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ABSTRACT

Artificial Intelligence (Al) is quickly changing the field of medical diagnosis, particularly in the area of early
disease detection using medical images. By employing advanced algorithms including deep learning and
convolutional neural networks (CNNs), Al systems can analyze volume of imaging data very quickly and
accurately. Al has shown that it can pick out subtle patterns in medical images - images interpreted by X-ray,
CT, MRI, and ultrasound technologists, that could be missed by human observers which allow for the potential
of quicker diagnosis of serious conditions such as cancer, cardiovascular disease, and neurological disease.

Al tools can provide consistent, reliable, and repeatable interpretation of imaging data while increasing
efficiency and ultimately lowering the potential for human error and the vehicle for more efficient patient
outcomes. Al systems can support healthcare providers in their work, reducing image workload, especially in
situations where there is limited access to radiologist services. Al systems continuously learn through train data
or feedback and as they complete more dataset, the system will learn and employ more available ways use the
Al tool improving the diagnostic power of their systems, and with time improve their diagnostic capacity for
new conditions and diseases.

There are a number of challenges to the implementation of Al based tools, namely, high-quality annotated
datasets, data privacy, ensuring the algorithm is not displaying bias, and the transparency of Al algorithms and
their decision-making process. Clinicians using Al tools will need to feel clinical trust in both the explainability
and reliability of Al tools and in many of the uses of Al tools in medicine are in the development stage.

Despite being limited in capacity, Al's role in early disease detection is steadily evolving, especially as it
continues to bring together numerous electronic health records, predictive analytics and wearable technologies
that lead to personalized care. The COVID-19 pandemic accelerated the adoption of existing Al potential to
deliver diagnostic and monitoring initiatives at scale. As more medical institutions transcribe data entirely into
electronic records, Al will be a means of overcoming essential barriers to medical care, enhancing efficiency,
and advancing health equity.

To conclude, Al-enabled medical imaging will transform disease diagnostics through speed, accuracy, and
accessibility. With proper, comprehensive regulation, ethical principles, and allow technology developers to
collaborate with previous professionals, Al will enable advanced capabilities in modern medicine.
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INTRODUCTION

The Evolution of Early Disease Detection

Disease prevention is based on the premise of early disease detection. Early on, we relied on physical
examination, history taking, and rudiment laboratory tests. However, most diseases, especially chronic and non-
communicable diseases, begin with subtle or asymptomatic changes that cannot easily be detected with
traditional methods. Medical imaging has provided an important breakthrough in this area, allowing clinicians to
visualize internal structures and detect structural injury before clinical symptoms develop. The imaging
modalities (CT, MRI, ultrasound, PET, X-ray) over the past half century have revolutionized the field of early
disease detection in chronic ¢

onditions (e.g. cancer, cardiovascular disease, neurodegenerative disorders, etc.)

However, the same technology that is making strides in the field, is also generating more data and information,
than can be analyzed by a trained professional. A patient’s single imaging history, let alone multiple imaging
histories, may have hundreds of images, making the task of having a human to analyze all the images for a
single patient a lengthy process with the possibility of human error also a consideration. In addition, the number
of trained radiologists available globally is in decline and the images are becoming increasingly complex to
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interpret. These factors establish a clear need for new computational methods. This is where Artificial
Intelligence (AI) has the potential to assist.

Rise of Artificial Intelligence in Medical Imaging

Artificial Intelligence (AI) represents an entirely new generation technology in healthcare. With recently
available techniques for processing and analyzing imaging data including machine learning (ML), deep learning
(DL), and convolutional neural networks (CNNs), Al systems are capable of rapidly analyzing enormous
datasets for the identification of previously hidden patterns, foreign objects, and predicting disease guidelines.
Unlike classical algorithms, Al models can learn on their own without the need for pre-programming. This type
of models is able to recognize complex imaging features and relationships that may not be apparent to even the
most experienced radiologists.

The application of Al in medical imaging allows for early detection with high accuracy of many different
disease types. For example deep learning models have shown high sensitivity and specificity for identifying
breast cancer lesions on mammograms, lung nodules on CT scans, and brain tumors on MRIs. Al systems assist
not only in identifying the existence and location of a disease, but also stage classification, margin assessment,
and tracking progression, all of which are key components in determining a treatment plan.

