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Creating Retrieval Augmented Generation solutions on
AWS for healthcare

Soonam Kurian, Amazon Web Services

Before large language models (LLMs) and generative Al, the task of developing automated and
high-precision applications in the healthcare industry was challenging. Traditional methods relied
heavily on manual data entry and analysis. The complexity of analyzing medical imaging and
patient records required extensive human intervention, which often resulted in fragmented and
inefficient workflows. The advancement of Al technologies helps you build hyper-personalized
applications at scale. Healthcare applications can now integrate with medical knowledge bases,
interpret diagnostic images with increased accuracy, and forecast patient outcomes by using
predictive models.

This guide explores how LLMs are revolutionizing healthcare through Retrieval Augmented
Generation applications that you can build with AWS services. Retrieval Augmented Generation
(RAG) is a generative Al technology in which an LLM references an authoritative data source that
is outside of its training data sources before generating a response. RAG applications ground the
model's output in real-world knowledge, which reduces hallucinations and increases response
relevance. In the healthcare sector, RAG can be used to provide accurate and up-to-date medical
information, ensuring that healthcare providers have access to the latest research and clinical
guidelines. By transforming data into actionable insights and automating complex processes,
these technologies help enhance patient care, streamline operations, and improve productivity of
healthcare professionals.

In Amazon Bedrock, you can fine-tune LLMs and integrate them with intelligent agents to

create advanced healthcare solutions. Highlighting the synergy between Amazon OpenSearch
Service and Amazon Neptune, the guide demonstrates how these services elevate RAG solutions
through enhanced search relevance and advanced multi-source data retrieval. You can orchestrate
comprehensive Amazon Bedrock solutions that use Amazon Bedrock agents and LangChain to
seamlessly coordinate interactions across diverse data repositories. This integration demonstrates
the power of combining specialized services to create more effective and efficient Al-driven

systems.



https://docs.aws.amazon.com/bedrock/latest/userguide/what-is-bedrock.html
https://docs.aws.amazon.com/opensearch-service/latest/developerguide/what-is.html
https://docs.aws.amazon.com/opensearch-service/latest/developerguide/what-is.html
https://docs.aws.amazon.com/neptune/latest/userguide/intro.html
https://python.langchain.com/docs/introduction/
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Patient care and productivity

This guide presents two real-world use cases for patient care and productivity: patient data
augmentation and predicting re-admission risks. It provides strategic blueprints for implementing

these solutions at scale, offering healthcare organizations a clear path to industrializing Al-driven
processes. Through these insights, healthcare institutions can use advanced Al technologies to
create more efficient, intelligent workflows.

Talent management

This guide also outlines strategies for re-skilling and empowering healthcare workers to seamlessly
integrate generative Al into their daily routines. This can enhance both productivity and patient
care quality. By equipping their workforce with the skills to effectively use advanced Al tools,
healthcare organizations can maximize their return on investment and drive innovation in patient
care.

This Al-powered talent management solution includes the following key features:

« Intelligent talent resume parser — By using the advanced LLMs available in Amazon Bedrock,
this tool efficiently extracts and analyzes critical talent skills and attributes from resumes. This
tool can streamline the recruitment process.

» Talent knowledge base — Powered by Amazon Neptune, this dynamic database provides real-
time insights into staffing levels, skill distribution, and industry trends. This helps you make data-
driven decisions about workforce management.

« Learning recommendation engine — This Al-driven tool identifies skill gaps within the
organization and recommends personalized training programs for medical staff. This tool
promotes continuous professional development and helps your workforce adapt to evolving
healthcare technologies.

Together, these Al-driven features help optimize workforce performance, revolutionizing talent
management with increased intelligence and efficiency.

Patient care and productivity 2
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Opportunities and challenges

Amazon Bedrock can provide enhanced productivity, scalability, cost-effectiveness, and data-
driven insights. Amazon Bedrock empowers healthcare organizations to use LLMs effectively across
various use cases, from content creation and data analysis to automated decision-making. This
guide provides approaches for overcoming common generative Al challenges, such as data quality
issues, infrastructure scalability, maintenance of model performance, and continuous improvement
requirements during the transition from proof of concept to production.

Opportunities for generative Al applications in healthcare

The healthcare industry is poised for a transformative shift, driven by the opportunities presented
by generative Al applications. Generative Al has the potential to enhance patient care, streamline
operations, and accelerate medical research. By using advanced Al models, healthcare providers
can automate the augmentation of medical records. Comprehensive and up-to-date patient
histories facilitate more accurate diagnoses and treatment plans. Al-driven image analysis, such
as interpreting sonograms and other medical imaging, can provide rapid and precise insights,
reducing the workload on medical professionals and minimizing the risk of human error.

Beyond diagnostics and treatment, generative Al can play a pivotal role in predictive analytics.
Predictive analytics helps healthcare organizations anticipate patient outcomes and personalize
care plans accordingly. This technology can also optimize administrative processes, from managing
patient data to streamlining communication between providers and patients. By integrating
generative Al solutions with existing healthcare systems, medical institutions can achieve

greater efficiency, reduce costs, and ultimately deliver higher quality care. The integration of Al
with healthcare is not just an enhancement but a fundamental shift towards more intelligent,
responsive, and patient-centric care.

Advanced image analysis

Combining Amazon Bedrock with data stores, such as Amazon Neptune and Amazon OpenSearch
Service, can help you address the complexities of advanced image analysis in healthcare.
Information retrieval solutions can augment the disease discovery process and enhance
interpretation accuracy by assessing diagnostic images and interpreting sonograms. The solution
can integrate the visual and textual assessment data with manual patient assessment review by
doctors.

Opportunities for generative Al applications in healthcare 3
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Challenges with industrializing the solutions

The primary obstacles to tackle when industrializing Al solutions in healthcare is data quality
and availability. Healthcare data often exists in fragmented, inconsistent formats. Making sure
that Al models have access to clean, structured, and representative data is crucial for maintaining
performance in real-world scenarios. Infrastructure scalability can become a challenge because
production environments. These environments need to handle large volumes of real-time
patient data while providing fast response times and maintaining compliance with data privacy
regulations, such as Health Insurance Portability and Accountability Act (HIPAA). Moreover, with
emerging medical information and patient data that evolves over time, Al models need to be
retrained and updated to stay relevant and give accurate recommendations. Finally, integrating
these Al solutions into existing healthcare systems can be complex due to interoperability issues
and the need for alignment with current clinical workflows. This integration requires both technical
and operational changes.

Challenges with industrializing the solutions 4
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Use case: Building a medical intelligence application with
augmented patient data

Generative Al can help augment patient care and staff productivity by enhancing both clinical and
administrative functions. Al-driven image analysis, such as interpreting sonograms, accelerates
diagnostic processes and improves accuracy. It can provide critical insights that support timely
medical interventions.

When you combine generative Al models with knowledge graphs, you can automate the
chronological organization of electronic patient records. This helps you integrate real-time data
from doctor-patient interactions, symptoms, diagnoses, lab results, and image analysis. This equips
the doctor with comprehensive patient data. This data helps the doctor make more accurate and
timely medical decisions, enhancing both patient outcomes and healthcare provider productivity.

Solution overview

Al can empower doctors and clinicians by synthesizing patient data and medical knowledge

to provide valuable insights. This Retrieval Augmented Generation (RAG) solution is a medical
intelligence engine that consumes a comprehensive set of patient data and knowledge from
millions of clinical interactions. It harnesses the power of generative Al to create evidence-based
insights for improved patient care. It is designed to enhance the clinical workflows, reduce errors,
and improve patient outcomes.

The solution includes an automated image-processing capability that is powered by LLMs. This
capability reduces the amount of time that medical personnel must spend manually searching for
similar diagnostic images and analyzing diagnostic results.

The following image shows the end-to-end-workflow for this solution. It uses Amazon Neptune,
Amazon SageMaker Al, Amazon OpenSearch Service, and a foundation model in Amazon Bedrock.
For the context retrieval agent that interacts with the medical knowledge graph in Neptune, you
can choose between an Amazon Bedrock agent and a LangChain agent.

Solution overview 5
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In our experiments with sample medical questions, we observed that the final responses generated
by our approach using knowledge graph maintained in Neptune, OpenSearch vector database
housing clinical knowledge base, and Amazon Bedrock LLMs were grounded in factuality and are
far more accurate by reducing the false positives and boosting the true positives. This solution

can generate evidence-based insights on patient's health status and aims to enhance the clinical
workflows, reduce errors, and improve patient outcomes.

Building this solution consists of the following steps:

» Step 1: Discovering data

» Step 2: Building a medical knowledge graph

Solution overview 6
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» Step 3: Building context retrieval agents to query the medical knowledge graph

» Step 4: Creating a knowledge base of real-time, descriptive data

» Step 5: Using LLMs to answer medical questions

Step 1: Discovering data

There are many open source medical datasets that you can use to support the development of
a healthcare Al-driven solution. One such dataset is the MIMIC-IV dataset, which is a publicly
available electronic health record (EHR) dataset that is widely used in the healthcare research

community. MIMIC-IV contains detailed clinical information, including free-text discharge notes
from patient records. You can use these records to experiment with text summation and entity
extraction techniques. These techniques help you extract medical information (such as patient
symptoms, administered medications, and prescribed treatments) from unstructured text.

