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Abstract: 
The present study examines the impact of Artificial Intelligence (AI) and Machine Learning (ML) on medical imaging, focusing on the demand for automated analysis of unstructured data in Electronic Medical Records (EMRs). It addresses the challenges in extracting knowledge from this data despite advancements in Natural Language Processing (NLP) and image processing. This review covers key principles and challenges of applying ML, including the use of algorithms like logistic regression, decision trees, and neural networks to classify and predict illnesses. It also explores various machine learning techniques such as supervised, unsupervised, and reinforcement learning, and emphasizes the importance of data preprocessing, feature selection, and model evaluation. The review also highlights various AI applications in medical imaging, including image segmentation, classification, registration, and reconstruction across modalities like X-ray, CT, MRI, and ultrasound. It also points out AI’s potential in enhancing robotic surgery through innovative techniques such as holography and attention models for early disease detection. While deep learning shows promise in disease diagnosis, the lack of large, annotated datasets remains a barrier. The authors note the progress in unsupervised and semi-supervised learning methods to tackle this issue. They stress the need for collaboration between healthcare professionals and AI experts to improve the interpretability of deep learning models. Ultimately, the review concludes that while AI has the potential to improve diagnostic accuracy and treatment strategies, challenges like data availability and ethical considerations must be addressed for successful implementation in healthcare.
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1. Introduction
      
        “Medical imaging has been a critical component of modern healthcare, providing clinicians with vital information for the diagnosis, treatment, and monitoring of various diseases . Traditional image analysis techniques often rely on handcrafted features and expert knowledge, which can be time-consuming and subject to human error. In recent years, machine learning (ML) methods have been increasingly applied to medical image analysis to improve efficiency and reduce potential human errors” (Zhang & Qie, 2023).
Electronic Medical Records (EMR) and the need to provide timely and cost-effective treatment for patients led to a demand for automatic analysis of EMR data. However, much of the information in EMRs is unstructured, including texts and images, which makes extracting meaningful knowledge a challenge. Despite progress in Natural Language Processing (NLP) within the biomedical domain and advancements in image processing, medical big data still faces several challenges[4]. “Artificial Intelligence (AI) solutions have been widely used in healthcare, and recent developments in deep neural networks have contributed to significant advances in medical image processing. Much ongoing research is aimed at helping medical practitioners by providing automated systems to analyze images and diagnose acute diseases, such as brain tumors, bone cancer, breast cancer, bone fracture, and many others. This comprehensive review delivers an overview of recent advances in medical imaging using deep neural networks” (Mall, P. K et al.,2023). “AI’s current and future contributions to medical image analysis. The article highlights the challenges associated with manual image interpretation and introduces AI methodologies, including machine learning and deep learning. It explores AI’s applications in image segmentation, classification, registration, and reconstruction across various modalities like X-ray, computed tomography (CT), magnetic resonance imaging (MRI), and ultrasound[5].  AI with medical datasets can profoundly impact robotic surgery. The primary findings of the study involve exploring emerging ideas within this integrative field, particularly focusing on the roles of holography microscopic medical imaging and attention models in early disease identification”[6]. Recent applications of deep leaning in medical image analysis involve various computer vision-related tasks such as classification, detection, segmentation, and registration. Among them, classification, detection, and segmentation are fundamental and most widely used tasks.( Liu, X.,et al 2021; Rana & Bhushan, 2023; Prasad, V. K.,et al 2024). “Deep learning (DL) has experienced an exponential development of medicine, but applications in interpretations of medical imaging are in continuous development” (Ursuleanu et al., 2022).  However, the progress of these models is often hindered by the scarcity of large, well-annotated datasets. Over the past five years, numerous studies have focused on addressing this challenge. recent advancements, particularly highlighting the contributions of unsupervised and semi-supervised deep learning methods in medical image analysis. We cover applications such as classification, segmentation, detection, and image registration [8]. “Medical imaging is now an essential part of modern health care, allowing doctors critical information to diagnose, treat, and monitor a multitude of conditions” [11]. “The characteristics that are generally used and are naturally handcrafted in conventional picture analysis methods hitherto absolutely require painful human design involvement” [12]. It has therefore seen the wide use of machine learning in image processing of medical images due to its efficiency and elimination of human error. Examples of successful methods are the machines which are used in pic segmentation, object identification, and illness categorizations like SVM, decision trees, random forests, and logistic regression, among others. “Generally, these machine learning models require features to be selected and extracted from medical pictures manually before making regression or classification. However, Due to the rapid progress in deep learning techniques, there has been a significant transition towards utilizing sophisticated deep learning models to improve the precision and effectiveness of medical image analysis” [13]. This is why DL models automatically learn and extract data hierarchical features from raw data, something that fully distinguishes this approach from more classical machine learning techniques. Over recent years, DL, a form of ML learning, has reached the leading edge of performance in  several application areas, including image and speech recognition [14]. Key to that possibility was due to the development of ANNs with hidden layers of more than one. These networks have contributed to easy and efficient ways of gathering unprocessed or raw input, and through the same, automatically attain hierarchical representations. Computation by network-based deep learning and deep learning has been widely used in numerous fields mainly self-driving, robotics, natural language interpretation, and various other engineering computation scenarios[15]. DL has shown strong activation in the medical imaging area for enhancing the structure of healthcare, and patients' results [16]. “DL models can enable automation in learning the features of medical images, leading to the early detection of diseases, optimization of clinical workflow, and reduction of health provider workloads  In addition, DL validates the reliability of the provided medical information. For instance, it can identify odd or inconsistent data, guaranteeing the dependability of the data for the intention of diagnosing or planning therapy in a clinical setting. Similarly, different DL Models are capable of confirming the integrity of the medical image, but the digital age,  has often been subject to manipulation. In another application, DL may also be trained to forecast the advancement of diseases and the validation mechanisms of the therapies This is because it supports the design of individual medicine and affirms and the refinement of therapeutic strategies” [17]. Advancements in technology, such as cloud computing, digital marketing, and machine learning, are transforming enterprise systems by enhancing operational efficiency, customer engagement, and data-driven decision-making[53].Machine learning (ML) is revolutionizing illness prediction in healthcare by analyzing vast amounts of medical data to detect patterns and make accurate forecasts on disease onset, progression, and outcomes. This review covers key principles and challenges of applying ML, including the use of algorithms like logistic regression, decision trees, and neural networks to classify and predict illnesses. It also explores various machine learning techniques such as supervised, unsupervised, and reinforcement learning, and emphasizes the importance of data preprocessing, feature selection, and model evaluation. Despite its potential, challenges such as data quality, interpretability, and privacy concerns must be addressed to effectively integrate ML into healthcare systems and improve patient outcomes [54]. Data analytics and visualization are integral to handling the vast amounts of data generated.To address these challenges, new technologies and methodologies are being developed for more effective data ingestion, processing, and insight generation [55]. However, challenges such as increased computational time and response time variability remain, prompting the use of advanced methods like whale optimization to enhance traffic distribution and improve efficiency in combating DDoS attacks [56]. machine learning and computer vision. Machine learning algorithms, such as those found in libraries like Idlib, are used for real-time applications, including blink detection using facial landmarks [57]. Advanced algorithms, using tools like WordNet, improve clustering by incorporating semantic meaning. This paper reviews semantic clustering strategies and recent research on their effectiveness [58]. The Internet of Drone Things (IoT) combines drones (UAVs) with the Internet of Vehicles (IoV) to enhance road safety and self-navigation. While IoV networks face issues like link disconnections and high computational costs, integrating drones into VANETs improves communication, reduces congestion, and boosts security[59].This research explores the technology behind smart cities, addresses challenges like cybersecurity, data privacy, and equitable access, and discusses future directions for improving city functionalities [60]. Recent studies have applied classifiers like SVM, Neural Networks, and KNN for effective feature selection and classification. This research emphasizes optimizing feature extraction and classification techniques, with a focus on improving the accuracy and efficiency of FER systems[61] Developments emphasize efficient feature selection to enhance both accuracy and performance, streamlining the FER process for emotion detection[62].