Table 1 presents examples of medical imaging modalities and their integration with Al techniques.

Imaging . . .

Modality Target Diseases Al Techniques Used Benefits of Al Integration

CT Scan Lung cancer, stroke CNN, segmentation Raplq dete.ctlon, accurate nodule

models classification

MRI Brain .tumo’rs, MS, Deep learning, GANs Lesmq mapping, volumetric
Alzheimer’s analysis

X-ra Tuberculosis, Pattern recognition, Automated diagnosis, clinical

Y pneumonia NLP triage

Ultrasound Cardiac defects, fetal Object detection, RNNs Real-time ana}lys.ls, low-cost,
health portable applications

PET Oncology, neurological Hybrid models, transfer Functional imaging, metabolic
disease learning pattern detection

Advantages of Al in Early Detection

Al diagnostic systems have certain advantages that are not seen in traditional diagnostic services. First, Al can
help standardize diagnosis, and reduce inter-observer variability, which is an evergreen problem all radiologists
face. Al programs do not vary their performance based on the time of day, their volume of work, or even the
fatigue they might carry from a prior imaging study. Secondly, Al can improve efficiency in workflow by
automating tasks such as image segmentation by removing the need to perform quantitative measures manually
and drafting, and initial report. This allows radiologists to dedicate their time and expertise to making complex
decisions.

Al can also provide significant benefit in detecting disease at its early point by detecting minute signs of disease
such as small nodules, calcifications and structural deformities that a human might miss when evaluating an
image manually. For example, a handful of tumors can originate with miniscule cues that may affect the
treatment process, such as pancreatic cancer or even multiple sclerosis, where outcomes improve significantly
based on early intervention. Al systems are also built to analyze prognostic findings through their ability to
predict disease recurrence, predict response to treatment, and predict patient survival. This assists with
personalized treatment processes.

Radiomics is also emerging, and uses Al programs to extract quantitative amounts of features in a medical
imaging study that are not detected with the naked eye. These features could reflect genetic expression, tumor
heterogeneity, and other biological processes, which represents another expanding funnel for precision medicine
Integration with Wearable Technology and Mobile Imaging

In addition, recent advances in digital health technology will help extend the impact of Al diagnostic systems
beyond traditional imaging approaches. Al-based applications that include integrated wearable sensors and
portable imaging devices can continuously monitor individuals' physiological signals and provide real-time
updates related to their health status. Smartwatches, chest straps, and biosensor patches can create datasets
through a breadth of monitoring capabilities (i.e., heart rate, electrocardiograms, glucose levels, blood pressure,
etc.) that AI models can use to identify early signs of the onset of diseases such as atrial fibrillation, diabetic
complications, or sleep apnea.

Al is being used in tandem with portable ultrasound devices and smartphone-based dermoscopy apps to offer
point-of-care diagnostics in rural or under-represented communities with little access to healthcare systems.
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These uses of Al and mobile technology are particularly useful in lower- and middle-income countries (LMICs),
in which advanced diagnostics development and implementation infrastructure is more limited. Community
health workers can leverage mobile imaging devices with Al support for early detection and diagnosis, and
enable diagnostic service delivery at primary health care.

Barriers and Challenges

Although research and implementations have occurred toward early diagnosis and disease detection using Al,
the barriers to implementation present major limitations to begin using Al for early detection in practice. One of
the most formidable challenges is related to data. Al products, such as models, implement a wide variety of pure
data types, formats, and annotations, and this requires large foundational datasets that are heterogeneous and
annotated. Medical image data are often siloed and communities share or donate without the consideration of the
protection regulations (for example, HIPAA or GDPR) that restrict who has access to the collected data and how
and which are shared. In addition to siloed foundational datasets, another challenge is that a majority of the the
medical imaging data collected across institutions might not include standardized labeling and/or perhaps none
at all. Taking into consideration foregoing challenges, significant limits are placed on the electronic health
record data mining and how those datasets may be used to develop better businesses and services in healthcare.
It is an invigorating time for the disciplinary innovation that can emerge in health technology and Al from the
synergies of disciplines, practitioners, researchers, designers, entrepreneurs, and government.

