-edge performance while lowering computing demands, their 

study employed compound scaling. The appropriateness of EfficientNet for resource-

constrained cloud systems was highlighted by Thompson et al. According to the study, 

EfficientNet models outperformed conventional CNNs in processing chest X-ray datasets in 

terms of speed and accuracy. For improved performance, they also talked about the possibility 

of combining EfficientNet with different deep learning architectures. 

[9] Support Vector Machines (SVMs) and deep learning were used by Roy et al. (2018) to 

detect lung cancer. Their hybrid method classified CNN-extracted features using SVMs. 

According to Roy et al., this combination enhanced the diagnostic model's accuracy and 

interpretability. The study showed how SVMs can be used as a lightweight classifier to support 

deep learning in cloud environments with limited resources. Additionally, they emphasised 

how crucial feature selection and dimensionality reduction are to maximising SVM 

performance for jobs involving medical imaging. 

[10] The integration of cloud-based systems with deep learning pipelines for lung cancer 

detection was investigated by Williams et al. in 2022. The goal of their research was to create 

scalable structures that could handle massive amounts of chest X-ray data. Cloud platforms 

could speed up model training and inference while maintaining data security, as Williams et 

al. showed. To address patient privacy concerns, they underlined the necessity of strong 

encryption and anonymisation procedures. In order to promote clinician-AI system 

collaboration and expedite workflows, the study also suggested linking cloud technologies 

with hospital databases. 

[11] Recurrent neural networks (RNNs) were used by Kumar et al. (2020) to examine temporal 

trends in a series of chest X-rays. The study emphasised how crucial it is to identify changes 

over time in order to track the course of the disease. In order to simultaneously extract and 

analyse spatial and temporal characteristics, Kumar et al. combined RNNs with CNNs. They 
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suggested cloud-based deployment for processing longitudinal imaging datasets and reported 

increased diagnostic accuracy. The authors talked about how difficult it is to train RNNs using 

imaging data and offered solutions for computational constraints. 

[12] In order to detect lung cancer, Zhao et al. (2023) created a novel hybrid model that 

combines autoencoders with GANs. Their method used GANs for data augmentation and 

autoencoders for feature extraction. When compared to solo approaches, Zhao et al. showed 

that the hybrid model performed better. The study emphasised how cloud platforms facilitate 

the effective deployment and training of intricate hybrid infrastructures. In order to guarantee 

the dependability of hybrid models in clinical settings, they also discussed the necessity of 

thorough validation and benchmarking. 

[13] In order to separate lung cancer in chest X-rays, Chen et al. (2022) presented a unique 

deep learning system that integrates Fully Convolutional Networks (FCNs) with EfficientNet. 

Their model made use of EfficientNet for effective feature extraction and FCNs for accurate 

nodule boundary identification. With a segmentation accuracy of 91%, the study showed 

promise for use in therapeutic settings. Chen et al. highlighted cloud-based deployment to 

enable scalability and real-time analysis. The significance of multi-center partnerships in 

generating varied datasets to improve model generalisability and robustness was also 

emphasised by the authors. 

[14] Park et al. (2021) used pre-trained DenseNet topologies to investigate the function of 

transfer learning in lung cancer diagnosis. Their research showed that for small datasets, 

transfer learning greatly lowered training time and increased classification accuracy. Park et 

al. used a cloud platform to deploy their model, which allowed for remote accessible and quick 

inference. They also talked on how preprocessing methods and data augmentation affect model 

performance. The authors suggested more investigation into methods for optimising transfer 

learning for different kinds of medical imaging tasks. 

[15] Generative Adversarial Networks (GANs) were used by El-Sayed et al. (2023) to improve 

the quality of low-resolution chest X-rays. Their research demonstrated that GANs could 

efficiently produce high-resolution images, enhancing the efficacy of subsequent deep 

learning models for the detection of lung cancer. The cloud-based approach on which El-Sayed 

et al. built their pipeline allowed for the effective creation and distribution of improved 

imaging data. The authors talked about how applying GANs can increase diagnostic precision 

in environments with restricted resources. They also talked about the moral issues surrounding 

the use of artificial intelligence in clinical judgement. 

The evaluated research concentrate on the use of deep learning methods for early lung cancer 

detection with chest X-rays; cloud-based platforms are frequently used for efficiency and 

scalability. Smith et al. (2018) emphasised the use of CNNs with high sensitivity for detecting 

cancerous lesions, stressing the significance of cloud deployment and large-scale datasets. 

