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1 Abstract

This report explores the combination of Semantic Web Technologies, Biomedical String
Classification and Large Language Models (LLMs) to advance in biomedical data processing
and clinical summarization. Semantic Web frameworks enable structured interoperable
data representation while a two-stage feature selection approach combining domain specific
ontologies and bio-inspired optimization enhances medical text classification. The report
further investigates the complementary strengths of LLMs and Knowledge Graphs (KGs)
to address factual consistency challenges with a focus on hallucination detection techniques
that improve model reliablity. Finally, a clinical summarization pipeline to replicate and
evaluate state-of-the-art (SOTA) LLMs on the MIMIC-IV dataset leveraging Quantized Low-
Rank Adaptation (QLoRA) fine-tuning and hyperparameter optimization. The results from
replicating the benchmark paper[1] highlight the potential of combining domain adaptation
with LLM architectures to deliver clinically relevant, accurate summaries, underscoring future
directions for scalable, interpretable and trustworthy Al driven healthcare applications.

2 Semantic Web

The Semantic Web is represented as an extension of the traditional web by sharing structured,
machine-readable data rather than just text documents. The Semantic web was introduced
by Tim Berners-Lee in 2001 with a clear goal to transform “data of web” into a “web of
data” where both humans and machines can access, interpret, and integrate information
enhancing computational tasks resulting in more intelligent interactions and data-driven
decision-making [2].

According to Moore’s Law, the computational power doubles and size gets halved approxi-
mately every 18 months which managed to keep its pace with the growth of biological datal[3].
This trend drastically shifted on completion of the Human Genome Project in 2003, where
data growth surpassed the predictions of Moore’s Law significantly [4]. Currently, biological
data includes genomic sequences, medical imaging data, Electronic Health Records (EHRs)
etc. which are being produced rapidly[5]. The sheer volume and heterogeneity of these
datasets present with major challenges for integration, retrieval and analysis. The Semantic
Web is well-positioned to address these challenges by providing clear structured semantics,
enabling meaningful integration and analysis.

Semantic Web Technologies (SWTs) such as the Resource Description Framework (RDF)
and the Web Ontology Language(OWL) provide the backbone for representing and linking
biomedical data [6] [7]. It facilitated structured data exchange, interoperability, and integra-
tion through various tools and standards. RDF utilizes subject-predicate/verb-object triples
to represent data allowing clear and consistent integration of data from diverse sources. For
instance, integrating genomic data from multiple databases such as KEGG, NCBI Protein,
and Ensemble can be represented clearly using RDF triples, e.g., <hsa:675> <encodes>
<protein:119395734> and <hsa:675> <owl:sameAs> <ENSG00000139618>. Ontologies de-
fined by Web Ontology Language (OWL) formally specify entities and relationships within
specific knowledge domains, as seen in widely adopted biomedical ontologies like the Gene
Ontology and Disease Ontology[8]. These ontologies support semantic reasoning, enabling
more precise data retrieval, and knowledge discovery. Furthermore, linked data principles
aim to enable interoperability and seamless integration by standardizing data publishing
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methods across diverse biomedical datasets [9].

SPARQL (SPARQL Protocol and RDF Query Language) the standardized query language
for RDF format, enables complex queries integrating complex and heterogeneous biomedical
datasets, which is crucial for applications such as precision medicine, epidemiology, and
integrative clinical research [10]. The practical impact of these techniques includes improved
data retrieval, enhanced interoperability, and the ability to perform advances analytics and
hypothesis generation across multiple biomedical domains. Despite these advantages, SWTs
face several Limitations. Achieving horizontal scalability in graph databases, especially for
high write volumes, remains challenging. Compared to relational databases, graph databases
require complex maintenance, particularly in terms of concurrency and transaction man-
agement. Large-scale analytical processing can be computationally expensive, and ensuring
data quality and consistency across diverse complex biomedical datasets demands rigorous
validation and governance. As SWTs significantly transforms biomedical informatics by ad-
dressing data integration and interoperability challenges, future advancements in SW'Ts will
likely focus on enhancing scalability, simplifying graph database management, and improving
analytical capabilities for large-scale biomedical data [11]. Interdisciplinary collaborations
among computer scientists, bioinformaticians, clinicians, and domain experts will be essential
to ensure that Semantic Web Technologies (SWTs) continue to address real-world biomedical
challenges and deliver meaningful benefits for research and healthcare.