Another concern is algorithmic bias when Al models are trained mainly on the data from certain populations--
for example, one ethnicity, or gender. If a model is trained on a small and non-diverse patient population, it may
not perform at all with others. Biases leading to misdiagnosis can perpetuate inequities in healthcare.

Many Al systems have black-box capabilities that prevent revealing how they arrive at decisions. Physicians and
patients generally want to know how a decision is made, more so with decisions with implications that affect
their lives. Explainable AI (XAI) refers to a general area of research to make the output of Al more interpretable,
though research is at an early stage.

Regulatory, ethical, and legal questions also remain. If a wrong diagnosis occurs by example, who may be
liable? The developer of the Al, the institution employing it, or the clinician using it? Data privacy and security
risks surrounding patient consent and information need to be handled to maintain trust in Al applications as
well.

Need to Collaboratively Work with Humans and Al

Furthermore, since the aim of using Al to detect early disease is not to replace decision-making for radiologists
or healthcare workers, Al will act to support their decision-making and reduce cognitive load. Working
collaboratively, humans and Al offer different strengths: While Al supplies speed, consistency and pattern
recognition, people supplying clinical context, contextual intuition and ethical reasoning. Again, to facilitate
successful collaboration, there needs to be a modification to medical training to ensure Al literacy for
radiologists, technologists and clinicians. Once the expectations of what Al tools are able to achieve and not do,
the validators and then responsible explanatory outcomes are understood, the professionals involved should
work in a clinical context. Al developers should also engage with clinical experts to ensure that their systems
respond to the organisational workflows and address organisational problems.

Case Studies and Real World Experiences

A handful of pilot studies and real-world experiences demonstrate the real potential for Al's use in the early
detection of disease. Google Health's breast cancer screening Al model was both more successful than
radiologists at identifying malignancies and also at reducing false positives. In India, when Fundus images are
screened for diabetic retinopathy in government-supported programs, Al algorithms have been introduced to
enable early intervention to prevent blindness.

Al was also used during the COVID-19 pandemic using Al based imaging tools that analyzed chest CT scans to
distinguish between COVID-19 pneumonia and other forms of respiratory illness. Again, in contexts where
there was limited capacity to conduct a PCR test, and without the cost and time constraints of waiting for PCR
test results, the Al tool provided a reliable and timely alternative.

Policy Considerations and Future Directions

the future of Al, especially in the context of establishing early detection rules. Government bodies and health
organizations must develop regulatory frameworks to guarantee safety and accuracy, as well as ethical
compliance in the use of Al in healthcare. An encouraging route toward ensuring safety and ethical compliance
is through public-private partnerships where norms are evolving around data sharing offers through federated
learning solutions that allow for federated (privacy-preserving) approaches to data collection to improve Al
training datasets.

International relationships and open access datasets like The Cancer Imaging Archive or the UK Biobank should
be enhanced or repurposed to foster international Al development efforts. Ongoing research into multimodal Al
models combining imaging, genomic, clinical, and lifestyle data might also transform predictive diagnostics
along with personalized treatment at the patient level.
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REVIEW OF LITERATURE

Historical Context of AI in Medical Imaging

The use of artificial intelligence (Al) in medical imaging has its origins in earlier efforts to automate the analysis
of images in the 1970s and 1980s. Early approaches included knowledge and rule-based systems that relied on
human-devised feature extraction and domain knowledge. These approaches were not scalable and made it
difficult to generalize. With the advent of machine learning (ML) models, and subsequently deep learning (DL)
models emerged, a new paradigm was introduced in which models were able to extract, in an untaught manner,
their own distinctions in the data. The transition of these developments in medical imaging paved the way for
developing tools that could exhibit lucidity.

While convolutional neural networks (CNNs) were developed in the 1990s, their rapid rise to popularity came in
the 2010s, where they have made great contributions to the transformation of diagnostics associated with
images. With the capacity of CNNs to extract complex features from images, the adoption of CNNs within
healthcare services has become more widespread, particularly within the fields of radiology, pathology, and
ophthalmology. Foundational work by researchers such as Krizhevsky et al. (2012) and LeCun et al. (2015)
enabled medical artificial intelligence (Al) applications to proliferate in the subsequent years.

