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Today’s Talk
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PART I

 Understanding Clinical Texts and Their Uses

 

 Why NLP is Essential for Unlocking Clinical Data

 Overview of NLP Techniques for Clinical Texts

PART II

 NLP for Downstream Healthcare Applications



Part I: Clinical Texts & NLP
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Clinical Texts – Semi-structured
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Lab & Diagnostic Reports

 Semi-structured result of lab tests, e.g., blood exams

Often comes with 
comments/observations

Often reports quantities, in tabular 
form



Clinical Texts – Unstructured
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Clinical Notes

 Admission notes

Progress notes

Discharge summaries

Procedure notes

Psychotherapy Progress Note

Patient is a 28-year-old male presenting for a follow-up psychotherapy session. He appeared on time, casually dressed, 
and was cooperative throughout.
He reported feeling "overwhelmed" due to increasing work pressure and a recent argument with his partner. Sleep has 
been disrupted — he reports waking multiple times during the night and feeling tired during the day. Appetite has 
decreased, and he has unintentionally lost 3–4 pounds.
He denied suicidal ideation, but acknowledged passive thoughts of hopelessness, stating: "I just don’t want to deal with 
anything anymore." His effect was constricted, and mood was described as “flat.” Thought process remained logical and 
goal-directed, though he frequently returned to themes of guilt and inadequacy.
He described a panic episode triggered by the family conflict, involving chest tightness, palpitations, and shortness of 
breath. He utilized deep breathing to partially control the symptoms. He stated this was more intense than previous 
panic attacks, though similar in pattern.
He has been compliant with sertraline 50 mg daily and occasionally uses clonazepam 0.5 mg PRN for anxiety spikes. He 
is not currently using illicit substances. He drinks alcohol socially (1–2 drinks on weekends) and quit smoking 2 years 
ago.
Family history is significant for major depressive disorder in his mother and panic disorder in a maternal aunt. He has 
expressed concern about "ending up like them."
He reported that therapy is somewhat helpful, but he continues to struggle with emotional regulation, relationship 
instability, and low self-esteem. He expressed ambivalence about staying in the relationship, which remains a key 
stressor.
Plan is to continue weekly CBT, focus on cognitive restructuring, and introduce behavioral activation strategies. He was 
encouraged to keep a daily mood and sleep log. A safety plan was reviewed and remains active.



Clinical Texts – Primary & Secondary Uses
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Primary Uses (Direct patient care)

 Facilitate Patient Care

 Diagnosis & Treatment

 Medication Management

 Monitoring & Follow-up

Secondary Uses (Beyond immediate care)

Research 

Clinical Trials 

Billing & Administration  

Long Term Education via Data Analysis 

To support secondary uses in an automated, cost-effective, and time-efficient manner, we must 
rely on NLP approaches.



Clinical Notes – Necessity of NLP
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Linguistic Challenges

 Abbreviations

Negations

Temporal Reasoning

Measurements

Coreferences

Additional Challenges

Shortness

Misspellings

Personalized Writing

Jane M. Reynolds
8765432-1
06/17/2025
HISTORY OF PRESENT MENTAL ILLNESS:
Ms. Reynolds is a 35-year-old female with a history of generalized anxiety disorder (GAD) and recurrent major depressive disorder (MDD). 
She presents today for routine follow-up. She reports increased feelings of worry and restlessness over the past two weeks, primarily 
related to work stress. Sleep has been somewhat disrupted, with difficulty falling asleep 3–4 nights per week. She denies suicidal ideation, 
hallucinations, or manic symptoms. She reports taking her medications as prescribed and is engaged in weekly therapy sessions. Energy and 
motivation have been slightly lower than usual, but she remains functional in daily activities. Family history is notable for depression in her 
mother and anxiety in a paternal uncle. This episode seems to have been precipitated by the family conflict, similar to prior instances 
where interpersonal tension contributed to symptom flare-ups.

CURRENT MEDICATIONS:
Updated in EMR. Medications include sertraline 100 mg daily, hydroxyzine 25 mg PRN for acute anxiety, and melatonin 3 mg 

nightly. Plans to continue current regimen and monitor symptoms.
ALLERGIES:
No known drug allergies.
SOCIAL HISTORY:

Never smoker. Drinks socially, 1–2 drinks per week. Works as a graphic designer. Lives alone, good family support.
CONSTITUTIONAL: Mild fatigue, no weight changes.
NEUROLOGICAL: No dizziness or headaches.
PSYCHIATRIC: Reports anxiety, occasional restlessness, no suicidal or homicidal ideation.
PHYSICAL EXAMINATION:
VITAL SIGNS: Weight 143 lbs, blood pressure 112/70, pulse 72.
HEENT: No abnormalities noted.
CARDIOVASCULAR: RRR, no murmurs.
PSYCHIATRIC: Mood mildly anxious, affect congruent. Thought process linear, no delusions or perceptual disturbances. Insight and 
judgment intact.



