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ABSTRACT

Classification of clinical texts has a significant impact on disease diagnosis, medical re-

search and automated development of disease ontologies. Because they contain terms that

describe medical concepts and terminology, the data set is quite noisy and the text in the

transcriptions overlaps with the categories making clinical text difficult to classify. The

clinical narrative, which provides a patient’s history and evaluations as well as data for

clinical decision-making, is the main form of communication in the medical field. The

aim of the study is to make disease diagnoses based on medical records using ML algo-

rithms. The proposed clinical text classification model using weak monitoring to reduce

the human efforts to create labeled training data and conduct feature engineering. The

primary objective is to contrast this approach with a logistic regression model to classify

medical records clinical text and expect superior performance compared to the logistic re-

gression model for an imbalanced medical transcriptions dataset. A promising intelligent

data-driven health system to archive and classify healthcare records relies on the ability to

extract and contextualize unstructured medical data in a form of a single easy-to-use API

by leveraging Machine Learning (ML) services from Amazon cloud in a clinical work-

flow. AWS services such as S3, Textract, Comprehend Medical, and DynamoDB can be

integrated to create a comprehensive solution for handling medical document processing,

extracting medical information, performing medical text analysis, and storing the data in a

structured manner.
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CHAPTER I : I NTRODUCTION

In the �eld of NLP, text classi�cation is one of the most important �elds and it helps in

the assignment of the text documents to proper classes depending on their content. Many

challenges and solutions are exhibited by the publicly available documents and its classi�-

cation is mainly intended for web classi�cation, unstructured text classi�cation, sentiment

classi�cation, spam e-mail �ltering and author identi�cation [2]. The medical records in-

clude the doctor's examination, diagnosis procedures, treatment protocols and noti�cation

of improvement of the disease in the patient. The entire medical history, along with the

prescription effect of the medicine on the patient, is also stored in the medical record. The

medical literature includes the oldest and recent documents of the medical techniques used

for diagnosis and treatment of a particular disease. Both information resources are very

important in the �eld of clinical medicine. Due to the advent of information technology, a

tremendous quantity of electronic medical records and literature have been found online,

which provides good resources for data mining in the medical �eld. Text classi�cation

in the medical �eld is quite challenging because of two main issues: �rst, it has a few

grammatical mistakes, and second, a lot of medical techniques are presented in the text [3].

For the past several decades, a community of researchers working at the intersection of

computer science and medicine have developed strategies for information extraction and

modeling of clinical text, using techniques somewhat distinct from those of the broader

natural language processing (NLP) research community [4]. Their efforts have led to the

development of new methods and the production of both commercial and open-source soft-

ware systems for clinical text mining [5]. In recent years, technology giants like Ama-

zon and Google have also recognized the importance of clinical text mining and joined the

Fray. Amazon Comprehend Medical now comes packaged as a software add-on to Amazon

Web Services, incentivizing storage of Electronic Health Record (EHR) data on Amazon's

HIPAA (Health In- surance Portability and Accountability Act)-compliant cloud platform
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Figure 1.1: Clinical NLP [1]

by providing seam- less clinical text processing. Dedicated clinical text–processing com-

panies such as Clinithink, Linguamatics, and Apixio have built proprietary systems of their

own, promising to improve clinical trial recruitment, disease registry creation, government

reporting, and billing, all through improved mining of unstructured clinical text [6]. Thus,

the analysis of unstructured data with a novel solution for data sensitivity, security, quality,

and accessibility using ML and NLP should be proposed. The main goal of this research is

to develop ML and NLP method for recognizing unstructured clinical text data and classify

it [7].

Amazon Web Services (AWS) offers a powerful suite of services that can be combined

to create a solution for managing medical documents, extracting information, and perform-

ing analysis. Amazon S3 (Simple Storage Service) is AWS's object storage service, ideal

for storing and retrieving data. You can upload and store your documents (PDFs, images,

etc.) in S3 buckets. Amazon Textract is an AWS service for extracting text and data from

scanned documents, images, and PDFs. It uses ML to analyze the documents and extract

structured data. We can con�gure S3 buckets to trigger Textract automatically when new
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documents are uploaded. Amazon Comprehend is a NLP service that can be used to per-

form sentiment analysis, entity recognition, key phrase extraction, and language detection.

Once Textract extracts the text from documents, we can use Comprehend to analyze the

extracted text for insights. This combined solution of AWS S3, Textract, and Comprehend

medical can automate healthcare document processing, text extraction, and provide deeper

insights into the content of documents, enabling various analytical possibilities.
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CHAPTER II : B ACKGROUND

Healthcare Clinical Text Classi�cation of medical transcriptions based on various diseases

has seen some of the greatest growth. NLP for Healthcare Using NLTK, spaCy, TF-IDF,

and Word Embedding with non-sequence and sequence modeling like LSTM and Trans-

former has received critical acclaim for revealing hidden information in clinical texts. NLP

has become a hot topic in AI research and applications as ML and deep learning (DL)

algorithms have advanced because text, such as English sentences, is a signi�cant type of

natural language data. Text is often present in healthcare datasets like EHR. Clinical Named

Entity Recognition (NER), clinical text classi�cation, and other similar methods are among

the many AI approaches to text data in the healthcare industry. Clinical text analysis is a

topic of study that involves using NLP and other computational approaches to extract and

evaluate information from clinical texts, such as electronic medical records (EMRs), clin-

ical notes and other types of healthcare documents. The purpose of clinical text analysis

is to �nd patterns and trends in clinical data and to use this knowledge to improve patient

care, progress medical research and optimize healthcare systems. To extract and classify in-

formation from clinical texts, several NLP approaches such as tokenization, part-of-speech

tagging, and named entity identi�cation are used. It also entails the application of ML algo-

rithms to �nd patterns and trends in data. Hospitals health clinics and of�ces of practicing

physicians all have access to historical data on public health care [8]. Unfortunately, fewer

of those data have been utilized to assist physicians or others in learning new information

and comprehending their patients' health conditions in society at large. With predictions

based on health care history data, expert systems and decision-making may be able to use

health care history data as a knowledge base to ascertain a person's health status [3].