Al in Detection of Cancer

Al-based early detection studies have largely focused on cancer, a critical area with significant implications for
patient care and patient outcomes. There are numerous early studies that validate the effectiveness of Al models
for detecting a tumor, classifying lesions, and predicting malignancy for a variety of cancer types.

In breast cancer screening, for instance, deep learning algorithms that are developed with mammographic
images, have shown improved efficacy compared to CAD systems.

In a study led by McKinney et al. (2020) using a Google Health Al model, the study found that the Al model
was superior to radiologists in detecting breast cancer while producing reduced false positive and negative rates.
Al systems for lung cancer detection trained on CT scans have similarly demonstrated the potential to detect and
classify pulmonary nodules. Ardila et al. (2019) reported on a deep learning system that demonstrated high
sensitivity of detecting malignancies, with high sensitivity in scans with disagreement between radiologists.
These studies also demonstrate the potential for Al to increase the accuracy of early detection of cancer in high-
volume screening programs.

Al in Neurology Imaging

In the case of neurological disease, including Alzheimer's disease, Parkinson's disease, and multiple sclerosis
(MS), the need for early detection is particularly important because these conditions are progressive in nature.
Imaging assessments with traditional testing, i.e. CT and MRI scans, can be quite limited in identifying small
changes in brain structure and function in the very early stages of these diseases. One promising application of
machine learning techniques has been to neuroimaging (MRI and PET) to extract neuroimaging biomarkers that
may indicate potential early disease onset. For example, Suk et al. (2016) introduced a new multimodal deep-
learning model that integrated different modalities of biomarkers, and analyzed both MRI and PET data to
improve diagnostic performance of Alzheimer's disease. More recently, Jo et al. (2020) completed a study using
transfer learning with fMRI to detect early-stage Parkinson's disease.

In addition to these developments, radiomics and Al have been combined to distinguish MS lesions from other
brain-related abnormalities, and to aid with early and differential diagnosis of MS. These advances allow for
diagnostic capabilities precluding many traditional neurologist treaties and open up the possibility for early on
intervention, which may allow for the progression of the disease to be delayed.

Al in Cardiovascular Imaging

Al has good promise in the early diagnosis of cardiovascular diseases (CVDs), which are still the leading cause
of death across the globe. The echocardiogram, CT angiogram and cardiac MRI are rich datasets used by
algorithms.

Rajpurkar et al. (2017) published their research using deep learning models on chest X-rays to detect heart
failure, cardiomegaly, and other abnormalities. More advanced models can analyze 3D cardiac MRI in order to
detect myocardial fibrosis and perfusion defects at the earliest possible opportunity.

Al is also a tool in ECG interpretation to help with identifying early arrhythmias, ischemia, and even risk of
sudden cardiac death, it provides immense value, when cardiology expertise is not easily accessible.

Al in Ophthalmic Imaging

Ophthalmology has become a ideally suited opportunity for Al applications, with a range of structured high-
resolution images particularly fundus photos and optical coherence tomography (OCT).

The most significant development was with the FDA approval of IDx-DR an autonomous Al system for
detection of diabetic retinopathy and that it could be used successfully in real world clinical environments.
Gulshan et al. (2016), demonstrated that their deep learning model had high sensitivity and specificity to
identify diabetic retinopathy direct from retinal images. Further research has been devoted to the use of Al
(Artificial Intelligence) in the detection of glaucoma and age-related macular degeneration, among other sight-
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threatening diseases. As a screening tool it was particularly useful in mass-screening and rural outreach
programs as it helped decrease the amount of work done by an ophthalmologist, and assisted with early target
interventions.

Combination of AI with Multimodal Imaging

The integration of imaging modalities (e.g., PET, CT with MRI) can provide the biggest amount of value and
information about disease states. Al has been valuable in registering, combining, analyzing, and interpreting
multimodal datasets with a target to give more medical accuracy in diagnostic ability.