Applications of Natural Language Processing (NLP) and image processing in Electronic Medical Records (EMR) have rapidly evolved, with a focus on integrating deep learning (DL) techniques. Traditional methods often rely on manually crafted features from biomedical dictionaries or clinical ontologies, whereas DL models can automatically learn meaningful patterns from raw data. This shift has significantly enhanced medical fields like MRI, radiology, cardiology, and neurology, where DL has been proven to improve diagnostic accuracy and efficiency in analyzing both text and images from EMRs. Recent research underscores the potential of DL to revolutionize the handling of clinical.



2 .1 Applications of NLP and image  processing in EMR 
“Over the past decade, significant advancements have been observed in several approaches to NLP, exhibiting a noteworthyinclination towards the integration of deep learning (DL)procedures”  [23]. “In the realm of clinical applications, conventionalmethodologies frequently depend on engineered characteristics that are informed by biomedical dictionaries, clinical ontologies, or specialized knowledge in the field of biomedicine. On the other hand, deep learning models possess the capability to autonomously derive significant abstractions from unprocessed data, hence enabling categorization without the explicit requirement of predetermined characteristics” [24]. “A multitude of recent scholarly articles have emphasized the efficacy of advanced DL methodologies in several medical fields, including magnetic resonance imaging (MRI)” [25].
2.2 Studies related to unstructured text coding and classification in EMR application
RQ 1: What effects do real-world healthcare environments have on the scalability and performance of sophisticated NLP and ML algorithms when it comes to coding and classifying unstructured text in different clinical scenarios within electronic medical records (EMRs)?
 RQ 2: When employing NLP and ML for unstructured text analysis in EMRs, what collaboration possibilities and obstacles occur between medical practitioners, data scientists, and AI experts? 
Explore the application of natural language processing (NLP) techniques in deriving clinical insights from electronic health records (EHRs), highlighting both the challenges and potential of the field. Their findings emphasize the widespread issue of disorganized EHR data and the prevalent use of machine learning (ML) and deep learning (DL) methods for tasks such as prediction and classification[27].  The practicality of utilizing a natural language processing (NLP) pipeline to extract medication and symptom information from real-world patient and caregiver data. In their evaluation, they tested the pipeline on 87 patient notes, demonstrating its effective ability to identify drug instances and symptoms. The results, including precision, recall, and F1 scores, highlight the promising potential of NLP methods for extracting valuable information from unstructured patient-generated health data (PGHD). This suggests that NLP could be a viable tool for improving the analysis and interpretation of health information derived from real-world patient records[28].  Investigated techniques for autonomously categorizing diseases in unstructured medical documents using NLP, comparing them to traditional ICD-10 classification. They evaluated various NLP algorithms, including rule-based search, logistic regression, TF-IDF, XGBoost, and BioBERT, using the MIMIC-III dataset, measuring precision, recall, and accuracy. The most effective algorithm was then applied to a dataset from Belgium. The results showed that NLP algorithms offer high accuracy in diagnostic categorization and can identify issues in ICD coding, suggesting their potential to improve the coding process in hospitals and aid in creating clinically defined cohorts from both structured and unstructured data in EMR systems[29].
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FIGURE 1 General methodology for creating clinically defined cohorts using structured and unstructured data in the production EMR system. Khalate, P., Gite, S., Pradhan, B., & Lee, C. W [1].


2.3 Studies related to the use of NLP and machine learning in medical image analysis
RQ3: What are the primary benefits and challenges of interdisciplinary collaboration in the application of NLP and ML for medical image analysis between medical professionals and AI experts? 
RQ4: How may medical imaging data be used to improve the interpretability of deep learning models,  especially when clinical decision-making is involved?
“A novel Enhanced Feature Extraction Network (EFEN) was developed for medical image segmentation, addressing challenges like complex backgrounds and unclear boundaries in medical images. While EFEN focuses on segmentation, NLP techniques can be applied to automatically generate textual descriptions of the segmented images, improving documentation and retrieval of medical records. After segmentation, NLP algorithms can also summarize the results and link them to a patient’s medical history in electronic medical records (EMRs), enhancing the overall utility and accessibility of medical data” [31]. “Discussed the progress made in artificial neural networks for medical imaging, emphasizing the possibilities that arise from integrating natural language processing (NLP) with image analysis. Natural Language Processing (NLP) is employed to automate the production of radiology reports by analyzing medical pictures. This approach helps to streamline the process and alleviate the workload of radiologists” [37]. “Examined the use of optimization techniques and machine learning algorithms in medical image processing, emphasizing the crucial role of Natural Language Processing (NLP). NLP algorithms are particularly valuable for extracting key clinical information from text data, which can then be integrated into image processing systems. This integration improves the accuracy and efficiency of medical image analysis, leading to more precise diagnostic outcomes” [38].