A Medical Records Archival application serves a crucial role in the healthcare indus-

try. Healthcare providers are required to maintain patient records for extended periods to

comply with legal and regulatory requirements. An archival application ensures secure,
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long-term storage and easy retrieval of historical patient data, meeting compliance stan-

dards like HIPAA. Over time, patient records accumulate. An archival system allows for

ef�cient organization, indexing, and retrieval of older records, enabling healthcare profes-

sionals to access patient data quickly, aiding in decision-making and patient care. Digi-

tizing and archiving medical records reduces the need for physical storage, cutting down

on paper-based storage costs, physical space requirements, and the time spent searching

for and managing paper documents. Archived records provide valuable data for research,

trend analysis, and understanding patient histories over time [9]. This aids in identifying

patterns, improving treatments, and contributing to medical research.
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CHAPTER III : H EALTHCARE TEXT ANALYTICS USING

RECENT ML T ECHNIQUES

Through the extraction of insightful information from massive amounts of unstructured

clinical and medical text data, healthcare text analytics, enabled by modern ML techniques,

has the potential to completely transform the healthcare sector. Various uses for these

insights include disease diagnosis, therapy suggestions, patient management, and medical

research [8]. Healthcare text analytics can leverage recent ML techniques as mentioned

below:

• EHR Analysis: This can be analyzed by ML models to extract structured data such

patient demographics, medical history, and test results. Unstructured clinical notes

and narratives can be mined for information using NLP techniques. Named Entity

Recognition (NER) models may recognize and classify items such as illnesses, signs,

treatments, and procedures described in clinical writing.

• Clinical Decision Support: Medical personnel can access real-time decision support

from ML algorithms by analyzing clinical text data. For instance, using symptoms, a

person's medical history, and the results of tests, ML models can help diagnose dis-

eases. By taking into account patient-speci�c data, recommended treatments, and the

most recent medical research, machine learning models can suggest individualized

treatment strategies.

• Pharmacovigilance: By examining adverse event reports, social media data, and

medical literature, ML can improve medication safety monitoring. Potential safety

issues and new trends can be found using sentiment analysis and topic modeling.

Drug interactions, contraindications, and adverse effects can all be automatically de-

tected using ML models.
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• Healthcare Fraud Detection: Healthcare providers and payers can reduce costs by

identifying fraudulent claims and activity in insurance data using ML approaches,

such as anomaly detection and predictive modeling.

• Disease Outbreak Prediction: To spot illness outbreaks early on, ML models can

examine text data from the healthcare industry as well as news articles and social

media posts. In order to prevent the spread of diseases, this can assist public health

organizations.

• Patient Engagement and Chatbots: ML-powered chatbots and virtual assistants can

answer patient queries, schedule appointments, and provide health-related recom-

mendations based on natural language understanding and generation.

• Clinical Research: Based on NLP and generation, ML-powered chatbots and virtual

assistants may book appointments, respond to patient questions, and provide recom-

mendations regarding their health.

• Radiology and Medical Imaging: To help radiologists �nd anomalies and diseases

like cancer and fractures, ML models may examine radiology reports and medical

images.

The accuracy and performance of NLP jobs in healthcare text analytics have consid-

erably improved recently because to deep learning developments including transformer-

based models like BERT and GPT. Additionally, ML models can be improved upon using

data particular to the healthcare industry thanks to transfer learning approaches, which can

increase their ef�cacy. However, while deploying healthcare text analytics solutions, it's

crucial to take regulatory compliance and data privacy into consideration because health-

care data is extremely sensitive and governed by tight standards like HIPAA in the United

States. To guarantee patient data security and compliance with healthcare laws, proper data

anonymization and encryption are essential.
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Multi-class classi�cation of medical speciality

Performing multi-class classi�cation in the context of healthcare specialties can be

achieved using logistic regression with Scikit-Learn. We have a dataset where each sample

is associated with a particular healthcare specialty (such as cardiology, oncology, neurol-

ogy, etc.) and various features related to patients or medical records.

Scikit-Learn

Scikit-Learn, a popular machine learning library in Python, provides various models

and tools for implementing logistic regression for multi-class classi�cation.

Logistic Regression

In Python using scikit-learn, we can build a ML model for multi-class classi�cation

using logistic regression.Texts are preprocessed using spaCy or scispaCy for tokenization,

lemmatization, and stop word removal.TF-IDF vectorization is used to convert the pro-

cessed text data into numerical features. A multi-class logistic regression model is trained

and evaluated using the LogisticRegression class from scikit-learn. Finally, the model is

used to make predictions on new text data.

SMOTE

SMOTE stands for Synthetic Minority Over-sampling Technique, a method used in

dealing with imbalanced datasets, especially in the context of machine learning classi�ca-

tion tasks.

Imbalanced datasets, where one class is signi�cantly more prevalent than another, can

lead to biased models that favor the majority class. SMOTE is a resampling technique that

addresses this issue by oversampling the minority class, creating synthetic samples rather

than replicating existing ones [10].
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SMOTE works by generating synthetic examples from the minority class. It does this

by selecting a sample from the minority class and �nding its k-nearest neighbors. It then

creates synthetic examples along the line segments joining these k-nearest neighbors [11].

Key Steps in the SMOTE Algorithm:

• Selecting a Sample: Choose a sample from the minority class.

• Finding Nearest Neighbors: Identify its k-nearest neighbors in the feature space.

• Creating Synthetic Samples: Generate synthetic samples by interpolating between

the chosen sample and its neighbors.

SMOTE is an effective technique in handling imbalanced datasets by creating synthetic

samples, thus improving the robustness and accuracy of models, particularly in situations

where the class imbalance is signi�cant [12].

Assumptions

• Clinical Notes recorded in unstructured format.

• Clinical Notes contain vast amount of information.

• If there are certain medical specialty samples are in minotity as compared to other

samples, it is imbalanced dataset.

Delimitations

• To develop ML-based Health Care text analysis models for disease classi�cation.

• To classify medical specialty based on clinical transcriptions using Logistic Regres-

sion Classi�er and SMOTE Algorithms.



10

CHAPTER IV : DATA CLASSIFICATION USING AWS CLOUD

ML SERVICES

An IT solution to archive medical records and analyze its text to auto-classify it using AWS

Cloud ML Services.