Kamnitsas et al. (2017) utilized a multi-scale 3D conception with a 3D CNN that incorporated the multimodal
imaging of the MRI sequence to perform brain lesion segmentation. The multi-scale 3D CNN model performed
better than a single-modality diagnostic modality in sensitivity and accuracy. Likewise, in radiogenomic studies,
Al was used with clinical data sets for imaging features in order to correlate genetic mutations in tissue and
lesions. These gain insights into the pathophysiology of the disease and assisted with early risks stratification.
Each of these applications reinforces the movement towards personalized medicine, as Al can serve as the
analytical engine to integrate imaging, genomics and clinical data.

Challenges Recognized in Literature

Although the literature has demonstrated the advantages of Al in early disease detection, a number of drawbacks
and challenges have been repeatedly noted throughout the literature:

1. Data Scarcity and Annotation: Medical image datasets generally lack size and proper annotation given
different privacy concerns and the absence of standardized annotation. This undermines the generalizability of
the models.

2. Bias and Fairness: Al models trained using non-representative datasets may show bias across demographic
groups. The risks of racism and gender bias in Al based healthcare systems were emphasized by Mehrabi et al.
(2021).

3. Explainability: The black-box nature of deep learning models continue to impede clinical trust. Work has
been done on the use of explainable Al (XAI) methods, however these need to be improved to achieve clinical
relevance.

4. Regulations and Ethical Fears: The literature frequently identifies legal liability, patient consent, and data
security as major risks. The absence of regulatory frameworks for the implementation of Al in healthcare has
delayed the widespread adoption of Al in the clinic.

5. Clinical Integration: The majority of Al tools are still largely in the prototype stage or research project phase
because of workflow integration challenges, cross-institutional validation problems, and acceptance of the
technologies and tools by clinicians.

Table 2 summarizes major Al research trends and associated challenges in early disease detection.

Application Domain Key Focus Area Reported Challenges

Oncology Tumor detection, grading Limited labeled data, black-box issues
Neurology Brain imaging, disease progression  Multimodal integration, data privacy
Cardiology Risk prediction, segmentation ECG variability, low interpretability
Ophthalmology Fundus image analysis Deployment in remote settings, cost barriers
General Radiology Workflow automation, triage Clinician trust, regulatory constraints

Emerging Trends in AI-Based Imaging Research

There have been a variety of recent developments indicating positive trends in the field. For example, recently
proposed scenarios for federated learning which directly addresses many of the concerns about how Al may
analyze and interpret data about its users while eliminating the need to share raw data, allows for the training of
models in a decentralized way across institutions or perspectives. McMahan et al. (2017) provided evidence for
the potential of this for developing Al in a privacy-preserving way. Additionally, the emergence of explainable
Al and decision support frameworks (for example, Grad-CAM and LIME) which have demonstrated conscious
efforts to provide heatmaps or other means of making visual interpretations of how models arrive at decisions
which could help establish clinician trust in Al outputs. Moreover, the generation of synthetic data using
generative adversarial networks (GANs) could be increasingly valuable to augmenting training datasets for Al
models, improving generalizability, and reducing overfitting. Furthermore, the use of real-time Al inference that
can take place at the edge (using portable devices or cloud platforms) is facilitating point of care support for
clinicians, especially in rural or resource-poor settings.

Global Initiatives and Collaborations
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International collaborations in research and clinical initiatives have helped contribute to research and uptake in
using Al for early detection of disease. Initiatives such as the UK Biobank, NIH’s Medical Imaging Databank,
and The Cancer Imaging Archive (TCIA) have provided large-scale, open-access datasets which are have been
helpful in the development of Al models and have supported many research studies using these models
alongside studies addressing the benchmarking of model performance.

WHO and national health agencies have also initiated several pilot projects.Innovation, especially related to Al,
is being used successfully in rural equity settings. For example, India's Aravind Eye Care System and Google's
Al powered DR screening programme have demonstrated significant successes at scale in deploying Al tools to
rural populations.

RESEARCH METHODOLOGY

Research Design

This study employs a mixed-methods research design that utilizes both qualitative and quantitative methods to
further understand the role of Al in the early detection of diseases that require medical imaging. A combination
of systematic literature review, developing the algorithm, analysing the dataset, and a verification and validation
process with experts was used to determine the accuracy and trustworthiness of Al-based diagnostic tools. This
mixed-methods approach fosters a more holistic understanding of the theoretical development of Al
technologies and their applied use in medical imaging.

