
RAG-LLM Medical Report Analyzer: 
Simplifying Health Insights

Mr. Ajay Pendem
Student

Department of IT
Alpha College of Engineering 

Chennai, India

Dr. K. Silpaja Chandrasekar
Assistant Professor
Department of IT

Alpha College of Engineering 
Chennai, India

Mr. Vignesh M
Assistant Professor
Department of IT

Alpha College of Engineering 
Chennai, India

Abstract—Medical records hold essential health information
such as laboratory results and diagnostics, but there are difficult
for non-experts to understand, given the multitude of technical
terms and numbers. The doctors must explain them and gain
insights, but that takes time. Large language models (LLMS) and
natural language processing (NLP) make an artificial intelligence
(AI) analyzer that interprets reports, closing the doctor-patient
gap where the patient remains active in managing their health
without expertise. This paper proposes an AI-based medical
report analyzer using LLMs and retrieval-augmented generation
(RAG) to generate simplified, contextual reports from patient-
uploaded PDFs. Structure-aware tools parse PDFs into dense
vector embeddings stored in a local facebook AI similarity search
(FAISS) database. At query time, similarity search retrieves
relevant segments to ground LLM responses, minimizing in-
accuracies compared to standalone LLMs. A heuristic module
flags abnormal lab values (HIGH, LOW, CRITICAL) against
clinical ranges, adding action annotations. The secure full-stack
system includes a multi-turn chat interface, FastAPI REST API,
Clerk JWT auth; experiments show RAG improves accuracy and
consistency.

Index Terms—Natural Language Processing, Retrieval-
Augmented Generation, Facebook AI Similarity Search

I. INTRODUCTION

In modern healthcare, a substantial volume of medical

documentation—including laboratory results, diagnostic scans,

and prescriptions—is routinely generated. These documents

contain critical data regarding patient physiology, disease

progression, and treatment efficacy. Despite their paramount

importance, patients frequently struggle to interpret these

reports independently due to complex medical terminologies,

specialized abbreviations, and intricate numerical data accom-

panied by clinical reference ranges.

Consequently, patients heavily rely on healthcare profes-

sionals for accurate report interpretation. However, access

to clinicians is often constrained by limited appointment

availability, geographical barriers, and high consultation costs.

Therefore, the development of intelligent, automated systems

capable of interpreting medical reports has the potential to de-

mocratize healthcare access and significantly enhance patient

health literacy.

Recent advancements in Artificial Intelligence (AI) and Nat-

ural Language Processing (NLP) have facilitated the creation

of highly capable Large Language Models (LLMs). While

transformer-based architectures like GPT-4 excel in natural

language understanding, their deployment in sensitive clinical

settings is hindered by a propensity to generate fabricated in-

formation, commonly known as hallucinations. To effectively

address this critical limitation, Retrieval-Augmented Genera-

tion (RAG) frameworks integrate external, factual document

retrieval with LLM reasoning, ensuring that the generated

clinical responses are strictly grounded in the contextual reality

of the patient’s actual medical report.

The main contributions of this paper include:

1) Development of an AI-powered system for automated

interpretation of medical reports in document format,

supporting diverse report types including blood panels,

metabolic profiles, lipid screenings, and thyroid function

tests.

2) Integration of RAG with LLMs to improve response

accuracy, reduce inaccuracies, and ensure document-

grounded answer generation.

3) Implementation of a heuristic-driven abnormality detec-

tion module that cross-references extracted numerical

values against established clinical reference ranges and

flags HIGH, LOW, and CRITICAL indicators with con-

textual annotations.

4) Development of an interactive multi-turn conversational

interface that enables users to ask follow-up questions

with persistent session memory.

5) Design of a secure, user-authenticated system architec-

ture that ensures individual data isolation, protecting the

privacy and confidentiality of sensitive medical informa-

tion.

II. RELATED WORK

Artificial Intelligence has been extensively studied in the

field of healthcare, including medical diagnosis, document

processing, and decision support systems. The significant ad-

vancements in the field of deep learning (DL) and natural lan-

guage processing (NLP) have led to the creation of intelligent

systems that can efficiently handle vast amounts of medical

information with high precision and accuracy. Specifically, the

transformer-based models have achieved tremendous success
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in the field of clinical language understanding, structured

information extraction from unstructured medical texts, and

response generation relevant to the context of the given

health-related queries. This has provided a strong platform for

the application of AI in patient-oriented healthcare systems,

whose main aim is to bridge the knowledge gap between the

information provided and the patient’s level of understanding.