You might also use a dataset that provides annotated, de-identified patient discharge summaries
that are specifically curated for research purposes. A discharge summary dataset can help you
experiment with entity extraction, allowing you to identify key medical entities (such as conditions,
procedures, and medications) from the text. Step 2: Building a medical knowledge graph in this

guide describes how you can use the structured data extracted from the MIMIC-1V and discharge
summary datasets to create a medical knowledge graph. This medical knowledge graph serves as
the backbone for advanced querying and decision-support systems for healthcare professionals.

In addition to text-based datasets, you can use image datasets. For example, the Musculoskeletal
Radiographs (MURA) dataset, which is a comprehensive database of multi-view radiographic

images of bones. Use such image datasets to experiment with diagnostic assessment through
medical image decoding techniques. These decoding techniques are crucial for early diagnosis

of diseases, such as musculoskeletal diseases, cardiovascular diseases, and osteoporosis. By fine-
tuning vision and language foundation models on the medical image dataset, you can detect of
abnormalities in diagnostic images. This helps the system provide clinicians with early and accurate
diagnostic insights. By using image and text datasets, you can create an Al-driven healthcare
application that is capable of processing both text and image data to improve patient care.

Step 2: Building a medical knowledge graph

For any healthcare organization that wants to build a decision-support system based on a massive
knowledge base, a key challenge is to locate and extract the medical entities that are present in

Step 1: Discovering data 7
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the clinical notes, medical journals, discharge summaries, and other data sources. You also need to
capture the temporal relationships, subjects, and certainty assessments from these medical records
in order to effectively use the extracted entities, attributes, and relationships.

The first step is to extract medical concepts from the unstructured medical text by using a few-
shot prompt for a foundation model, such as Llama 3 in Amazon Bedrock. Few-shot prompting is
when you provide an LLM with a small number of examples that demonstrate the task and desired
output before asking it to perform a similar task. Using an LLM-based medical entity extractor, you
can parse the unstructured medical text and then generate a structured data representation of the
medical knowledge entities. You can also store the patient attributes for downstream analysis and
automation. The entity extraction process includes the following actions:

» Extract information about medical concepts, such as diseases, medications, medical devices,
dosage, medicine frequency, medicine duration, symptoms, medical procedures, and their
clinically relevant attributes.

» Capture functional features, such as temporal relationships between extracted entities, subjects,
and certainty assessments.

« Expand standard medical vocabularies, such as the following:

« Concept identifiers (RxCUI) from the RxNorm database

» Codes from the International Classification of Diseases, 10th Revision, Clinical Modification
(ICD-10-CM)

« Terms from Medical Subject Headings (MeSH)

o Concepts from Systematized Nomenclature of Medicine, Clinical Terms (SNOMED CT)

» Codes from Unified Medical Language System (UMLYS)

« Summarize discharge notes and derive medical insights from transcripts.

The following figure shows the entity extraction and schema validation steps to create valid
paired combinations of entities, attributes, and relationships. You can store unstructured data,
such as discharge summaries or patient notes, in Amazon Simple Storage Service (Amazon S3).
You can store structured data, such as enterprise resource planning (ERP) data, electronic patient
records, and lab information systems, in Amazon Redshift and Amazon DynamoDB. You can build
an Amazon Bedrock entity-creation agent. This agent can integrate services, such as Amazon
SageMaker Al data-extraction pipelines, Amazon Textract, and Amazon Comprehend Medical, to
extract entities, relationships, and attributes from the structured and unstructured data sources.
Finally, you use an Amazon Bedrock schema-validation agent to make sure that the extracted

Step 2: Building a medical knowledge graph 8
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entities and relationships conform to the predefined graph schema and maintain the integrity of
node-edge connections and associated properties.
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After extraction and validation of the entities, relations, and attributes, you can link them to create
a subject-object-predicate triplet. You ingest this data into an Amazon Neptune graph database, as
shown in the following figure. Graph databases are optimized to store and query the relationships
between data items.

Step 2: Building a medical knowledge graph 9
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You could create a comprehensive knowledge graph with this data. A knowledge graph helps you
organize and query all kinds of connected information. For example, you might create a knowledge
graph that has the following major nodes: HospitalVisit, PastMedicalHistory, Symptoms,
Medication, MedicalProcedures, and Treatment.

The following tables lists the entities and their attributes that you might extract from discharge

notes.

Entity

Patient

HospitalVisit

HealthcareProvider

Symptoms
Allergies

Medication

PastMedicalHistory

MedicalCondition

BodyVitals

LabResult

Attributes

PatientID , Name, Age, Gender, Address,
ContactInformation

VisitDate , Reason, Notes

ProviderID , Name, Specialty ,
ContactInformation , Address,
AffiliatedInstitution

Description , RiskFactors
AllergyType ,Duration

MedicationID , Name, Description ,
Dosage, SideEffects , Manufacturer

ContinuingMedicines

ConditionName , Severity, Treatment
Received , DoctorinCharge , HospitalN
ame , MedicinesFollowed

HeartRate ,BloodPressure , Respirato
ryRate ,BodyTemperature , BMI

LabResultID , PatientID , TestName,
Result, Date

Step 2: Building a medical knowledge graph
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ClinicalTrial

GenomicData

Treatment

MedicalProcedure

MedicalConcepts

TriallID, Name, Description , Phase,
Status, StartDate , EndDate

GenomicDatalID , PatientID , SequenceD
ata ,VariantInformation

TreatmentID , Name, Description , Type,

SideEffects

ProcedureID , Name, Description ,

Risks, Outcomes

UMLSCodes , MedicalVocabularies

The following table lists the relationships that entities might have and their corresponding
attributes. For example, the Patient entity might connect to the HospitalVisit entity with the
[UNDERGOES] relationship. The attribute for this relationship is VisitDate.

Subject entity
Patient

HospitalVisit

HospitalVisit

HospitalVisit

HospitalVisit

Relationship
[UNDERGOES]

[VISIT_IN]

[OBSERVED

_CONDITION]

[RECEIVED

_TREATMENT]

[PRESCRIBED]

Object entity
HospitalVisit

Healthcar
eProvider

Symptoms

Treatment

Medication

Attributes
VisitDate

ProviderN

ame , Location,
ProviderID ,
VisitDate

Severity,
CurrentStatus ,
VisitDate

Duration, Dosage,
VisitDate

Duration, Dosage,
Adherence ,
VisitDate

Step 2: Building a medical knowledge graph
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Step 3: Building context retrieval agents

After you build the medical graph database, the next step is to build agents for graph interaction.

None

DiagnosisDate ,
CurrentStatus

VisitDate ,
Status, Outcomes

CollectionDate

VisitDate

VisitDate ,
AnalysisDate ,
Interpretation

VisitDate ,
Qutcome

None

None
None

None

The agents retrieve the correct and required context for the query that a doctor or clinician

inputs. There are several options for configuring these agents that retrieve the context from the

knowledge graph:

Step 3: Building context retrieval agents
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« Amazon Bedrock agents

« LangChain agents

Amazon Bedrock agents for graph interaction

Amazon Bedrock agents work seamlessly with Amazon Neptune graph databases. You can perform
advanced interactions through Amazon Bedrock action groups. The action group initiates the

process by calling an AWS Lambda function, which runs Neptune openCypher queries.

For querying a knowledge graph, you can use two distinct approaches: direct query execution or
querying with context embedding. These approaches can be applied independently or combined,
depending on your specific use case and ranking criteria. By combining both approaches, you can
provide more comprehensive context to the LLM, which can improve results. The following are the
two query execution approaches:

« Direct Cypher query execution without embeddings — The Lambda function executes queries
directly against Neptune without any embeddings-based search. The following is an example of
this approach:

MATCH (p:Patient)-[u:UNDERGOES]->(h:HospitalVisit) WHERE h.Reason = 'Acute Diabetes'
AND date(u.VisitDate) > date('2024-01-01"')
RETURN p.PatientID, p.Name, p.Age, p.Gender, p.Address, p.ContactInformation

 Direct Cypher query execution using embedding search — The Lambda function uses
embedding search to enhance the query results. This approach enhances the query execution
by incorporating embeddings, which are dense vector representations of data. Embeddings are
particularly useful when the query requires semantic similarity or broader understanding beyond
exact matches. You can use pre-trained or custom-trained models to generate embeddings for
each medical condition. The following is an example of this approach:

CALL { WITH "Acute Diabetes" AS query_term RETURN search_embedding(query_term) AS
similar_reasons }

MATCH (p:Patient)-[u:UNDERGOES]->(h:HospitalVisit) WHERE h.Reason IN similar reasons
AND date(u.VisitDate) > date('2024-01-01')
RETURN p.PatientID, p.Name, p.Age, p.Gender, p.Address, p.ContactInformation
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In this example, the search_embedding("Acute Diabetes") function retrieves conditions
that are semantically close to "Acute Diabetes." This helps the query to also find patients that
have conditions such as pre-diabetes or metabolic syndrome.