The qualitative part of the study involved semi-structured interviews with radiologists, data scientists and Al
researchers to collate expert opinion on the usability and limitations of Al applied in clinical practice, while the
quantitative component involved descriptive statistical analysis of the performance metrics from the Al model
outputs. This methodology provided strength of findings through triangulation to enhance validity.

The qualitative and quantitative data collections for this research were based on two sources of the data: publicly
available imaging datasets, and peer reviewed academic literature. The selected imaging datasets were
downloaded from reputable medical/machine repositories, such as The Cancer Imaging Archive (TCIA),
ChestX-rayl4, BraTS (Brain Tumor Segmentation Challenge), and LUNA16 (LUng Nodule Analysis). The
datasets had ideal properties for this research, including relevance to early disease detection, diversity of the
datasets, and quality of the annotations.

The academic literature consisted of peer-reviewed journals, conference publications, and government reports
retrieved from electronic databases, including PubMed, IEEE Xplore, Springer, and ScienceDirect. The review
concentrated on studies published between 2015-2024 describing any use of Al in diagnostic imaging. The
inclusion criteria required the studies to explicate Al methodology, validation, and performance.

To help gather data, interviews and surveys of subject matter experts and professionals working in medical
imaging were also undertaken. The aim was to obtain reflections on the sanity of Al processes, as a balanced
portion of the literature was insufficiently sane.

Pre-Processing Data

Before placing the imaging data into Al algorithms, the images underwent pre-treatment to ensure compatibility.
A number of common pre-treatments included normalizing, resizing, augmenting, denormalizing, and
eliminating artifacts. Noise reduction by application of a common noise reduction tool, in conjunction with
contrast enhancement improved the clarity and usefulness of the images. Volumetric data (i.e., MRI and CT)
were slices with annotations as appropriate based on markers for the disease if required.

The data was labelled through cooperative annotation with clinical specialists to increase the annotation quality.
Multi-class segmentation maps were created for images containing multiple disease regions. Tools like ITK-
SNAP and Labelbox were used to manage the annotation workflow.

Table 3 shows preprocessing techniques used:

Step Technique Used
Normalization Min-Max Scaling
Resizing Bilinear Interpolation
Augmentation Rotation, Zoom, Flipping
Artifact Removal Median Filtering
Contrast Enhancement Histogram Equalization
Annotation Tools ITK-SNAP, Labelbox

Al Model Selection

Several Al models were tested with the aim of finding a suitable architecture for early disease detection tasks
including convolutional neural networks (CNNs), recurrent neural networks (RNNSs), transformer-based models,
generative adversarial networks (GANs), and ensemble methods. CNNs were chosen primarily for image-based
tasks due to their strong performance with spatial data.
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For temporal and longitudinal imaging data (in other words, sequential MRI scans), RNNs and LSTM (Long
Short Term Memory) models were used to account for temporal dependencies. GANs were used for synthetic
data generation and image improvement. Transformer-based models (such as Vision Transformers, ViTs) were
used due to their unique attention mechanisms and ability to scale.

All models were coded in Python and leveraging relevant machine learning libraries (e.g. TensorFlow,
PyTorch, Keras, OpenCV). Hyperparameter optimization was used include grid search, random search, and
Bayesian optimization methods.

Model Training and Validation

The final selected AI models were trained on annotated datasets with supervised learning. A standard 70-15-15
split was used for training, validation, and testing respectively. Cross-validation approaches such as k-fold and
stratified sampling were implemented to ensure robustness and mitigation of overfitting. SMOTE (Synthetic
Minority Over-sampling Technique) was utilized to correct class imbalance along with the use of focal loss
functions and balanced batch sampling. During training, dynamic data augmentation was employed to allow for
the random variability for increased generalizability.

Model performance was assessed using accuracy, precision, recall, Fl-score, and the area under receiver
operating characteristic curves (ROC-AUC). Additionally, the following metrics were used for image
segmentation and image classification; Dice Similarity Coefficient (DSC), Intersection over Union (IoU), and
confusion matrices.

An ablation study was undertaken to evaluate how different architectural changes and preprocessing decisions
impacted model performance. In this case, model performance was retrospectively tested after changing
parameters such as the depth of the model, the size of the kernels, and the dropout used.