Huang et al. introduced ClinicalBERT, a domain-specific

language model pre-trained on clinical notes extracted from

the MIMIC-III database, which is tailored to incorporate the

subtle medical semantics of electronic health records. The

ClinicalBERT model was fine-tuned for hospital readmission

prediction, achieving a prediction accuracy of 79.1%, with a

lead of 6.3% over the general-purpose BERT model for the

same task. This study demonstrated the importance of domain-

adaptive pre-training for clinical NLP applications, inspiring

further research on domain-specific language models for the

biomedical domain [1].

Lee et al. proposed a model called BioBERT, a language

representation model pre-trained on large-scale biomedical

data, including PubMed abstracts and PubMed Central full-

text articles. The model was shown to perform state-of-the-

art results on a variety of text mining tasks, including named

entity recognition, relation extraction, and question answering,

with an improvement of up to 4.5% in F1 score compared

to the baseline BERT model. BioBERT showed that pre-

training on large-scale biomedical data improves a model’s

understanding of clinical and scientific vocabulary [2].

Johnson et al. created the MIMIC-III database, which is a

free resource containing anonymized health records of over

40,000 patients in the intensive care unit, to conduct clinical

NLP research. The database is used for mortality prediction,

diagnosis coding, etc., with an AUC value above 0.85, which

is crucial in training AI models that can derive useful insights

from the Electronic Health Records [3].

Lewis et al. proposed Retrieval-Augmented Generation

(RAG), a hybrid framework that combines a pre-trained lan-

guage model with an external document retrieval mechanism,

achieving an exact match score of 44.5% on the Natural

Questions dataset. This approach is also an improvement over

other approaches, both generative and non-generative, as it is

more accurate in terms of factual knowledge, as observed in

the case of NLP applications. This is the core concept of the

proposed approach, with the RAG concept being applied to

the domain of medical report interpretation, as discussed in

the paper [4].

Guu et al. introduced REALM, a retrieval-augmented lan-

guage model pre-training framework that integrates a neural

document retriever directly into the pre-training objective,

enabling the model to simultaneously learn to retrieve and

reason over external knowledge. This approach achieved an

exact match accuracy of 40.4% on the Open-NaturalQuestions

benchmark, outperforming all prior approaches that relied on

retrieval only at inference time [5].

The Dense Passage Retrieval (DPR) model proposed by

Karpukhin et al. maps questions and passages into a shared

dense embedding space for efficient retrieval. It achieved a

Top-20 retrieval accuracy of 79.4% on the Natural Questions

dataset, improving performance by over 9% compared to the

BM25 baseline [6].

Recent advancements in domain-specific medical LLMs

have significantly accelerated clinical NLP capabilities. Sing-

hal et al. introduced Med-PaLM 2, a language model fine-

tuned specifically for the medical domain, which achieved

state-of-the-art performance on USMLE-style questions with

an accuracy exceeding 85%. While Med-PaLM 2 demonstrates

remarkable domain knowledge, its proprietary nature and high

inference costs limit its direct integration into patient-facing,

real-time applications [7]. Similarly, Wang et al. proposed

ClinicalGPT, an open-source framework adapted for clinical

scenarios, showing strong performance in medical dialogue

tasks. However, purely generative models remain prone to

hallucinations, a critical vulnerability in healthcare contexts

where factual accuracy is paramount [8].

To mitigate these hallucination risks, recent studies have in-

creasingly explored healthcare-oriented Retrieval-Augmented

Generation (RAG) architectures. Xiong et al. developed a

biomedical RAG framework that retrieves context from ex-

tensive clinical guidelines, reducing error rates in diagnosis

generation by 24% compared to ungrounded LLMs [9]. Un-

like these existing architectures that primarily target clinical

decision support for healthcare professionals, our proposed

methodology focuses specifically on patient-facing medical

report interpretation. By integrating a computationally effi-

cient LLM with a localized FAISS vector database and an

independent deterministic abnormality detection module, the

proposed framework delivers high precision and low latency

without compromising user privacy.

Reimers and Gurevych developed Sentence-BERT, a

siamese neural network based on the BERT architecture,

which learns semantically meaningful sentence embeddings,

obtaining a Spearman correlation of 0.8782 on the STS bench-

mark, reducing the time complexity of large-scale pairwise

inferences from 65 hours to approximately 5 seconds [10].

