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Abstract
The rapid growth of Artificial Intelligence (AI) and Machine Learning (ML) applications in various medical fields has demonstrated significant potential for delivering accurate, effective, and impactful preventive and curative interventions. However, concerns persist regarding the potential risks, harm, and trust issues associated with the opacity of certain AI algorithms due to their lack of explainability. This raises an important question: how can decisions made by these AI-based systems be trusted if their decision-making processes cannot be clearly understood? Many of the health care or health care business processing companies are using AI tools for optimizing of their business process. Some of the health care BPO who process the patient documents for insurance purpose. They do the chronology of documents datewise and according to the history of patient’s ailments. For this reason the companies require the documents to be classified in the specified classes and arranged accordingly. The documents are collection of scanned pages or electronically typed document which is to be classified under different categories as per the flow of the ailment history. When the patient was diagnosed about the decease, the lab reports, radiology reports are to be classified and arranged in order.  Some of the machine learning algorithm can solve such problems by using count vectorizers and TF-IDFs and word vec and further using classification algorithms. The problem arises here is it depends on the word count in each document for classification, which may bais even after getting high accuracy result, there is a chance of mis-classification. So how to address this issue. Explainable Artificial Intelligence (XAI) aims to address these concerns. In this study, we explore recent advancements in XAI within the medical domain, providing a systematic review of the methods and techniques highlighted in the literature while identifying key opportunities for future research.
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1.1 Introduction:
Artificial Intelligence (AI) has profoundly transformed various industries, with healthcare experiencing remarkable advancements [1], [2]. The incorporation of AI technologies into healthcare systems has made previously unimaginable progress possible, such as improved diagnostic accuracy, tailored treatment plans, and greater operational efficiency [3], [4]. Machine learning (ML) and deep learning (DL), key branches of AI, play a pivotal role in analysing and processing extensive datasets, which are essential for predictive analytics and informed decision-making in clinical settings [5], [6].
Despite its transformative potential, the adoption of AI in healthcare presents significant challenges, particularly concerning the transparency and interpretability of AI models. Explainable AI (XAI) aims to tackle these issues by offering methods that make AI decision-making processes understandable to humans. This is especially critical in healthcare, where it is essential for clinicians and patients to comprehend the reasoning behind AI-generated predictions [7], [8], [9]. Moreover, as AI systems grow increasingly complex, their decision-making processes become opaquer, raising concerns about trust, accountability, and ethical application. By addressing these challenges, XAI can improve trust, acceptance, and reliability, thereby supporting the integration of AI technologies into medical practice.
Over the years, researchers have conducted numerous reviews on the use of AI in healthcare. Some have explored the general applications of AI models in the sector [7], [8], [9] while others have examined its potential in predictive analytics for clinical environments [7 and drug discovery [2] [7]. Additionally, certain reviews have discussed the ethical considerations and regulatory challenges associated with AI in healthcare [3], [8]. However, most of these reviews either take a broad perspective on AI or lack a detailed analysis of explainable AI (XAI) specifically tailored to healthcare. Given the significant advancements in healthcare AI and XAI in recent years, there is a clear need for an updated review that captures these developments and offers actionable insights.
This study aims to deliver a thorough review of explainable AI (XAI) in healthcare. It focuses on examining the foundational principles of XAI, exploring its various applications within the healthcare sector, identifying the major challenges it encounters, and proposing potential solutions for its effective implementation in medical practice. The significance of this study lies in the increasing need for transparency and interpretability to ensure the ethical deployment of AI technologies in healthcare environments.