The following image shows how Amazon Bedrock agents interact with Amazon Neptune in order to
perform a Cypher query of a medical knowledge graph.

AWS Lambda retrievers for Amazon Bedrock agents
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The diagram shows the following workflow:

1. The user submits a question to the Amazon Bedrock agent.

2. The Amazon Bedrock agent passes the question and input filter variables to the Amazon
Bedrock action groups. These action groups contain an AWS Lambda function that interacts
with the Amazon SageMaker Al text embedding endpoint and the Amazon Neptune medical
knowledge graph.

3. The Lambda function integrates with the SageMaker Al text embedding endpoint to perform
a semantic search within the openCypher query. It converts the natural language query into an
openCypher query by using underlying LangChain agents.

4. The Lambda function queries the Neptune medical knowledge graph for the correct dataset and
receives the output from the Neptune medical knowledge graph.

5. The Lambda function returns the results from Neptune to the Amazon Bedrock action groups.
6. The Amazon Bedrock action groups send the retrieved context to the Amazon Bedrock agent.

7. The Amazon Bedrock agent generates the response by using the original user query and the
retrieved context from the knowledge graph.
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LangChain agents for graph interaction

You can integrate LangChain with Neptune to enable graph-based queries and retrievals. This
approach can enhance Al-driven workflows by using the graph database capabilities in Neptune.
The custom LangChain retriever acts as an intermediary. The foundational model in Amazon
Bedrock can interact with Neptune by using both direct Cypher queries and more complex graph
algorithms.

You can use the custom retriever to refine how the LangChain agent interacts with the Neptune
graph algorithms. For example, you can use few-shot prompting, which helps you tailor the
foundation model's responses based on specific patterns or examples. You can also apply LLM-
identified filters to refine the context and improve the precision of responses. This can improve the
efficiency and accuracy of the overall retrieval process when interacting with complex graph data.

The following image shows how a custom LangChain agent orchestrates the interaction between
an Amazon Bedrock foundation model and an Amazon Neptune medical knowledge graph.

: Amazon Bedrock Amazon Neptune
1 Foundation model Medical knowledge graph
1

) A % ) @ LangChain {3 3) r % |

The diagram shows the following workflow:

1. A user submits a question to Amazon Bedrock and the LangChain agent.

2. The Amazon Bedrock foundation model uses the Neptune schema, which is provided by the
LangChain agent, to generate a query for the user's question.

3. The LangChain agent runs the query against the Amazon Neptune medical knowledge graph.
4. The LangChain agent sends the retrieved context to the Amazon Bedrock foundation model.

5. The Amazon Bedrock foundation model uses the retrieved context to generate an answer to the
user's question.

LangChain agents for graph interaction 16



AWS Prescriptive Guidance Creating Retrieval Augmented Generation solutions on AWS for
healthcare

Step 4: Creating a knowledge base

Next, you create a knowledge base of real-time, descriptive doctor-patient interaction notes,
diagnostic image assessments, and lab analysis reports. This knowledge base is a vector database.

By using a vector database, which can store descriptive medical knowledge in an indexed,
vectorized form, healthcare providers can efficiently query and access relevant information
from a vast repository. These vectorized representations help you retrieve semantically similar
data. Care providers can quickly navigate through clinical notes, medical images, and lab results.
This accelerates informed decision-making by offering instant access to contextually relevant
information, enhancing the accuracy and speed of diagnoses and treatment plans.

Using an OpenSearch Service medical knowledge base

Amazon OpenSearch Service can manage large volumes of high-dimensional medical data. It is a

managed service that facilitates high-performance search and real-time analytics. It is well suited
as a vector database for RAG applications. OpenSearch Service acts as a backend tool to manage
vast amounts of unstructured or semi-structured data, such as medical records, research articles,
and clinical notes. Its advanced semantic search capabilities help you retrieve contextually relevant
information. This makes it particularly useful in applications such as clinical decision-support
systems, patient query resolution tools, and healthcare knowledge management systems. For
instance, a clinician can quickly find relevant patient data or research studies that match specific
symptoms or treatment protocols. This helps clinicians make decisions that are informed by the
most up-to-date and relevant information.

OpenSearch Service can scale and handle real-time data indexing and querying. This makes it
ideal for dynamic healthcare environments where timely access to accurate information is critical.
Additionally, it has multi-modal search capabilities that are optimal for searches that require
multiple inputs, such as medical images and doctor notes. When implementing OpenSearch
Service for healthcare applications, it is crucial that you define precise fields and mappings in
order to optimize data indexing and retrieval. Fields represent the individual pieces of data, such
as patient records, medical histories, and diagnostic codes. Mappings define how these fields are
stored (in embedding form or original form) and queried. For healthcare applications, it is essential
to establish mappings that accommodate various data types, including structured data (such as
numerical test results), semi-structured data (such as patient notes), and unstructured data (such as
medical images)

In OpenSearch Service, you can perform full-text neural search queries through curated prompts

to search through medical records, clinical notes, or research papers to quickly find relevant

Step 4: Creating a knowledge base 17


https://aws.amazon.com/what-is/vector-databases/
https://docs.aws.amazon.com/opensearch-service/latest/developerguide/what-is.html
https://opensearch.org/docs/latest/search-plugins/neural-search/

AWS Prescriptive Guidance Creating Retrieval Augmented Generation solutions on AWS for
healthcare

information about specific symptoms, treatments, or patient histories. Neural search queries
automatically handle the embedding of the input prompt and images by using built-in neural
network models. This helps it understand and capture the deeper semantic relationships in multi-
modal data, offering more context-aware and precise search results compared to other search
query algorithms, such as like k-Nearest Neighbor (k-NN) search.

Creating a RAG architecture

You can deploy a customized RAG solution that uses Amazon Bedrock agents to query a medical
knowledge base in OpenSearch Service. To accomplish this, you create an AWS Lambda function
that can interact with and query OpenSearch Service. The Lambda function embeds the user's
input question by accessing a SageMaker Al text embedding endpoint. The Amazon Bedrock agent
passes additional query parameters as inputs to the Lambda function. The function queries the
medical knowledge base in OpenSearch Service, which returns the relevant medical content. After
you set up the Lambda function, add it as an action group within the Amazon Bedrock agent.

The Amazon Bedrock agent takes the user's input, identifies the necessary variables, passes the
variables and question to the Lambda function, and then initiates the function. The function
returns a context that helps the foundation model provide a more accurate answer to the user's

Amazon SageMaker Al

question.

Text embedding endpoint

SN A

User Amazon Bedrock AWS Lambda r-"'

Agent [I Q:l

Amazon OpenSearch
Service
Medical knowledge base

The diagram shows the following workflow:

1. A user submits a question to the Amazon Bedrock agent.

2. The Amazon Bedrock agent selects which action group to initiate.
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3. The Amazon Bedrock agent initiates an AWS Lambda function and passes parameters to it.

4. The Lambda function initiates the Amazon SageMaker Al text embedding model to embed the
user question.

5. The Lambda function passes the embedded text and additional parameters and filters to
Amazon OpenSearch Service. Amazon OpenSearch Service queries the medical knowledge base
and returns results to the Lambda function.

6. The Lambda function passes the results back to the Amazon Bedrock agent.

7. The foundation model in the Amazon Bedrock agent generates a response based on the results
and returns the response to the user.

For situations where more complex filtering is involved, you can use a custom LangChain retriever.
Create this retriever by setting up an OpenSearch Service vector search client that is loaded directly
into LangChain. This architecture allows you to pass more variables in order to create the filter
parameters. After the retriever is set up, use the Amazon Bedrock model and retriever to set up

a retrieval question-answering chain. This chain orchestrates the interaction between the model
and retriever by passing the user input and potential filters to the retriever. The retriever returns
relevant context that helps the foundation model answer the user's question.
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The diagram shows the following workflow:

1. A user submits a question to the LangChain retriever agent.

2. The LangChain retriever agent sends the question to the Amazon SageMaker Al text embedding
endpoint to embed the question.

3. The LangChain retriever agent passes the embedded text to Amazon OpenSearch Service.
4. Amazon OpenSearch Service returns the retrieved documents to the LangChain retriever agent.

5. The LangChain retriever agent passes the user question and retrieved context to the Amazon
Bedrock foundation model.

6. The foundation model generates a response and sends it to the user.
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Step 5: Generating responses

The previous steps help you build a medical intelligence application that can fetch a patient's
medical records and summarize relevant medications and potential diagnoses. Now, you build the
generation layer. This layer uses the generative capabilities of an LLM in Amazon Bedrock, such as
Llama 3, to augment the application's output.

