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INTRODUCTION 

Why the Model Matters
Every hospital exploring AI faces the same challenge: determining which models have achieved 

clinical-grade validation—and which are still maturing. For governance and IT leaders, the central 

question is not whether AI can help, but whether its outputs can be trusted to perform reliably, 

reproducibly, and safely in real-world clinical workflows.

AI is no longer experimental in healthcare. It is embedded in documentation, imaging, and 

decision-support systems across nearly every health system. Yet beneath this progress lies a 

critical distinction: not all AI models function the same way. Each class of AI—Natural Language 

Processing (NLP), Large Language Models (LLMs), and Computational Linguistics (CL)—carries 

different implications for safety, reliability, traceability, and operational efficiency. 

As AI adoption accelerates, a new governance challenge has emerged: the validation burden. 

The validation burden is the operational cost of verifying AI outputs before they can be trusted for 

clinical use. When AI systems generate results that still require human confirmation, the efficiency 

they promise is offset by additional oversight work. Understanding which model architectures 

reduce this burden—and which increase it—is now essential for effective AI governance.

Each model type contributes distinct strengths to healthcare AI.

•	 Natural Language Processing (NLP) enables basic identification of clinical terms and findings 

within unstructured text, helping systems extract data that was previously inaccessible.

•	 Large Language Models (LLMs) extend that capability through generative reasoning, supporting 

summarization, communication, and documentation tasks.

•	 Computational Linguistics (CL) advances beyond both by applying deterministic logic and 

clinical context to ensure that extracted information is accurate, traceable, and reproducible.

Understanding how these models differ—and how each performs under clinical and operational 

scrutiny—is now essential for ensuring that AI adoption remains validated, transparent, and 

sustainable. 

In healthcare, real progress is measured by validated performance—by what can be trusted to 

deliver consistent, safe results.
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THE STARTING POINT 

Natural Language Processing (NLP): 

NLP made it possible to search and structure clinical text. By identifying keywords and simple 

linguistic patterns—terms such as nodule, aneurysm, or mass—NLP converts narrative text into 

discrete data fields.

How it works: 

NLP relies on statistical and rule-based pattern matching to locate words or phrases of interest in 

radiology reports.

Where it helps:

•	 Speeds basic chart review and registry creation.

•	 Enables early automation for identifying potential findings.

Where it falls short:

•	 Limited context recognition. A phrase such as “Previously identified 4 mm right-upper-lobe nodule 

remains unchanged” may be misclassified as a new finding.

•	 Anatomic ambiguity. It can misattribute details, e.g., labeling a “3 cm cyst” without determining 

the organ involved.

•	 Temporal blindness. It cannot interpret comparative language such as “stable,” “increased,”  

or “resolved.”

Governance Perspective: 

NLP represented early progress but introduced a persistent validation burden: every output 

required human verification before clinical use.

TRANSPARENCY: MODERATE

RELIABILITY: LIMITED

TRACEABILITY: PARTIAL

EFFICIENCY: LOW    HIGH VALIDATION BURDEN
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THE INNOVATION WAVE 

Large Language Models (LLMs): 
LLMs—the foundation of generative AI—have expanded what language-based systems can do 

in healthcare. They can synthesize information, summarize records, and reduce documentation 

workload.

How they work: 

LLMs generate language probabilistically, predicting the next word in a sequence based on 

patterns in large text datasets. They do not extract facts deterministically.

Where they add value:

•	 Produce fluent summaries for clinical documentation and communication.

•	 Support conversational interfaces for knowledge retrieval and education.

Where they require caution:

These characteristics can lead to what many governance leaders describe as a validation 

cascade—a cycle in which clinicians must manually confirm each AI-generated output before 

acting on it. This phenomenon drives the validation burden, where the oversight required to ensure 

accuracy offsets the efficiency AI is meant to provide.

In practice, inconsistent AI shifts work from data entry to data verification, adding review steps and 

potential delay

Governance Perspective: 

LLMs are powerful for communication and workflow support but require structured validation 

processes before use in patient-impacting decisions.

•	 Hallucination risk: May insert or infer findings absent from the report.

•	 Loss of quantitative precision: May omit or alter measurements critical to interpretation.

•	 Variable output: Identical inputs can yield differing results.

•	 Opaque reasoning: Lack of traceable evidence paths.

TRANSPARENCY: LOW

RELIABILITY: VARIABLE

TRACEABILITY: NONE

EFFICIENCY: LOW    SUSTAINS VALIDATION BURDEN
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THE FOUNDATION FOR TRUST

Computational Linguistics (CL)

CL is an advanced evolution of traditional NLP, designed to bring deeper linguistic and clinical 

understanding to healthcare data. CL applies deterministic logic, linguistic rules, and medical 

ontologies to interpret text with the precision expected of a clinician.