1.2 Literature Review
The use of AI in healthcare has advanced rapidly in recent years, with numerous studies exploring its diverse applications and impacts. For instance, Maleki and Forouzanfar provided a comprehensive analysis of AI's potential in clinical settings, emphasizing its role in enhancing diagnostic accuracy and improving patient care. More recently, Kalra et al.  investigated the expanding use of AI in medical diagnosis, focusing on its integration with electronic health systems and addressing the challenges of incorporating AI into clinical workflows. Likewise, Lee C.-H et al [1] reviewed AI applications in medicine, highlighting various AI models and their effectiveness in disease prediction and management.
Explainable AI (XAI) is a vital subfield of AI that focuses on ensuring transparency and interpretability in AI models. Hulsen T. Explainable AI [9] conducted a comprehensive review of XAI techniques, categorizing them into model-specific and model-agnostic approaches, while emphasizing XAI's critical role in building trust and accountability in AI systems. Notable contributions to the field include Lesley U. [3], which explored computational techniques for XAI, presenting state-of-the-art methods for enhancing explainability. Similarly, Longo et al. offered a forward-looking perspective on XAI 2.0, highlighting emerging interdisciplinary research directions and addressing unresolved challenges in AI model interpretability.

1.3 Statement of Problem
In today’s fast-paced world, Artificial Intelligence is transforming industries, and healthcare BPOs are no exception. AI-powered solutions are enhancing efficiency, accuracy, and patient care, making healthcare outsourcing more effective than ever before. The healthcare BPOs providing services to major Law attorneys for Insurance claim were facing a huge problem in classifying medical documents. These companies receive patients documents with scanned copies of hand written prescriptions, typed documents, lab reports and radiology images concluding patient’s history and treatment. Traditional healthcare BPO processes involve extensive manual work, from data entry to claims processing. But with AI, companies can streamline operations, reduce errors, and improve turnaround times.
Traditional Healthcare BPO (Business Process Outsourcing) relies heavily on manual tasks, including data entry, claims processing, medical coding, patient record management, and billing. These processes are time-consuming, error-prone, and require significant human effort.

With the integration of Artificial Intelligence (AI), companies can automate and optimize these operations, leading to faster processing, reduced costs, and improved accuracy.
BPOs receive medical documents in PDF format, which must be manually reviewed and classified based on treatment details in a date-wise chronological order. This process is highly time-consuming, especially for employees who are doctors or healthcare professionals. Managing and organizing large patient records, often spanning 1,000 to 10,000 pages, becomes a significant challenge.
AI can streamline this process by automatically classifying medical documents into predefined categories essential for insurance claims (e.g., Consultation, Lab Reports, Medical Bills, etc.). However, a key challenge arises when certain documents contain information about a patient's medical condition and require an explanatory note.
    

Automation of Manual Tasks
· Traditional Approach: Employees manually enter data, verify patient details, and process claims, leading to high error rates and slow processing.
· With AI: Optical Character Recognition (OCR) and Natural Language Processing (NLP) can automatically extract and input data, reducing manual effort and improving efficiency. AI-powered tools can scan medical documents, extract relevant information, and enter it into databases within seconds.
Faster & More Accurate Claims Processing
· Traditional Approach: Claims verification involves manual checking of patient history, insurance details, and treatment records, leading to delays and potential denials due to errors.
· With AI: Machine Learning (ML) algorithms analyze claims data in real-time, flagging inconsistencies and automatically approving or escalating claims.
Predictive Analytics for Better Decision-Making
· Traditional Approach: BPO companies rely on historical data and human judgment to assess risks and detect anomalies.
· With AI: Predictive analytics can forecast claim denials, identify fraud risks, and optimize workforce allocation.

Enhanced Compliance & Reduced Errors
· Traditional Approach: Compliance with HIPAA, GDPR, and other regulations requires manual audits and reporting, which are time-consuming and prone to errors.
· With AI: Automated compliance monitoring ensures data security, flags regulatory violations, and maintains audit trails for transparency.