3 Biomedical String Classification

Biomedical document classification is an critical task in artificial intelligence which aims to
assign predefined labels to unseen medical texts. This supports clinicians in decision making
and can potentially reduce healthcare costs. However, analysing medical documents have
some unique challenges due to the extensive usage of acronyms, abbreviations, and concise
domain specific terminologies, which make accurate information extraction and reliable text
classification difficult with current methods. Traditional approaches often rely on massive
number of features derived from raw text, often represented by a "bag-of-words" model, which
introduces noisy data, slow down learning, and affect prediction accuracy [12].

To overcome these limitations effective feature selection is essential. Standard single-stage
feature selection methods such as filter and wrapper methods often struggle with the extremely
large search spaces in medical texts. These approaches either neglect crucial interactions
between features or are computationally expensive due to their complexity. To enhance the
efficiency of feature selection, a two-stage approach was proposed where initially a refined set
of features are extracted from raw medical documents and then in the next stage optimization
of this subset happens.

The first stage leverages the Unified Medical Language System (UMLS) which serves as a
comprehensive, domain-specific biomedical dictionary and ontology for systematically ex-
tracting relevant features. By utilizing tools like MetaMap the system processes clinical notes
to identify meaningful and critical biomedical phrases, translating these into standardized
concepts from UMLS Metathesaurus. This stage focuses on relevant semantic types such as
"Disease or Syndrome" and " Sign or Symptom" which are closely related to the classifica-
tion task that identifies the conditions like Coronary Artery Disease. This initial filtering
significantly reduces the number of features by retaining only the most informative concepts
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creating a manageable search space for the next stage[13].

The second stage employs Particle Swarm Optimization(PSO) and bioinspired optimisation
technique that is best known for its robust search abilities, quick convergence, and minimal
parameter requirements. PSO iteratively selects a more refined and meaningful subset
from the features extracted in the first stage. The fitness of each potential feature subset is
assessed based on its contribution to classification accuracy, using machine learning algorithms
like Naive Bayes, Linear Support Vector Machines (SVM) and Logistic Regression. The
integration of PSO on a previously filtered feature set its efficiently identified the subsets
that significantly enhance predictive accuracy while maintaining computational efficiency
[14].

The effectiveness of this two-stage approach was evaluated on the dataset from 2010 Informat-
ics for Integrating Biology and Bedside(i2b2) for Coronary Artery Disease classification[15].
This method was able to extract meaningful information and significantly reduce the number
of features to approximately 5% of the original size, a considerably smaller size compared to
single-stage methods or even initial UMLS only extraction and consistently enhanced classifi-
cation accuracy across most classifiers. This method effectively addressed critical challenges
associated with high-dimensional, noisy medical text data and emphasises the importance of
integrating domain-specific biomedical knowledge.

4 Introduction to Large Language Models (LLMs)

Large Language Models (LLMs) have emerged as a transformative technology in the domain
of artificial intelligence, profoundly reshaping natural language processing (NLP) with their
remarkable abilities and generalizability[16]. LLMs are unsupervised models trained on vast
text corpora which consists of repositories of general knowledge, linguistic patterns and
commonsense reasoning. This robust foundational training enables LLMs to excel across
diverse NLP tasks, including question answering, seamless machine translation, and text
generation|[17].

However, the extraordinary capabilities of LLMs come with significant challenges due to
their black-box nature where their internal decision-making process remain closed for any
human interpretation. A critical concern remains their susceptibility to "hallucinations',
a phenomenon where models generate plausible but factually incorrect statements such as
attributing the discovery of gravity to Einstein in 1687 which severely affects the model’s
reliability in sensitive fields such as healthcare diagnostics, legal decision-making, or critical
educational contexts. Their knowledge implicitly encoded within billions of parameters so
directly validating or interpreting their reasoning remains challenging. Moreover, models
trained on general corpuses often struggle to effectively adapt to highly specialized domains,
real-world knowledge without extensive retraining highlights the ongoing challenge of adapt-
ability[18][19].

The architecture supporting these complex models is the Transformer design, a revolutionary
neural network structure that is characterized by encoder and decoder modules integrated
with self-attention method that allow them to weigh the importance of different parts of the
input data. Transformers are commonly used with three distinct variations in the architec-
ture; encoder-only models, optimized for the tasks that require deep textual understanding



STRING ANALYSIS & LLM FINE TUNING 8

like classification; encoder-decoder models, proficient at sequence-to-sequence tasks such
as summarization and translation; and the widely recognized decoder-only LLMs such as
GPT-4 and ChatGPT which operate by predicting the next word in a sequence and can per-
form diverse tasks from a few examples without requiring intensive fine-tuning[20][21]. This
unique design have a pivotal impact on a budding field of prompt engineering which helps in
carefully crafting natural language inputs and even employ techniques like Chain-of-Thought
prompting to enhance model’s reasoning abilities and unlock hidden capabilities of these
models for various applications[22].