Figure 4.1: Medical Archive and Analyze IT Application

According to the cloud computing paradigm, data is permanently kept on internet

servers and temporarily cached on clients, such as desktops, media centers, table com-

puters, notebooks, wall computers, handheld devices, sensors, and monitors.

There are several service models and deployment models in cloud computing as men-

tioned below [13].

Service Models:

• Software-as-a-Service (SaaS): Virtual machines, storage, and networking are among

the virtualized computing resources that users can rent. Both the operating system

and the apps are under their control.

• Platform-as-a-Service (PaaS): PaaS offers a platform with the necessary infrastruc-

ture, tools, and services to create, launch, and manage applications. Users concen-
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trate on creating applications while the cloud service provider manages the infras-

tructure.

• Infrastructure-as-a-Service (IaaS): Virtualized computing resources, such as virtual

machines, storage, and networking, are made available to customers through IaaS.

Users don't have to spend money on actual hardware because they can manage and

con�gure these resources. IaaS providers like Amazon Web Services (AWS) and

Microsoft Azure are two examples.

Cloud deployment models include:

• Public Cloud: Services are offered to the general public and are hosted and run by

outside cloud service providers. Offerings for the public cloud are frequently afford-

able and scalable. AWS, Azure, and Google Cloud Platform (GCP) are signi�cant

public cloud service providers.

• Private Cloud: A private cloud can be hosted on-site or by a third-party provider and

is exclusive to a single company. Private clouds provide more �exibility, security,

and control possibilities.

• Hybrid Cloud: The components of both public and private clouds are combined in

a hybrid cloud, enabling data and applications to be transferred across them. It pro-

vides adaptability and workload optimization.

Below are the Cloud Computing Bene�ts

• Accessibility anywhere, with any device

• Ability to get rid of most or all hardware and software

• Centralized data security

• Higher performance and availability
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• Quick application deployment

• Instant business insights

• Business continuity

• Price-performance and cost savings

• Virtualized computing

• Cloud computing is greener

ECM Cloud Using AWS Services

Solutions for Enterprise Content Management that are hosted and provided using cloud

computing infrastructure are referred to as ECM Cloud. An organization can capture, man-

age, store, preserve, and deliver material and documents linked to their business processes

using an ECM, which is a collection of strategies, processes, and tools.

It has following bene�ts:

• Faster con�guration

• User Improved user experience and accessibility

• Data location

• Reduced Cost

• Security and Protection

• Accessibility and Productivity

• Automatic updates, reduced costs and efforts

Here's a solution that incorporates these services to create a medical cloud to store and

analyze healthcare records.
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Figure 4.2: AWS Cloud Block Diagram

• Amazon S3 (Simple Storage Service): Use S3 for storing medical documents like

patient records, medical reports, images, and other related data.

• Amazon Textract: Textract is used to extract text and data from medical documents,

such as medical reports, patient history, etc. It automatically identi�es and extracts

information from various document types [14].

• Amazon Comprehend Medical: Comprehend Medical is an NLP service designed

speci�cally for extracting medical information and identifying entities like medical

conditions, medications, dosages, treatment details, etc., from unstructured medical

text [15].

• DynamoDB: DynamoDB is a NoSQL database service that provides high-performance,

scalable storage. It can be used to store structured medical information extracted

from documents.

Below are the steps in our work�ow.

• Set up Amazon S3: Create S3 buckets to store medical documents securely. Con�g-

ure access permissions and encryption as per compliance requirements.
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• Use Amazon Textract: Con�gure S3 bucket event noti�cations to trigger Textract

when new medical documents are uploaded. Textract will analyze the documents,

extract text and structured data related to patients, treatments, medications, etc.

• Use Amazon Comprehend Medical: Pass the extracted text from Textract to Com-

prehend Medical for medical entity extraction and analysis. Utilize Comprehend

Medical's APIs to extract medical information like medical conditions, medications,

dosages, etc.

• Store Data in DynamoDB: Create a DynamoDB table to store the structured medi-

cal information extracted from documents. De�ne the schema based on the entities

extracted by Comprehend Medical (e.g., patient ID, medical condition, medication,

dosage, date, etc.).

• Application Integration: Integrate the data stored in DynamoDB into your applica-

tions or medical systems for retrieval, analytics, or further processing.

Storage S3

One of the most well-known and often used cloud storage services provided by AWS

is Amazon S3 (Simple Storage Service). For a variety of applications, from straightfor-

ward data storage to intricate big data analytics and content distribution, it offers scalable,

resilient, secure, and highly available object storage.

Key features and concepts of Amazon S3 include:

• Objects: Data is kept in Amazon S3 as objects, each of which includes the data itself,

a special key (such a �lename), and metadata. The size of an object might vary, from

a few bytes to many terabytes.
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Figure 4.3: AWS S3 Storage

• Buckets: In Amazon S3, data is arranged into units called buckets. To manage your

data, you can establish many buckets in your AWS account. Each bucket has a name

that is globally unique.

• Data Durability and Availability: With a data durability of 99.999999999 percent

[16] over a given year, Amazon S3 is made for high durability. Additionally, it offers

high availability, guaranteeing that your data is available when required.

• Data Access Control: To limit who may access your data and what they can do with

it, S3 provides a comprehensive set of access control tools, such as bucket policies

and Access Control Lists (ACLs). You have the option of making an item public or

limiting access to certain AWS users or roles.

• Data Encryption: Both in-transit and at-rest encryption are supported by S3. You can

encrypt data at rest using server-side encryption (SSE) and data in transit using SS-

L/TLS. The SSE-S3, SSE-KMS (Key Management Service), and SSE-C (Customer-

Provided Keys) options are available.

• Versioning: You may retain several versions of any object in a bucket by turning on

versioning in S3. For data backup and recovery scenarios, this can be helpful.
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• Lifecycle Policies: To automatically move items to other storage classes (such as

from Standard to Glacier for archiving) or remove things that are no longer required,

you can specify lifecycle policies.

• Cross-Region Replication: By enabling object replication across many AWS regions,

S3 delivers disaster recovery capabilities and low-latency access to data across nu-

merous locations.

• Event Noti�cations: You can set up event alerts to launch speci�ed actions (such

calling AWS Lambda functions) in response to certain S3 bucket events, including

the addition of new objects.

