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Objectives

* Frame Al modalities (predictive ML,
computer vision, LLMs) for clinical

workflows

* Understand how they apply to clinical
workflows

* Discuss real examples implemented at
Cleveland Clinic



Al In Healthcare: Where LLMs Fit

Predictive ML.: risk scores, early warning,
operational forecasting

* LLMs: document understanding, extraction,
summarization, communication

- Transformer trained to predict next token;
strong generalization with prompts



What is an LLM?

 Transformer model trained to
predict the next token from prior
context

« Self-attention weighs relevant
words across the entire = ||| e
sequence 1=

At scale, this objective yields ' I
strong prompt-based s ] i
generalization (few-shot), not R ¢

only task-specific training
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.

Vaswani et al., NeurlPS 2017



How LLMs are Trained

Pretraining Post-Training

 Learns how words, * Aligns the output with
phrases, sentences and human preferences
relate to each other - Standard alignment is

« Statistical patterns in the supervised fine tuning
training data and reinforcement

» Like a medical school learning
student reading » Attending like feedback

everything on report style



How LLMs are Trained (cont.

Step1

Collect demonstration data,
and train a supervised policy.

A promptis

sampled from our
prompt dataset.

Explain the moon
landing to a 6 year old

A labeler
demonstrates the
desired output

behavior. Z

Some people went
to the moon...

This data is used
to fine-tune GPT-3
with supervised
learning.

Step 2

Collect comparison data,
and train a reward model.

A prompt and .
several model

outputs are
sampled.

Explain the moon
landing to a 6 year old

0 o

Explain gravity. Explain war...

o o

Maon is natural People went to
satellite of... the moon...

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf



High-Impact Clinical Use-Cases

Task

Structured data extraction
from narratives

Drafting or augmenting
reports

Summaries for consult
hand-offs & tumor boards

Adaptive teaching /
tutoring

Text-to-SQL / KB
querying

LLM Value

| manual abstraction
hours

Consistent language;
faster TAT

Focus on salient
findings

Case-based Q-and-A

Self-service analytics

Report Text

IMPRESSION: NEGATIVE
STUDY FOR ACUTE DVT
IN THE RIGHT UPPER
EXTREMITY. NEGATIVE
STUDY FOR SUPERFICIAL
THROMBOPHLEBITIS IN
THE RIGHT UPPER
EXTREMITY. SLOW FLOW
WITH DECREASED
PHASICITY WITHIN THE
LEFT INTERNAL JUGULAR
VEIN.

Extracted JSON

{

}

"vte_present": false
"reason_for_answer":
"No evidence of VTE"




Build / Buy Spectrum

Option Pros Cons When to Choose

Max privacy; full Infra overhead Early PoC; PHI

DIY local
control heavy

Self-hosted OSS

(GPU cluster) Scale; tweakable Capital cost Medium volume

Cloud foundation No hardware; Recurring $; Complex
model (BAA) SOTA latency reasoning

Non-core

Vendor turnkey Fastest pilot Black-box; lock-in
workloads




Prompt Engineering in Practice

Skeleton prompt template: system + task spec + format spec
Few-shot examples: choose edge cases & common cases

“Thinking” strategies: chain-of-thought, self-consistency,
instruction-following vs. function-calling

Guard-rails: JSON schema, regex validation, RAG/Grounding




"""You are a pathologist and medical educator tasked with evaluating pathology residency curriculum
by identifying key topics from resident training material. The topics provided are in JSON format
and the output should be a subset of this JSON containing only topics identified in the training
material, The key topics which should be extracted, if identified, are listed below. If a topic is
identified in the document, return it in the JSON with the value replaced with one of these three
values: “low , “medium’, or "high'.
Keep in mind:

"high’ means most of the time for the activity is spent on that topic

"medium’ means its discussed for a portion of the time

"low’ means its mentioned briefly

Do not list a topic if it's not mentioned or suggested in the document

#u# EXAMPLE OUTPUT ###

{
3

"Chronic myeloid leukemia (CML)": “high"

#88 KEY TOPICS FOR: $topic #a#

$topics

SN Task (input)
)qpcu-cnt

Extract the topics as described from this document.