Vaswani et al. developed the Transformer architecture, a

self-attention-based neural network model used in the encod-

ing and decoding of sequences, obtaining a BLEU score of

28.4 on the WMT 2014 translation benchmark, and is the

primary building block of the entire range of large language

models, including the GPT-4o-mini model used in the pro-

posed system [11].

Bickmore et al. developed a virtual nurse conversational

agent for low-literacy hospital patients, demonstrating a 34%

improvement in recall of discharge instructions compared to

standard written materials, providing strong evidence for the

effectiveness of conversational AI in making complex health

information accessible [12].

Esteva et al. demonstrated that a deep convolutional neural

network trained on 129,450 clinical images could classify skin

cancer lesions at dermatologist-level accuracy, achieving an

AUC of 0.96, establishing the viability of AI systems for

performing specialist-level medical diagnostic tasks [13].
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Topol examined the transformative potential of AI in mod-

ern healthcare, projecting that AI-assisted diagnostic systems

could reduce diagnostic errors by up to 40% and improve early

disease detection across radiology, pathology, and cardiology,

while emphasizing the importance of maintaining a human-

centered approach to AI deployment [14].

OpenAI introduced GPT-4, a large-scale multimodal gen-

erative language model that achieved a score in the 90th

percentile on the Uniform Bar Examination and approximately

87% on the USMLE, with the GPT-4o-mini variant employed

in the proposed system inheriting these generative capabilities

while offering improved computational efficiency for real-time

conversational applications [15].

Although considerable progress has been made in the devel-

opment of medical AI systems, research on integrating RAG

with interactive medical report interpretation systems for non-

medical users remains limited. In this paper, we address this

issue through the integration of document-grounded retrieval,

reasoning via large language models, and detection of clinical

reference ranges.

III. METHODOLOGY

The proposed system consists of modules that include

document processing, embedding generation, vector retrieval,

abnormality detection, and language model reasoning. The

overall workflow of the system is illustrated in Fig. 1.

Fig. 1. Workflow of the Proposed AI Medical Report Analyzer

A. Document Processing

A robust, multi-stage document processing pipeline is uti-

lized to securely process and extract structured data from

uploaded medical reports. Initially, the system validates the

file extension, enforces a maximum size limit of 20 MB, and

verifies the file’s magic bytes to prevent malicious uploads.

Subsequently, the extraction module parses the PDF reports.

For digitally native PDFs containing embedded text layers,

the pdfplumber library is employed to accurately extract text

and tabular layouts page by page. However, medical records

are frequently provided as scanned, image-based documents.

To address this, the pipeline integrates an Optical Character

Recognition (OCR) fallback mechanism powered by Tesseract

OCR. When an image-based page is detected, it undergoes

preprocessing steps such as binarization and noise reduction,

followed by robust OCR extraction to capture critical alphanu-

meric clinical data. This hybrid approach ensures compre-

hensive information extraction across diverse report formats.

Finally, the extracted text from each page is appended with

relevant metadata and concatenated into a unified document

structure.

B. Embedding Generation

After the document is extracted, the system processes the

text into semantically rich vector forms that are optimal for

efficient retrieval. The text of the document is divided into

overlapping pieces using a Recursive Character Text Splitter

with a chunk size of 1,000 tokens and an overlap of 200

tokens. Metadata is also added to each piece, including user

ID, document ID, page number, and file name. These pieces

are then fed into the Open AI text-embedding-3-small model,

resulting in dense vectors of dimensionality 1,536.

Given a text chunk Ti, the embedding function f produces:

Ei = f(Ti), Ei ∈ R
1536 (1)

where Ei is the semantic embedding vector for the i-th chunk.

C. Vector Database and Retrieval

After the embeddings are generated, the system persists and

stores the embeddings in a high-performance vector database.

The generated embeddings are stored in a high-performance

vector database called the FAISS vector database, a similarity

search library from Facebook’s AI research lab. Each user who

logs in has a separate vector database, separated by the user

ID.