CL delivers the accuracy and accountability that healthcare requires. By encoding medical 

language into deterministic frameworks, it ensures that every extracted finding can be traced, 

verified, and trusted.

How it works:

•	 Recognizes report structure (Findings, Comparison, Impression).

•	 Associates descriptors precisely with anatomic and temporal context.

•	 Distinguishes current from prior findings.

•	 Interprets negations and resolutions accurately.

•	 Produces structured, verifiable outputs with sentence-level traceability.

Real-world performance:

Eon’s condition-specific CL engines—validated across thousands of imaging reports—achieve 

99.57 % precision and 99.73 % recall for incidental-finding extraction, substantially reducing manual 

review compared with earlier NLP systems.

Governance Perspective:

CL aligns with governance priorities. It is deterministic, transparent, and auditable—reducing 

manual validation and supporting regulatory compliance.

TRANSPARENCY: HIGH

RELIABILITY: CONSISTENT

TRACEABILITY: COMPLETE

EFFICIENCY: HIGH    MINIMAL VALIDATION BURDEN
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LESSONS FROM THE FIELD

Advancing Validation Science

The evolution of clinical AI reflects a growing recognition that validation is universal, though its 

burden differs by model. Eon’s experience over the past decade illustrates that trajectory and the 

lessons many health systems have learned firsthand:

Key takeaway: 

Validation is essential for every AI model, but the validation burden should never outweigh 

its value. The most effective systems deliver measurable precision, consistency, and 

explainability with the least human rework.

2016–
2020 

Early NLP implementations improved case identification but produced 

inconsistent precision and recall, requiring extensive human review 

to confirm results. These limitations reflected the broader challenge 

of keyword-based methods in capturing clinical context and ensuring 

reliability across report types.

2020– 
Present 

Adoption of condition-specific CL engines for pulmonary, pancreatic, 

thyroid, renal, and aortic findings demonstrated how deterministic 

approaches can improve precision and recall while significantly reducing 

manual review.

Internal evaluations of emerging LLM-based approaches and established 

CL models highlighted clear differences in both precision and validation 

requirements. These exercises reinforced an important principle already 

evident in clinical workflows: when model outputs vary in accuracy, the 

level of human review required increases proportionally. Understanding 

this relationship between precision and validation effort is critical to 

evaluating AI readiness for clinical use.

2025 
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The Governance Checklist
When evaluating AI for clinical deployment, four attributes should be non-negotiable.  

They determine whether an AI model reduces—or perpetuates—the validation burden.

The next phase of healthcare AI will be defined not by how much language it can generate, but by 

how effectively it can validate its own results. Systems that embed verification and traceability will 

establish the next standard for clinical trust.

Attribute Why It Matters Key Question for Vendors

SAFETY
Prevents false positives, 
hallucinations, and missed findings.

How is model accuracy  
measured and monitored?

RELIABILITY
Ensures consistent, reproducible 
output under real conditions.

Is the model deterministic?

TRACEABILITY
Enables full auditability 
for compliance and trust.

Can each output be traced to  
its source sentence?

EFFICIENCY
Minimizes manual re-reading  
and review workload.

Does the model reduce or  
create a validation burden?

6. Key Questions Before You Buy

1.		 Which AI model powers this solution—NLP, LLM, or CL?

2.		 How does it handle comparisons, negations, and temporal context?

3.		 What validated precision and recall have been achieved on real clinical data?

4.		 Is the model deterministic and reproducible?

5.		 How are traceability and governance audit supported?
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From Promise to Proof
Healthcare requires validated AI—systems that are accurate, explainable, and consistent.

•	 NLP improved access to unstructured data but lacked context.

•	 LLMs introduced advanced language understanding yet require structured validation for factual 

precision.

•	 CL provides deterministic accuracy and auditability that align with governance expectations for 

safety and reliability. 

The next generation of healthcare AI will be defined by safety, transparency, and accountability. 

The most trusted systems will embed validation into every process, ensuring that outputs are 

reliable, reproducible, and clinically sound.

Understanding the underlying model—NLP, LLM, or CL—is the first step. The next is to reduce the 

validation burden so AI can deliver both safety and efficiency at scale.

Because in healthcare, trust is earned through validation.

Eon is a healthcare technology company focused on supporting health systems in the 

identification and ongoing management of patients at risk of cancer and other life-

threatening conditions. Powered by condition-specific clinical AI, Eon’s longitudinal care 

management platform extracts incidental findings documented in radiology reports and 

helps ensure patients receive timely, guideline-based follow-up and remain in appropriate 

surveillance over time.

More than 70 health systems across over 1,200 facilities rely on Eon and its care 

management services to scale early detection programs, enable earlier diagnosis 

and treatment, and support sustained patient engagement—outcomes that also carry 

meaningful financial implications for health systems.

About Eon