Despite fundamental limitations and challenges, the pure power and adaptability of LLMs
have unleashed transformative applications across numerous real-world scenarios. Beyond
their fundamental NLP functionalities, these models have created a huge impact in diverse
fields such as education, code generation, and recommendation systems. Intelligent chatbots
like ChatGPT[23] have helped to transcend interactive applications in image editing and
code generation with tools utilizing natural language commands. The continued evolution
of LLMs signifies a convincing shift towards creating systems that are not only fluent in
communication, but also factually informed and reliable, potentially redefining Al-driven
interactions across multiple domains. To address the inbuilt limitations and to enhance their
factual reliability and interpretability, integrating structured external knowledge sources
looks promising which sets the stage for exploring the integration of LLMs with Knowledge
Graphs in the next chapter.

5 Knowledge Graphs(KGs) with LLMs

In the previous section discussed how dynamic landscape of artificial intelligence is and the
integration of Large Language Models(LLMs) with Knowledge Graphs (KGs) has emerged
as a promising direction to overcome respective limitations and utilize their complementary
strengths effectively. While LLMs demonstrate exceptional proficiency in language processing
and adaptability to diverse tasks, their "black-box" systems are prone to generate "halluci-
nations" which are plausible yet factually incorrect, raise significant concerns especially in
sensitive domains like medical diagnosis as their vast knowledge is implicitly stored within
billions of parameters making it difficult to interpret, validate, or update and frequently
struggle with domain-specific information[18][19].

Knowledge Graphs (KGs) stand as structured repositories of explicit factual knowledge,
offering clarity, interpretability and accuracy through their reasoning capabilities. KGs are
also expert at evolving with new information and can be specifically tailored to provide
precise domain-specific knowledge. However, KGs face their own set of hurdles as they are
fundamentally difficult and costly to construct, prone to incompleteness, and struggle to
effectively model unseen entities or dynamically changing real-world facts[24]. Also traditional
KG methods often overlook the rich textual information embedded within them, limiting their
general language understanding. As LLMs excel in language processing and generalizability
but lack factual precision and interpretability, while KGs offer structured, accurate, and
interpretable knowledge but are difficult to construct and maintain which makes sense to
combine LLMs and KGs in different possible combinations complementing each other and
overcoming individual challenges|25].

The first path, KG-enhanced LLMs which focuses on leveraging structured knowledge from
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KGs to strengthen the factual accuracy and interpretability of LLMs. This enhancement can
be implemented during the initial training phase of LLMs embedding explicit domain specific
knowledge directly into their foundational understanding, or during inference by dynamically
retrieving relevant facts from KGs in real-time thereby enhancing their performance and
reducing hallucinations. KGs are also leveraged to improve the interpretability of LLMs
enabling researchers to probe the knowledge hidden within their parameters and analyze
their reasoning process to make their decisions more transparent and trustworthy.

The second path, LLM-augmented KGs that harnesses the power of LLMs to overcome
the limitations of KGs. LLMs can significantly streamline and automate KG construction
completing missing information, enriching entity and relational embeddings, and facilitating
the extraction of structured knowledge from unstructured textual sources. LLMs facilitate
KG-to-text generation transforming structured KG facts into coherent natural language
descriptions, and enhance knowledge graph question answering by extracting relevant entities
and relations over retrieved KG facts.

The third and ultimate destination is Synergized LLMs + KGs where both LLMs and KGs
collaboratively enhance each other’s performance within unified frameworks. This dynamic
interaction results in richer knowledge representation, allowing models to learn jointly from
unstructured textual data and structured graph-based knowledge. Such integration signif-
icantly enhances applications like advanced search engines, recommendation systems, and
intelligent assistants, delivering robust knowledge driven interactions grounded in factual
accuracy and interpretability.

Despite the obvious advantages, significant challenges remain including efficient knowledge
injection into "black-box" LLM architectures, enabling LLMs to inherently understand and
reason with structured graph data. Addressing these challenges are crucial for advancing
towards reliable, transparent, and intelligent Al systems. Understanding the delicate bal-
ance between structured knowledge from KGs and maintaining linguistic flexibility of LLMs
sets the stage for addressing one of the most critical issues facing the integrated systems,
hallucination detection. The following section where we will delve deeper into this chal-
lenge, exploring effective methodologies and frameworks designed to identify, rectify and
manage hallucinations thus further enhancing the reliability and trustworthiness of Al-driven
application.