Semantic similarity between a query vector Q and each

stored chunk embedding Ei is computed using cosine simi-

larity:

Similarity(Q,Ei) =
Q · Ei

‖Q‖‖Ei‖ (2)

The retrieved set C is defined as:

C = top-K
i

{Similarity(Q,Ei)} (3)

The RAG pipeline is illustrated in Fig. 2.
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Fig. 2. Retrieval-Augmented Generation (RAG) Pipeline

D. Retrieval-Augmented Generation

When a user submits a query in the form of a question in

a chat window, the query is embedded into a vector and a

similarity search is conducted on the user’s FAISS index. The

retrieved chunks C, conversation history H , and user query Q
are assembled into a structured prompt P :

P = φ(Q, C, H) (4)

where φ denotes the prompt construction function. The assem-

bled prompt is then passed to the language model to generate

response R:

R = LLM(P ) = LLM
(
φ(Q, C, H)

)
(5)

As depicted in Fig. 2, the proposed RAG pipeline utilizes

a two-phase architecture: document indexing and active re-

trieval. During the indexing phase, the extracted text chunks

are transformed into 1,536-dimensional vectors using the text-
embedding-3-small model. In the retrieval phase, the user’s

query is similarly embedded and compared against the stored

index using cosine similarity to extract the top-K relevant

chunks. By leveraging a ConversationBufferWindowMemory
with a window size of Km = 10, the system successfully

maintains conversational continuity across multiple turns. Fi-

nally, GPT-4o-mini, configured with a low temperature setting

of 0.1 to ensure highly deterministic outputs, synthesizes a

comprehensive and medically contextualized response. This

response is structured into four distinct parts: an executive

summary, explicit source references, flagged clinical abnor-

malities, and a detailed, patient-friendly clinical explanation.

Conversation history is maintained using a Conversation-

BufferWindowMemory object with a rolling window of Km =
10 dialogue turns. At turn t, the maintained history is:

Ht = {(Qt−k, Rt−k)}min(t, Km)
k=1 (6)

E. Abnormality Detection

Concurrently with the RAG pipeline, the extracted doc-

ument text is analyzed by an independent abnormal value

detection module, as depicted in Fig. 3. This pipeline begins

by accepting a Medical Report PDF as input, from which

text is extracted using pdfplumber to capture all clinical

Input
Medical Report PDF

Text Extraction
pdfplumber

Dual Detection Strategy
Keyword + Numeric

Keyword Scanner
HIGH / LOW / CRITICAL

Numeric Comparator
Vmin ≤ V ≤ Vmax

Abnormal Found?Normal Result Status Classification

Annotation & Deduplication

Output
Alert Summary

No Yes

Fig. 3. Abnormal Biomarker Detection Pipeline

values and narrative content. A dual detection strategy is then

applied, where the Keyword Scanner searches for explicit

medical flags such as HIGH, LOW, and CRITICAL, while the

numeric comparator simultaneously evaluates raw laboratory

values against predefined normal reference ranges using the

condition Vmin < V < Vmax. A decision gate determines

whether any abnormality has been found — normal results

are immediately exited, while detected abnormalities proceed

to status classification for severity grading. The classified

findings then pass through an annotation and deduplication

module that tags each biomarker with its severity status and

eliminates any duplicate flags arising from multi-page reports.

Finally, a structured alert summary is generated, consolidating

all abnormal biomarker findings with their classified severity

levels, which is subsequently passed to the LLM response

generation stage to produce clinically meaningful abnormal

flag outputs. complementary strategies.

The first strategy is a keyword-based scanner that identifies

explicit flags such as HIGH, LOW, CRITICAL, and brack-

eted markers. The second strategy is a numerical comparator

that extracts quantitative values and cross-references them

against clinical reference ranges covering over twenty common

biomarkers.

For a given biomarker with extracted value V , minimum

reference Vmin, and maximum reference Vmax:

Status(V ) =

⎧⎪⎨
⎪⎩

Normal if Vmin ≤ V ≤ Vmax

HIGH if V > Vmax

LOW if V < Vmin

(7)

A critical alert is raised when the deviation exceeds a

defined critical threshold δ:

Critical =

{
True if |V − V̄ | > δ

False otherwise
(8)

where V̄ = Vmin+Vmax

2 .
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F. Ethical Considerations and Risk Mitigation

Deploying AI-driven interpretation tools in the healthcare

domain necessitates rigorous adherence to ethical standards to

mitigate potential risks. A primary concern is the generation of

clinically inaccurate information that could mislead patients.

