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INTRODUCTION

SUMMARY

Inputs into cancer prognostic mode
structured data such as demograp

-pathological features, a

s are primarily
nic  and  clinico

nd lack richer co

ntext often found

e LLM-Cox model learning tfrom patient chronological notes can improve clinical-molecular prognostication over a linear model.

In unstructured clinical notes. We hypothesized that
creating a temporal clinical patient note from structurec
data that preserves longitudinal and clinical contextual
information, and coupling it with a large language model
(LLM) trained to prognosticate overall survival (OS) from
time of metastatic diagnosis, may improve model
accuracy with an interpretable embedding space.

METHODS

To facilitate the interaction of an LLM with structured
dates, we developed the Patient Chronological Note (PCN).
P°CNs convert temporal structured data to a textual
‘epresentation.  Structured data Include clinical
information about demographics, diagnoses, treatments
and outcomes with their timing. The goal of the PCN is to
contain enough information for a physician to estimate the
patient state at any point in time with respect to the NCCN
Guidelines.

DistilBERT, a large language model, was pre-trained using
PCNs from breast cancer patients (N=580,000), allowing
the LLM to learn a representation of the patient journey.
The resulting embeddings were fed into a fully-connected
2-layer network that was fine-tuned using Cox survival
0ss. Fine tuning was performed on PCNs derived from
MBC patients (N=28,500), where the model was trained to
oredict OS from the time of first metastatic diagnosis. A
neld-out validation dataset of mBC patients (n=28,800)
was used to validate survival prediction accuracy.
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e The internal embedding representation of the LLM was interpretable, and yielded distinct clinical-molecular subtypes that also
showed distinct levels of prognostic risk.

e These groups provide an opportunity to use LLM to redefine traditional clinical risk groups.

RESULTS

Overview of the Cohort

Characteristic Train [PT] Test [PT] Train [FT] Test [FT]
(n=608,578) (n=609,277) (n=28,536) (n=28,888)

Age at diag. (yrs)

Median (Q1, Q3) 61 (51, 70) 61 (51, 70) 59 (49, 68) 59 (50, 68)
Gender, n

Female 590,890 591,306 27,624 27,980

Male 5,441 5,471 430 403

Unknown 12,427 12,500 482 505
Race, n

White 393,065 392,605 17,389 17,459

i'rfg;i‘c’; ?f”ca” 59,526 60,131 3,212 3,371

Asian 19,481 19,129 794 820

Other Race 34,356 34,078 1,716 1,695

Unknown 102,330 103,334 5,425 5,543
Ethnicity, n

Hispanic or Latino 28,354 27,629 1,444 1,447

Not Hispanic or Latino 354,874 355,273 14,626 14,723

Unknown 225,530 226,375 12,466 12,718
Stage, n

0 20,832 21,007 189 184

I 124,874 125,024 2,195 2,168

I 66,004 66,074 3,505 3,600

I 26,400 26,106 2,867 2,882

\Y 27,849 28,040 19,403 19,675

Unknown 342,799 343,026 377 379
Grade, n

| 36,877 36,818 1,658 1,598

I 69,191 68,942 6,672 6,744

1 50,503 50,473 7,367 7,511

Unknown 452,187 453,044 12,839 13,035

Patient Chronological Note
A. E.

Diagnosis:

Cancer type, Stage, Grade, Histology
Patient demographics

Hormonal IHCs, Mutations via xT (solid) or

Month 0. Patient is 75 years old female. Patient has breast
cancer. Excision of sentinel lymph node, Negative Lymph
Node were found. Wide local excision of breast lesion.
Treated with doxorubicin,cyclophosphamide. Hormone

xF (cfDNA) status HER2-HR+, HER2-. Month 3. Treated with
paclitaxel. Month 6. Treated with anastrozole. radiotherapy
Treatments: was given. Month 12. Treated with exemestane. Month 74.

Treated with tamoxifen. Metastases found in Bone. Month
75. Diagnosis is, stage 4, Progression event as metastases.
Month 76. Follow-up showed progressive disease. Month
103. Treated with palbociclib,fulvestrant. Follow-up showed
progressive disease. Month 135. Treated with fulvestrant.
Month 137. Follow-up showed progressive disease. Month
145. Treated with capecitabine. Metastases found in Liver.
Progression event as metastases. Follow-up showed
progressive disease. Month 148. Diagnosis is, stage 4,
Histological features adenocarcinoma, metastatic. Follow-up
showed progressive disease. Last known follow up.
Hormone status HR+. Month 149. xT.v2 performed on a
Liver sample. Found PIK3CA E545K mutations. Month
153. The patient died.

Procedures, Radiotherapy, Medications

Outcomes:
progressions, metastases, death

Patient Chronological Note (PCN)

Figure 1. A. Structured data elements that are converted to a
Patient Chronological Note (PCN). B. PCNs combine both clinical
and molecular information. Molecular information includes IHC
results and reported DNA variants found by solid tumor (Tempus
XT) or blood (Tempus xF) next-generation sequencing.

