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Clinical Language

Clinical Language ; :TW

e ' Clinical language is not just
standardized terminology. It is a
way of representing how the body

~ functions in real patients. Terms
like “Transferrin,” “eGFR,” or
“HDL cholesterol in mg/dL” do not|
simply label data they reflect
underlying biological processes
and physiological states. In this
sense, clinical language acts
almost like embodied intelligence,
linking measurements to what is
physically happening in the body
and enabling clinicians to interpret
and act with precision.
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- Rather than explicitly modeling

Al Language T

e Learning representations of
reality that can be computed
and acted on. It does not directly
describe the body like clinical
language. Instead, it encodes,
patterns, relationships, and
latent states from data.

physiology, it approximates it
through signals, embeddings,
and learned features.

In this way, Al becomes a bridge
between clinical reality and
computation, translating real
world biological processes into
representations that machines
can reason over and make )

- Computational Representation -



An Example: Optokinetic Nystagmus (OKN) Reflex

Joe’s little sketch...




Paradigm Shift

Healthcare data from tables & labels =

—> Multimodal world representations
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Medical Al from language understanding —>
—> World understanding

Clinical care from episodic visit & reactive diagnosis = —
— Continuous monitoring & patient modeling and care . . =5:::



Lyme Disease Case Study

Lyme disease
Borrelia burgdorferi Current Previous Result Reference

l £10.0
Borrelia burgdorferi
VIsE1

l Borrelia burgdorferi
C6 peptide

I Borrelia burgdorferi
p23-25 (OspC)

l Borrelia burgdorferi
p28

l Borrelia burgdorferi
p31(0spA)

l Borrelia burgdorferi
p34 (OspB)

l Borrelia burgdorferi
P39 (BmpA)

' Borrelia burgdorferi
p58

' Borrelia burgdorferi
p83-93

l 196 <100
Borrelia burgdorferi
crude extract B31

IgM 55 <100

DESCRIPTION

Borreliella burgdorferi is one of the pathogens of the Borreliella burgdorferi sensu lato complex causing Lyme disease. Lyme disease is a
zoonotic, vector-borne disease transmitted by the Ixodes tick. Clinical presentation of Lyme disease is known for the characteristic bull's-
eye rash (also known as erythema migrans) but can also include myocarditis, cardiomyopathy, arrythmia, arthritis, arthralgia, meningitis,
neuropathies, and facial nerve palsy depending on the stage of infection.

Lyme disease is caused by Borrelia burgdorferi (tick
bite), which spreads through the body and triggers a
widespread inflammatory immune response, particularly
affecting the nervous system. This neuroinflammation
can disrupt normal brain and vestibular function, leading
to symptoms like headache, dizziness, and brain fog.
These symptoms are driven less by the bacteria itself
and more by the immune system’s effect on neural
signaling and sensory processing.

This cohort at our clinic consists of chronic brain health
patients presenting with persistent neurological
symptoms including headaches, dizziness, and cognitive
dysfunction



Biomarker

In medicine, a biomarker (biological marker) is any measurable indicator of a biological state
or condition. HDL (High-Density Lipoprotein), LDL (Low-Density Lipoprotein), Total
Cholesterol, Triglycerides, and the components of a CBC (Complete Blood Count ), are all
used by doctors to assess your health status.

What is VISE?

Vmp (Variable Major Protein)-like
sequence Expressed — a surface
lipoprotein on Borrelia burgdorferi.

What is Immunoglobulin Marker Meaning

macroglobulin (IgM) / gamma (IgG)
? VIsE1 IgM / C6 IgM Acute infection, recent tick bite, symptoms




Individual Marker

Lyme Cohort — Key Marker Distributions by Category
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Compound Biomarkers

A simple composite marker is constructed by combining individual biomarkers such as VIsE1,
C6, and p23-25, using the maximum value across these measures to represent overall signal
strength. This provides a straightforward way to distinguish normal versus abnormal patterns
and compare against future LLM outputs. A maximum score greater than 10 is considered
abnormal, and values exceeding 20 are classified as high risk to reflect increasing severity.