The proposed RAG architecture directly addresses this by

constraining the LLM’s reasoning strictly to the retrieved

context from the uploaded report, significantly minimizing

fabrication. Furthermore, algorithmic bias inherent in pre-

trained LLMs may disproportionately affect diverse demo-

graphic groups. To mitigate this, the deterministic numerical

abnormality detection module relies entirely on standardized,

objective clinical reference ranges rather than the LLM’s

internal weights, ensuring equitable anomaly detection across

all patient profiles. Additionally, the system features a trans-

parent design; it explicitly discloses its AI nature and includes

strong disclaimers advising users that the generated insights

serve exclusively for educational and informational purposes,

not as definitive medical diagnoses. To ensure patient data

privacy, all processing is isolated using Clerk-based JWT

authentication, securely partitioning user documents within the

vector database.

G. Algorithm

As shown in Algorithm 1, the end-to-end Medical Re-

port Analysis Pipeline starts by validating and extracting the

text from the uploaded PDF, integrating OCR for scanned

documents. This is followed by segmenting the text into

overlapping chunks and storing the embeddings in a user-

isolated FAISS vector index F . Upon receiving a user query

Q, the algorithm retrieves the top-K most relevant chunks C
using cosine similarity and constructs a structured prompt P ,

including conversation history H and Alert Summary A. The

assembled prompt is passed to GPT-4o-mini at a temperature

of 0.1 to generate a grounded response R comprising a

summary, source references, abnormal flags, and a clinical

explanation.

IV. EXPERIMENTAL EVALUATION

This section provides an exhaustive evaluation of the pro-

posed AI Medical Report Analyzer, considering its perfor-

mance based on four important parameters: embedding qual-

ity, retrieval performance, generation quality, and abnormal

biomarker detection. Table I shows the value of embedding

similarity, cosine similarity, hit rate @ K=5, mean reciprocal

rank, bleu score, ROUGE-1, precision, recall, F1-score.

A. Performance Evaluation

Embedding Similarity: Embedding Similarity measures

how closely the generated vector representations capture the

semantic meaning of the original medical text, computed as:

ES =
ei · ej

‖ei‖‖ej‖ (9)

The proposed system achieved a score of 0.912 compared

to the baseline’s 0.784, reflecting a +12.8% improvement,

Algorithm 1 Medical Report Analysis Pipeline

Input: Medical Report PDF, User Query Q Output:
Grounded AI Response R

1: Validate uploaded PDF by checking file extension, size ≤
20MB, and magic bytes integrity

2: Extract text and tabular content from PDF using pdf-
plumber

3: Segment extracted text into overlapping chunks of size

1,000 tokens with overlap of 200 tokens

4: Enrich each chunk with metadata {user id, document id,

page number, file name}
5: Generate 1,536-dimensional embeddings ei for each

chunk using text-embedding-3-small
6: Store embeddings ei in user-isolated FAISS vector index

F
7: Encode user query Q into dense vector q ∈ R

1536

8: Retrieve top-K relevant chunks C from F via cosine

similarity where K = 5
9: Fetch conversation history H from ConversationBuffer-

WindowMemory with window K = 10
10: Detect abnormal biomarkers using Dual Detection Strat-

egy (Keyword Scanner + Numeric Comparator)

11: Classify detected abnormalities by severity and generate

Alert Summary A
12: Assemble structured prompt P ← {C, H, Q, A}
13: Generate response R = {Summary, Source References,

Abnormal Flags, Explanation} via GPT-4o-mini at tem-

perature = 0.1
14: Return grounded response R to user =0

confirming that the text-embedding-3-small model produces

high-quality dense representations well-suited for medical

document retrieval.

Cosine Similarity: Cosine Similarity evaluates the angular

closeness between the query vector and the retrieved document

chunk vectors, defined as:

cos(θ) =
q · ci

‖q‖‖ci‖ (10)

The proposed system scored 0.876 against the baseline’s 0.741,

yielding a +13.5% gain, indicating that the retrieved chunks

are highly semantically aligned with the user’s query.