2.4 Case studies showcasing effectiveness
A study explored the application of Natural Language Processing (NLP) in evaluating radiological records, emphasizing its potential  to enhance the understanding of radiological data. The research highlighted how NLP significantly improves the accuracy and efficiency of analyzing Electronic Medical Records (EMRs), and developed a CNN-based algorithm designed to segment words and recognize medical phrases within EMRs, while other studies, like that of, supported the use of machine learning methods to predict conditions such as depression from EHRs. Additionally, various studies investigated deep learning's impact on medical imaging, noting improvements in diagnostic precision and treatment efficacy. This growing body of research indicates the considerable potential of NLP and machine learning in enhancing clinical decision-making and healthcare outcomes[1].

3.  Review of literature 
          Khalate et al [1] endorsed that Natural Language Processing (NLP) and Machine Learning (ML), particularly Deep Learning (DL), to improve Electronic Medical Records (EMRs). These advancements aimed to enhance healthcare decision-making by extracting valuable information from unstructured data and optimizing clinical workflows. NLP was found effective in improving the use of structured EMR data, aiding in tasks such as verifying data accuracy, detecting diseases, and extracting diagnostic information from complex lab reports. In medical imaging, Deep Learning, particularly Convolutional Neural Networks (CNNs), revolutionized diagnostic accuracy and image interpretation. By integrating NLP and DL, healthcare providers were able to generate more accurate and comprehensive patient reports, improving diagnoses, treatment strategies, and patient outcomes.
            Agrawal & Jain et al [2]  reviewed image analysis played a crucial role in the healthcare and medical domain, positively impacting the entire clinical process. Various datasets, algorithms, models, and tools were available for extracting useful information and applying Natural Language Processing (NLP), Machine Learning (ML), and Deep Learning (DL) algorithms. However, several challenges hindered the successful implementation of text and image-based machine learning models in healthcare, including.
           Razzak et al [3] stated that Neural networks and deep learning have been inspired by the structure and function of the human biological nervous system. The perceptron, one of the earliest neural networks, was based on the human brain's system and consisted of an input layer directly connected to an output layer, which was effective for classifying linearly separable patterns. To handle more complex patterns, neural networks with layered architectures were introduced, featuring input, output, and one or more hidden layers. These networks consist of interconnected neurons that process input data and forward outputs to the next layer. By adding more hidden layers, deep neural networks (DNNs) were able to capture non-linear relationships, allowing them to tackle more complex problems. Deep learning, a method based on DNNs, became a game-changer in various fields like computer vision and medical imaging,
 outperforming humans in tasks such as detecting cancer indicators in blood or identifying tumours in MRI scans.
            Li et al [7] stated Natural language processing, and speech recognition. Notably, in medical image analysis, deep learning algorithms were increasingly utilized to improve the diagnosis, treatment, and monitoring of various medical conditions. By automatically identifying abnormalities in medical images such as X-rays, MRIs, and CT scans, deep learning significantly enhanced diagnostic accuracy.
             Altaf et al [9] reported Deep Learning (DL) played a pivotal role in the rise of Artificial Intelligence, significantly impacting various scientific fields such as Computer Vision, Natural Language Processing, and Medical Imaging. DL allowed machines to learn complex mathematical models for data analysis through hierarchical layers, enabling accurate tasks like classification. While DL's potential was recognized since the 1940s, its widespread use in solving modern problems was made possible by three key factors: the availability of large datasets, powerful computational resources, and open-source DL libraries. In Medical Imaging, DL techniques began gaining traction in the 1990s, but it wasn’t until the 2010s that their true potential was realized, leading to groundbreaking advancements in the field.
            Lee et al. [10] explored Its learning process simulated the organization of the animal visual cortex, allowing a trained CNN to construct hierarchical information during image classification. CNN architecture included convolutional, pooling, and fully connected layers, with convolutional layers detecting edges and visual elements using learned filters, and pooling layers reducing spatial dimensions. Deep CNNs became especially effective for image classification tasks, such as with large datasets like ImageNet, though they required vast amounts of data for training.
            Gheisari et al.[18] stated a variety of advanced medical imaging techniques has been a domain where deep alearning (DL) methods were extensively utilized, enabling improved image analysis, diagnosis, and treatment planning.
             Ghorbanali & Sohrabi [19] defined the CNN was very suitable for jobs related to image analysis because the system had the ability to accurately capture complex spatial patterns and independently develop hierarchical representations from input images.
           Wang et al [20] stated more DL methods were being applied to medical imaging, including the powerful ability of RNNs to handle sequential data and the generation of new samples based on learned data distributions, which was achieved through the use of generative adversarial networks.
[bookmark: _GoBack] “A lot of medical imaging modalities are used each provides different types of information and supports different diagnostic goals within the clinical domain. Common modalities used in medical imaging include MRI, CT, PET, ultrasound imaging, and OCT” (Anaya-Isaza et al., 2021), as presented in Figure 1
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Figure 2 Comparison of medical imaging modalities
          Li, L., Chase, H. S., Patel, C. O., Friedman, C., & Weng, C  et al,[21]. Recent research has demonstrated notable progress in the use of NLP and ML, specifically DL, methods to enhance Electronic Medical Records (EMRs). The main goal of these improvements was to enhance healthcare decision-making by extracting important information from unstructured data in EMRs and optimizing clinical workflows. The potential of NLP in improving the utilization of structured EMR data has been clearly demonstrated.