Vibrant Lyme Test Results — Compound Biomarker
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How To Build Tokens

We represent biomarker data as tokens using simple methods, either as floating-point vectors
(e.g., for autoencoders) or via standard BPE on structured test results. This captures both numeric

signals and text patterns in a model-friendly format, establishing a baseline before moving to more
advanced tokenization.

Model Inputs — Patient 2011623 | Category: Moderate

Biomarker Input Representation — Floating-point measured marker values (first 10 of 174 features shown)

[0 Normal (=10) "] Moderate (10-20) [0 High (>20) "1 Not detected / missing

BB.vlsel_igg BB.vlsel_igm BB.c6_peptide_igg  BB.c6_peptide_igm B8.p18_dbpb_igg BB.p18_dbpb_igm BB.p23_25_ospc_igg BB.p23_25_ospc_igm BB.p28_igg BB.p28_igm

14.8 -5 11.4 8.8 6.4 9.4 17.7 8.1 10.9 6.5

... 164 more features not shown

Language Model Input Representation — Byte-Pair Encoding (BPE) tokenizer (first 12 of 583 tokens shown; Qwen 2.5-72B / Llama 3.3-70B produce 553 tokens)

i | ) - | -
3 6 7 8 9 10 11

0

... 571 more tokens not shown
W Numeric value "1 Biomarker name fragment [ Structural delimiter



Experimental Architectures

Model Architectures — Masked Biomarker Reconstruction

AE Qwen 2.5-72B Probe Llama 3.3-70B Probe BioMistral-7B Probe
~28K trainable parameters ~134K trainable parameters ~134K trainable parameters ~78K trainable parameters

: di Input: clinical text token Input: clinical text token Input: raw biomarker values
{ Input: 174-dim float vector J [ (BPE tokenized, ~580 tokens) ] [ (BPE tokenized, ~553 tokens) (174 key-value pairs)

! !

codis Qwen 2.5-72B Llama 3.3-70B
80 transformer layers 8192-dim FROZEN 80 transformer layers 8192-dim FROZEN
(no gradient) (no gradient)

! ! v
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LayerNorm GELU
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LayerNorm GELU
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https://arxiv.org/abs/2402.10373

A Probe to the Representations

A probe is a simple model trained on frozen representations (Qwen and Llama) to measure
what information those representations contain.

Training Loss — Masked Biomarker Reconstruction

. . — AE
This line of research uses ——. Qwen 2.5-728 probe

small probe models on frozen 331 — - Llama 3.3-708 probe
q q BioMi I-7B be (b
LLM activations to test what loMistral-78 probe (best)

information is already
encoded. By learning simple
decision boundaries, probes
reveal whether specific signals
are implicitly present without
additional training.

Masked Reconstruction Loss (MSE)

Ivan Vicente Moreno Cencerrado et al. (2025). No answer
needed: Predicting LLM answer accuracy from question-



https://arxiv.org/abs/2509.10625

Power of Contextual Information — Ablation Study

An interesting observation from our
probing experiments is that smaller
models like BioMistral 7B benefit
significantly from added clinical
context.

When biomarker tokens are
augmented with brief explanatory
notes, performance on masked
biomarker prediction improves
substantially compared to using raw
numeric inputs alone. This suggests
that smaller LLMs rely more heavily
on contextual cues to effectively
utilize underlying representations.

True Positive Rate

Input: Raw Biomarker Token Sequence — BPE (first 12 of 579 shown)

W Numeric value I Biomarker name fragment [0 Structural delimiter

ROC using raw tokens

—— BioMistral-7B (AUC = 0.611)
Random (0.500)

"0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Input: Claude-Augmented Clinical Note — BPE (first 20 of 303 shown)
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|

283 more
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ROC after adding contextual info.
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False Positive Rate



True Positive Rate

True

10

Identifying Informative Layers in BioMistral: Enhanced
Biomarker Predictive Power in Deeper Representations

B_iinstraI-7B (clinical _nntes) | arch=large | layer=1

= correctly

—— AE (AUC=0.697)
= BioMistral-78 (clinical notes) large L1 (AUC=0.772)

(=10) or normal (<10)
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0.0
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Lo
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True Positive Rate
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Probe Architecture

small

Systematic analysis of representations across
layers and probe capacity

We control the size of the probe network by adjusting the input
dimensionality of the representations. For smaller probes, the original
8192-dimensional activations are compressed using PCA (e.g., to 20 or