Hit Rate @ K=5: The Hit Rate @ K = 5 measures the

proportion of queries for which the correct fragment appears

within the top results retrieved K, defined as:

HR@K =
1

|Q|
∑
q∈Q

�[c∗ ∈ CK ] (11)

The proposed system achieved 0.934, outperforming the base-

line of 0.812 by +12.2%, confirming that the FAISS retrieval

mechanism consistently surfaces the most relevant medical

content within the top results.
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Mean Reciprocal Rank (MRR): MRR evaluates how

highly the first correct chunk is ranked among retrieved results,

computed as:

MRR =
1

|Q|
∑
q∈Q

1

rankq
(12)

where rankq is the position of the first relevant chunk. The

proposed system scored 0.891 versus the baseline’s 0.763,

a +12.8% improvement, indicating that correct chunks are

consistently ranked first.

BLEU Score: BLEU Score measures the word-level preci-

sion overlap between the system-generated response and the

reference answer, computed as:

BLEU = BP · exp
(

N∑
n=1

wn log pn

)
(13)

where pn is the n-gram precision and BP is the brevity

penalty. The proposed system achieved 0.681 compared to the

baseline’s 0.489, a +19.2% improvement, demonstrating that

RAG-grounded responses contain significantly more precise

medical terminology.

ROUGE-L: ROUGE-L evaluates the quality of generated

responses by measuring the Longest Common Subsequence

(LCS) between generated and reference texts, defined as:

ROUGE-L =
2 ·Rlcs · Plcs

Rlcs + Plcs
(14)

where Rlcs and Plcs are the LCS-based recall and precision

respectively. The proposed system scored 0.743 against the

baseline’s 0.561, achieving a +18.2% improvement.

Precision: Precision measures the proportion of flagged ab-

normal biomarker values that are genuinely abnormal, defined

as:

Precision =
TP

TP + FP
(15)

where TP and FP denote true positives and false positives

respectively. The proposed system achieved 0.924 compared

to the baseline’s 0.761, a +16.3% gain, indicating that the dual

detection strategy reliably flags only true clinical abnormali-

ties.

Recall: Recall measures the proportion of actual abnormal

biomarker values successfully detected by the system, defined

as:

Recall =
TP

TP + FN
(16)

where FN denotes false negatives representing missed ab-

normalities. The proposed system achieved 0.907 versus the

baseline’s 0.698, recording the highest gain of +20.9% across

all metrics.

F1-Score: F1-Score is the harmonic mean of Precision and

Recall, computed as:

F1 =
2 · Precision · Recall

Precision + Recall
(17)

The proposed system achieved 0.915 compared to the base-

line’s 0.728, a +18.7% improvement, demonstrating a strong

balance between avoiding false alarms and ensuring no critical

biomarker abnormality is overlooked.

Table I summarizes the precision metrics obtained.

TABLE I
PRECISION METRICS FOR ALL PROPOSED EQUATIONS

Eq. Metric Prop. Base. Gain
Embedding Quality
(1) Embedding Similarity 0.912 0.784 +12.8%

Retrieval Performance
(2) Cosine Similarity 0.876 0.741 +13.5%

(3) Hit Rate @ K=5 0.934 0.812 +12.2%

(4) MRR 0.891 0.763 +12.8%

Generation Quality
(5) BLEU Score 0.681 0.489 +19.2%

(6) ROUGE-L 0.743 0.561 +18.2%

Abnormality Detection
(7) Precision 0.924 0.761 +16.3%

(7) Recall 0.907 0.698 +20.9%

(8) F1-Score 0.915 0.728 +18.7%

Overall Accuracy +15.8%

Prop. = Proposed (FAISS + RAG). Base. = Standalone GPT-4o-mini without RAG.

Fig. 4. Proposed system vs. baseline across all eight evaluation metrics

As illustrated in Fig. 4, the proposed system consistently

outperforms the baseline across all evaluation dimensions, with

the most significant gains in BLEU score (+19.2%) and Recall

(+20.9%).

TABLE II
PERFORMANCE COMPARISON ACROSS METHODS

Method BLEU ROUGE-L F1
Standalone LLM [16] 0.489 0.561 0.728

BM25 + LLM [17] 0.571 0.634 0.801

TF-IDF + RAG [18] 0.623 0.698 0.856

Proposed 0.681 0.743 0.915

As shown in Table II, the performance of text generation

using various retrieval-augmented methods is compared using

BLEU, ROUGE-L, and F1 scores. The performance of the

proposed method is found to surpass those of various baseline

methods, such as Standalone LLM (0.489/0.561/0.728),
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Fig. 5. BLEU, ROUGE-L, and F1 scores across methods

The proposed FAISS-based RAG system outperforms all

baseline methods across all metrics, as shown in Fig. 5.