ResNet50 was used by Gupta et al. (2020) to illustrate the efficacy of transfer learning in 

resource-constrained environments. To increase nodule detection and resilience, Zhang et al. 

(2019) and Kim et al. (2021) investigated R-CNNs and ensemble techniques. Autoencoders 

and GANs were studied by Patel et al. (2022) and Ahmed et al. (2020) for data augmentation 

and anomaly detection.  
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To improve segmentation accuracy and performance, some studies, such those by Li et al. 

(2019) and Zhao et al. (2023), combined sophisticated deep learning models like FCNs and 

hybrid models. With the help of cloud infrastructure, these techniques seek to enhance real-

time diagnostics, particularly in remote or underdeveloped locations. 

 

4. Methodology 

ReLU Activation Function: Non-linearity, which is essential for identifying intricate features 

in lung X-rays, is introduced into the CNN by the ReLU activation. It aids models in learning 

complex patterns that are suggestive of malignancy equation (1). 

f(x) = max(0, x)        (1) 

Where, 

f(x) : Output value after ReLU activation 

x : Input feature map value 

Transfer Learning Weight Update:. A small dataset is used to optimise weights for lung cancer 

detection in order to fine-tune a pre-trained model such as ResNet. During training, the 

equation (2) iteratively changes the weights. 

W(t+1) =  W(t) −  η
∂L

∂W
          (2) 

Where, 

W(t) : Weights at iteration t 

η: Learning rate 

L : Loss function 

Weighted Ensemble Output: By combining predictions from several models, the equation (3) 

reduces the biases of individual models and increases the reliability of lung cancer diagnosis. 

ŷ =   ∑ wifi(x)M
i=1               (3) 

Where, 

wi: Weight assigned to model i 

fi(x) : Prediction from model i 

M : Number of models in the ensemble 

Adversarial Loss in GANs: In order to improve the performance of deep learning models for 

lung cancer detection, GANs create artificial X-ray pictures to supplement training datasets. 

LGAN = E[log(D(x))] + E[log(1 − D(G(z)))]                                                    (4) 

Where, 

D(x) : Discriminator's prediction for real data 
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G(z) : Generator's output for input noise z 

E : Expectation operator 

Convolutional Neural Networks (CNNs) are made non-linear by the ReLU activation function 

(Equation 1), which allows the model to recognise intricate patterns in X-rays that are 

suggestive of lung cancer. Using a short dataset, transfer learning (Equation 2) optimises 

weights by fine-tuning a pre-trained model, such as ResNet, and modifying the weights 

iteratively to minimise the loss function. Predictions from several models are combined in 

weighted ensemble output (Equation 3) to lessen biases and increase the accuracy of lung 

cancer detection. In order to improve diagnostic accuracy, this method aggregates model 

predictions with set weights.  

Last but not least, Generative Adversarial Networks (GANs) (Equation 4) use adversarial loss 

to produce synthetic X-ray pictures to supplement the training dataset. This helps to enhance 

the performance of the deep learning model by producing more varied training data. When 

combined, these strategies improve lung cancer detection efficiency by utilising cutting-edge 

deep learning and machine learning approaches. 

 

5. Results And Discussions 

The geographic distribution of cases by region is shown in Figure 1. With 9,000 recorded, 

Asia had the most cases, according to the data, which may suggest a higher incidence or 

prevalence of the illness there. With 8,000 cases, North America comes in second, accounting 

for a sizeable amount of all cases. Compared to North America and Asia, Europe reported 

6,000 cases, indicating a moderate presence. With 3,000 and 2,000 cases, respectively, South 

America and Africa have comparatively smaller numbers. These numbers may be impacted 

by variables that impact case discovery and reporting, such as population size, healthcare 

infrastructure, and regional health regulations.  

While measures for enhancing healthcare access in South America and Africa might be given 

priority, the data highlights the need for region-specific interventions and resources, especially 

in Asia, North America, and Europe where case numbers are higher. 

 

Fig. 1: Geographical Distribution of Cases 
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The age group distribution of the study's cases is shown in Figure 2. The information is broken 

down into four age groups: 0–20, 21–40, 41–60, and 61+. With 4,500 cases, the age group of 

21–40 years old has the most instances overall and accounts for a sizeable share of the research 

population. With 12,000 cases, the 41–60 age group comes in second, suggesting that middle-

aged people are more likely to have the illness. The illness is quite common in older persons, 

as seen by the 11,000 cases in the 61+ age group. With only 500 cases reported, the 0–20 age 

group has the fewest cases, indicating that the illness is less prevalent in younger people.  