           Huang G, Li Y, Jameel S, Long Y, Papanastasiou G et alm,[22]. discussed the profound impact of deep learning on various fields such as computer vision, natural language processing (NLP), and reinforcement learning. They highlighted how these computational techniques revolutionized medicine by enabling more precise diagnostics, enhancing treatment strategies, and optimizing decision-making processes. The authors also explored the development of generalized methodologies that could be applied across diverse medical tasks, illustrating how these approaches contributed to the construction of comprehensive systems capable of addressing complex challenges in healthcare.
         Esteva, A., Robicquet, A., Ramsundar, B., Kuleshov, V., DePristo, M., Chou, K., ... & Dean, J.et al[26] introduced advanced deep learning techniques in the healthcare field, specifically investigating the shift from explainable to interpretable deep learning methods for natural language processing (NLP). They highlighted the disparity between the existing capabilities of these techniques and their actual application in real-world clinical environments. The authors identified challenges in achieving genuine interpretability and emphasized the need for healthcare practitioners to have access to transparent models they can trust and understand. Their paper underscored the importance of developing techniques that can clarify the rationale behind model predictions, which is essential for the integration of AI into regular clinical procedures.
      Anjelin, D. P., & Kumar, S. G. et al[30]. emphasized the capacity of deep learning to analyze and offer recommendations for medical analysis utilizing EHRs. The text highlights the significance of effectively using the substantial volume of data produced by healthcare industries and the necessity of a well-trained model to extract valuable insights from EHRs. The research explores the utilization of deep learning, a type of artificial intelligence, in hierarchical learning and layered algorithmic architecture for rapid data processing.
            Altarawneh, M. S. et al.[33] .  Introduced a machine learning system designed to automatically segment and label brain MRI data for the identification of malignant tumours. In this framework, Natural Language Processing (NLP) plays a crucial role by analyzing radiology reports and linking the written observations with the image data. This integration helps verify the segmentation results and provides a more comprehensive understanding of the patient's condition by combining both visual and textual information, enhancing diagnostic accuracy and decision-making
           Zhang, S., & Niu, Y. et al[34], examined the use of optimization techniques and machine learning algorithms in medical image processing, with a particular focus on the role of Natural Language Processing (NLP). They highlighted how NLP algorithms can extract critical clinical information from text data, which can then be applied to improve image processing algorithms, ultimately enhancing the precision of medical diagnoses
        ] Jidney, T. T., Biswas, A., Abdullah Al, N. M., Hossain, I., Alam, M. J., Talukder, S., ... & Ullah, M. A.  et al[35]. utilized an automated machine learning technique, combining neural architecture search with transfer learning, to analyze medical imaging. In this approach, Natural Language Processing (NLP) plays a key role by analyzing clinical notes and reports to identify patterns and irregularities that correlate with imaging findings. This integrated method enhances the diagnostic process by providing a multi-modal perspective, combining both image and text data for more accurate diagnoses.
                 Liu, J., & Boa, Y. et al [36[conducted a thorough investigation into the use of machine learning in medical image analysis, focusing on how Natural Language Processing (NLP) can enhance the interpretation and utilization of results. NLP methods can extract valuable information from written annotations and link it to visual data, facilitating more informed decision-making. For example, NLP can help identify key diagnostic phrases in radiology reports and correlate them with specific regions of interest in medical images.
                  Hossain et al.[39] stated a comprehensive analysis of 127 articles was presented, examining various NLP applications in Electronic Health Records (EHRs). These applications included medical note classification, clinical entity recognition, text summarization, deep learning architectures, information extraction, and medical language translation. The study focused on the use of machine learning (ML) and deep learning (DL) techniques, particularly for prediction and classification tasks, which were identified as the most common applications in this field.
          Halalli, B., & Makandar, A. et al [40]. CNN is a specialized DL model that is specifically built to analyze and comprehend images. It works with the supervision of labelled data. The model takes pictures as input, uses a filter to convert the pixels of the image into unique features, and then uses these features to differentiate between different types of data. CNNs generally include three main types of layers: “the convolutional layer, the pooling layer, and the fully connected layer” as shown in Figure 3.
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Figure 3 CNN architecture
           Badža, M. M., & Barjaktarović, M. Č et al .[41] .the CNN architecture was adapted to have an input layer, two core blocks (Block A and Block B), a classification block, and an output layer, which in turn constitute 22 layers. “Block A was made up of the convolution layer followed by the ReLU activation layer, then the dropout layer, and the max pooling layer”. Block B had the same setup, but its input size was not changed. The classification block was made up of two FL layers, with the first completely connected layer flattening out the output and the second being completely connected, with the number of neurons being equal to the number of classifications of the tumour as shown in Figure 4.
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Figure 4 proposes a Schematic representation.
         Sun, J., Peng, Y., Guo, Y., & Li, D et al .[42].Publicized a new progression with which to segment brain tumours in MRI images using a 3D deep multi-pathed FCN. The purpose of this study was to enlarge the segmentation for gliomas using a combination of convolution and transposed convolution layers within a multi-pathway architecture. The dataset for this research was pooled from the BraTS 2019 benchmark. In particular, the benchmark consists of a multi-institutional database with preoperative MRI scans. The scans present with the four standard MRI modalities: T1, T1c, T2, and T2-Flair. In total, 335 cases were studied, both (HGG and LGG.
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Figure 5 The multi-pathway architecture method

