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Abstract: This study explores the innovative
applications of Natural Language
Processing (NLP) technologies in medical
diagnosis texts within the context of large
models. With the rapid advancement of
deep learning, large-scale models such as
GPT-3 and WuDao 2.0, characterized by
their massive parameter sizes, have
achieved remarkable progress in NLP. This
work outlines the critical roles of large
models in processing medical diagnosis texts,
including text generation, machine
translation, summarization, and question-
answering systems. Employing state-of-the-
art deep learning algorithms and extensive
medical diagnosis datasets, we trained and
optimized large models to enhance their
semantic understanding and reasoning
capabilities. Comparative analyses between
traditional NLP approaches and large
models demonstrate the latter's superiority
in improving diagnostic accuracy and
efficiency. The findings highlight that large
models not only significantly advance the
performance of medical text processing but
also offer new perspectives and solutions for
the medical domain, especially in
interpreting complex medical texts and
supporting clinical decision-making.
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1. Introduction

1.1 Research Background and Significance
With the rapid development of artificial
intelligence, Natural Language Processing
(NLP), as a key subfield, has been widely
applied across various industries. The
healthcare sector, closely tied to human life
and well-being, presents unique challenges for
NLP applications due to its large data volume,
complexity, and frequent knowledge updates.

Medical diagnostic texts, such as electronic
medical records, lab reports, imaging notes,
physicians’ narratives, and patients’ complaints,
are rich in clinical knowledge but are
characterized by semantic complexity,
specialized terminology, and data imbalance,
posing significant challenges for information
extraction and analysis.
The emergence of large models offers new
opportunities for processing medical
diagnostic texts. With their strong semantic
comprehension and generative capabilities,
large models not only improve the quality of
medical text information extraction but also
enable structured processing of patient data,
seamlessly aligning with physicians’
diagnostic logic to enhance healthcare
efficiency and quality.
This technology holds profound significance.
It helps healthcare institutions manage and
utilize data resources effectively, optimize
clinical decision-making, and reduce costs
while improving diagnostic accuracy and
personalized care. Additionally, large models
can aid underserved regions by supporting
diagnostic systems, contributing to global
healthcare equity.

1.2 Literature Review on Domestic and
International Research
Globally, research on large models in NLP
began earlier, with breakthroughs in
multilingual processing, knowledge-based
question answering, and text generation
through models like GPT-3 and BERT. For
instance, OpenAI’s GPT-3 demonstrated its
ability to generate medical reports with fluency
and accuracy approximating human editors [1,
2]. Similarly, Google’s MedPaLM, tailored for
medical contexts, showed superior
performance in clinical text classification and
information extraction tasks [3].
In China, NLP research in healthcare has
advanced rapidly, particularly in AI-assisted
clinical decision-making. Platforms like Ping
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An Good Doctor and Tencent Miying have
developed systems leveraging Chinese corpora
to process Traditional Chinese Medicine
records and structure electronic medical
records. These systems excel in tasks like
named entity recognition and disease
classification [4]. However, gaps remain in
building large-scale medical corpora, cross-
lingual transfer learning, and addressing the
interpretability of models compared to
international research efforts.
1.3 Research Objectives and Questions
This study aims to explore the innovative
applications of large models in medical
diagnostic texts, focusing on solving practical
challenges in medical text processing. The
research addresses the following questions:
How can large models effectively address the
semantic complexity of medical texts?
How can large models facilitate the efficient
transformation of medical texts into structured
data?
What new opportunities and challenges do
large models bring to medical text processing?

2. Overview of Large Models

2.1 Definition and Evolution of Large
Models
Large models represent a significant
advancement in deep learning, characterized
by parameter scales reaching billions or even
trillions. Their key feature lies in pretraining
on large-scale corpora to acquire generalized
semantic representations, which can be fine-
tuned for specific tasks.
The evolution of large models began with
Google’s BERT in 2018, which introduced a
bidirectional Transformer architecture,
enhancing semantic understanding of context.
OpenAI’s GPT series further advanced the
field, combining generative pretraining with
downstream task adaptability. Recent
developments, such as GPT-4 and PaLM with
trillion-scale parameters, have demonstrated
potential in multi-modal and cross-domain
learning [5].