When a clinician inputs a query, the context retrieval layer of the application performs the retrieval
process from the knowledge graph and returns the top records that pertain to the patient's history,
demographics, symptoms, diagnosis, and outcomes. From the vector database, it also retrieves
real-time, descriptive doctor-patient interaction notes, diagnostic image assessment insights, lab
analysis report summaries, and insights from huge corpus of medical research and academic books.
These top retrieved results, the clinician's query, and the prompts (which are tailored to curate
answers based on the nature of the query), are then passed to the foundation model in Amazon
Bedrock. This is the response generation layer. The LLM uses the retrieved context to generate a
response to the clinician's query. The following figure shows the end-to-end workflow of the steps
in this solution.
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You can use a pre-trained foundational model in Amazon Bedrock, such as Llama 3, for a range

of use cases that the medical intelligence application has to handle. The most effective LLM for a
given task varies depending on the use case. For example, a pre-trained model might be sufficient
to summarize patient-doctor conversations, search through medications and patient histories,

and retrieve insights from internal medical data sets and bodies of scientific knowledge. However,
a fine-tuned LLM might be necessary for other complex use cases, such as real-time laboratory
evaluations, medical procedure recommendations, and predictions of patient outcomes. You can
fine-tune an LLM by training it on medical domain datasets. Specific or complex healthcare and life
sciences requirements drive development of these fine-tuned models.
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For more information about fine-tuning an LLM or choosing an existing LLM that has been trained
on medical domain data, see Using large language models for healthcare and life science use cases.

Alignment to the AWS Well-Architected Framework

The solution aligns with all six pillars of the AWS Well-Architected Framework as follows:

« Operational excellence - The architecture is decoupled for efficient monitoring and updates.
Amazon Bedrock agents and AWS Lambda help you quickly deploy and roll back tools.

» Security - This solution is designed to comply with healthcare regulations, such as HIPAA. You
can also implement encryption, fine-grained access control, and Amazon Bedrock guardrails to
help protect patient data.

« Reliability - AWS managed services, such as Amazon OpenSearch Service and Amazon Bedrock,
provide the infrastructure for continuous model interaction.

» Performance efficiency — The RAG solution retrieves relevant data quickly by using optimized
semantic search and Cypher queries, while an agent router identifies optimal routes for user
queries.

« Cost optimization — The pay-per-token model in Amazon Bedrock and RAG architecture reduce
inference and pre-training costs.

« Sustainability — Using serverless infrastructure and pay-per-token compute minimizes resource
usage and enhances sustainability.
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Use case: Predicting patient outcomes and re-admission
rates

Al-powered predictive analytics offer further benefits by forecasting patient outcomes and
enabling personalized treatment plans. This can improve patient satisfaction and health outcomes.
By integrating these Al capabilities with Amazon Bedrock and other technologies, healthcare
providers can achieve significant productivity gains, reduce costs, and elevate the overall quality of
patient care.

You can store medical data, such as patient histories, clinical notes, medications, and treatments, in
a knowledge graph. By combining the deep contextual understanding of LLMs with the structured,

temporal data in a medical knowledge graph, healthcare providers can gain additional insights into
individual patient patterns. Using predictive analytics, you can identify potential non-adherence or
treatment complications early on and generate personalized re-admission propensity scores.

This solution helps you predict the likelihood of a re-admission. These predictions can improve
patient outcomes and reduce healthcare costs. This solution can also help hospital clinicians and
administrators focus their attention on patients with a higher risk of re-admission. It also helps
them initiate proactive interventions with those patients through alerting, self-service, and data-
driven actions.

Solution overview

This solution uses a multi-retriever Retrieval Augmented Generation (RAG) framework to analyze
patient data. It predicts the likelihood of hospital re-admission for individual patients and helps
you calculate a hospital-level re-admission propensity score. This solution integrates the following
features:

« Knowledge graph - Stores structured, chronological patient data, such as hospital encounters,
previous re-admissions, symptoms, lab results, prescribed treatments, and medication-adherence
history

« Vector database — Stores unstructured clinical data, such as discharge summaries, physician
notes, and records of missed appointments or reported medication side effects

» Fine-tuned LLM - Consumes both structured data from the knowledge graph and unstructured
data from the vector database in order to generate inferences about a patient's behavior,
treatment adherence, and re-admission likelihood
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The risk-scoring models quantify the inferences from the LLM into numerical scores. You can
aggregate the scores into a hospital-level re-admission propensity score. This score defines

each patient's risk exposure, and you can calculate it periodically or on an as-needed basis. All
inferences and risk scores are indexed and stored in Amazon OpenSearch Service so that care
managers and clinicians can retrieve it. By integrating a conversational Al agent with this vector
database, clinicians and care managers can seamlessly extract insights at an individual patient
level, a facility-wide level, or by medical specialty. You can also set up automated alerts based on
risk scores, which encourages proactive interventions.
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Building this solution consists of the following steps:

« Step 1: Predicting patient outcomes by using a medical knowledge graph

» Step 2: Predicting patient behavior towards prescribed medications or treatments

» Step 3: Predicting patient re-admission likelihood
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» Step 4: Computing the hospital re-admission propensity score

Step 1: Predicting patient outcomes

In Amazon Neptune, you can use a knowledge graph to store temporal knowledge about patient

visits and outcomes over time. The most effective way to build and store a knowledge graph is to
use a graph model and a graph database. Graph databases are purpose-built to store and navigate
relationships. Graph databases make it easier to model and manage highly connected data and
have flexible schemas.

The knowledge graph helps you perform time-series analysis. The following are key elements of
the graph database that are used for temporal prediction of patient outcomes:

« Historical data - Prior diagnoses, continuing medications, medications previously used, and lab
results for the patient

 Patient visits (chronological) - Visit dates, symptoms, observed allergies, clinical notes,
diagnoses, procedures, treatments, prescribed medications, and lab results

« Symptoms and clinical parameters — Clinical and symptom-based information, including
severity, patterns of progression, and the patient's response to medicine

You can use the insights from the medical knowledge graph to fine-tune an LLM in Amazon
Bedrock, such as Llama 3. You fine-tune the LLM with sequential patient data about the patient's
response to a set of medications or treatments over time. Use a labeled dataset that classifies a set
of medications or treatments and patient-clinic interaction data in to predefined categories that
indicate the health status of a patient. Examples of these categories are deterioration in health,
improvement, or stable progress. When the clinician inputs new context about the patient and their
symptoms, the fine-tuned LLM can use the patterns from the training dataset in order to predict
the potential patient outcome.

The following image shows the sequential steps involved in fine-tuning an LLM in Amazon Bedrock
by using a healthcare-specific training dataset. This data might include patient medical conditions
and responses to treatments over time. This training dataset would help the model to make
generalized predictions about patient outcomes.
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The diagram shows the following workflow:

1. The Amazon SageMaker Al data extraction job queries the knowledge graph to retrieve
chronological data about different patients' responses to a set of medications or treatments over
time.

2. The SageMaker Al data preparation job integrates an Amazon Bedrock LLM and inputs from
subject matter experts (SMEs). The job classifies the data retrieved from the knowledge graph
into predefined categories (such as deterioration in health, improvement, or stable progress) that
indicate the health status of each patient.

3. The job creates a fine-tuning dataset that includes the information extracted from the
knowledge graph, the chain-of-thought prompts, and the patient outcome category. It uploads
this training dataset to an Amazon S3 bucket.

4. An Amazon Bedrock customization job uses this training dataset to fine-tune an LLM.

5. The Amazon Bedrock customization job integrates the Amazon Bedrock foundational model of
choice within the training environment. It starts the fine-tuning job and uses the training dataset
and the training hyperparameters that you configure.

6. An Amazon Bedrock evaluation job evaluates the fine-tuned model by using a pre-designed
model-evaluation framework.

7. If the model needs improvement, the training job runs again with more data after careful
consideration of the training dataset. If the model does not demonstrate incremental
performance improvement, also consider modifying the training hyperparameters.
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8. After the model evaluation meets the standards defined by the business stakeholders, you host
the fine-tuned model to the Amazon Bedrock provisioned throughput.

Step 2: Predicting patient behavior

Fine-tuned LLMs can process clinical notes, discharge summaries, and other patient-specific
documents from the temporal medical knowledge graph. They can assess whether the patient is
likely to follow prescribed medications or treatments.

This step uses the knowledge graph created in Step 1: Predicting patient outcomes by using

a medical knowledge graph. The knowledge graph contains data from the patient's profile,

including the patient's historical adherence as a node. It also includes instances of non-adherence
to medicines or treatments, side effects to medicines, lack of access or cost barriers to medications,
or complex dosing regimens as attributes of such nodes.

Fine-tuned LLMs can consume past prescription fulfillment data from the medical knowledge
graph and descriptive summaries of the clinical notes from an Amazon OpenSearch Service vector
database. These clinical notes might mention frequently missed appointments or non-compliance
with treatments. The LLM can use these notes to predict the likelihood of future non-adherence.

1. Prepare the input data as follows:

« Structured data - Extract recent patient data, such as the last three visits and the lab results,
from the medical knowledge graph.

» Unstructured data - Retrieve the recent clinical notes from the Amazon OpenSearch Service
vector database.

2. Construct an input prompt that includes patient history and current context. The following is an
example prompt:

You are a highly specialized AI model trained in healthcare predictive analytics.
Your task is to analyze a patient's historical medical records, adherence patterns,
and clinical context to predict the **1likelihood of future non-adherence** to
prescribed medications or treatments.