6 Hallucination Detection in LLMs

Hallucination detection in Large Language Models (LLMs) represents a critical field of
research due to its profound implications for type reliability and practical utility of generated
content. Hallucinations occur when the models produce outputs that seems plausible but
contain information that is incorrect, unverifiable or directly inconsistent with the source
or established facts. Such inaccuracies significantly affect the trustworthiness of the models
particularly in sensitive applications like healthcare, scientific communication, and legal
documentation[26].

This issue is commonly observed in tasks such as abstractive summarization, where models
are designed to paraphrase and create novel sentences which leads to summaries that are
up to 30% inconsistent from the original source documents. These errors often manifest
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as incorrect entity names, numbers, or pronouns to more complex issues like temporal
inaccuracies, incorrect coreferences, and difficulties with multi-hop compositional reasoning
are also significant contributors. Additionally, models trained on synthetic data derived from
relatively small datasets may lack robustness when introduced to new domains or evolving
information landscapes, where the distribution of entities, events and their relations change
dynamically.

Addressing this critical challenge, various methods have emerged for hallucination detection
and mitigation in LLMs. Early detection techniques typically concentrated on assessing fac-
tual consistency at the document-sentence level which verify each summary sentence against
the entire source text found to be more effective than sentence-by-sentence comparisons. To
train these detection models more effectively the researchers had employed techniques for
generating synthetic training datasets created through rule-based transformations deliber-
ately introducing errors. Traditional NLP evaluation metrices like BLEU and ROUGH-L
were effective at assessing general fluency and content overlap but were insufficient for factual
accuracy|27][28]. So, QA-based metrics such as FeQA and QuestEval have emerged as more
precise evaluative tools. These methods involve generating questions from source documents
and assessing factual consistency by comparing the accuracy of answers derived from both
the original sources and the generated outputs[29][30]. Another approach is "Entity Cover-
age" which evaluates whether entities in generated responses are supported by the provided
knowledge triples and dialogue context.

More recent developments have leveraged external Knowledge Bases (KBs) to enhance factual
evaluation of model outputs. FACTKB is one such approach which enhances model training
through three distinct pretraining strategies; "Entity Wiki" which strengthens entity recog-
nition and comprehension; "Evidence Extraction" which trains models to effectively identify
supporting evidence; and "Knowledge Walk" which promotes multi-hop compositional reason-
ing via traversing KB relationships. This approach significantly improves models’ capability
to detect and correct semantic frame errors, a prominent source of hallucinations, and demon-
strates impressive adaptability across multiple domains. FACTKB also stands out for its
generalizability across different domains and its simplicity to require minimal preprocessing
compared to methods that rely on complex linguistic structures like dependency parses or
abstract meaning representation (AMR) graphs. Frameworks such as RHO implement "local’
and "global knowledge grounding" by integrating Knowledge Graph embeddings directly into
the textual generation process, these methods significantly improve multi-hop reasoning ca-
pabilities. RHO further incorporates a "response re-ranking" mechanism based on traversing
KG sub-graphs, ensuring that generated responses are faithful by aligning with knowledge
paths[31][32].

The effectiveness of these hallucination detection methods is assessed using quantitative
metrices such as balanced accuracy and F1 scores along with qualitative human evaluation
where domain experts such as clinicians assess accuracy, factual correctness, comprehen-
siveness, and fluency often showing a preference for LLM generated content that excels in
factual consistency. The next critical step in harnessing the full potential of these detection
techniques involve deep integration with structured knowledge representations, setting the
stage for continued refinement and enhanced trustworthiness in Al-driven applications in
biomedical setting.
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7 MIMIC-IV-Ext-BHC

To accurately replicate the original study on hospital course summarization using Large Lan-
guage Models (LLMs), a structured approach was implemented. The clinical summarization
pipeline systematically explored and optimized the use of Large Language Models (LLMs)
Clinical-T5, LLaMA2-13B, and GPT-4 for generating concise and accurate summaries of the
Brief Hospital Course (BHC) sections extracted from the MIMIC-1V dataset[33][34][21][1].

As the BHC dataset is confidential and available only to credentialed users upon completing
‘CITI Data or Specimens Only Research’ certification [35]. Once acquiring the dataset, data
preprocessing involves regex-based BHC section extraction using multiple pattern matching
strategies, clinical text normalization (removing whitespace, bracketed content, underscores,
symbols) are performed along with column validation which ensured data integrity with
source text > 20 characters and target text > 10 characters filtering also removing null and
empty entries improves the data quality. The 95:5 train/test split was satisfied across all
bins to evaluate the results efficiently. The bins are classified into short (< 1024 tokens),
medium (1025-2048 tokens) and long (> 2048). Then using binned dataset a separate dataset
for each context bin using HuggingFace dataset to convert pandas DataFrames to dataset
objects was created and a validation is performed to ensure each bin has both training and
test examples. This rigorous preprocessing ensure to produce high quality and standardized
datasets segmentation into bins enables precise and targeted model training and evaluation
using Unsloth framework for memory-efficient operations and FLAN-T5 tokenizer for context
length determination[36].