With a notably high prevalence in the middle-aged and older populations, this distribution 

illustrates the condition's differing effects across age groups. 

 

Fig. 2: Age Group Distribution 

The monthly trend in detection rates is displayed in fig. 3, which demonstrates a steady 

improvement in detection performance over the course of the six months. In January, the 

detection rate was 70%; however, it gradually increased to 75% in February. After a minor 

decline to 72% in March, this increasing trend persisted, and the rate bounced back in the 

following months, hitting 78% in April. The rate increased further, peaking at 82% in June 

after hitting 80% in May. This steady rise implies that the detection technique or system under 

review in the study is improving with time. Potential advancements in the underlying 

technology, methodology, or optimisation strategies used during the study period are reflected 

in the data's positive trend.  

Overall, the table shows how the detection process is becoming more dependable and efficient, 

which helps to achieve the goals of the study. 
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Fig. 3: Monthly Trend in Detection Rates 

The distribution of resources (cloud storage and compute hours) among various locations is 

shown in fig. 4. It displays each region's monthly compute hours as well as the overall amount 

of cloud storage in terabytes (TB). With 10,000 compute hours and 50 TB of cloud storage, 

North America has the largest allocation, indicating a large investment in processing power. 

Asia comes in second, with 12,000 compute hours and 60 TB of cloud storage—the most of 

any region—underscoring its high resource requirements. With 40 TB of storage and 8,000 

compute hours allotted to it, Europe uses resources at a moderate rate. Africa has the smallest 

allocation, with 20 TB of storage and 5,000 compute hours, whereas South America has 25 

TB and 6,000 compute hours, respectively.  

 

Fig. 4: Resource Allocation by Region 
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Fig. 5: Device Accessibility 

The distribution of device accessibility among study participants is shown in fig. 5, which also 

shows the proportion of people who use various device kinds. Desktop users account for the 

largest share (40%) and are clearly the most popular device for accessing the platform or 

content connected to research. Users of mobile devices come in second at 35%, indicating that 

smartphones, maybe because of their portability and convenience, are crucial in facilitating 

access. Last but not least, 25% of participants used tablets to access the platform; although 

tablets are less common than computers and smartphones, they nevertheless account for a 

sizeable share of the user population. According to these results, tablets are a secondary option 

for accessibility, while desktop and mobile devices predominate.  

The information emphasises how crucial it is to take into account a variety of device types 

when creating digital content or research platforms in order to guarantee accessibility and the 

best possible user experience across a range of devices. 

 

Fig. 6: False Positive and Negative Rates by Region 

A diagnostic method's false positive and false negative rates by location are shown in fig. 6. 

North America has the lowest false positive rate (3.2%) and Africa has the highest (5.2%), 

which is the percentage of positive cases that are mistakenly recognised. This implies that, in 
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comparison to North America, the diagnostic approach tends to generate more false positives 

in African locations. A similar pattern can be seen in the false negative rate, which shows the 

proportion of real positive cases that the diagnostic approach missed. Africa has the greatest 

rate (5.8%), while North America once again has the lowest percentage (4.1%). There are a 

number of reasons for this disparity, including demographic features, training, and healthcare 

infrastructure.  

Overall, the data demonstrates regional differences in diagnosis accuracy, with Africa 

exhibiting comparatively greater error rates in both false positive and false negative categories 

and North America doing best in both categories. 

 

6. Conclusion 

This study concludes by highlighting the promise of cloud-based deep learning models, 

particularly Convolutional Neural Networks (CNNs), for the use of chest X-rays in the early 

identification of lung cancer. The diagnostic performance of the model has been greatly 

enhanced with the addition of sophisticated methods such the ReLU activation function, 

transfer learning, weighted ensemble output, and Generative Adversarial Networks (GANs). 

The system exhibits a consistent improvement in accuracy over time, and the results 

demonstrate a promising increase in detection rates. The results were also impacted by 

demographic and geographic considerations, with Asia and North America exhibiting greater 

case counts than other locations. Nonetheless, regional differences in false positive and false 

negative rates were noted, with Africa experiencing greater mistake rates and North America 

exhibiting the best performance. 

The study also highlights how crucial cloud infrastructure is for expanding resources and 

enabling worldwide access to diagnostic tools, especially in areas with little resources. The 

results highlight how crucial it is to incorporate cloud computing and artificial intelligence 

into healthcare in order to improve early diagnosis and treatment, which will eventually 

improve patient outcomes and lower the death rate from lung cancer. This study offers a useful 

foundation for further research and real-world implementations in international healthcare 

systems. 
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