### **Patient Details**

- **Patient ID:** {patient_id}
- **Age:** {age}

- **Gender:** {gender}

- **Medical Conditions:** {medical_conditions}
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- **Current Medications:** {current_medications}
- **Prescribed Treatments:** {prescribed_treatments}

### **Chronological Medical History**

- **Visit Dates & Symptoms:** {visit_dates_symptoms}

- **Diagnoses & Procedures:** {diagnoses_procedures}

- **Prescribed Medications & Treatments:** {medications_treatments}

- **Past Adherence Patterns:** {historical_adherence}

- **Instances of Non-Adherence:** {past_non_adherence}

- **Side Effects Experienced:** {side_effects}

- **Barriers to Adherence (e.g., Cost, Access, Dosing Complexity):** {barriers}

### **Patient-Specific Insights**
- **Clinical Notes & Discharge Summaries:** {clinical_notes}
- **Missed Appointments & Non-Compliance Patterns:** {missed_appointments}

### **Let's think Step-by-Step to predict the patient behaviour**

1. You should first analyze past adherence trends and patterns of non-adherence.

2. Identify potential barriers, such as financial constraints, medication side
effects, or complex dosing regimens.

3. Thoroughly examine clinical notes and documented patient behaviors that may hint
at non-adherence.

4. Correlate adherence history with prescribed treatments and patient conditions.
5. Finally predict the likelihood of non-adherence based on these contextual
insights.

### **Qutput Format (JSON)**
Return the prediction in the following structured format:

"7 json
{
"patient_id": "{patient_id}",
"likelihood_of_non_adherence": "{low | moderate | high}",
"reasoning": "{detailed_explanation_based_on_patient_history}"

3. Pass the prompt to the fine-tuned LLM. The LLM processes the prompt and predicts the
outcome. The following is an example response from the LLM:

"patient_id": "P12345",
"likelihood_of_non_adherence": "high",
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"reasoning": "The patient has a history of missed appointments, has reported side
effects to previous medications. Additionally, clinical notes indicate difficulty
following complex dosing schedules."

}

4. Parse the model's response to extract the predicted outcome category. For example, the
category for the example response in the previous step might be high likelihood of non-
adherence.

5. (Optional) Use model logits or additional methods to assign confidence scores. Logits are the
unnormalized probabilities of the item belonging to a certain class or category.

Step 3: Predicting patient re-admission

Hospital re-admissions are a major concern due to the high cost of healthcare administration and
because of their impact on the patient's well-being. Computing hospital re-admission rates is one
way of measuring the quality of patient care and performance of a healthcare provider.

To compute the re-admission rate, you defined an indicator, such as a 7-day re-admission rate. This
indicator is the percentage of admitted patients who return to the hospital for an unplanned visit
within seven days of discharge. To predict the chance of re-admission for a patient, a fine-tuned
LLM can consume temporal data from the medical knowledge graph that you created in Step 1:
Predicting patient outcomes by using a medical knowledge graph. This knowledge graph maintains

chronological records of patient encounters, procedures, medications, and symptoms. These data
records contain the following:

« Duration of time since the patient's last discharge

» The patient's response to past treatments and medications

» The progression of symptoms or conditions over time

You can process these time-series events to predict the re-admission likelihood of a patient
through a curated system prompt. The prompt imparts the prediction logic to the fine-tuned LLM.

1. Prepare the input data as follows:

« Adherence history — Extract medication pickup dates, medication refill frequencies, diagnosis
and medication details, chronological medical history, and other information from the medical
knowledge graph.
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« Behavioral indicators — Retrieve and include clinical notes about missed appointments and
patient-reported side effects.

2. Construct an input prompt that includes the adherence history and behavioral indicators. The
following is an example prompt:

You are a highly specialized AI model trained in healthcare predictive analytics.
Your task is to analyze a patient's historical medical records, clinical events, and
adherence patterns to predict the **likelihood of hospital readmission** within the
next few days.

### **Patient Details**

- **Patient ID:** {patient_id}

- **Age:** {age}

- **Gender:** {gender}

- **Primary Diagnoses:** {diagnoses}

- **Current Medications:** {current_medications}

- **Prescribed Treatments:** {prescribed_treatments}

### **Chronological Medical History**

- **Recent Hospital Encounters:** {encounters}

- **Time Since Last Discharge:** {time_since_last_discharge}

- **Previous Readmissions:** {past_readmissions}

- **Recent Lab Results & Vital Signs:** {recent_lab_results}

- **Procedures Performed:** {procedures_performed}

- **Prescribed Medications & Treatments:** {medications_treatments}
- **Past Adherence Patterns:** {historical_adherence}

- **Instances of Non-Adherence:** {past_non_adherence}

### **Patient-Specific Insights**

- **Clinical Notes & Discharge Summaries:** {clinical_notes}

- **Missed Appointments & Non-Compliance Patterns:** {missed_appointments}
- **Patient-Reported Side Effects & Complications:** {side_effects}

### **Reasoning Process - You have to analyze this use case step-by-step.**

1. First assess **time since last discharge** and whether recent hospital encounters
suggest a pattern of frequent readmissions.

2. Second examine **recent lab results, vital signs, and procedures performed** to
identify clinical deterioration.

3. Third analyze **adherence history**, checking if past non-adherence to medications
or treatments correlates with readmissions.

4. Then identify **missed appointments, self-reported side effects, or symptoms
worsening** from clinical notes.
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5. Finally predict the **1ikelihood of readmission** based on these contextual
insights.

### **Qutput Format (JSON)**
Return the prediction in the following structured format:

““json
{
"patient_id": "{patient_id}",
"likelihood_of_readmission": "{low | moderate | high}",
"reasoning": "{detailed_explanation_based_on_patient_history}"
}

3. Pass the prompt to the fine-tuned LLM. The LLM processes the prompt and predicts the re-
admission likelihood and reasons. The following is an example response from the LLM:

{
"patient_id": "P67890",
"likelihood_of_readmission": "high",
"reasoning": "The patient was discharged only 5 days ago, has a history of more

than two readmissions to hospitals where the patient received treatment. Recent
lab results indicate abnormal kidney function and high liver enzymes. These factors
suggest a medium risk of readmission."

}

4. Categorize the prediction into a standardized scale, such as low, medium, or high.

5. Review the reasoning provided by the LLM, and identify key factors that contribute to the
prediction.

6. Map the qualitative outputs to quantitative scores. For example, very high might equal a 0.9
probability.

7. Use validation datasets to calibrate the model outputs against actual re-admission rates.

Step 4: Computing the propensity score

Next, you calculate a hospital re-admission propensity score per patient. This score reflects the net
impact of the three analyses performed in the previous steps: potential patient outcomes, patient
behavior towards medications and treatments, and patient re-admission likelihood. By aggregating
the patient-level re-admission propensity score to specialty level and then at hospital level, you can
gain insights to clinicians, care managers, and administrators. The hospital re-admission propensity
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score helps you assess overall performance by facility, by specialty, or by condition. Then, you can
use this score to implement proactive interventions.

1. Assign weights to each of the different factors (outcome prediction, adherence likelihood, re-
admission). The following are example weights:

o Outcome Prediction Weight: 0.4
« Adherence Prediction Weight: 0.3
» Re-admission Likelihood Weight: 0.3

2. Use the following calculation to calculate the composite score:

ReadadmissionPropensityScore = (OutcomeScore x OutcomeWeight) +
(AdherenceScore x AdherenceWeight) +
(ReadmissionLikelihoodScore x ReadmissionLikelihoodWeight)

3. Make sure that all individual scores are on the same scale, such as 0 to 1.

4. Define the thresholds for action. For example, scores above 0.7 initiate alerts.

Based on the above analyses and re-admission propensity score of a patient, clinicians or care
managers can set up alerts to monitor their individual patients based on the computed score. If it

is above a pre-defined threshold, they are notified when that threshold is reached. This helps care
managers to be proactive rather than reactive when creating discharge care plans for their patients.
Save the patient outcome, behavior, and re-admission propensity scores in an indexed form in an
Amazon OpenSearch Service vector database so that care managers can seamlessly retrieve them
by using a conversational Al agent.

The following diagram shows the workflow of a conversational Al agent that a clinician or care
manager can use to retrieve insights on patient outcomes, expected behavior, and re-admission
propensity. Users can retrieve insights at the patient-level, department-level, or hospital-level. The
Al agent retrieves these insights, which are stored in an indexed form in an Amazon OpenSearch
Service vector database. The agent uses the query to retrieve relevant data and provides tailored
responses, including suggested actions for patients who have a high risk of re-admission. Based on
the level of risk, the agent can also set up reminders for patients and care givers.
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The diagram shows the following workflow:

1. The clinician poses a question to a conversational Al agent, which houses an AWS Lambda
function.

2. The Lambda function initiates a LangChain agent.

3. The LangChain agent sends the user's question to an Amazon SageMaker Al text embedding
endpoint. The endpoint embeds the question.