• Integration: Amazon S3 is a �exible storage solution for a variety of use cases, in-

cluding data lakes, backup and restore, website hosting, and content distribution via

Amazon CloudFront. Amazon S3 is widely integrated with other AWS services and

third-party tools.

• Organizations of all sizes frequently utilize Amazon S3 as the foundation for cloud-

native apps because it offers a highly dependable and affordable solution to store and

manage data in the cloud. Because of its scalability and versatility, it is a crucial part

of many AWS-based solutions.

Lambda

AWS offers the serverless compute service known as Lambda. You can use it to execute

code in response to events without having to set up or manage servers. Lambda is a potent

tool for many use cases, including data processing, real-time �le processing, automation,

and more. With Lambda, you can create serverless applications that automatically scale in

response to incoming requests or events [17].

Below are some key features and concepts associated with AWS Lambda:
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• Event-Driven Programming: Events such as changes to data in an S3 bucket, incom-

ing HTTP requests made through Amazon API Gateway, or events produced by other

AWS services like AWS SNS, AWS SQS, or AWS CloudWatch trigger the execution

of AWS Lambda functions, which are event-driven.

• No Server Management: You don't have to be concerned about infrastructure man-

agement, server provisioning, scaling, or patching when using Lambda. You can

concentrate entirely on your code because AWS will take care of all the supporting

infrastructure.

• Supported Languages: Programming languages supported by Lambda include Node.js,

Python, Java, C#, Ruby, and Go. The language that best �ts your application can be

chosen.

• Stateless Functions: Because they are stateless by design, lambda functions don't

store any state data between calls. To store and maintain state, you can, if necessary,

leverage other AWS services like AWS DynamoDB or AWS S3.

• Scaling: In reaction to the volume of incoming events or the con�gured concurrency

level, lambda functions can scale automatically. Your application can handle differ-

ent workloads without manual assistance thanks to this scalability.

• Pay-as-You-Go Pricing: The pricing structure for AWS Lambda is pay-as-you-go.

You are charged based on the quantity of requests and the length of time that your

functions are executed; a free tier is offered for a certain amount of usage.

• Execution Environment: Your code can run in a containerized environment thanks

to AWS Lambda. It takes care of managing your dependencies, runtime, and infras-

tructure.
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• Triggers: Events called triggers call Lambda functions. These could be requests over

the API Gateway, modi�cations to AWS resources (such the creation of S3 objects),

unique events, or scheduled operations.

• VPC Integration: As long as security and isolation are maintained, Lambda functions

can access resources in your private network by running inside an Amazon Virtual

Private Cloud (VPC).

• Logging and Monitoring: For logging and monitoring purposes, AWS Lambda in-

terfaces with AWS CloudWatch, making it simple to trace the execution of your

functions and troubleshoot problems.

• Security: IAM (Identity and Access Management) roles can be set for Lambda func-

tions to manage the access and permissions they need to AWS resources.

A useful tool for creating serverless apps that are both highly scalable and reasonably

priced is AWS Lambda. It is a popular choice for a variety of use cases, from straightfor-

ward automated chores to intricate microservice architectures, because it frees developers

up to concentrate on building code and logic rather than dealing with the administrative

burden of managing infrastructure.

Comprehend

AWS offers a NLP service called Amazon Comprehend [18]. It is intended to assist

developers and businesses in deriving insights from unstructured text data, like those found

in documents, news stories, customer reviews, and social media posts. Various NLP activi-

ties are carried out by Amazon Comprehend using ML models to glean useful information

from text sources.

Below are the key features and capabilities of Amazon Comprehend
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• Text Classi�cation: Amazon Comprehend is helpful for content tagging and manag-

ing massive datasets since it can automatically classify documents or text into certain

categories or speci�ed classes.

• Sentiment Analysis: In order to help businesses understand client thoughts, feelings,

and trends regarding their goods and services, it can identify the sentiment (positive,

negative, or neutral) expressed in text.

• Entity Recognition: From text, Comprehend can recognize and extract entities like

individuals, companies, places, dates, and more. This is helpful for data enrichment

and information extraction.

• Keyphrase Extraction: In order to help readers grasp the primary issues or ideas

within a document, it recognizes and extracts signi�cant phrases or topics from text.

• Language Detection: For multi-language content analysis, Amazon Comprehend can

automatically identify the language of text documents.

• Syntax Analysis: It has the ability to parse syntax trees and tag the parts of speech in

sentences as well as assess their grammatical structure. For further in-depth language

study, this can be helpful.

• Custom Entity Recognition: To recognize domain-speci�c entities in text data, users

can train their own bespoke entity recognition models.

• Multi-Language Support: Comprehend is appropriate for international applications

because it supports a wide range of languages.

• Batch Processing: Batch processing can be used to analyze a lot of text data at once.

• Real-Time API: With the use of its real-time API, you can instantly evaluate text data

as it is ingested into your apps.
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• Integration: To create end-to-end NLP pipelines, Amazon Comprehend may be quickly

linked with other AWS services like Amazon S3, AWS Glue, AWS Lambda, and

more.

• HIPAA Eligibility: It can be used for healthcare-related applications that need to

comply with the HIPAA, as it is HIPAA quali�ed.

Various applications, such as social media monitoring, customer feedback analysis,

content recommendation systems, chatbots, and document categorization, frequently make

use of Amazon Comprehend. It assists businesses in automating content processing, en-

hancing decision-making procedures based on the analysis of unstructured text, and gaining

insights from textual data.

Comprehend Medical

The healthcare and life sciences sectors bene�t from Amazon Comprehend Medical,

a specialist NLP service provided by [19]. It is intended to extract important medical

data from unstructured text, including clinical notes, physician reports, patient records,

and medical literature. ML is used by Amazon Comprehend Medical to recognize and

comprehend medical entities and relationships in text data.

Below are the Key features and capabilities of Amazon Comprehend Medical include:

• Entity Recognition: Comprehend Medical is able to identify and extract from text

medical elements like drugs, dosage details, and treatment plans as well as medical

situations (such as diseases and symptoms). This aids in automating the procedure

for locating pertinent medical data.

