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Introduction

Language models expand the possibilities for generating, transforming, and querying text, but fluency
is not evidence of correctness. In health care, every use must separate support for organizing
information from autonomous decision-making and must make input data, outputs, and human review
verifiable. [1]

The updated references support a deeper discussion of tokenization, autoregressive generation,
retrieval augmentation, hallucination, ambient documentation, explainability, and the safety of clinical

LLMs. [1]
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Figure 1 — Conceptual safety protocol for the clinical use of LLMs. Source: original

illustration based on [1]-[5].

1. What an LLM processes and produces

Text is converted into tokens associated with embeddings before passing through Transformer blocks.
In generative models, output is constructed one token at a time: each selected token is appended to
the context and feeds the next pass. This mechanism explains why linguistic coherence is not
equivalent to automatically consulting a clinical knowledge base [6].

Encoder-only architectures such as BERT are used especially to represent and classify text; generative
architectures use decoding to produce sequences. The distinction helps determine whether to extract a
variable, retrieve a document, or draft an open-ended answer [6].

KEY CONCEPT
Text is converted into tokens associated with embeddings before passing through
Transformer blocks.

2. Contextual models and generation

Transformers produce context-dependent representations through attention mechanisms. BERT is used
mainly to represent and understand text; generative models estimate continuations and can produce
sequences. Pretraining followed by adaptation makes it possible to reuse representations in
biomedical tasks [1].



In a clinical system, the input may include notes, a question, and retrieved context; the output may be
a summary, code, answer, or draft. Evaluation must separately examine faithfulness to the record,
omissions, unsupported additions, and suitability for the user [1].

3. Summarization, coding, and dialogue

Summarization condenses documents but must preserve facts, uncertainty, and temporality. Coding
maps text to terminologies; errors can affect research, billing, and decisions. Dialogue systems must
manage goals, turns, confirmation, and clarification rather than merely respond to isolated statements

[2].

In ambient documentation, one possible workflow captures audio, transcribes it and identifies
speakers, extracts clinical elements, proposes a structured note, and gives it to the professional for
editing and signature. The output remains a draft: clinical sign-off is an explicit part of the process [7].

4. Multimodality and retrieval

Clinical data include text, images, signals, and measurements. Multimodal models seek to combine
representations from these sources. The potential gain depends on temporal alignment, availability,
and the meaning of each modality; systematic missingness may introduce bias [3].

Information retrieval adds a stage that locates relevant documents or passages before the response. It
can provide verifiable material and reduce exclusive dependence on model parameters, but it does not
guarantee that retrieval is correct or that generation adheres to the content [4].

In retrieval-augmented generation (RAG), the query and documents are represented for search, results
may be reranked, and selected passages enter the generator's context. The chain should preserve the
query, collection, version, passages, and response to support auditing; indexing or retrieval failures can
still contaminate the synthesis [6] [8].

5. Hallucination, explanation, and evaluation

Hallucination is the production of plausible but false or unverifiable content. In health care, an
invented laboratory value, an incorrect drug interaction, or a nonexistent reference can change care.
Minimum safeguards include grounding in sources, clinical validation, and a human in the loop [7].

A useful explanation must be understandable and faithful to the system's behavior. RAG can expose
external evidence but does not prove that the conclusion is correct; narrative explanations may sound
convincing without reflecting the model's mechanism. Evaluation should combine faithfulness,
robustness, comprehensibility, and clinical utility [8].

The testing protocol should separate retrieval, generation, and effects on work. In addition to language
metrics, it should measure omitted or added facts, agreement with the source, stability, confidence
calibration, subgroup performance, review time, human corrections, and incidents [7] [8].



6. Human-in-the-loop safety

A well-written output may contain information absent from the source. Protocols should require links
to evidence, communication of uncertainty, verification by an authorized professional, a record of
changes, and the option to reject the output. The greater the impact of an action, the more
independent its verification should be [5].

Privacy requires control over the content sent, destination, retention, and access. LLMs also expand the
attack surface through prompt manipulation, poisoning, membership inference, and leakage of
identifiable information; controls must cover training, adaptation, inference, and integration [5] [9].

Session summary

What an LLM processes and produces: text is converted into tokens associated with
embeddings before passing through transformer blocks.

Contextual models and generation: transformers produce context-dependent representations
through attention mechanisms.

Summarization, coding, and dialogue: summarization condenses documents but must preserve
facts, uncertainty, and temporality.

Multimodality and retrieval: clinical data include text, images, signals, and measurements.

Hallucination, explanation, and evaluation: hallucination is the production of plausible but false or
unverifiable content.

Human-in-the-loop safety: a well-written output may contain information absent from the source.
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