40 dimensions), significantly reducing the number of trainable IR ettt
parameters. In contrast, the large probe operates directly on the full 8192- | . . . voreno Cencerrado et al. (2025). No answer

needed: Predicting LLM answer accuracy from question-

dimensional space, resulting in a much higher-capacity model. e
https://arxiv.or: 2509.1062

—— Correctness Direction
—— Best Layer
-= Random Guess

D. Best Layer Selection
ROC AUC

Grid Search AUC — Probe Architecture x Transformer Layer (AE baseline = 0.697)

Qwen 2.5-72B Llama 3.3-70B BioMistral-7B (clinical notes)

0.803 0.793 0.797 0.798 0.800 0.799 0.801 0.796 0.795 0.795 0.799 0.788 0.795 0.801 0.750 0.761 0.756 0.749 0.745 ..7\‘3
s s
< <

0.766 0.767 0.762 0.765 0.771

Probe Architecture
Probe Architecture

large { 0.799 0.806 0.812 0.772 0.762 0.770

10 15 20 25 30

10 20 40 60 80 10 20 40 60 80
Transformer Layer Index

Transformer Layer Index Transformer Layer Index


https://arxiv.org/abs/2509.10625

Results — Prediction of Abnormal and Normal Marker

We adopt a self-masked approach where
the LLM, augmented with a trainable
probe, predicts masked biomarker values
as continuous outputs using RMSE as
the training objective.

The model learns to reconstruct floating-
point biomarker readouts from internal
representations. Performance is then
evaluated via AUC by classifying
predictions into normal (<10) versus
abnormal (>10) ranges.
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Masked Biomarker Reconstruction — ROC Curve
True positive = model correctly predicts abnormal (=10) or normal (<10)

e LT A —
T
Lo

-

~— AE (AUC = 0.697)
- = Qwen 2.5-72B (AUC = 0.827)
-+ Llama 3.3-70B (AUC = 0.826)
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Patient Representation

BioMistral-7B - Layer 30 - Large probe - 16-dim latent z — t-SNE 3D
Color = compound biomarker | Marker = KMeans cluster (k=3)

Clinical category KMeans cluster

@ In control (n=7) @ Cluster A (n=13)
. . . [ | M_oder.ate (n=40) B Cluster B (n=26)
We derive patient representations from it S | _ 2ol

the trained LLM+probe system by
extracting a compact latent embedding
from the probe’s bottleneck layer.

A learned 16-dimensional latent vector
that captures the most task-relevant
patient information. These embeddings
are then visualized with t-SNE,
providing an interpretable view of
patient structure in a reduced-
dimensional space.




Feature of Multi-biomarker Profile

PATIENT ID 198a322d-e0b6-4fec-9336-f7a9972e104d
GI-MAP

H. pylori: 577 org/g
Campylobacter: not detected
C. difficile Toxin A: not detected

Preview PDF

MYCOTOXIN

Ochratoxin A: 1.058 ppb
Aflatoxin Group (B1, B2, G1, G2): 0.358 ppb

Trichothecene Group (Macrocyclic): Roridin:
0.12 ppb

Preview PDF ==

PATIENT INTAKE

Sex: Female

Preview PDF

- LABCORP BLOOD

glucose mg/dL: 78
bun mg/dL: 13
creatinine mg/dL: 0.97

Preview PDF ]
IMMUNE / LONG COVID Preview PDF

panel type: long_covid_immune

panel name: LYME MULTI-PEPTIDE ELISA
ASSAY / IMMUNOSEROLOGY OF LYME

Preview PDF

MARCONS -

Positivity: Positive
Report ID: 14259126




Conclusions

Clinical tokens should not just encode numbers but meaningfully represent
biological processes and physiological states to better reflect how the human
body functions

By combining biomarker data with context, LLMs move beyond language
understanding toward a deeper understanding of patients and real-world health
conditions

In the era of large-scale Al, this unlocks a paradigm shift from reactive, episodic
patient visits to continuous, intelligent monitoring that transforms care delivery




THANKS

% contact@joexing.me

DO YOU HAVE ANY QUESTIONS?
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