Ethical Considerations

Data used across the datasets followed HIPAA, General Data Protection Regulation (GDPR), or any institutional
ethical criteria and was de-identified. Appropriate data use agreements were reviewed and approved before data
use by the respective institutional sites.

The institutional review boards (IRB)s were obtained when appropriate and as expected we assessed the Al
models for algorithmic bias, fairness, and transparency. Using explainable Al tools (e.g. Grad-CAM, SHAP), we
modelled to visualize models' decisions, and ensured interpretability. Measures were implemented to curb over-
dependence on Al predictions in clinical environments. Human involvement persisted in every step of model
development and validation to avoid ethical dilemmas and to uphold diagnostician accountability. Limitations

A feasibility study acknowledged several limitations of the methodologies, which included limited datasets,
variability is image quality, patient demographic heterogeneity, and generalization issues spurred from
differences among scanners or devices. Model bias was also a concern, particularly with respect to datasets
trained in specific regions or populations. Even with these challenges, bias was attempted to be attenuated via
dataset balancing, transfer learning, domain adaptation, and using heterogeneous data. Real-world evaluation of
the models are planned in clinical pilot programs to evaluate their performance in reality.

RESULT AND DISCUSSION

Evaluation of Model Performance

The developed Al models for early disease detection were evaluated based on classification and segmentation
tasks across several datasets, specifically ChestX-rayl4, BraTS, and HAM10000. The convolutional neural
network (CNN) models consistently achieved high accuracy in disease classification tasks, while U-net models
effectively performed segmentation tasks. Vision transformer (ViT) models were evaluated and also showed
comparable performance especially in high resolution image classification.

The CNN model trained on the ChestX-rayl14 dataset achieved an overall accuracy of 92.3%, with a precision of
91.7%, recall of 90.5%, and an AUC-ROC of 0.94. Similarly, the segmentation model trained on the BraTS
dataset achieved a Dice Similarity Coefficient (DSC) of 0.89 and an Intersection over Union (IoU) score of 0.85
for brain tumor detection.

Table 4 shows the comparative results for classification and segmentation models:

Model Type Dataset Accuracy (%)  Precision (%) Recall (%) AUC-ROC DSC IoU
CNN ChestX-rayl4 92.3 91.7 90.5 0.94 - -
U-Net BraTS - - - - 0.89 0.85
ViT HAM10000 89.6 88.2 87.3 0.91 - -

Interpretation of results

The results illustrate that deep learning output, specifically CNN and U-Net based models, are a strong strategy
for the early detection of disease through medical imaging. The high AUC-ROC values indicate strong

https://academia.edu.pk/index.php/hsj Page 41



https://academia.edu.pk/index.php/hsj

ACADEMIA Health Sphere Journal Vol 1(1) 2025. 35-44

discrimination ability, and the high DSC and IoU values suggest accuracy in localization of the disease in
segmentation tasks

The ViT model showed promise with skin lesion images specifically due to the way it can model the entire
image at once by how it is trained. However, at the current stage of development of ViT models, and due to the
newly complex training strategies when compared to CNN models, it less suitable for usage in resource-
constrained environments at this time.

Real-World Validation

In practical terms, we partnered with a local diagnostic imaging center to conduct a small-scale pilot deployment
to test the models' operational performance for a real application. This incorporated the Al system in the
radiology workflow to designed to assist radiologists when conducting initial screening of chest X-rays and
brain MRIs.

The pilot deployment was able to show that, with the Al assisted readings, the radiologists efficiency improved
by 28%, and that the overall average diagnosis period was reduced from 12 minutes to 8 minutes per case.
Moreover, the Al also correctly flagged 95% of cases that had positive findings, enabling radiologists to focus
their attention on high-risk patients more efficiently by eliminating all un-RADS-1 cases from their priority.
User Feedback and Acceptance

We collected structured feedback from 12 radiologists and 6 technicians, which participated in the pilot phase.
Eighty-three percent said that Al assistance helped them identify subtle abnormalities that they may have
missed, and ninety-one percent said that the Al model improved their diagnostic confidence.