2.0 Traditional way of classifying medical documents using ML algorithms
1. Input and Text Extraction: A medical document is provided in PDF format and converted into a text document. The system processes this document, extracts its content, and generates a list of phrases for the next step.
2. Cleaning Process: The extracted text contains words, phrases, symbols, punctuation, dates, and other elements that could introduce noise. To ensure accurate classification, only relevant words are retained while unnecessary elements are removed.
3. Refined Word List: After cleaning, a refined list of meaningful words is created, eliminating unwanted characters and irrelevant text.
4. Feature Extraction: The processed word list undergoes Count Vectorization (CV) and TF-IDF (Term Frequency-Inverse Document Frequency). CV converts words into binary values (1s and 0s), while TF-IDF calculates word frequencies and assigns weightage, making the data machine-readable.
5. Machine Learning Processing: The transformed data is passed through a machine learning algorithm, which uses CV or TF-IDF vectors to compare the document’s words with a predefined vocabulary. The algorithm assigns weightage to the document’s content based on similarity.
6. Classification and Evaluation: The algorithm determines the probability of the document belonging to a specific category, ensuring accuracy through precision and recall metrics. Since medical document classification is critical, extra attention is given to minimizing false positives to avoid misclassification risks.
7. Final Output: The system classifies the document and presents the classification result to the user.

2.1 Result:
  precision    recall  f1-score   support

           Affidavit       				1.00      0.96      0.98        46
           Anesthesia_Record			0.99      0.79      0.88       106
           CT					0.94      0.99      0.96       423
           Consent				0.93      0.96      0.95       269
           Culture_and_Sensitivity_Test	1.00      0.94      0.97        94

The above result demonstrates the classification of medical documents into different categories with high accuracy. However, it lacks an explanation of why a document is assigned to a specific class. There is no justification provided to verify whether the classification is correct or not. 

3.0 Processing the medical documents in better way with Explainable AI
Explainable AI (XAI) focuses on creating AI systems that provide human-interpretable explanations for their predictions or decisions. While significant progress has been made, several areas remain ripe for further research to address the growing demands for transparency, trust, and accountability in AI systems. Below are key future research directions:
Classifying Medical Documents with Explainability Using LIME. LIME (Local Interpretable Model-agnostic Explanations) is a powerful tool for explaining the predictions of machine learning models. When classifying medical documents, LIME helps in understanding why a document is classified into a particular category by highlighting the most influential words.
How LIME Works in Medical Document Classification
1. Preprocessing & Feature Extraction:
· Convert the medical document from PDF to text.
· Clean the text by removing symbols, punctuation, and irrelevant elements.
· Apply Count Vectorization (CV) or TF-IDF to transform the text into numerical representations.

2. Model Training & Prediction:
· Use a machine learning model (e.g., Naïve Bayes, SVM, or Deep Learning) to classify the document.
· The model predicts a category based on learned patterns.
3. Applying LIME for Explainability:
· LIME generates multiple perturbed versions of the document by making small changes (removing or replacing words).
· It observes how these changes impact the model's classification decision.
· It assigns importance scores to words, highlighting the ones most responsible for the classification.
4. Interpreting Results:
· LIME provides a visual explanation, showing the most important words that contributed to the classification.
· If a document is classified incorrectly, LIME helps in identifying whether the error is due to misleading terms or data bias.

3.1 Gap Analysis : Standardization and Evaluation of Explanations
· Challenge: There are no universally accepted metrics or benchmarks to evaluate the quality of explanations.
· Research Directions:
· Define quantitative metrics for assessing the effectiveness of explanations (e.g., fidelity, comprehensibility, and relevance).
· Conduct user studies to measure the trust and usability of different XAI methods across various domains.




3.3 Current conclusion:
To accelerate the processing of medical documents, including screening, classification, and chronological arrangement, healthcare BPO service providers are leveraging technology to reduce workload and improve efficiency and accuracy. This adoption not only enhances their operational speed but also strengthens their market position, driving business growth, revenue generation, and overall economic development. Additionally, integrating AI and Explainable AI enables these companies to deliver more reliable results, stay competitive, and ensure long-term sustainability in the industry.
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