2.2 Applications of Large Models in NLP
Large models have significantly expanded the
boundaries of traditional NLP tasks. For
instance, in tasks like text classification,
sentiment analysis, and named entity
recognition, large models achieve accurate

parsing across diverse contexts due to their
generalized pretraining capabilities. In
machine translation, they enhance quality
through context-aware strategies, while in
multi-turn dialogue systems, their memory and
reasoning capabilities enable more natural
human-computer interactions [6].
In the healthcare domain, large models are
applied to tasks such as medical report
generation, question answering, and
constructing health knowledge graphs.
Research shows that BERT-based models can
extract critical medical information—e.g.,
symptom-diagnosis relationships and treatment
protocols—from unstructured data, supporting
clinical decision-making. OpenAI’s GPT-4 has
demonstrated superior conversational
capabilities in complex medical scenarios,
effectively answering patient inquiries [7].
These applications highlight how large models
are transforming traditional approaches to
medical NLP.

3. Characteristics and Challenges of
Medical Diagnostic Texts

3.1 Types and Structure of Medical
Diagnostic Texts
Medical diagnostic texts encompass diverse
formats and highly structured content,
including electronic medical records (EMRs),
surgical notes, lab reports, and imaging
findings. These texts often feature concise,
information-dense language, abundant medical
terminologies, abbreviations, and logical
relationships. For instance, EMRs typically
consist of sections like chief complaints,
medical history, examination results,
diagnostic conclusions, and treatment
recommendations. Similarly, imaging reports
focus on describing lesion characteristics with
precision and professionalism.
The structural characteristics of these texts
demand high accuracy in language analysis
and the integration of domain knowledge for
effective information extraction. Descriptions
in diagnostic reports, for example, often
combine medical terminologies with implicit
causal relationships and temporal information,
adding complexity to their processing.

3.2 Challenges in Processing Medical
Diagnostic Texts
Processing medical diagnostic texts involves
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significant challenges, including linguistic
complexity and reliance on specialized domain
knowledge. Linguistic complexity arises from
the extensive use of medical terminologies,
diverse grammatical structures, and stylistic
variations across specialties. Studies indicate
that over 60% of medical texts consist of
specialized terms, many with multiple
variations, posing challenges for model
generalizability [8].
Additionally, the unstructured nature of
medical texts complicates their analysis. Many
clinical records exist as free-text without
standardized formatting, making tasks like
information classification and relationship
extraction more difficult. In specific tasks like
disease classification or drug recommendation,
the lack of labeled datasets further limits
model performance.
Another critical challenge is explainability.
Given the high stakes of medical applications,
AI models must provide interpretable and
transparent decision-making processes. While
large models excel in generative tasks, their
limitations in explainability remain a
significant barrier, necessitating technical
innovations for their adoption in healthcare
contexts.

4. Applications of Large Models in Medical
Diagnostic Texts

4.1 Design Principles for the Application
Framework
The application framework for large models in
medical diagnostic texts should adhere to key
principles of accuracy, efficiency,
explainability, and security:
Accuracy: High precision is critical for
medical applications due to the complexity of
medical terminologies, implicit logic, and
nuanced semantics. This requires leveraging
high-quality medical corpora and domain-
specific optimizations during pretraining and
fine-tuning.
Efficiency: Real-time processing is essential,
for instance, providing doctors with rapid
diagnostic support or analyzing urgent cases
swiftly. The framework should prioritize
inference speed and resource efficiency to
minimize delays caused by model complexity.
Explainability: Decision-making processes of
large models should be transparent, especially
when generating diagnostic suggestions or

treatment plans. Clear reasoning allows
clinicians to evaluate and trust AI outputs.
Security: Given the sensitivity of medical data,
the framework must meet stringent security
standards, particularly in data storage and
transmission, to safeguard patient privacy
through robust encryption measures.