Some comments did highlight concern with regard to the interpretability of Al predictions. The radiologists
would like purportedly more transparent reporting about the predictions and visual rationales for model
decision-making. There was some relief from using integration with Grad-CAM. Hospitals found having
indicated the regions in images that were relevant, and increasing trust.

Challenges Observed During Implementation

While the outcomes were promising, there were numerous barriers to deploying the system in the real world.
Some technical barriers included time to integrate with the hospital PACS (Picture Archiving and
Communication System) and internet connectivity delays that affected workflow. With regards to ethical
barriers, there was the need for patients to give or have given consent for an Al-supported diagnosis, even if all
data to the Al were anonymized. While the radiologists insisted the ethical issues around patient consent were
not as widespread as its predecessors from the 1990's Al technology, they were directed in the importance of
clear communications with the patients about the use of Al in their diagnoses.

Impact on Early Diagnosis and Clinical Outcomes

The computer-aided system had an impact on earlier diagnosis at the imaging centre. The Al system identified
abnormalities in cases of tuberculosis, pneumonia, and early stages of glioblastoma, which were later confirmed
through biopsies or other clinical evaluations.

Clinical outcomes improved in many cases as a result of the timely diagnosis. Identifying brain tumors earlier
allowed for faster surgical planning, and identifying pulmonary nodules allowed for early intervention before
metastasis.

Cost-Effectiveness Analysis

An economic evaluation of the cost-effectiveness of the implementation of Al was conducted. The initial
investments in computing infrastructure and training were extensive, though the long-term benefits potentially
involve improved efficiency through reduced diagnostic turnaround times.

Table 5 presents a simplified cost-benefit comparison:

Category Pre-Al System Post-Al System
Avg. Diagnosis Time (min) 12 8

Radiologist Efficiency (%) Baseline +28%

Missed Diagnoses (%) 6.3 2.1

Initial Investment ($) - 45,000
Estimated ROI (12 months) - +22%

Discussion on Generalizability

substantive for those that are using it. Several factors can be addressed to better assure the Al models'
generalizability considering a more extensive implementation. Although the Al models within this project were
able to effectively perform well on publicly available images, local images did not perform effectively due to
variability in imaging protocols, imaging equipment and imaging populations. One domain adaptation and
transfer learning approach can be taken to improve model robustness within different populations.

Suggestions for Future Implementation The findings articulated in this study offer several suggestions related
for clinical Al implementation:

e  (Create models institution specific to the image data under consideration using transfer learning
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e Al interpretation courses and workshops for clinicians
e  Improve transparency of Al interpretation using Explainable Al methods
e  Establish regulatory frameworks for Al use in the clinical application

CONCLUSION

This study demonstrates an important transformative time in the early detections of diseases through the use of
artificial intelligence in medical imaging. The study highlighted clinical and operational benefits to medical
imaging through the use of Al, and this study showed that Al models, particularly deep learning models such as
convolutional neural networks and segmentation based architectures such as U-Net pipelines more outperformed
how diagnosticians previously made decisions about the status of imaging reports in terms of robustness,
accuracy, speed, and sensitivity. Al systems have the ability to analyze large quantities of imaging, and being
able to identify subtle pathological characteristics has represented a transformative step in disease screening
programs. Al represents the potential to improve disease identification, including lung cancer, brain tumors, skin
lesions, and pneumonia.

In addition, real-world pilot implementations of Al systems have demonstrated that Al could provide enormous
value to the radiologist by improving efficiency, decreasing the time spent while diagnostics and enabling better
clinical actions as a result of earlier recognition of disease. The implementations also highlighted that Al serves
to complement or enhance the clinician, not as a replacement. Nevertheless, implementation is merely the
beginning as there are many significant barriers and considerations that need to be established including existing
systems compatibility, data privacy and security, interpretability of results, and generalizing the model to have
utility in diverse populations and imaging modalities.

In conclusion, the potential of Al-based early detection of disease by way of medical imaging is an exciting area
as we head into the era of personalized and precision medicine. The continued development will rely on
interdisciplinary collaboration between data scientists, clinicians, and policy-makers to promote ethical,
accessible, and clinically safe Al solutions. Al is also an exciting prospect to reduce diagnostic errors, increase
health access and ultimately save lives by diagnosing disease at the earliest and most treatable stages.
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