The implementation leveraged cutting edge technical optimizations including 4-bit quanti-
zation (load_in_4bit=True) reducing the memory footprint by ~ 75%, Unsloth framework
integration for accelerated training, and comprehensive cache management across Hugging-
Face, WandB and Triton directories[37][38]. The system required NVIDIA GPU with 24GB+
VRAM, 32GB system RAM and SLURM compatible high performance computing infras-
tructure. Environment configuration included CUDA capability detection, mixed precision
training and reproducible random seed management across NumPy, PyTorch and CUDA
backends. The pipeline incorporated comprehensive logging and monitoring through WandB
integration, SLURM batch script compatibility for cluster deployment and memory optimiza-
tion techniques including checkpointing, 8-bit optimizer, and intelligent caching mechanisms.

Multiple adaptation strategies were applied to the models in the paper but for simplicity we
have only used Quantized Low-Rank Adaptation (QLoRA) fine tuning for domain adapted
performance, zero-shot baseline for raw model capability and prefix prompting for instruction
guided performance[39][40][41]. The technical implementation utilized specific LoRA con-
figurations targeting attention and MLP layers ["q_proj", "k_proj", "v_proj", "o_proj",
"gate_proj", "up_proj", "down_proj"] with rank= 16, alpha= 16, and zero dropout for
maximum learning capacity. Explored critical parameters such as learning rate, batch size,
LoRA rank (lora_r), LoRA alpha (lora_alpha), dropout rates, warmup ratios, and weight
decay to enhance model performance as part of hyperparameter tuning. Clinical-T5 per-
formed best with a moderately high learning rate (~ 5 x 107%), a batch size of 8, LoRA rank
and alpha at 32, dropout at 0.1, warmup ratio at 0.1, and weight decay at 0.01, whereas
LLaMA2-13B required a lower learning rate (~ 2 x 107%), smaller batch size of 4, a higher
LoRA rank (64) paired with a lower alpha (16), dropout at 0.1.
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The complete pipeline execution required over 84 hours(just for short context bin) of in-
tensive computation including model loading, for context specific training across three bins
(short/medium/long) took even longer as the dataset is huge across all three bins with
comprehensive inference across multiple adaptation strategies, and quantitative evaluation
using BERT score metrics[42]. This extended runtime reflects the computational complex-
ity of training large language models with parameter efficient techniques while maintaining
production quality standards.

Quantitative evaluation using BERT Score demonstrated substantial benefits from QLoRA
fine-tuning with LLaMA2-13B achieving the highest scores among open-source models even
for the contexts in the short bins. LLaMA2-13B’s performance degraded with longer inputs
revealing limitations in managing extensive clinical texts but GPT-4 consistently maintained
robust performance across all context lengths without finetuning showcasing its generalization
capabilities. According to the paper the clinicians strongly preferred GPT-4 for summaries
over QLoRA LLaMA2-13B summaries and original clinician written summaries across all
four criteria (comprehensiveness, conciseness, factual correctness, and fluency). The results
achieved trying to replicate the paper as shown in the table below supports the clinicians’
claim.

Table 7.1: BERT F1-Score Results for Clinical Note Summarization Models and Adaptation

Strategies

Model Adaptation Strategy | BERT F1-Score

Zero-shot Prompting 0.584

Clinical-T5-Base Prefix Prompting 0.601

QLoRA Fine-tuning 0.647

Zero-shot Prompting 0.612

LLaMA2-13B-Chat Prefix Prompting 0.629

QLoRA Fine-tuning 0.683

Zero-shot Prompting 0.667

GPT-4 Prefix Prompting 0.673

The comprehensive clinical summarization pipeline successfully demonstrates the practical
deployment of state-of-the-art (SOTA) LLMs in healthcare setting through advanced technical
optimizations, memory-efficient training strategies, and production ready infrastructure. The
8+ hours (just for short context bin) computational investment resulted in valuable insights
into parameter efficient fine-tuning effectiveness, context based model performance and
showed the generalization capabilities of proprietary models like GPT-4. These findings
emphasize the importance of combining precise hyperparameter tuning with qualitative
evaluation methods to achieve clinically relevant NLP solutions. Future work should focus
on further refining long-context performance and integrating ensemble strategies to leverage
complementary strengths of multiple LLMs.
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