     
           ÇINAR, A. & YILDIRIM, M. et al [43]. Developed a combination of usual and unconventional hybrid CNN architectural design to distinguish between cancers of the developed brain using MRI data. The study aimed to improve the accuracy and efficiency in the detection of brain tumours with the aid of deep learning methodologies in supporting radiologists to reduce errors mostly made in conventional methods. The "Brain MRI Images for Brain Tumor Detection" dataset is available on Kaggle; thus, this research implements this dataset that has two folders. The first folder has 98 images of those images of the scans without tumours and the other with 155 images of those images of the scans with malignancies. All images are resized to 224 × 224 for uniformity.

Table 1: Different models and their efficiencies 
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             PANG, T., WONG, J. H. D., NG, W. L. & CHAN, C. S. et al [44]. Was based on improving the categorization of breast masses in ultrasound images. This was achieved by using a semi-supervised Generative Adversarial Network (GAN) -based radiomics model for data augmentation. The driving motive was to address the problem of accessing an adequate amount of labelled medical images, which is a task that is often very time-consuming and labour-intensive.
            KAUR, S., AGGARWAL, H. & RANI, R. 2021 et al.[45]  it was found that such integration of deep learning, transfer learning, and GAN-based data augmentation techniques enhanced the precision and dependability of diagnosing Parkinson's disease using MRI scans.
             Ahsan, M., Khan, A., Khan, K. R., Sinha, B. B., & Sharma, A  et al [46]. Machine learning (ML) demonstrated its potential to transform the medical field by learning from large datasets, identifying trends, and making predictions. The application of ML in medical data analysis has shown improvements in both treatment and diagnosis outcomes. This study explored the diverse applications of ML in areas such as radiology, pathology, genomics, and clinical decision-making. It highlighted the benefits, such as enhanced accuracy and efficiency in diagnosis, as well as challenges, including limitations in implementation. Additionally, the study examined deep learning (DL) algorithms, which have shown promising results in healthcare. The paper concluded by discussing the impact of these technologies on healthcare and potential future advancements in the field.
          Tsuneki, M. et al.[47]. Deep learning in medical image analysis has underscored its potential to improve diagnostic accuracy and efficiency. Early research highlighted that convolutional neural networks (CNNs) often exceeded traditional methods in tasks like classification and pathology detection. However, challenges such as the scarcity of annotated medical image datasets limited model training. To address this, strategies like data augmentation, transfer learning, and expert knowledge integration were proposed. Additionally, the role of computer-aided diagnosis (CAD) systems was noted for their ability to assist healthcare professionals by delivering quick and reliable clinical insights, ultimately enhancing patient care outcomes.
           Pinto-Coelho, L. (2023). Et al[48]. Advancements in medical imaging and artificial intelligence (AI) have transformed healthcare, particularly in early disease detection and diagnosis. Imaging techniques like CT, MRI, and PET provide detailed visuals of the human body, generating vast data that AI can analyze. Deep learning algorithms excel at detecting patterns and features in these images, often revealing information not visible to the human eye. This enhances diagnostic accuracy and aids in identifying early-stage diseases. AI has also improved image segmentation, allowing for precise treatment planning and personalized care. By integrating AI with medical imaging, healthcare professionals can deliver more effective, tailored treatments, ultimately improving patient outcomes and quality of life.
             Vaissnave, V., Nandhini, S., Davamani, K. A., Malathi, P., & Pothumani, S et al.[49] on deep learning has laid a robust foundation for understanding its evolution and applications. Early studies primarily focused on neural networks and their theoretical underpinnings, exploring models like the perceptron and backpropagation methods, which paved the way for more complex architectures. As research advanced, significant emphasis was placed on convolutional neural networks (CNNs) for image processing and recurrent neural networks (RNNs) for sequential data tasks. Key contributions also emerged in areas such as generative adversarial networks (GANs) and transfer learning, highlighting the versatility of deep learning across various domains including healthcare, finance, and natural language processing. This body of work not only showcased the technological advancements but also emphasized the implications of deep learning in ethical discussions and future directions of artificial intelligence research 
        Willemink, M. J., Koszek, W. A., Hardell, C., Wu, J., Fleischmann, D., Harvey, H., ... & Lungren, M. P et al .[50]. artificial intelligence (AI) in medical imaging has highlighted significant advancements in automated tasks such as lesion detection and medical image quantification. Early studies focused on the potential applications of machine learning and deep learning algorithms to improve workflow efficiencies in radiology. However, these studies consistently pointed to major challenges, particularly the limited availability of large, diverse, and curated medical image datasets for training AI models. Consequently, researchers noted that this scarcity of data hindered the generalizability and accuracy of AI solutions, underscoring the necessity for improved data curation and labelling processes to facilitate the successful implementation of AI technologies in clinical settings.
          Baclic, O., Tunis, M., Young, K., Doan, C., Swerdfeger, H., & Schonfeld, J. et al[51]. Natural language processing (NLP) in public health has demonstrated its effectiveness in various applications, such as the analysis of unstructured text from electronic health records, social media, and scientific publications. Notably, NLP has been used to identify at-risk populations and conditions of interest, enabling continuous monitoring of disease incidence and prevalence. Studies have shown that NLP can support systematic reviews to analyze existing interventions and extract valuable health information from vast amounts of data, ultimately enhancing disease surveillance and informing public health decision-making.
          Kalra, N., Verma, P., & Verma, S.et al[52]. Medical diagnosis refers to the process of identifying a person's illness or injury based on the signs, symptoms, and medical history provided by the patient. This includes various assessments such as tests, evaluations, and clinical observations, which help healthcare providers deliver the correct treatment. The advent of Artificial Intelligence (AI) has revolutionized medical diagnostics, offering faster, more accurate results, and reducing costs and manpower needs. AI, particularly through Machine Learning (ML) and Deep Learning (DL), improves diagnostic capabilities by analyzing large datasets, predicting diseases, and creating personalized treatment plans. However, the use of AI in healthcare requires careful handling of ethical, technical, and regulatory challenges, including the need for diverse and high-quality data to ensure accurate, unbiased decisions.

4. Comparative table
                                                 Table 2. Summarization of literature review

	Ref
	Author(s)
	Focus Area
	Key Findings
	Result
	Challenges
	Applications

	[1]
	Khalate, P., Gite, S., Pradhan, B., & Lee, C. W.
	NLP, ML, and DL for Electronic Medical Records (EMRs)
	NLP and DL improved the use of structured EMR data, detecting diseases, and extracting diagnostic info from lab reports. DL (CNNs) improved diagnostic accuracy in imaging.
	Enhanced patient reports, diagnosis, and treatment strategies. Improved outcomes.
	Integrating diverse tech; data quality and interoperability issues
	Healthcare decision-making, disease detection, diagnostic imaging.

	[2]
	Agrawal, S., & Jain, S. K.
	Image analysis in healthcare
	Image analysis, NLP, ML, and DL impact the clinical process, but challenges hinder effective implementation.
	Positive impact on diagnosis and clinical processes.
	Diverse datasets, model complexities, implementation issues.
	Healthcare, clinical diagnosis, image analysis.

	[3]
	Razzak, M. I., Naz, S., & Zaib, A.
	Neural Networks and Deep Learning in Medical Imaging
	DNNs, inspired by biological nervous systems, are effective at classifying complex patterns, outperforming humans in tasks like cancer detection and MRI tumour identification.
	Increased diagnostic accuracy, and improved medical imaging.
	Handling complex patterns, and computational challenges.
	Cancer detection, tumour identification, medical imaging.

	[7]
	Li, M., Jiang, Y., Zhang, Y., & Zhu, H.
	NLP, speech recognition, and DL in medical image analysis
	DL improved diagnosis, treatment, and monitoring by identifying abnormalities in X-rays, MRIs, and CT scans
	Significant improvement in diagnostic accuracy.
	Image complexity, large dataset requirements.
	Medical image analysis, diagnosis, and monitoring.