• Attribute Detection: The service can recognize characteristics connected to medi-

cal entities, including negation (if a condition is described as ”not present”), dose

frequency, and relative temporal expressions (such as ”past medical history”).
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• Relationship Extraction: The relationships between the medical entities mentioned

in text can be discovered using Comprehend Medical. For instance, it can show that

a particular drug is recommended for a particular ailment.

• Protected Health Information (PHI) Identi�cation: The service can identify and se-

cure sensitive patient data, enabling healthcare businesses to comply with privacy

laws like HIPAA. It can recognize and mark protected health information (PHI)

within text.

• ICD-10 Code Mapping: The International Classi�cation of Diseases, 10th Edition

(ICD-10) numbers, which are frequently used for healthcare billing and coding, can

be mapped to medical illnesses and clinical phrases by Comprehend Medical [9].

• RxNorm Code Mapping: Additionally, it can translate drug names into RxNorm

codes, which are used in healthcare to identify drugs and their characteristics.

• Custom Entity Recognition: In order to identify speci�c medical entities pertinent to

their use cases or domain, users might develop bespoke entity identi�cation models.

• Batch Processing: By supporting batch processing, Comprehend Medical enables

you to bulk-analyze enormous amounts of healthcare text data.

• Integration: To automate work�ows and actions based on the retrieved medical data,

the service can be linked with other AWS services, such as AWS Lambda.

A variety of healthcare use cases bene�t from Amazon Comprehend Medical, includ-

ing:

• Clinical documentation and coding automation.

• Clinical trial data extraction and analysis.

• Health insurance claims processing.
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• Medical research and literature analysis.

• Disease surveillance and outbreak detection.

• Patient data extraction and population health analysis.

It makes it easier to separate structured medical data from unstructured text, saving aca-

demics and healthcare practitioners time and effort while manually reviewing and extract-

ing data from clinical papers. It can also improve the precision and effectiveness of health-

care procedures, resulting in better patient care and research results.

Dynamo DB

A fully managed NoSQL database service, Amazon DynamoDB is offered by AWS.

Its quick and predictable performance, easy scaling, and low-latency data access make it

suited for a variety of applications, including online and mobile apps, gaming platforms,

and IoT (Internet of Things) platforms [20].

Figure 4.4: AWS DynamoDB

Below are the Key features and concepts of Amazon DynamoDB include:

• Managed Service: AWS takes care of administrative duties like hardware provision-

ing, setup, con�guration, patching, backups, and scaling for you as DynamoDB is a

fully managed database service. Developers may now concentrate on creating appli-

cations rather than running the database infrastructure thanks to this.
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• NoSQL Database: Due to its NoSQL design, DynamoDB is best suited for pro-

cessing unstructured, semi-structured, or structured data. It allows for �exible data

modeling and supports a range of data types, including documents, key-value pairs,

and JSON.

• Scalability: DynamoDB is built for smooth scaling. Without any downtime, you

can start with a small capacity and increase it or decrease it as necessary. As your

program expands, it may automatically divide and distribute data to guarantee de-

pendable performance.

• Performance: The low latency and single-digit millisecond response rates offered by

DynamoDB make it appropriate for use in applications that need quick data access.

For storage, it makes advantage of solid-state drives (SSDs) to achieve excellent

performance.

• Data Replication and High Availability: To ensure high availability and fault toler-

ance, DynamoDB replicates data across different Availability Zones (AZs) inside an

AWS Region. Automatic repetition of this occurs.

• Data Encryption: By default, data at rest is encrypted, and you can enable it for data

in transit as well. For the administration of encryption keys, DynamoDB offers AWS

Key administration Service (KMS).

• Global Tables: You may replicate data across AWS Regions using DynamoDB Global

Tables, providing multi-region, highly available applications with low-latency access

to data in many places.

• On-Demand and Provisioned Capacity: On-demand and allocated capacity modes

are options. While provisioned mode allows you to specify the required read and

write capacity units, on-demand mode scales dynamically based on usage.
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• Streams: DynamoDB Streams can handle events and synchronize data by capturing

changes to a table's contents.

• Triggers: Triggers can be used to launch AWS Lambda functions or other AWS

services automatically in response to modi�cations made to your DynamoDB table.

• Backup and Restore: To preserve your data, DynamoDB offers backup and restore

features. Both automated and on-demand backups can be set up.

• Fine-Grained Access Control: Access to DynamoDB tables can be restricted using

AWS Identity and Access Management (IAM), and �ne-grained access policies can

be used to enforce the restriction.

Applications including e-commerce platforms, gaming leaderboards, real-time ana-

lytics, content management systems, and IoT data storage frequently use Amazon Dy-

namoDB. It is a strong option for developers creating applications with quickly changing

data requirements due to its scalability, high availability, and low-latency access.

Amazon Comprehend service detects the PII Financial attributes like bank account

number, bank routing, credit debot cvv, cre debit expiry, credit debit number, pin. It detects

PII national attributes like driver id, passsport number, ssn. It detects PII Personal attributes

like address, age, email, name and phone. It detects PII Technical Security like secret key,

ip address, mac address, username.

Amazon Comprehend Medical service detects the Medication, Medical Condition, Pro-

tected Health Information, Test Treatment Procedure, Anatomy and Behavioral Environ-

ment Social attributes in the clinical Text and link it to medical ontologies [21].

Assumptions

• Created sample pdf and image �les using the medical text samples from MTSam-

ples.com.
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• Used Amazon Textract in order to extract text from image prescriptions.

• Used Amazon Comprehend to detect PII.

• Design the DynamoDB schema to accommodate different medical entities and their

relationships for auto-clasi�cation.

Delimitations

• To Archive Healthcare Records in a Medical Cloud application using Amazon AWS

Services such as S3, Textract, Comprehend, Comprehend Medical, and DynamoDB.

• To Analyze and Classify Medical Text Using AWS based on PII entities.

• To automate the extraction of medical information from documents, enabling struc-

tured storage and analysis of medical data for improved healthcare management and

insights.
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CHAPTER V : M ETHODS

Dataset

We have used the mtsamples.com Medical Transcriptions dataset [22]. The purpose of

MTSamples.com is to provide you with access to a large number of transcribed medical

reports. Learners and current medical transcriptions alike can use these samples to meet

their daily transcription needs.

The Medical Transcriptions dataset has 140,208 sentences in the transcription column,

and there are 35,805 unique words in the transcription column. There are a total of 40

categories in the original dataset, which are shown in the table 5.1.