Bowers K. Utility of Artificial Intelligence in Pathology Residency Didactic Curriculum Mapping. Presented at the USCAP Annual Meeting; Mar 2025.



Evaluation = Standard ML Discipline

» Label small gold-standard set (human
abstractors)

» Split: prompt-tuning vs. held-out test

» Metrics: accuracy, micro/macro F1, 95 %
Cl, bias analysis

* |terate prompt - re-score > track uplift



End-to-End Deployment Workflow

Problem selection
Data labeling
Prompt/model iteration

Evaluation & bias check

Packaging (Airflow DAG + Ollama on HPC)

Integration (PIRO search, APIs)

Monitoring & rollback




Project Snapshot: Congenital Heart
Disease (TOF) — Structured CMR Data

Dataset: 430 CMR reports (2005-2024) from 183 patients; 13
key clinical metrics targeted

* Method: deterministic RegEx baseline + targeted few-shot
LLM prompts only where RegEx struggled (hybrid)

* Results: completeness 99.8% and F1 97.5% x 3.6 (hybrid) vs
RegEx alone (lower completeness/accuracy); ~75% less
compute time than LLM-only

* Impact: converts legacy narrative CMR into a research/Ql-
ready dataset without standing up a new team; supports
PHI/security needs via on-prem execution

Tandon, A. et. al. Abstract 4372933: Hybrid NLP Model Accurately Extracts Data from Tetralogy of Fallot Cardiac MR Reports. 2025.



Project Snapshot: Congenital Heart Disease
(TOF) — Structured CMR Data

Model Performance Comparison with 95% ClI
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Tandon, A. et. al. Abstract 4372933: Hybrid NLP Model Accurately Extracts Data from Tetralogy of Fallot Cardiac MR Reports. 2025.



Project Snapshot: Congenital Heart
Disease (TOF) — Structured CMR Data

Parameters

| Height (cm)

RegEx.

87.1[84.2, 89.4]

Few Shots Prompt Model

61.6 [57.7, 65.1]

Hybrid model

100.0[99.3, 99.9]

Weight (kg)

87.3[84.7, 89.6]

58.8 [54.7, 62.6]

100.0 [99.3, 99.9]

BSA (m?)

89.7 [87.1, 91.5]

63.9 [60.2, 66.9]

100.0[99.3, 99.9]

LV end-diastolic volume (mL)

99.3 [98.3, 99.6]

98.4 [97.0, 98.9]

99.5 [98.6, 99.7]

LV end-systolic volume (mL)

99.4 [98.5, 99.6]

97.4 [95.9, 98.2]

99.5 [98.5, 99.7]

LV mass at end-diastole (g)

100.0[99.2, 99.9]

99.7 [98.6, 99.8]

100.0[99.1, 99.9]

LV stroke volume (mL)

99.4 [98.4, 99.6]

85.9 [83.3, 87.8]

99.6 [98.7, 99.8]

LV ejection fraction (%)

52.8 [49.3, 56.0]

88.2 [85.6, 90.1]

99.5 [98.6, 99.7]

RV end-diastolic volume (mL)

92.6 [90.7, 94.1]

97.7 [96.3, 98.4]

93.0 [91.0, 94.5]

RV end-systolic volume (ml)

92.9 [90.8, 94.2]

96.4 [94.9, 97.4]

93.5[91.5, 94.7]

RV stroke volume (mL)

93.1[91.1, 94.5]

82.2 [79.4, 84.5]

93.4 [91.5, 94.8]

RV ejection fraction (%)

90.3 [87.7, 91.9]

89.2 [87.0, 91.2]

100.0 [99.4, 99.9]

Pulmonary regurgitation fraction (%)

Tandon, A. et. al. Abstract 4372933: Hybrid NLP Model Accurately Extracts Data from Tetralogy of Fallot Cardiac MR Reports. 2025.

23.7 [19.1, 28.5]

98.8 [97.6, 99.3]

89.8 [87.3, 91.6]




Project Snapshot 2: Pathology Report
Splitting

» Split complex narrative into discrete
sections A, B, C...