4.2 Key Technologies and Algorithms in the
Framework
The application framework for large models in
medical diagnostic texts integrates several key
technologies and algorithms to improve
performance:
Semantic Understanding Module: This module
relies on pretrained deep learning models (e.g.,
BERT, GPT) to identify and parse medical
terminologies. Leveraging self-attention
mechanisms, these models effectively capture
contextual semantic relationships and support
cross-lingual NLP tasks. They excel in Medical
Named Entity Recognition (MNER),
automatically extracting key information like
disease names, medications, and treatment
plans [1].
Knowledge Graphs: Medical knowledge
graphs structure fragmented medical
information and enhance the reasoning
capabilities of generative and inference
modules. For instance, they facilitate patient
medical history extraction and causal
relationship analysis, providing semantic
support for diagnostic suggestions [2].
Model Compression and Optimization:
Techniques like Knowledge Distillation and
Pruning reduce model size without sacrificing
performance, addressing computational
resource constraints. These methods enable
large models to operate efficiently in edge
computing environments, such as embedded
hospital devices or mobile applications [3].

5. Training and Optimization Strategies for
Large Models

5.1 Data Preprocessing and Augmentation
Given the unstructured nature of medical texts,
data preprocessing is crucial during model
training. Noise removal steps include
eliminating extraneous characters,
standardizing medical terminologies,
correcting spelling errors, and unifying
abbreviation formats.
Data augmentation plays a key role in
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mitigating data scarcity. Techniques like
synonym replacement, token reordering, and
text insertion or deletion generate diverse
training examples to enhance model
generalizability. This is particularly important
for addressing rare or edge-case scenarios in
clinical practice [4].
Sampling balance techniques are also critical.
Medical text datasets often exhibit imbalanced
class distributions, with common diseases
vastly outnumbering rare ones. Oversampling
or undersampling strategies help adjust class
distributions to ensure balanced model training.

5.2 Training Strategies and Evaluation
To maximize the potential of large models for
medical text processing, the training process
should incorporate Multi-task Learning and
Transfer Learning strategies. Multi-task
Learning optimizes multiple subtasks, such as
named entity recognition, relationship
extraction, and text classification, improving
overall performance. Transfer Learning
enables models to acquire general language
knowledge from public corpora and adapt
quickly to the medical domain [5].
Evaluation metrics must be multidimensional.
Core metrics like Precision, Recall, and F1-
score assess task performance, while accuracy
in recognizing medical terminologies and
clinical logic relationships is also critical. For
generative tasks, additional subjective metrics
like fluency and semantic consistency provide
a comprehensive evaluation of model outputs
[6].

6. Empirical Study on Large Models in
Medical Diagnostic Texts

6.1 Experimental Design and Dataset
To evaluate the real-world effectiveness of
large models in processing medical diagnostic
texts, we conducted an empirical study using
the publicly available MIMIC-III and MIMIC-
IV datasets. These datasets, derived from
electronic health record systems in the U.S.,
include extensive data on patient histories,
diagnostic records, and treatment plans [7].
The study focuses on three main tasks: (1)
Medical Named Entity Recognition (NER), (2)
Diagnostic Text Classification, and (3) Clinical
Note Summarization. Each task employs
specific evaluation metrics: F1-score for NER,
accuracy for text classification, and BLEU and

ROUGE scores for summarization quality.

6.2 Results and Discussion
The experimental results demonstrate that
large models significantly outperform
traditional methods in processing medical texts.
For example, in the NER task, a BERT-based
large model achieved an F1-score of 92.3%,
compared to 85.7% for a Bi-LSTM model. In
the summarization task, GPT-4 significantly
improved text generation quality, with a 15-
point increase in BLEU scores. These findings
highlight the advanced capabilities of large
models in semantic understanding and text
generation [8].
However, challenges remain. The models
underperformed on rare diseases and edge
cases due to long-tail data distribution effects.
Additionally, occasional semantic errors and
logical inconsistencies in generated text
indicate the need for further optimization and
semantic validation in future research.

7. Conclusion
This study systematically explored the
application framework, training strategies, and
empirical performance of large models in
processing medical diagnostic texts. The
results confirm that large models excel in tasks
such as semantic understanding, information
extraction, and text generation, showcasing
their potential for innovative applications in
medical NLP.
Despite their promising performance, large
models face notable limitations. These include
challenges in adapting to small-sample datasets
and long-tail cases, as well as the high
computational resource demands, which hinder
their deployment in resource-constrained
settings.
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