	[9]
	Altaf, F., Islam, S. M., Akhtar, N., & Janjua, N. K.
	Deep Learning in AI and Medical Imaging
	DL allowed machines to learn complex models, enabling accurate classification tasks. The availability of large datasets, powerful resources, and open-source tools propelled DL’s rise.
	Groundbreaking advancements in medical imaging, especially since the 2010s
	Data labelling, computational load, and complex models.
	AI, computer vision, medical imaging, diagnostics.

	[10]
	Lee, J. G., Jun, S., Cho, Y. W., Lee, H., Kim, G. B., Seo, J. B., & Kim, N
	CNN for image classification in medical imaging
	CNNs simulate the visual cortex for hierarchical image classification. They are effective in detecting visual elements in large datasets like ImageNet.
	Effective for medical image classification and diagnosis.
	Need for large datasets and extensive training.
	Medical image classification, diagnosis enhancement.

	[18]
	Gheisari, M.
	DL in Medical Imaging
	DL methods greatly enhanced image analysis, diagnosis, and treatment planning in medical imaging.
	Improved diagnosis and treatment planning.
	Variability in imaging techniques, algorithm robustness.
	Medical imaging, clinical decision-making.

	[19]
	Ghorbanali, A., & Sohrabi, M. K.
	CNN in image analysis
	CNNs effectively capture complex spatial patterns and autonomously build hierarchical representations from images.
	Significant improvement in image analysis accuracy.
	Handling diverse image types and ensuring generalization.
	Image analysis, pattern recognition in medical imaging.

	[20]
	Wang, W., Liang, D., Chen, Q.
	DL methods in medical imaging
	RNNs and GANs enhanced sequential data handling and data generation for medical imaging.
	Improved data generation and analysis for diagnostic purposes.
	Sequential data complexity, generating realistic samples.
	Sequential data analysis, image generation, medical imaging.

	[21]
	Li, L., Chase, H. S., Patel, C. O., Friedman, C., & Weng, C
	NLP and ML for Electronic Medical Records (EMRs)
	NLP and DL methods enhanced healthcare decision-making by extracting valuable information from unstructured EMR data, improving clinical workflows.
	Improved decision-making and EMR data utilization
	Integrating unstructured data; optimizing clinical workflows.
	Healthcare decision-making, EMR optimization.

	[22]
	Huang G, Li Y, Jameel S, Long Y, Papanastasiou G
	Deep Learning in Healthcare
	DL revolutionized medicine, improving diagnostics, treatment strategies, and decision-making processes. Generalized methodologies were developed for diverse medical tasks.
	Enhanced precision in diagnostics and treatment strategies.
	Generalizing methods across tasks; handling complex medical challenges.
	Healthcare, diagnostics, treatment planning.

	[26]
	Esteva, A., Robicquet, A., Ramsundar, B., Kuleshov, V., DePristo, M., Chou, K., ... & Dean, J.
	Deep Learning and NLP in Healthcare
	Investigated the shift from explainable to interpretable DL methods in NLP. Emphasized the need for transparent and trustworthy models in clinical environments.
	Increased need for transparent AI models in clinical settings.
	Achieving interpretability and trust in AI models.
	NLP, clinical decision support, AI integration.

	[30]
	Anjelin, D. P., & Kumar, S. G.
	Deep Learning for Medical Analysis using EHRs
	Deep learning was used for medical analysis of EHRs, leveraging hierarchical learning for rapid data processing.
	Faster, more accurate analysis of EHR data.
	Need for a well-trained model to handle large data volumes.
	EHR analysis, healthcare decision-making, and data processing.

	[33]
	Altarawneh, M. S.,
	ML for Brain MRI Tumor Detection
	A machine learning system segmented and labelled brain MRI data, using NLP to link radiology reports with images for enhanced tumour detection.
	Enhanced diagnostic accuracy by combining visual and textual data
	Ensuring accuracy in both image segmentation and text analysis.
	Brain tumour detection, radiology report analysis, medical imaging.

	[34]
	Zhang, S., & Niu, Y.
	Optimization Techniques and ML in Medical Imaging
	Optimized ML algorithms and NLP techniques to improve image processing and clinical diagnosis.
	Improved diagnostic accuracy by enhancing image processing with NLP.
	Integrating NLP with image processing algorithms.
	Medical image analysis, diagnostic enhancement, NLP integration.

	[35]
	Jidney, T. T.,
	Automated ML for Medical Imaging
	Used neural architecture search and transfer learning in medical imaging, integrating NLP to identify patterns in clinical notes and images.
	More accurate diagnoses through multi-modal data (image and text).
	Combining image and text data effectively.
	Medical imaging, pattern recognition, diagnostic accuracy.

	[36]
	Liu, J., & Boa, Y.
	Machine Learning and NLP in Medical Image Analysis
	Investigated how NLP can enhance medical image interpretation by linking written annotations with visual data.
	Facilitated informed decision-making by connecting textual and visual data.
	Extracting relevant information from text and correlating it with images
	Medical image analysis, diagnostic support, NLP applications.

	[39]
	Hossain, E.
	NLP Applications in EHRs
	Analyzed 127 articles on NLP applications in EHRs, focusing on classification, entity recognition, text summarization, and prediction tasks.
	Improved prediction and classification tasks in healthcare.
	Data quality and handling varied clinical information.
	EHR management, medical text analysis, NLP applications.

	[40]
	Halalli, B., & Makandar, A.
	CNN in Medical Imaging
	CNNs specialized in analyzing images, using layers to extract features and classify data.
	Improved image analysis and classification in medical imaging.
	Supervised learning challenges; need for large labelled datasets.
	Medical imaging, image classification, CNN applications.

	[41]
	Badža, M. M., & Barjaktarović, M. Č
	CNN Architecture for Tumor Classification
	CNN adapted with two core blocks (A & B) and a classification block for tumour classification.
	A CNN model with 22 layers effectively classified tumours.
	Model complexity; need for a diverse dataset.
	Medical image classification, particularly for brain tumours.

	[42]
	Sun, J., Peng, Y., Guo, Y., & Li, D
	3D Deep Multi-Path FCN for Brain Tumor Segmentation
	Combination of convolution and transposed convolution layers in a multi-pathway architecture for glioma segmentation.
	Successfully segmented gliomas from MRI scans using the BraTS 2019 benchmark.
	Data labelling; ensuring robustness across institutions.
	Brain tumour segmentation in MRI images

	[43]
	ÇINAR, A., & YILDIRIM, M
	Hybrid CNN for Brain Tumor Detection
	Developed hybrid CNN to improve accuracy in detecting brain tumours using MRI images.
	Enhanced efficiency and accuracy in brain tumour detection.
	Need for high-quality annotated datasets.
	Brain tumour detection and diagnosis support for radiologists.