* Regex baseline 95 % — LLM 100 % exact-
split accuracy (n=1000)

» Used for case auditing allowing faster
reviews



ALSET

ALSET LLM Extraction Ul

Secure and Efficient Data Extraction for Medical Applications

Select Extraction

Venous Thromboembolism (VTE)

Built internally to aid in the R

impression of a radiology report. The reason for the answer is also

structured extraction using LLMs

Input Fields

Batch extraction across multiple
environments & models
Plug-in metrics: micro/macro F1, Cl,
confusion matrices

Handles text, images, PDF, video i
frames — vision + text models o

Case study: 40+ unique fields, one
data scientist, < 3 months




roject Snapshot 3: Discrete Pathology
Report Search (PIRO

L3 Pathology Information Retrieval Optimizer (PIRO)

+FPathologist GOLDBLUM, JOHN

FILTERED RY m GOLORLLM. JONN x

Autopsy (0] lane Doe Clevelarnd Clinic Ma
Bane Marrow 0] 76/F $23-12345€C L
Cytology (0] NE Ohio
Surgicsl Pathology m

Final Diagnosis:

A Soft tissue, right lower quadrant abdomen, subcutaneou
Consultation Type - Extensively necrotic mafignant neoplasm, possibly carcing

8 routine Comment:
Corsult Thea neoplastic calls are pasitive Tor CX AEV/AES, althowg
Outskde Review CK20, COX2, PAXE, TTF-1, HepParl, and arginase-1. Th
Laboratory Developed Test (LDT) Disciadmer: Parformance
hybridization tests have been determined by the performi
Malignant @ Medicine Department (Main Campus Hospital, Akron Gen
Martin Health North Mospital, or Urson Mospital) in a mar
ceared or approved by the FDA. RT-PLM Is reguated un
8 Positive cinical purposes
Negative

Robertson S et al., J Pathol Inform 2025.



Malignancy RiSk — validation, speed & scale Surgical Pathology Reports - PIRO (2023)

Model performance (N=1000, MANUALLY LABELED) Throughput (ProbucTiON MODEL) Full-corpus results (enTIRE ARCHIVE)
LLAMA3:8B-INSTRUCT-FP16 o
5.2 million reports

. H 5 el P4

Llama3:70b-instruct-fp16 Highest specificity 0.1 1 S I repOrt \
Accuracy 99% processed
N Approx. throughput = 9.1 reports/sec Llama3:8b-instruct-fp16 across all
Sensitivit o surgical pathology reports

e i Memory Smaller vs 70B (ops- .
e —————— footprint friendly) =~ 850,000 flagged positive
Specificity 100% (Malignancy Risk)

=~ 4.35M not flagged

Llama3:8b-instruct-fp16

Accuracy 99%
Sensitivity 98%

Specificity 99%
] Chosen for speed + efficiency without sacrificing
accuracy

Malignancy Risk = presence of malignancy or high-grade dysplasia. Validation labels by SR. Models evaluated: multiple; Llama3 variants performed best on n=1000 sample



Project Snapshot 4: Automated Pacemaker
Grossing

e Multi-LLM pipeline: OCR —
manufacturer/model
extraction — DB lookup —
narrative draft

e 3m down to 10s per device Receivedinaiohaza_rd bag, labeled "ICD", is

a silver-colored metallic device measuring 5.5
x 3.7 x 1.8 cm. The specimen has the

¢ PAS enJ Oy US| ng the neW following inscription: "Medtronic EnRhythm SN
PNP400237Q". The specimen is for gross
SySte m examination only. No microscopic sections are

submitted. A photograph is attached to the
case.