B. Computational Cost and Inference Latency

For real-time deployment, assessing the computational cost

and inference latency of the system is critical. The architecture

is strategically optimized by offloading reasoning tasks to the

cloud-based GPT-4o-mini API while maintaining the FAISS

vector database locally. During experimental stress testing on

a standard server environment (8-core CPU, 16GB RAM),

embedding generation utilizing the text-embedding-3-small
model recorded an average latency of 120 ms per document

chunk. The localized FAISS similarity search demonstrated

high efficiency, executing retrieval queries in approximately

15 ms for indices containing up to 10,000 vectors. The

most resource-intensive phase, the LLM response generation,

exhibited an average inference latency of 1.2 seconds. Overall,

the end-to-end processing time from query submission to

response generation averaged under 1.5 seconds, successfully

satisfying the stringent latency requirements necessary for a

seamless, interactive real-time patient experience.

C. Scalability and Robustness

To validate the scalability and robustness of the proposed

framework, the system was subjected to simulated concurrent

user loads ranging from 10 to 500 simultaneous query re-

quests. The integration of a stateless FastAPI backend coupled

with connection pooling ensured consistent throughput. The

system maintained an error rate of less than 0.5% under

peak load, with performance degradation remaining marginal

(average latency increased to 2.1 seconds at 500 concurrent

users). Robustness was further demonstrated through the de-

terministic abnormality detection module, which maintained

100% operational stability even when the external LLM API

experienced simulated transient timeouts. This guarantees that

critical biomarker alerts are consistently processed and reli-

ably delivered to the patient regardless of external network

fluctuations.

V. RESULTS

The proposed system was tested using various medical

report samples, including complete blood counts, lipid levels,

thyroid function tests, liver function tests, and metabolic tests.

A total of 120 test queries were sent through 30 different

medical reports from users with no prior medical background.

The results were evaluated qualitatively and quantitatively

using the metrics defined earlier. +

A. Quantitative Results

Table III presents a direct comparison of system perfor-

mance with and without the RAG pipeline across three key

dimensions.

TABLE III
PERFORMANCE WITH AND WITHOUT RAG

Metric Without RAG With RAG Improvement

Accuracy 72% 91% +19%

Context Relevance 70% 90% +20%

User Satisfaction 74% 92% +18%

Fig. 6. Performance comparison with and without RAG

As illustrated in Fig. 6 and Table III, the integration of

the RAG pipeline produced consistent improvements across

all measured dimensions. Accuracy improved by 19%, rising

from 72% in the standalone LLM configuration to 91% in

the proposed system. Context relevance showed the highest

absolute gain of 20%, reflecting the direct benefit of grounding

responses in retrieved document segments rather than relying

on generalized training knowledge. User satisfaction similarly

increased by 18%, indicating that the simplified, document-

specific explanations generated by the system were perceived

as more useful and trustworthy by non-medical users.

B. Retrieval Performance

The FAISS-based semantic retrieval module demonstrated

strong performance across the defined retrieval metrics. A Hit

Rate of 0.934 at K = 5 indicates that in 93.4% of all test

queries, at least one contextually relevant document chunk was

successfully retrieved within the top five results. The Mean
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Reciprocal Rank (MRR) of 0.891 further confirms that the

most relevant chunk was consistently ranked near the top of the

retrieved set, ensuring that the prompt builder receives high-

quality contextual input for response generation. These results

represent improvements of 12.2% and 12.8% respectively over

the baseline TF-IDF retrieval approach, demonstrating the

superiority of dense vector-based semantic search for medical

document retrieval.

C. Generation Quality

The language model component achieved a BLEU score of

0.681 and a ROUGE-L score of 0.743 when evaluated against

physician-verified reference answers. These scores represent

the largest gains observed in the evaluation, with BLEU

improving by 19.2% and ROUGE-L by 18.2% compared to

the standalone LLM baseline. The substantial improvement

in generation quality is directly attributable to the retrieval

grounding mechanism, which effectively acts as a factual an-

chor. By constraining the model’s response generation strictly

to the contextual boundaries of the uploaded report, the archi-

tecture systematically suppresses the synthesis of hallucinated

clinical assertions. Furthermore, the low temperature setting

of 0.1 configured for GPT-4o-mini minimizes stochastic token

selection, ensuring that the generated clinical explanations

remain deterministic, consistent, and scientifically reliable

across repeated user queries.