	[44]
	PANG, T., WONG, J. H. D., NG, W. L. & CHAN, C. S.
	GAN-based Radiomics for Breast Mass Categorization
	Used semi-supervised GAN for data augmentation in breast mass categorization from ultrasound images.
	Improved categorization of breast masses with limited labelled images.
	Limited labelled data for training; accuracy of GAN model.
	Breast cancer detection and categorization

	[45]
	KAUR, S., AGGARWAL, H. & RANI, R. 2021 et al.
	Deep Learning, Transfer Learning, and GAN in Parkinson's Diagnosis
	Integration of deep learning and GAN for accurate Parkinson's diagnosis from MRI.
	Enhanced precision in diagnosing Parkinson’s disease.
	Integration of multiple methods; dataset variations.
	Parkinson’s disease diagnosis and monitoring.

		[46]



	



	Ahsan, M., Khan, A., Khan, K. R., Sinha, B. B., & Sharma, A
	Machine Learning in Medical Data Analysis
	ML in medical fields like radiology and genomics can improve diagnosis and treatment accuracy.
	Positive impact on healthcare, improving efficiency and accuracy of diagnosis.
	Data complexity; model interpretability.
	Medical data analysis, improving diagnostics in radiology, pathology, genomics, and clinical decision-making.

	[47]
	Tsuneki, M.
	Deep Learning in Medical Image Analysis
	Deep learning techniques like CNNs excel in improving diagnostic accuracy and efficiency, particularly in image classification tasks.
	CNN models exceeded traditional methods in pathology detection.
	Limited annotated data; generalizability of models.
	Enhanced medical diagnosis, particularly in pathology detection.

	[48]
	Pinto-Coelho, L.
	AI in Medical Imaging
	AI applied to medical imaging (CT, MRI, PET) improves diagnostic accuracy, early disease detection, and personalized care.
	Significant improvements in patient outcomes due to AI integration in imaging.
	Data privacy and security; quality of AI models
	Early disease detection and personalized treatment in healthcare.

	[49]
	Vaissnave, V., Nandhini, S., Davamani, K. A., Malathi, P., & Pothumani, S
	Deep Learning in Image Processing
	Evolution of deep learning architectures, including CNNs, GANs, and RNNs, with applications in healthcare and beyond.
	Deep learning’s flexibility for various domains, including healthcare and finance.
	Ethical implications; computational resources.
	Healthcare, finance, and natural language processing using deep learning.

	[50]
	Willemink, M. J., Koszek, W. A., Hardell, C., Wu, J., Fleischmann, D., Harvey, H., ... & Lungren, M. P
	AI in Medical Imaging Workflow
	AI’s role in automating tasks like lesion detection and image quantification in radiology; challenges in data availability.
	Improved workflow efficiencies in radiology with AI, but hindered by data scarcity.
	Limited data availability and curation.
	Automated lesion detection, medical image quantification, and radiology workflow optimization.

	[51]
	Baclic, O., Tunis, M., Young, K., Doan, C., Swerdfeger, H., & Schonfeld, J.
	Natural Language Processing (NLP) in Public Health
	NLP effectively analyzes unstructured text from sources like electronic health records, social media, and publications.
	NLP has been proven effective in continuous disease monitoring and public health decision-making.
	Handling unstructured data; ensuring data privacy and security.
	Public health surveillance, disease monitoring, systematic reviews, and intervention analysis.

	[52]
	Kalra, N., Verma, P., & Verma, S
	Medical Diagnosis with AI
	AI, specifically Machine Learning (ML) and Deep Learning (DL), improves diagnostic accuracy, and speed, and reduces costs by analyzing large datasets and predicting diseases. However, ethical, technical, and regulatory challenges exist.
	AI models have significantly improved diagnostic processes, but challenges around data quality and ethics remain.
	Diverse and high-quality data is needed; to address ethical, technical, and regulatory issues.
	Medical diagnosis, personalized treatment plans, disease prediction, and cost-effective healthcare solutions.


The analysis reveals that Natural Language Processing (NLP) and Deep Learning (DL) are significantly transforming healthcare by enhancing diagnostics and clinical workflows. These technologies improve the use of Electronic Medical Records (EMRs) for disease detection and contribute to better diagnostic accuracy and treatment strategies. Deep Neural Networks (DNNs) excel by surpassing human performance in complex tasks like cancer detection, ultimately streamlining healthcare processes and enhancing patient outcomes.
5. Extracted Statistics
The focus areas of Natural Language Processing (NLP), Machine Learning (ML), and Deep Learning (DL) is revolutionizing healthcare, particularly in the analysis of Electronic Medical Records (EMRs) and medical imaging. These advanced technologies are used to improve diagnostic accuracy, automate workflows, and enhance decision-making. In medical imaging, Convolutional Neural Networks (CNNs) are widely applied for tasks such as tumour classification and brain MRI tumour detection. Furthermore, DL techniques, including Generative Adversarial Networks (GANs) and transfer learning, are transforming the landscape of medical image analysis, aiding in early diagnosis and personalized treatment planning. The integration of NLP with ML is also advancing the use of Electronic Health Records (EHRs) in extracting critical health insights, enabling more effective and timely patient care.


Figure 6 Statistical representation of the focus areas
The Key findings highlight the transformative role of NLP and DL in healthcare, particularly in improving the use of structured EMR data for disease detection and diagnostic extraction. Deep Learning (DL), especially Convolutional Neural Networks (CNNs), has significantly enhanced diagnostic accuracy in medical imaging, including X-rays, MRIs, and CT scans. The integration of DL methods has led to breakthroughs in image analysis, diagnosis, and treatment planning, with CNNs capturing complex spatial patterns and autonomously building hierarchical representations from images. Additionally, machine learning (ML) techniques like RNNs and GANs have improved data handling and generated new insights in medical imaging. However, challenges in data availability, transparency, and interpretability of models persist, particularly when integrating NLP with DL in clinical workflows. Despite these challenges, the combination of AI, ML, and DL is revolutionizing diagnostic accuracy, treatment strategies, and healthcare decision-making, although ethical and regulatory concerns remain.