Original Categories

MTSamples.com provides samples and reports for the following specialties. There are

total 40 categories in the dataset.

Table 5.1: Original Categories.

Original Categories

Category

Number

Category Name Number

of

Samples

Cat:1 Allergy / Immunology 7

Cat:2 Autopsy 8

Cat:3 Bariatrics 18
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Cat:4 Cardiovascular / Pulmonary 371

Cat:5 Chiropractic 14

Cat:6 Consult - History and Phy. 516

Cat:7 Cosmetic / Plastic Surgery 27

Cat:8 Dentistry 27

Cat:9 Dermatology 29

Cat:10 Diets and Nutritions 10

Cat:11 Discharge Summary 108

Cat:12 ENT - Otolaryngology 96

Cat:13 Emergency Room Reports 75

Cat:14 Endocrinology 19

Cat:15 Gastroenterology 224

Cat:16 General Medicine 259

Cat:17 Hematology - Oncology 90

Cat:18 Hospice - Palliative Care 6

Cat:19 IME-QME-Work Comp etc. 16

Cat:20 Lab Medicine - Pathology 8
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Cat:21 Letters 23

Cat:22 Nephrology 81

Cat:23 Neurology 223

Cat:24 Neurosurgery 94

Cat:25 Obstetrics / Gynecology 155

Cat:26 Of�ce Notes 50

Cat:27 Ophthalmology 83

Cat:28 Orthopedic 355

Cat:29 Pain Management 61

Cat:30 Pediatrics - Neonatal 70

Cat:31 Physical Medicine - Rehab 21

Cat:32 Podiatry 47

Cat:33 Psychiatry / Psychology 53

Cat:34 Radiology 273

Cat:35 Rheumatology 10

Cat:36 SOAP / Chart / Progress Notes 166

Cat:37 Sleep Medicine 20
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Cat:38 Speech - Language 9

Cat:39 Surgery 1088

Cat:40 Urology 156

Reduced Categories

In the original dataset categories as shown in Table 5.1, we can see that there are certain

categories which have less than 50 samples highlighted as red. This is very minor as com-

pared to the other categories which has more than 50 samples highlighted as green. We can

eliminate categories with fewer than 50 samples to reduce the categories dataset as shown

in Table 5.2.

Table 5.2: Reduced Categories.

Reduced Categories

Category

Number

Category Name Number

of

Samples

Cat:1 Cardiovascular / Pulmonary 371

Cat:2 Consult - History and Phy. 516

Cat:3 Discharge Summary 108

Cat:4 ENT - Otolaryngology 96

Cat:5 Emergency Room Reports 75
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Cat:6 Gastroenterology 224

Cat:7 General Medicine 259

Cat:8 Hematology - Oncology 90

Cat:9 Nephrology 81

Cat:10 Neurology 223

Cat:11 Neurosurgery 94

Cat:12 Obstetrics / Gynecology 155

Cat:13 Ophthalmology 83

Cat:14 Orthopedic 355

Cat:15 Pain Management 61

Cat:16 Pediatrics - Neonatal 70

Cat:17 Psychiatry / Psychology 53

Cat:18 Radiology 273

Cat:19 SOAP / Chart / Progress Notes 166

Cat:20 Surgery 1088

Cat:21 Urology 156
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Figure 5.1: Dataset plot with reduced categories

Text Preprocessing

Text preprocessing is a method to clean the text data and make it ready to feed data to

the model. Text data contains noise in various forms like emotions, punctuation, text in a

different case. When we talk about human language then, there are different ways to say

the same thing. In addition to removing noise from the data , the data must be turned into

numerical format so the computer can process the data in an ef�cient way.

Figure 5.2: Data Pre-Processing Steps
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The steps to pre-process the dataset by �ltering the dataset categories, apply lemmeti-

zation and then clean the text by removing punctuations, spaces, special characters, convert

to lower case etc. are shown in Figure 5.2.

Load Sample Text From Dataset

We have load sample data to see the text and perform data pre-processing. We can

observe lots of noise at the �rst text like extra spaces, many special characters like hyphen

marks and colons, different cases, and many more.

Figure 5.3: Sample Transcriptions.

Remove Special Characters and Symbols

We have used python regular expression library to �nd the special characters and re-

place them by space. The function used to compile the regular expression patters in

re.compile(pattern, �ags=0) to match the special characters and then use the function re.sub(pattern,
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replacement, string, count=0, �ags=0) to return the string obtained by replacing the left-

most non-overlapping occurrences of pattern in string by the replacement by a blank space.

Lemmatization

Lemmatization is used to stem the words into root word but differs in working. Actu-

ally, Lemmatization is a systematic way to reduce the words into their lemma by matching

them with a language dictionary. We have used Wordnet Lemmatizer with NLTK. Wordnet

is an large, freely and publicly available lexical database for the English language aiming

to establish structured semantic relationships between words. It offers lemmatization ca-

pabilities as well and is one of the earliest and most commonly used lemmatizers. NLTK

offers an interface to it, but you have to download it �rst in order to use it. Follow the

below instructions to install nltk and download wordnet. In order to lemmatize, you need

to create an instance of the WordNetLemmatizer() and call the lemmatize() function on a

single word.

Clean Text

We have converted the text to lowercase. If the text is in the same case, it is easy for a

machine to interpret the words because the lower case and upper case are treated differently

by the machine. One of the other text processing techniques is removing punctuation's. We

can directly remove punctuation from string by using the translate method. The translate

method produces a string in which some characters are substituted with characters from a

dictionary or a mapping table. The join method is also used to remove the punctuations.