Clinical NLP – NLP Methods
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Rule-based Machine Learning Large Language
Models

Deep Learning



Clinical NLP Methods – Rule-based
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 Strengths

High precision in well-defined contexts*

Transparent and interpretable

No training

Easy to deploy for narrow tasks

Rules can be written by experts

Deterministic behavior

 Weaknesses

Struggles with ambiguity and complex context

Sensitive to even small language variability

Poor scalability to new institutions/departments

Labor-intensive to maintain and extend

Rules may override each other

Limited coverage

Example Tools: ConText, NegEx, MedLEE, cTAKES, QuickUMLS, medspaCy

Simple, transparent, and effective — until the rules break.



Clinical NLP Methods – Machine Learning
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 Strengths

Less manual programming 

Can generalize better than rules

Handles variation in phrasing

Moderate resource requirements

 Weaknesses

Requires feature engineering

Limited contextual understanding

Lack of Interpretability

Sensitive to Data Quality

Data annotation can be expensive

Example Tools: SVMs, CRFs, NLTK

Smarter than rules — but hungry for data.



Clinical NLP Methods – Deep Learning
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 Strengths

Superior performance on many clinical tasks

No need for manual feature engineering

More effective at capturing context and 

semantics

 Weaknesses

Needs larger labeled datasets 

Data annotation is more expensive 

Less interpretable than rule-based or standard ML

Task specificity; e.g., one model can do well in drug 

Extraction

Higher computational cost and resources

Example Tools: RNNs, Clinical BERT, BioBERT

Strong and flexible — but hungry for data and less interpretable.



Clinical NLP Methods – LLMs
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 Strengths

No need for fine-tuning

Few-shot and zero-shot capabilities

General-purpose: one model for many tasks

Domain adaptation with minimal data

Handles long-range dependencies

Handles some of the issues of clinical texts* 

 Weaknesses

Expensive to train 

Black-box behavior

Prone to hallucination or factual errors

Is a significant investment for medical organizations

Inherited Biases

Regulatory, ethical, and privacy concerns

Example Tools: Med-PaLM, GPT, BioGPT, GatorTron

One model, many tasks, flexible and fluent — yet not always right.



Part II: NLP in Downstream 
Healthcare Applications
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Healthcare Application – Enrollment 
in Clinical Trials
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Task Description
Identify and match eligible patients to appropriate clinical trials based on clinical information such as admission notes

Importance

Significant number of clinical trials are delayed or closed due to insufficient patient enrollment

Manual matching is inefficient, time-consuming, and prone to human error

Solution

Develop better retrieval systems that, given a patient’s clinical information, can automatically retrieve eligible clinical trials

Leverage NLP techniques to extract patient related information from free-text patient records to enhance retrieval 

effectiveness



Clinical Trial Enrollment – Approach
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User: Selects a patient’s privately store clinical information

System: Fetches the data from the Private Database

NLP System: Performs Information Extraction aiming to create a 
high-quality query 

User: Reviews the generated keywords (removes, adds) [expert’s-
oversight]

IR System: Uses the query to retrieve clinical trials in which the 
patient can participate [BM25 model]

User: Reads and reviews the top-ranked clinical trials 

An NLP-based Information Extraction system can leverage rule-
based approaches, machine learning, deep learning architectures, 
LLMs, or their combinations



Healthcare Application – Approach

16



Benchmarking Systems – Collection
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Document Collection (corpus): A collection of clinical trial documents taken as a snapshot from ClinicalTrials.gov, a public 

database of clinical studies maintained by the U.S. National Library of Medicine

Queries: A predefined set of queries that simulate patient admission notes in the emergency department

Relevance Judgments (ground truth): A set of expert-labeled query-document pairs indicating whether a clinical trial is 

Eligible, Excluded, or Not Relevant to the patient case described in the query



Performance Analysis – NLP Approaches
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Aim of evaluation: Which NLP approach creates queries that 

retrieve more eligible clinical trials, resulting in improved 

enrollment 

Systems Evaluated: A combination of a Deep Learning and a 

Ruled-based approach, Closed-sourced and open-sourced 

LLMs

[Precision@10 – number of eligible clinical trials in the top 

10 retrieved]



Performance Analysis – LLMs vs Experts
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Aim of evaluation: Assess whether LLM-generated 

queries or expert-generated queries retrieve more 

eligible clinical trials

Systems Evaluated: Closed-sourced and open-sourced 

LLMs, expert-generated queries (clinicians)

[Precision@10 – number of eligible clinical trials in the 

top 10 retrieved]



Concluding Insights – Looking into the future
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Expert-generated queries still lead, but the strong performance of LLMs suggests that LLM–human synergy 

could be highly effective (e.g., reduce clinical note processing time and query generation)

Open source LLMs perform on par with or better than closed-source LLMs (GPTs)

Larger or newer models (e.g., GPT-4) do not guarantee better performance

 Finetuned transformer-based models combined with rule-based approaches are comparable to some LLMs

Instruction-tuned models outperform domain-specific non-instruction models
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