Figure 7 Statistical representation of the key findings

AI advancements in medical imaging and diagnostic processes have led to enhanced patient reports, more accurate diagnoses, and improved treatment strategies. The integration of deep learning, especially CNN models, has greatly increased diagnostic precision, facilitating better decision-making and enhanced outcomes. With improved image analysis, multi-modal data integration, and natural language processing (NLP), healthcare professionals now benefit from faster, more accurate diagnoses. However, challenges such as data scarcity and ethical concerns around AI transparency in clinical settings persist.

Figure 8 Statistical representation about the Result

 The challenges of diverse technologies in healthcare AI face several challenges, including issues with data quality, interoperability, and handling complex datasets. The need for large, high-quality labelled datasets and extensive training adds to the difficulty while ensuring robustness across different imaging techniques and institutions remains a significant hurdle. Additionally, combining image and text data effectively, addressing computational load, and achieving model interpretability are key concerns. Ethical implications, data privacy, and security issues further complicate the deployment of AI models in clinical settings.

Figure 9 Statistical Representation of the Challenges
The Applications in healthcare include AI-driven decision-making, disease detection, and diagnostic imaging, particularly in areas like cancer detection, tumour identification, and medical image analysis. AI and computer vision enhance clinical diagnoses by improving diagnostic accuracy, supporting tumour detection, and optimizing workflows. Integrating NLP and deep learning into healthcare systems allows for efficient analysis of electronic health records (EHRs) and medical texts, enhancing clinical decision support, treatment planning, and personalized care. Key applications span across brain tumour detection, breast cancer screening, Parkinson’s disease monitoring, and automated lesion detection, improving diagnostic precision and fostering personalized, cost-effective healthcare solutions.

Figure 10 Statistical representation about The application
Outcomes and Findings:
· Enhanced Diagnostic Accuracy: AI and deep learning have greatly improved disease detection in medical imaging.
· Automated EMR Analysis: NLP enables efficient automation of unstructured data analysis in Electronic Medical Records, enhancing workflow.
· Advancements in Imaging Techniques: AI supports image segmentation, classification, and registration across various imaging modalities such as X-ray, CT, and MRI.
· Data Availability Challenges: There is a significant limitation due to the lack of large, annotated datasets required for effective AI model training.
· Robotic Surgery Potential: AI technologies may enhance robotic surgery, improving early disease detection accuracy.
· Emerging Innovations: New techniques, including holography and attention models, are being explored to innovate medical imaging.
· Collaboration Necessity: Interdisciplinary collaboration between healthcare professionals and AI experts is vital for better model interpretation and practical application.
· Ethical and Regulatory Challenges: Addressing ethical and regulatory issues is essential for the successful integration of AI in healthcare.
Future Challenges in Deep Learning for Medical Imaging with NLP Algorithms:
· Data Scarcity: A notable shortage of large, well-annotated datasets hampers effective deep-learning model training.
· Integration Complexity: Merging unstructured data from sources like Electronic Medical Records (EMRs) with imaging data is challenging.
· Model Interpretability: The need for understanding and explaining deep learning predictions remains a barrier to clinical acceptance.
· Ethical and Regulatory Issues: Establishing frameworks for ethical considerations and regulatory compliance in AI applications is essential.
· Bias and Fairness: Ensuring algorithms are unbiased and provide equitable outcomes across diverse demographics is critical.
· Real-time Processing: Achieving immediate data processing capabilities for imaging applications in critical care settings is complex.
· Generalizability: Maintaining model performance across various populations and environments poses ongoing difficulties.
· Integration with Clinical Workflows: Effectively incorporating AI and NLP technologies into current clinical practices without disruption presents challenges.
· Transparency of Algorithms: Enhancing the transparency of AI algorithms is necessary to build trust among healthcare professionals.
· Continuous Learning and Adaptation: Creating systems that can adapt to new data while sustaining reliability is a significant challenge.




Conclusion
In conclusion, the integration of artificial intelligence (AI) and deep learning in medical imaging has the potential to significantly improve healthcare by enhancing diagnostic accuracy and treatment approaches. While advancements in machine learning techniques have improved the analysis of various imaging modalities, challenges like the scarcity of high-quality annotated datasets and the difficulty of integrating unstructured data from electronic medical records hinder AI implementation. Future research should focus on increasing dataset availability, adopting unsupervised learning methods, and fostering collaboration between AI developers and healthcare professionals. Establishing consistent evaluation metrics for AI models and providing training for healthcare providers also essential for effective AI utilization. To fully realize the benefits of AI in medical imaging, ongoing efforts must ensure these technologies remain clinically relevant and ethically sound, ultimately aiming to enhance patient outcomes through effective diagnostics.

 Recommendations for future work 
The paper presents Here are some recommendations for future work based on the comprehensive review:
· Dataset Enhancement: Develop strategies for larger and more diverse annotated datasets to improve AI training in medical imaging.
· Multi-modal Data Integration: Use various data types (text and images) to improve diagnostic accuracy and decision-making.
· Unsupervised Learning Research: Focus on unsupervised and semi-supervised learning to better manage unstructured Electronic Medical Records data.
· Collaboration Across Disciplines: Promote cooperation between AI developers, data scientists, and healthcare professionals for clinically relevant AI models.
· Ethical Frameworks: Establish guidelines and regulations to navigate AI challenges in healthcare.
· Real-time Processing Development: Create algorithms for real-time medical imaging data processing, essential for acute care.
· Standardized Evaluation Metrics: Develop benchmarks for assessing deep learning methods for reliability in studies.
· Healthcare Training Programs: Train healthcare providers on effectively utilizing AI tools in their practices.
· Advanced AI Techniques: Explore advanced methodologies like transfer learning and ensemble methods to improve medical imaging models.
Disclaimer (Artificial intelligence)
· Option 1: 
· Author(s) hereby declare that NO generative AI technologies such as Large Language Models (ChatGPT, COPILOT, etc.) and text-to-image generators have been used during the writing or editing of this manuscript. 
· Option 2: 
· Author(s) hereby declare that generative AI technologies such as Large Language Models, etc. have been used during the writing or editing of manuscripts. This explanation will include the name, version, model, and source of the generative AI technology and as well as all input prompts provided to the generative AI technology
· Details of the AI usage are given below:
· 1.
· 2.
· 3.
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