The join method allows us to create strings from iterable objects in various ways. It con-

catenates each component of an iterable.
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def c l e a n t e x t ( t e x t ) :
t e x t = t e x t . t r a n s l a t e (s t r . make t rans ( ' ' , ' ' , s t r i n g . p u n c t u a t i o n ) )
t e x t 1 = ' ' . j o i n ( [w fo r w in t e x t i f not w. i s d i g i t ( ) ] )
RE REPLACE BY SPACE = r e .compi le ( ' [ / ( ) f g n [ n] n j@, ; ] ' )

t e x t 2 = t e x t 1 . lower ( )
t e x t 2 = REREPLACE BY SPACE . sub ( ' ' , t e x t 2 )
re turn t e x t 2

def l e m m a t i z e t e x t ( t e x t ) :
w o r d l i s t = [ ]
l emmat i ze r = WordNetLemmatizer ( )
s e n t e n c e s = s e n tt o k e n i z e ( t e x t )

i n t i a l s e n t e n c e s = s e n t e n c e s [ 0 : 1 ]
f i n a l s e n t e n c e s = s e n t e n c e s [l en ( s e n t e n c e s ) �2: l en ( s e n t e n c e s ) �1]

fo r s e n t e n c e in i n t i a l s e n t e n c e s :
words= w o r d t o k e n i z e ( s e n t e n c e )
fo r word in words :

w o r d l i s t . append ( l emmat i ze r . lemmat ize ( word ) )
fo r s e n t e n c e in f i n a l s e n t e n c e s :

words= w o r d t o k e n i z e ( s e n t e n c e )
fo r word in words :

w o r d l i s t . append ( l emmat i ze r . lemmat ize ( word ) )
re turn ' ' . j o i n ( w o r d l i s t )

Figure 5.4: Code Snippet for Clean Text and Lemmetization.

Figure 5.5: First Method: Using TFidVectorizer, PCA and Logistic Regression Machine
Learning Model
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First Method: TFidVectorizer, PCA and Logistic Regression

TF-IDF Vectorizer

TF-IDF which stands for Term Frequency – Inverse Document Frequency. It is one of

the most important techniques used for information retrieval to represent how important a

speci�c word or phrase is to a given document. Let's take an example, we have a string

or Bag of Words (BOW) and we have to extract information from it, then we can use this

approach.

v e c t o r i z e r = T f i d f V e c t o r i z e r ( a n a l y z e r = ' word ' , s t opwo rds = ' e n g l i s h ' ,
ngram range = ( 1 , 3 ) , maxdf =0 .75 , u s e i d f =True , s m o o t h i d f =True ,
m a x f e a t u r e s =1000)

t f I d f M a t = v e c t o r i z e r . f i t t r a n s f o r m ( d a t a [ ' t r a n s c r i p t i o n ' ] . t o l i s t ( ) )
f e a t u r e n a m e s = so r ted ( v e c t o r i z e r . g e t f e a t u r e n a m e s ( ) )
p r i n t ( f e a t u r e n a m e s )

Figure 5.6: Code Snippet for TF-IDF Vectorizer.

The tf-idf value increases in proportion to the number of times a word appears in the

document but is often offset by the frequency of the word in the corpus, which helps to

adjust with respect to the fact that some words appear more frequently in general. TF-

IDF use two statistical methods, �rst is Term Frequency and the other is Inverse Document

Frequency. Term frequency refers to the total number of times a given term t appears in the

document doc against (per) the total number of all words in the document and The inverse

document frequency measure of how much information the word provides. It measures the

weight of a given word in the entire document. IDF show how common or rare a given

word is across all documents. TF-IDF can be computed as tf * idf.
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Figure 5.7: Sample Features using TF-IDF Vectorizer

Transformer vs. T�dfvectorizer

The goal of T�dftransformer and T�dfvectorizer from Scikit-learn is the same: to trans-

form a set of raw documents into a matrix of TF-IDF features.

IDF-TFThe Vectorizer calculates a word's signi�cance within a document in relation to

a group of documents. This method is useful for �guring out a term's importance within
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a corpus of documents. TF-IDF generates sparse feature vectors, each of which indicates

how important a phrase is in a given document. These vectors �t with conventional statis-

tical models and can be easily understood.It is excellent for situations where feature inter-

pretability and computational speed are important because it is simple and computationally

ef�cient.

Transformer-based models belong to the deep learning domain and are speci�cally

made for language production and understanding problems. Examples of these models

are BERT, GPT, and their variations. By utilizing attention mechanisms, these models are

able to comprehend the context and semantic connections among words in a text, effec-

tively capturing intricate patterns and subtleties. Large text corpora are frequently used to

pre-train them, which makes transfer learning possible for jobs in a variety of industries,

including healthcare. The performance of these models can be greatly enhanced by �ne-

tuning them with domain-speci�c data. Transformer models may need more data to be

trained because they are more computationally demanding. Deep learning models' com-

plicated architecture and ”black-box” nature may make them dif�cult to interpret.

TF-IDFVectorizer is recommended for healthcare data where feature interpretability

is critical. Transformer-based models may perform better when dealing with complex text

that has context-dependent semantics or when a deeper comprehension of the links between

medical terminology is needed. For transformer models to train ef�ciently, substantial

computer resources and greater datasets are needed. Given its lower resource requirements,

TF-IDFVectorizer may be a better �t for smaller datasets.

A hybrid strategy can also work well in many situations. Leverage the interpretability

of TF-IDFVectorizer and the contextual knowledge of transformers by �ne-tuning them for

certain healthcare tasks and exploiting their pre-trained models. The decision ultimately

comes down to the particulars of the medical data and the analysis's goals.

we have used IDFVectorizer for this research.
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PCA

As you can see in Figure 5.7, we are dealing with about lots of different features. These

are all the distinct words found in our corpus. We can transform and reduce our input

feature space through the Principal Component Analysis (PCA).

pca = PCA( n components =0 .95 )
t f I d f M a t r e d u c e d = pca . f i t t r a n s f o r m ( t f I d f M a t . t o a r r a y ( ) )
l a b e l s = d a t a [ ' m e d i c a ls p e c i a l t y ' ] . t o l i s t ( )
c a t e g o r y l i s t = d a t a . m e d i c a ls p e c i a l t y . un ique ( )

Figure 5.8: PCA Decompostion Technique.