4. The LangChain agent passes embedded question to a medical knowledge base in Amazon
OpenSearch Service.

5. Amazon OpenSearch Service returns the specific insights that are most relevant to the user
query to the LangChain agent.

6. The LangChain agents sends the query and the retrieved context from the knowledge base to an
Amazon Bedrock foundation model.
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7. The Amazon Bedrock foundation model generates a response and sends it to the Lambda
function.

8. The Lambda function returns the response to the clinician.

9. The clinician initiates a Lambda function that sends a follow-email to a patient who has a high
risk of re-admission.

Alignment to the AWS Well-Architected Framework

The architecture for tracking patient behavior and predicting hospital re-admission rates integrates
AWS services, medical knowledge graphs, and LLMs to improve healthcare outcomes while aligning
with the six pillars of the AWS Well-Architected Framework:

« Operational excellence — The solution is a decoupled, automated system that uses Amazon
Bedrock and AWS Lambda for real-time alerts.

« Security - This solution is designed to comply with healthcare regulations, such as HIPAA. You
can also implement encryption, fine-grained access control, and Amazon Bedrock guardrails to
help protect patient data.

« Reliability — The architecture uses fault-tolerant, serverless AWS services.

» Performance efficiency - Amazon OpenSearch Service and the fine-tuned LLMs can provide fast
and accurate predictions.

» Cost optimization — Serverless technologies and pay-per-inference models help minimize costs.
Although a using fine-tuned LLM can incur extra charges, the model uses a RAG approach that
reduces the data and computational time required for the fine-tuning process.

« Sustainability — The architecture minimizes resource consumption through the use of serverless
infrastructure. It also supports efficient, scalable healthcare operations.
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Use case: Managing and upskilling your healthcare staff

Implementing talent-transformation and upskilling strategies helps workforces remain adept

at using new technologies and practices in medical and healthcare services. Proactive upskilling
initiatives make sure that healthcare professionals can provide high-quality patient care,

optimize operational efficiencies, and stay compliant with regulatory standards. Moreover, talent
transformation fosters a culture of continuous learning. This is pivotal for adapting to the changing
healthcare landscape and addressing emerging public health challenges. Traditional training
approaches, such as classroom-based training and static learning modules, offer uniform content
to a broad audience. They often lack personalized learning paths, which are critical for addressing
the specific needs and proficiency levels of individual practitioners. This one-size-fits-all strategy
can result in disengagement and suboptimal knowledge retention.

Consequently, healthcare organizations must embrace innovative, scalable, and technology-
driven solutions that can determine the gap for each of their employees in their current state and
potential future state. These solutions should recommend hyper-personalized learning pathways
and the right set of learning content. This effectively prepares the workforce for the future of
healthcare.

In the healthcare industry, you can apply generative Al to help you understand and upskill your
workforce. Through the connection of large language models (LLMs) and advanced retrievers,
organizations can understand what skills they currently have and identify key skills that might

be necessary in the future. This information helps you bridge the gap by hiring new workers

and upskilling the current workforce. Using Amazon Bedrock and knowledge graphs, healthcare
organizations can develop domain-specific applications that facilitate continuous learning and skill
development.

The knowledge provided by this solution helps you effectively manage talent, optimize workforce
performance, drive organizational success, identify existing skills, and craft a talent strategy. This
solution can help you perform these tasks in weeks instead of months.

Solution overview

This solution is a healthcare talent transformation framework that consists of the following
components:
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« Intelligent resume parser - This component can read a candidate's resume and precisely extract
candidate information, including skills. Intelligent information extraction solution built using
fine-tuned Llama 2 model in Amazon Bedrock on a proprietary training dataset covering resumes
and talent profiles from more than 19 industries. This LLM-based process saves hundreds of
hours by automating the manual review process of resumes and matching top candidates to
open roles.

« Knowledge graph - A knowledge graph built on Amazon Neptune, a unified repository of
talent information including role and skill taxonomy of the organization as well as the industry,
capturing the semantics of healthcare talent using definitions of skills, roles and their properties,
relations, and logical constraints.

« Skill ontology — The discovery of skill proximities between candidate skills and ideal current
state or future state skills (retrieved using a knowledge graph) is achieved through ontology
algorithms that measure the semantic similarity between candidate skills and target state skills.

« Learning pathway and content - This component is a learning recommendation engine that can
recommend the right learning content from a catalogue of learning materials from any vendor
based on the identified skill gaps. Identifying the most optimal upskilling pathways for each
candidate by analyzing the skill gaps and recommending prioritized learning content, to enable a
seamless and continuous professional development for each candidate during the transition to a
new role.

This cloud-based, automated solution is powered by machine learning services, LLMs, knowledge
graphs, and Retrieval Augmented Generation (RAG). It can scale to process tens or thousands

of resumes in minimum amount of time, create instant candidate profiles, identify gaps in their
current or potential future state, and then efficiently recommend the right learning content to
close these gaps.

The following image shows the end-to-end flow of the framework. The solution is built on fine-
tuned LLMs in Amazon Bedrock. These LLMs retrieve data from the healthcare talent knowledge
base in Amazon Neptune. Data-driven algorithms make recommendations for optimal learning
pathways for each candidate.
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Building this solution consists of the following steps:

« Step 1: Extracting talent information and building a skills profile

» Step 2: Discovering role-to-skill relevance from a knowledge graph

» Step 3: Identifying skill gaps and recommending training

Step 1: Building a skills profile

First, you fine-tune a large language model, such as Llama 2, in Amazon Bedrock with a custom
dataset. This adapts the LLM for the use case. During training, you accurately and consistently
extract key talent attributes from candidate resumes or similar talent profiles. These talent
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attributes include skills, current role title, experience titles with date spans, education, and
certifications. For more information, see Customize your model to improve its performance for
your use case in the Amazon Bedrock documentation.

The following image shows the process to fine-tune a resume-parsing model by using Amazon
Bedrock. Both real and synthetically created resumes are passed to an LLM in order to extract key
information. A group of data scientists validate the extracted information against the original,
raw text. The extracted information is then concatenated by using chain-of-thought prompting
and the original text to derive a training dataset for fine-tuning. This dataset is then passed to

an Amazon Bedrock customization job, which fine-tunes the model. An Amazon SageMaker Al
batch job runs a model-evaluation framework that evaluates the fine-tuned model. If the model
needs improvement, the job runs again with more data or different hyperparameters. After the
evaluation meets the standards, you host the custom Model through Amazon Bedrock provisioned
throughput.
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Step 2: Discovering role-to-skill relevance

Next, you build a knowledge graph that encapsulates the skills and role taxonomy of your
organization and of other organizations in the healthcare industry. This enriched knowledge base
is sourced from aggregated talent and organization data in Amazon Redshift. You can gather talent
data from a range of labor-market data providers and from organization-specific structured and
unstructured data sources, such as enterprise resource planning (ERP) systems, a human resources
information system (HRIS), employee resumes, job descriptions, and talent architecture documents.
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Build the knowledge graph on Amazon Neptune. Nodes represent skills and roles, and edges
represent the relationships between them. Enrich this graph with metadata to include details such
as organization name, industry, job family, skill type, role type, and industry tags.

Next, you develop a Graph Retrieval Augmented Generation (Graph RAG) application. Graph RAG is a
RAG approach that retrieves data from a graph database. The following are the components of the
Graph RAG application:

 Integration with an LLM in Amazon Bedrock — The application uses an LLM in Amazon Bedrock
for natural language understanding and query generation. Users can interact with the system by
using natural language. This makes it accessible to non-technical stakeholders.

» Orchestration and information retrieval — Use Llamalndex or LangChain orchestrators to
facilitate the integration between the LLM and the Neptune knowledge graph. They manage
the process of converting natural language queries into openCypher queries. Then, they run
the queries on the knowledge graph. Use prompt engineering to instruct the LLM about best
practices for constructing openCypher queries. This helps optimize the queries to retrieve the
relevant subgraph, which contains all of the pertinent entities and relationships about the
queried roles and skills.

« Insight generation — The LLM in Amazon Bedrock processes the retrieved graph data. It
generates detailed insights about the current state and projects future states for the queried role
and associated skills.

The following image shows the steps to build a knowledge graph from source data. You pass the
structured and unstructured source data to the data ingestion pipeline. The pipeline extracts and
transforms information to a CSV bulk load formation that is compatible with Amazon Neptune.
The bulk loader API uploads the CSV files that are stored in an Amazon S3 bucket to the Neptune
knowledge graph. For user queries related to talent future state, relevant roles, or skills, the
fine-tuned LLM in Amazon Bedrock interacts with the knowledge graph through a LangChain
orchestrator. The orchestrator retrieves the relevant context from the knowledge graph and

push the responses to the insights table in Amazon Redshift. The LangChain orchestrator, like
GraphQAChain, converts the natural language query from the user to an openCypher query in
order to query the knowledge graph. The Amazon Bedrock fine-tuned model generates a response
based on the retrieved context.
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Step 3: Recommending training

In this step, you accurately compute the proximity between the current state of a healthcare
professional and potential future state roles. To do this, you perform a skill affinity analysis by
comparing the individual's skills sets with the job role. In an Amazon OpenSearch Service vector

database, you store skill taxonomy information and skill metadata, such as the skill description,
skill type, and skill clusters. Use an Amazon Bedrock embedding model, such as Amazon Titan

Text Embeddings models, to embed the identified key skill into vectors. Through a vector search,

you retrieve the descriptions of current state skills and target state skills and perform an ontology
analysis. The analysis provides proximity scores between the current and target state skill pairs.
For each pair, you use the computed ontology scores to identify the gaps in skill affinities. Then,
you recommend the optimal path for upskilling, which the candidate can consider during role
transitions.