Automated Pacemaker Grossing

Performance (n=217)

Field-level metrics with confidence intervals: Character Error Rate (CER) shown as fraction

Field

manufacturer

model

model_code

serial_number

Exact Match (Cl)

1.000 (1.000-1.000)

0.995 (0.986-1.000)

0.991 (0.978-1.000)

0.917 (0.880-0.954)

Partial Similarity (CI)

100.0 (100.0-100.0)

99.98 (99.93-100.02)

99.95 (99.87-100.02)

98.66 (97.93-99.39)

CER (CI)

0.000 (0.000-0.000)

0.000 (0.000-0.001)

0.001 (0.000-0.002)

0.018 (0.008-0.028)

Precision (CI)

1.000 (1.000-1.000)

0.995 (0.986-1.000)

0.990 (0.977-1.000)

0.917 (0.880-0.954)

Recall (CI)

1.000 (1.000-1.000)

0.995 (0.986-1.000)

0.990 (0.977-1.000)

0.917 (0.880-0.954)

F1 (Cl)

1.000 (1.000-1.000)

0.995 (0.986-1.000)

0.990 (0.977-1.000)

0.917 (0.880-0.954)

Record-level (strict) accuracy: 0.908 (95% CI 0.869-0.946)



Project Snapshot 5: Curriculum Mapping

» Automated content assessment portion of
curriculum mapping by identifying gaps and
redundancies

» Leveraged lecture material against high
yield topic list for each subject

* Output is a topic list scored by degree of
coverage (null, low, medium or high)



Project Snapshot 5: Curriculum Mapping

56%

Disagree

minutes
I results in

Manual

No statistically significant
difference in the number of gaps

. (null) identified (p=0.0680)
between Al and manual review

Medium

Bowers K. Utility of Artificial Intelligence in Pathology Residency Didactic Curriculum Mapping. Presented at the USCAP Annual Meeting; Mar 2025.



Emerging ldea: Overhead Camera
Requisition Extraction

* Vision model + LLM for handwriting/label
text

» Target: cut accessioning time by 5-10
minutes

» Status: data collection & labeling phase
(PoC which is showing promise)



Automated Accessioning

T
\THOLOGY CONSUL
P EQUISITION

TERTINFORNATION

APCS Workflow System

@ Auto-checks: m

Name: John Q. Sample Patient ID: 123456789

st oE e
O OPNON

DOB: 03/14/1975 Accession #: $25-12345

Sex: Male

Client Code: CCF-APC-101 Phone: (216) 444-2200

Client Name: Cleveland Clinic — Main Ordering Physician: Jane R. Doe, MD

o ] S 2 e Step 3: Submitting Physician 5 Campus

Subommec(t]  Step 1: Submitter Recuisiton Number Patint MRN 95000675 Auth & 0rd Provider 2] < Spl Provider Address

/ Upload images

Hospital (UH) RQ71978 222EC DRAMAQUEEN CRUISE, MICHAEL

B s S abS E rin Vie PYPE .. oo (2T P es—

: T ETT—

Step 4: Mixed billiny plicable 'Auz
Subspecialty Group: Gl Pathology Bill To: Client

S Siinginlo. ] Expand ordecevel Gognoses
Diagnosis Code(s): K63.5 (Polyp of Patient Status: Outpatient
colon); R19.4 (Change in bowel habit)

SURGICAL PATHOLOGY REFERENCE LAB CONSULT [LAB1 Ordored

LAB AP NON-GYN CYTOLOGY QUESTIONS
Step 7: Clinical Hist
Chinical History/LMP:

WPV Relex g e Staff Schedule for October 8, 2025

+# Croate Spacimens ¢ [ osts X Gancel Orders

 Accept & New ~




Upcoming: Extubation Success
Prediction (VLBW RDS)

Extract discrete ventilatory, demographic data,

pre-extubation chest x-ray and clinical notes
from the EMR.

Leverage LLM and other NLP to extract discrete
data from clinical notes.

Use pre-trained vision models to embed the
chest x-ray.

Finally develop a predictive ML model using the
parsed and extracted data.



Key Takeaways & Your Next Steps

 LLMs are powerful for unlocking value from unstructured
medical data.

« Data Governance is Paramount: Understand privacy/security
implications (local vs. cloud, BAAS).

 Prompt Engineering & Evaluation: Critical skills for success.
« Tools (like ALSET) can accelerate your efforts.
* The field is evolving rapidly — get involved!



Questions?
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T Cleveland Clinic

Every life deserves world class care.
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