Principal component analysis, or PCA, is a popular method for analyzing large datasets

with a lot of dimensions or features per observation, making the data easier to understand

while keeping as much information as possible and showing multidimensional data. PCA

is formally a statistical method for reducing a dataset's dimensionality. By linearly trans-

forming the data into a new coordinate system with fewer dimensions than the initial data,

the majority of the variation in the data can be described. In many studies, the �rst two

principal components are used to visually identify clusters of closely related data points

and plot the data in two dimensions.

t-SNE Plot

t-distributed stochastic neighbor embedding (t-SNE) is a statistical method for visualiz-

ing high-dimensional data by giving each datapoint a location in a two or three-dimensional

map. It is a nonlinear dimensionality reduction technique for embedding high-dimensional

data for visualization in a low-dimensional space of two or three dimensions. Speci�cally,

it models each high-dimensional object by a two- or three-dimensional point in such a way

that similar objects are modeled by nearby points and dissimilar objects are modeled by dis-
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tant points with high probability. As you can see in Figure 5.9, there is lot of overlapping

among the features.

Figure 5.9: Initial TSNE Plot

Logistic Regression Classi�er

We have used the Logistic Regression Classi�er with the below hyper-parameters as

shown in Figure 3.10. The logistic regression classi�er uses the weighted combination of

the input features and passes them through a sigmoid function.

X t r a i n , X t e s t , y t r a i n , y t e s t = t r a i n t e s t s p l i t ( t f I d f M a t r e d u c e d ,
l a b e l s , s t r a t i f y = l a b e l s , r a n d o ms t a t e =1)

p r i n t ( ' T r a i n S e t S i z e : '+s t r ( X t r a i n . shape ) )
p r i n t ( ' T e s t S e t S i z e : '+s t r ( X t e s t . shape ) )

c l f = L o g i s t i c R e g r e s s i o n ( p e n a l t y = ' e l a s t i c n e t ' , s o l v e r = ' saga ' , l 1r a t i o
=0 .5 , r a n d o ms t a t e =1) . f i t ( X t r a i n , y t r a i n )

y t e s t p r e d = c l f . p r e d i c t ( X t e s t )

Figure 5.10: Logistic Regression Model.



40

Figure 5.11: Second Method Using TFidVectorizer, SciSpacy, PCA, Logistic Regression
and SMOTE.

Second Method: SciSpacy, Logistic Regression and SMOTE

The MT samples dataset is highly imbalanced as surgery category has signi�cantly

higher samples (i.e., 1088) as compared to other categories. The imbalanced dataset is the

problem where data belonging to one class is signi�cantly higher or lower than that belong-

ing to other classes. The simplest way to �x imbalanced dataset is simply balancing them

by oversampling instances of the minority class or undersampling instances of the major-

ity class. Using advanced techniques like SMOTE helps to create new synthetic instances

from minority class.

We have used second approach by using Scispacy, Logistic Regression and SMOTE

as shown in Figure 5.11 in order to resolve data imbalance problem by applying domain

knowledge like surgery category is superset of other categories. SOAP / Chart / Progress

Notes, Of�ce Notes, Consult - History and Phy., Emergency Room Reports and Discharge

Summary are superset of certain specialities classes like Cardiology, Gastroenterology and

Gynecology. General Medicine and Pain Management is also superset of our data. We can

remove these categories. Also, Neurosurgery is related to Neurology and Nephrology is

related to Urology. We can combine related categories.

SciSpacy

A full spaCy pipeline and models for scienti�c/biomedical documents using NLP. SciS-

pacy is a powerful tool, especially NER, or identifying keywords (known as entities) and
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ordering them into categories. We have used scispacy model in order to process the medical

text and get the relevent features.

SMOTE

SMOTE is an oversampling technique where the synthetic samples are generated for

the minority class [10]. This algorithm helps to overcome the over�tting problem posed by

random oversampling. It focuses on the feature space to generate new instances with the

help of interpolation between the positive instances that lie together. Since some classes

are in minority, we can use SMOTE to generate more sample form minority class to solve

the data imbalance problem.

smo te ove r samp le = SMOTE( s a m p l i n gs t r a t e g y = ' m i n o r i t y ' )
l a b e l s = d a t a [ ' m e d i c a ls p e c i a l t y ' ] . t o l i s t ( )
X, y = smo te ove r samp le . f i t r e s a m p l e ( t f I d f M a t r e d u c e d , l a b e l s )

X t r a i n , X t e s t , y t r a i n , y t e s t = t r a i n t e s t s p l i t (X, y , s t r a t i f y =y ,
r a n d o m s t a t e =1)

p r i n t ( ' T r a i n S e t S i z e : '+s t r ( X t r a i n . shape ) )
p r i n t ( ' T e s t S e t S i z e : '+s t r ( X t e s t . shape ) )

c l f = L o g i s t i c R e g r e s s i o n ( p e n a l t y = ' e l a s t i c n e t ' , s o l v e r = ' saga ' , l 1r a t i o
=0 .5 , r a n d o ms t a t e =1) . f i t ( X t r a i n , y t r a i n )

y t e s t p r e d = c l f . p r e d i c t ( X t e s t )

Figure 5.12: Model construct of a Logisic Regression classi�er using SMOTE.



42

CHAPTER VI : RESULTS

Healthcare Text Analytics Using ML Techniques

Here, We have compared results from the two approaches explained in the methods

sections. First approach is using the logistic regression to handle multi-class classi�cation

problems in healthcare and second approach is applying domain knowledge with SMOTE

technique. We have evaluated the models using appropriate metrics like accuracy, preci-

sion, recall, and F1-score for multi-class classi�cation.

Initial Results

Our initial results are not good as you can see that diagonal is not aligned properly in

the confusion matrix as shown in Figure 6.1. The diagonal elements represent the number

of points for which the predicted label is equal to the true label, while off-diagonal ele-

ments are those that are mislabeled by the classi�er. The lower the diagonal values of the

confusion matrix, indicating many incorrect predictions. The initial results with reduced

categories expressed in precision, recall, f1-score, and support metrics as shown in Figure

6.2. The overall accuracy is 38 percent only which explains that the model has dif�culties

in distinguishing the medical documents.

Final Results

Our �nal results are improved now. The diagonal elements in the confusion matrix

which represents the number of points for which the predicted label is equal to the true

label is higher now, indicating many correct predictions as shown in Figure 6.3. Final

Results expressed in precision, recall, f1-score and support metrics using SMOTE as shown

in Figure 6.6. Overall accuracy is improved to 70 percent now. Precision is highest for

ophthalmology and Recall is highest for Psychology.
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Figure 6.1: Initial Confusion Matrix for the DataSet

Figure 6.2: Initial Results for the DataSet
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