For each role, recommending the correct learning content for upskilling or reskilling involves

a systematic approach that begins with creating a comprehensive catalog of learning content.

This catalog, which you store in an Amazon Redshift database, aggregates content from various
providers and includes metadata, such as the content duration, difficulty level, and learning mode.
The next step is to extract the key skills offered by each piece of content and then map them to the
individual skills required for the target role. You achieve this mapping by analyzing the coverage
provided by the content through a skills proximity analysis. This analysis assesses how closely
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the skills taught by the content align with the desired skills for the role. The metadata plays a
critical role in selecting the most appropriate content for each skill, making sure that learners
receive tailored recommendations that suit their learning needs. Use LLMs in Amazon Bedrock to
extract skills from the content metadata, perform feature engineering, and validate the content
recommendations. This improves accuracy and relevance in the upskilling or reskilling process.

Alignment to the AWS Well-Architected Framework

The solution aligns with all six pillars of the AWS Well-Architected Framework:

« Operational excellence — A modular, automated pipeline enhances operational excellence. Key
components of the pipeline are decoupled and automated, allowing for faster model updates
and easier monitoring. Additionally, automated training pipelines support quicker releases of
fine-tuned models.

» Security — This solution processes sensitive and personally identifiable information (Pll), such
as the data in resumes and talent profiles. In AWS Identity and Access Management (IAM),

implement fine-grained access control policies and make sure that only authorized personnel
have access to this data.

« Reliability — The solution uses AWS services, such as Neptune, Amazon Bedrock, and OpenSearch
Service, that provide fault tolerance, high availability, and uninterrupted access to insights even
during high demand.

» Performance efficiency - Fine-tuned LLMs in Amazon Bedrock and OpenSearch Service vector
databases are designed to quickly and accurately process large datasets in order to deliver
timely, personalized learning recommendations.

« Cost optimization - This solution uses a RAG approach, which reduces the need for continuous
pre-training of models. Instead of fine-tuning the entire model repeatedly, the system fine-tunes
only specific processes, such as extracting information from resumes and structuring outputs.
This results in significant cost savings. By minimizing the frequency and scale of resource-
intensive model training and by using pay-per-use cloud services, healthcare organizations can
optimize their operational costs while maintaining high performance.

« Sustainability — This solution uses scalable, cloud-native services that allocate compute
resources dynamically. This reduces energy consumption and the environmental impact while
still supporting large-scale, data-intensive talent transformation initiatives.
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Developing and orchestrating generative Al solutions for
healthcare

To build the solutions in this guide, you must build a RAG architecture that uses fine-tuned LLMs to
deliver augmented patient data, clinical and diagnostic insights, and predicted patient outcomes
to healthcare providers. This requires the integration of multiple AWS services and tools to create a
cohesive and efficient workflow. This section discusses the following:

« Amazon Q Developer — Use Amazon Q Developer to address engineering questions and code
errors during the development process.

« Multi-retriever RAG design — Design and implement RAG solutions that use multiple retrievers to
fetch the correct medical context for the user's question.

« ReAct agents — Implement agents that combine reasoning with dynamic action.

Amazon Q Developer

When building a generative Al solution, it can be difficult to create Al agents and the connect
key services. However, Amazon Q Developer helps data scientists and Al engineers by providing

access to an advanced generative Al assistant. Amazon Q can quickly and accurately address user
questions and code errors, which can help you optimize the LLM development process. Amazon

Q offers significant advantages for developers creating applications that use Amazon Bedrock
foundation models. It can streamline workflows and enhance code quality. It automates the
generation of Python scripts and infrastructure as code (laC) configurations, significantly reducing
development time and effort. Through advanced refactoring capabilities, Amazon Q can improve
code performance, identify security vulnerabilities, and make sure developers adhere to best
practices. Additionally, it facilitates learning and adoption for beginners by providing context-
aware suggestions and explanations, making complex coding tasks more accessible and efficient.

Multi-retriever RAG design

In a generative Al application, a multi-retriever RAG pipeline can efficiently retrieve information
from multiple data sources to help healthcare providers and clinicians answer medical questions.
This pipeline uses different types of retrievers to pull relevant data from different knowledge
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bases. Each retriever is specialized in fetching a particular type of information, such as patient
histories, diagnostic insights, clinical notes, or content from medical research and academic texts.

Use the nature of the data and the specific application requirements to determine what the correct
backend knowledge base is correct for your use case. An Amazon OpenSearch Service vector
database is well suited for large volumes of unstructured or semi-structured healthcare data,
including image diagnosis assessment summaries, discharge summaries, clinical reports, medical
research, and academic text content. On the other hand, a graph database service, such as Amazon
Neptune, can be ideal for healthcare use cases that require deep exploration of the temporal
relationships between entities, such as patient, patient history, healthcare provider, medicines,
symptoms, and treatments.

A critical component of this pipeline is user query intent prediction. This makes sure that the system
routes the query to the correct retriever chain. For example, if a clinician asks about a patient's
treatment history, symptoms, interaction with the hospital, the likelihood of hospital re-admission,
or potential patient outcomes, then the query intent prediction module identifies this intent. It
directs the request to the retriever chain that can fetch patient records or chronological treatment
data from the medical knowledge graph. Alternatively, if the question is about disease discovery,
specific diagnostic assessments, or details of specific clinical procedures from academic textbooks,
then the query is routed to the retriever chain that can fetch this information from the OpenSearch
Service vector database. You can use the tool-calling functionality of LangChain to bind a custom
tool to the Amazon Bedrock LLM that can classify a user question into predefined intents.

This multi-retriever RAG system includes LangChain agents that are designed to manage access to
the specific knowledge base. You can use LangChain to orchestrate the interaction between the
Amazon Bedrock LLM, the different retrievers, and tools. LangChain includes a tool-calling class
that helps you create custom tools, such as an intent classifier, a retriever for Neptune, a retriever
for OpenSearch Service, or any other tool that can be developed to classify the user intent and
access data from a specific knowledge base in a structured format. You then feed these tools to the
class to create a Reasoning and Acting (ReAct) agent. The ReAct agent processes the user question,
plans the sequential steps to answer the question, and then iteratively executes the available tools
and processes the tool responses to finally answer the user query.

The following image shows how a multi-retriever RAG system that is designed for efficient
knowledge retrieval and intelligent query resolution works. A LangChain ReAct agent analyzes
the user's intent, formulates a structured plan for execution, and selects the most relevant
retrieval tools. The system queries a previous questions cache and checks for similar queries
based on key attributes, such as patient ID, medical condition, and visit date. If a highly similar
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question is found, the corresponding answer is retrieved directly. Otherwise, the agent executes

the appropriate retriever. For retrieving patient-centric information, such as treatment history,
symptoms, hospital interactions, or re-admission likelihood, the system uses a graph retriever. For
diagnostic assessments, clinical procedures, and structured medical findings, the agent employs a
vector database retriever. In scenarios that require a combination of contextual knowledge from
both data stores, to generate a comprehensive response, the system uses a hybrid retrieval strategy
that integrates results from both the knowledge graph and vector database.
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ReAct agents

Reasoning and Acting (ReAct) agents are designed for multi-faceted RAG applications. These
agents provide a powerful combination of reasoning and dynamic action, particularly for
complex applications that involve step-by-step, logical information-retrieval workflows. For more
information, see ReAct: Synergizing Reasoning and Acting in Language Models.

In medical and healthcare contexts, queries from a clinician or doctor are often multi-faceted.
For example, a clinician might ask "What treatments were given to similar patients with both
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hypertension and type 2 diabetes?" After identifying the user intent, which is to fetch the
treatments for hypertension and type 2 diabetes, the Al agent needs to divide this query

into subtasks and then choose the most efficient retrieval strategy. In this case, the Al agent
should identify the most relevant nodes (such as patient age, sex, conditions, treatments, and
medications) and then query the graph for these entities and their attributes and relationships.
ReAct agents are very helpful because they combine the reasoning (logical inference) capability of
an LLM with an action (querying or interacting with external resources or knowledge bases).

To answer the user query "What treatments were given to similar patients with both hypertension
and type 2 diabetes?", the following example illustrates how a ReAct agent works:

1. Agent reasoning — The ReAct agent infers that the question involves retrieving information
about conditions (diabetes and hypertension). It considers patient age, treatments, medications,
and the period to analyze.

2. Agent action — The agent uses openCypher to query the knowledge graph for treatments that
are specific to type 2 diabetes and hypertension. It also retrieves medications administered,
dates of hospital visits, side effects of medications, known patient outcomes, and cross-
reference data for similar patients (such as patients of the same gender and age).