D. Abnormality Detection Performance

The dual-strategy abnormality detection module achieved

a Precision of 0.924, a Recall of 0.907, and an F1-Score

of 0.915 across the test set. These results indicate that the

module correctly flagged 92.4% of all values it identified as

abnormal, while successfully detecting 90.7% of all genuinely

abnormal values present in the reports. The high recall is

particularly significant in a medical context, as failing to detect

a critical value carries greater risk than a false positive. The

combination of keyword-based scanning and numeric refer-

ence range comparison proved more robust than either strategy

applied in isolation, with the numeric comparator capturing

structured lab values and the keyword scanner identifying

flagged annotations that do not include explicit numeric data.

Table IV provides a breakdown of detection performance

by severity category.

TABLE IV
ABNORMALITY DETECTION BY SEVERITY CATEGORY

Category Precision Recall F1
HIGH 0.938 0.921 0.929

LOW 0.916 0.903 0.909

CRITICAL 0.961 0.944 0.952

ABNORMAL (flag) 0.902 0.876 0.889

Overall 0.924 0.907 0.915

CRITICAL value detection achieved the highest F1-Score

of 0.952, reflecting the system’s ability to identify the most

clinically significant deviations with high reliability. Keyword-

based ABNORMAL flag detection yielded the lowest F1-

Score of 0.889, primarily due to inconsistent flag formatting

across different laboratory report templates, which occasion-

ally caused misses in the pattern matching module.

E. Qualitative User Assessment

A qualitative evaluation was conducted with 20 participants

who had no prior medical background. Participants were asked

to interpret a set of five medical reports both with and without

the assistance of the proposed system. Key findings include:

• Comprehension rate increased from 38% to 86% when

participants used the system, indicating that the gener-

ated explanations significantly improved understanding of

complex medical terminology and numerical values.

• Abnormal value identification improved from 41% to

89%, confirming that the alert annotations effectively

guided users toward clinically relevant findings in their

reports.

• Follow-up intent was reported by 78% of participants

after using the system, compared to 52% without it,

suggesting that clearer health insights encourage more

proactive health-seeking behavior.

• Multi-turn conversation proved particularly effective,

with 91% of users reporting that the ability to ask follow-

up questions helped them progressively build a clearer

understanding of their health status.

VI. CONCLUSION

This paper presents an advanced AI-driven Medical Report

Analyzer designed to bridge the knowledge gap between com-

plex clinical documentation and patient comprehension. By

leveraging Retrieval-Augmented Generation (RAG) alongside

state-of-the-art Large Language Models, specifically GPT-

4o-mini, the proposed system translates intricate laboratory

and diagnostic reports into accessible, easily understandable

insights. The comprehensive architecture encompasses a robust

document ingestion pipeline that incorporates both text extrac-

tion and Optical Character Recognition (OCR) for scanned

documents, ensuring versatility across various report formats.

The semantic search capabilities are powered by a highly effi-

cient FAISS vector database, guaranteeing that language model

responses are accurately grounded in the patient’s specific data,

thereby significantly reducing the risk of clinical hallucina-

tions. Furthermore, the framework integrates a dual-strategy

abnormality detection module, identifying critical biomarker

deviations with an impressive F1-score of 0.915, enhancing

the reliability of the generated health alerts. Experimental eval-

uations demonstrate substantial performance improvements,

with the RAG integration increasing overall accuracy by 19%,

and achieving BLEU and ROUGE-L scores of 0.681 and

0.743, respectively. From a user-centric perspective, patient

comprehension rates surged from 38% to 86%, underscoring

the system’s effectiveness in promoting health literacy and

encouraging proactive health management. The deployment

architecture also prioritizes patient privacy and data security
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through Clerk-based JWT authentication, ensuring strict isola-

tion of sensitive medical information. Extensive computational

cost analyses and scalability validations confirm the system’s

viability for real-time clinical applications, maintaining low

inference latency even under concurrent user loads. While

the framework demonstrates significant potential to empower

patients and streamline healthcare communication, it is explic-

itly designed as an informational support tool rather than a

substitute for professional medical diagnosis. Future research

will focus on expanding the biomarker coverage, further mit-

igating algorithmic biases, and integrating multimodal inputs

to process complex radiological imaging.
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