3. Agent observation - From the knowledge graph, the agent retrieves the most recent six months
of tabular data about treatments given to patients who have both hypertension and type 2
diabetes.

4. Agent reasoning — To rank the results from the retrieved records, the agent identifies important
attributes, such as recency, side effects of medications, or known patient outcomes.

5. Agent action — The agent re-ranks the records based on identified attributes and pre-defined
logic that is imparted through the system prompt.

6. Response generation — The LLM in Amazon Bedrock generates a response based on the context
that the ReAct agent prepared.
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Evaluating generative Al solutions for healthcare

Evaluating the healthcare Al solutions you build is critical to making sure that they are effective,
reliable, and scalable in real-world medical environments. Use a systematic approach to
evaluate the performance of each component of the solution. The following is a summary of the
methodologies and metrics that you can use to evaluate your solution.

Topics

» Evaluating the extraction of information

» Evaluating RAG solutions with multiple retrievers

» Evaluating a solution by using an LLM

Evaluating information extraction

Evaluate the performance of information extraction solutions, such as the intelligent resume parser

and the custom entity extractor. You can measure the alignment of these solutions' responses by
using a test dataset. If you don't have a dataset that covers versatile healthcare talent profiles and
patient medical records, you can create a custom test dataset by using the reasoning capability of
an LLM. For example, you could use a large parameter model, such as Anthropic Claude models, to
generate a test dataset.

The following are three key metrics that you can use for evaluating the information extraction
models:

« Accuracy and completeness — These metrics evaluate the extent to which the output captured
the correct and complete information present in the ground truth data. This involves checking
both the correctness of the extracted information and the presence of all relevant details in the
extracted information.

« Similarity and relevance - These metrics assess the semantic, structural, and contextual
similarities between the output and the ground truth data (the similarity) and the degree to
which the output aligns with and addresses the content, context, and intent of the ground truth
data (the relevance).

» Adjusted recall or capture rate — These rates empirically determine how many of the present
values in the ground truth data were identified correctly by the model. The rate should include a
penalization for all false values that the model extracts.

Evaluating information extraction 48



AWS Prescriptive Guidance Creating Retrieval Augmented Generation solutions on AWS for
healthcare

 Precision score — The precision score helps you determine how many false positives are present
in the predictions, as compared to the true positives. For example, you can use precision metrics
to measure the correctness of the extracted skill proficiency.

Evaluating RAG solutions with multiple retrievers

To assess how well the system retrieves relevant information and how effectively it uses that
information to generate accurate and contextually appropriate responses, you can use the
following metrics:

« Response relevancy — Measure how relevant the generated response, which uses the retrieved
context, is to the original query.

» Context precision — Out of the total retrieved results, evaluate the proportion of retrieved
documents or snippets that are relevant to the query. A higher context precision indicates that
the retrieval mechanism is effective in selecting relevant information.

» Faithfulness — Assesses how accurately the generated response reflects the information in
the retrieved context. In other words, measure if the response remains true to the source
information.

Evaluating a solution by using an LLM

You can use a technique called LLM-as-a-judge to evaluate the text responses from your generative
Al solution. It involves using LLMs to evaluate and assess the performance of model outputs. This
technique uses the capabilities of Amazon Bedrock to provide judgments on various attributes,
such as response quality, coherence, adherence, accuracy, and completeness to human preferences
or ground truth data. You use chain-of-thought (CoT) and few-shot prompting techniques for

a comprehensive evaluation. The prompt instructs the LLM to evaluate the generated response
with scoring rubric, and the few-shot samples in the prompt demonstrate the actual evaluation
process. The prompt also includes guidelines for the LLM evaluator to follow. For example, you
could consider using one or more of the following evaluation techniques that use an LLM to judge
the generated responses:

» Pairwise comparison — Give the LLM evaluator a medical question and multiple responses that
were generated by different, iterative versions of the RAG systems you created. Prompt the LLM
evaluator to determine the best response based on response quality, coherence, and adherence
to the original question.
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» Single-answer grading — This technique is well suited for use cases where you need to evaluate
the accuracy of categorization, such as patient outcome classification, patient behavior
categorization, patient re-admission likelihood, and risk categorization. Use the LLM evaluator to
analyze individual categorization or classification in isolation, and evaluate the reasoning it has
provided against ground truth data.

» Reference-guided grading - Provide the LLM evaluator with a series of medical questions that
require descriptive answers. Create sample responses to these questions, such as reference
answers or ideal responses. Prompt the LLM evaluator to compare the LLM-generated response
against the reference answers or ideal responses, and prompt the LLM evaluator to grade
the generated response for accuracy, completeness, similarity, relevance, or other attributes.
This technique helps you evaluate whether the generated responses align with a well-defined
standard or exemplary answer.
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Resources

AWS documentation

« Amazon Bedrock documentation

« Amazon Neptune documentation

« Amazon OpenSearch Service documentation

» Applying the AWS Well-Architected Framework for Amazon Neptune (AWS Prescriptive

Guidance)

» Operational best practices for Amazon OpenSearch Service (OpenSearch Service documentation)

» Using Amazon Comprehend Medical and LLMs for healthcare and life sciences (AWS Prescriptive

Guidance)

AWS blog posts

« Build RAG and agent-based generative Al applications with new Amazon Titan Text Premier
model, available in Amazon Bedrock

o Complement Commercial Intelligence by Building a Knowledge Graph out of a Data Warehouse
with Amazon Neptune

« Using knowledge graphs to build GraphRAG applications with Amazon Bedrock and Amazon
Neptune

Other resources

 Integrating Retrieval-Augmented Generation with Large Language Models in Nephrology:

Advancing Practical Applications (PubMed Central, National Library of Medicine)

« Introduction to LangChain (LangChain documentation)
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https://docs.aws.amazon.com/opensearch-service/latest/developerguide/bp.html
https://docs.aws.amazon.com/prescriptive-guidance/latest/generative-ai-nlp-healthcare/introduction.html
https://aws.amazon.com/blogs/aws/build-rag-and-agent-based-generative-ai-applications-with-new-amazon-titan-text-premier-model-available-in-amazon-bedrock/
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https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10972059/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10972059/
https://python.langchain.com/docs/introduction/

AWS Prescriptive Guidance Creating Retrieval Augmented Generation solutions on AWS for
healthcare

Contributors

Authoring

« Nitu Nivedita, Managing Director — Artificial Intelligence Lead, Data & Al, Accenture
« Manoj Appully, Founder and CTO, Cadiem

e Conor Folan, Consultant — Data & Al, Accenture

» Deepak Krishna AR, Consultant — Data & Al, Accenture

« Almore Cato, Manager — Data & Al, Accenture

« Soonam Kurian, Principal Solutions Architect, AWS

Reviewing

 Sally Lin, Data Science Senior Manager — Data & Al, Accenture
» Terry Huang, Data Science Manager — Data & Al, Accenture

« William Lorenz, Partners Solutions Architect, AWS

Technical writing

« Lilly AbouHarb, Senior Technical Writer, AWS

Authoring 52



AWS Prescriptive Guidance Creating Retrieval Augmented Generation solutions on AWS for
healthcare

Document history

The following table describes significant changes to this guide.

Change Description Date

Initial publication — March 14, 2025

53



	AWS Prescriptive Guidance
	Table of Contents
	Creating Retrieval Augmented Generation solutions on AWS for healthcare
	Patient care and productivity
	Talent management

	Opportunities and challenges
	Opportunities for generative AI applications in healthcare
	Advanced image analysis
	Challenges with industrializing the solutions

	Use case: Building a medical intelligence application with augmented patient data
	Solution overview
	Step 1: Discovering data
	Step 2: Building a medical knowledge graph
	Step 3: Building context retrieval agents
	Amazon Bedrock agents for graph interaction
	LangChain agents for graph interaction

	Step 4: Creating a knowledge base
	Using an OpenSearch Service medical knowledge base
	Creating a RAG architecture

	Step 5: Generating responses
	Alignment to the AWS Well-Architected Framework

	Use case: Predicting patient outcomes and re-admission rates
	Solution overview
	Step 1: Predicting patient outcomes
	Step 2: Predicting patient behavior
	Step 3: Predicting patient re-admission
	Step 4: Computing the propensity score
	Alignment to the AWS Well-Architected Framework

	Use case: Managing and upskilling your healthcare staff
	Solution overview
	Step 1: Building a skills profile
	Step 2: Discovering role-to-skill relevance
	Step 3: Recommending training
	Alignment to the AWS Well-Architected Framework

	Developing and orchestrating generative AI solutions for healthcare
	Amazon Q Developer
	Multi-retriever RAG design
	ReAct agents

	Evaluating generative AI solutions for healthcare
	Evaluating information extraction
	Evaluating RAG solutions with multiple retrievers
	Evaluating a solution by using an LLM

	Resources
	AWS documentation
	AWS blog posts
	Other resources

	Contributors
	Authoring
	Reviewing
	Technical writing

	Document history