Model and Performance

Demographics Pathology Treatments Molecular
A. B. _ C.
Cox Loss Prediction 0.700. — Linear Age Race Stage Histology Grade Tumor Site Medications Procedures Radiology IHC Mutations
Layer (128 x 1) - [0 DistilBERT
T 0.6751 ‘{‘ + ~\» Actual
| FCLayer (128 x 128) | | 25001 Predicted ] ] I ] ] _ . ] | ]
0.6501 m j|: E :[
| FCLayer (768 x 128) | + J( Jf g oo I ] | | ) _ | | |
T 5 0.625 + S - T I I = ]: T II -
Mean Poolin 9 © I I I = = -
: : Pl B | ozl | mpd | R " Vodsll LniEh AT ik - "
T see - 3 0| _IhE i F T 1 I sabEE )] I
Transformer Layer 6 < T I :[I I o H | III . :[ I
o7 3 1000{ & | ] 1l ] ] | | | | ] l I L
Transformer Layer 1 = I
T 0.550 T
512 Input Tokens 500 - . 1 i | - |
1 0.5251
Patient chronological 0-500 0 O & O @ ' ' NN Q ' 5 9 N > & QT @O SO P& L0 NI NN O X Y A O NN
: N Q@ «@ QO N\ N\ @ @ @ D & P < & @ @ 0 D @ & X
note S A A A & & 9 SRR ¢ S & & & & & & TN o°°’q>’?%°‘§\®°»°° LICFLE SEF T AR ESL L & & & NN Ry o
Mean Se $ XA P & & & & & & NN RO IR & SRS ¥ ¥ P @ KR  Q
quence Length (Rounded) O®® %) o'bﬁ 0@& o{b& & Q\q \4\0&,0-& OQ’{OQ%@Q Oo((& (b%\o (b@\ %QQQ@QQ Q %6\ c}& 50 5 &9 6\6\ o o o
(\O C,)\' 'b\ 6\\ Qe o & \(Q \\ 3 ) N &fb {0 \'b Q_’b {0 \2\ \2\ ‘2\
A S SRS QT E O
Ve ;\{\Q \/60 (QQ}\Q {06\ gQ’Q\\ QO\)Q X (5&\ (QQQO R ‘Odb O\fbo O\C}}
il & "\‘\\Q’b S SR e?*(\(bg\é@ &
\© QéQ @Obéé\o & éé\O ((;\l\ 9 Standard error
Q;\~Q/+c',\°-’ &

Figure 2. A. The LLM model on test cohort. B. Prediction performance for DistilBERT-cox 0.66 (concordance index), outperforming a linear cox model that achieved
0.62. Variable performance is observed as a function of the PCN length. C. Comparing actual RWD risk to risk predicted by the model. Actual RWD risk is the KM
estimate for median overall survival for each one of the sub-cohorts listed.

The Model Embedding Space is Prognostic and Interpetable
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Figure 3. A. The mean-pooling embedding mapping with UMAP onto 2-dimensions. The embedded layer is prognostic, and shows smooth risk gradients. Insert
shows survival KM-curves for 5 risk quintiles of test data split according to risk score. The embedding identifies three main sub-cohorts. The left-most Is predicted
to be high risk, and i1s mainly TNBC. The other two are further partitioned in figure 3B. B. Clustering the LLM embeddings revealed 10 distinct patient groups
enriched for key mBC traits, including a high-risk cluster enriched for triple-negative status, TP53 mutations, and african american race, a low-risk cluster enriched
for ESR1 mutations and CDK46 treatment, and a cluster enriched for low-risk early-onset patients. The different clusters showed different prognostic risk levels.
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Guidelines and Deadlines

Important Deadlines

> March 12, 2024: Presentations due for SciComm review
> March 26, 2025: Presentation sent to Legal/Leadership tor review
o Poster Printing by Genigraphics (pick up at conference):
e Posters should be printed at 100% (60 in x 40 in)
e Plan Ahead order deadline i1s 1:00 PM CT on Friday, April 4, 2025;
e RUSH order deadline is 1:00 PM CT on Wednesday, April 16, 2025 (rush fee applies)
e Upload for printing here: https://www.genigraphics.com/aacr
e Tempus presenters may submit for reimbursement through SAP Concur
> April 7, 2025: e-poster upload deadline
> April 25-30, 2025: Annual Meeting, Chicago, IL

For E-posters ONLY

1. Make a copy of your google slide (File > make a copy)
2. Delete any extra slides (including this one)

3. Resize by going to File > Page setup > Resize to 30 x 20
4. Download as a pdf: File > download > pdf


https://www.genigraphics.com/aacr

Data Visualization Guidelines

Tempus Color palettes

Qualitative

SciComm preferred palette Continuous

This is a minor update to the default palette recommended by graphic design (see below) chosen to minimize
the grouping of similar colors.

[#5993F 7', '#DO7CA4AF', '#62B882', #HCCT78AT', '#774DOA', '#515CBE', '#E9C74E', '#B8E382', '#AS4A72', '#C8B1F6']

(Note: while these palettes are meant to be used in continuous applications, they are ultimately constructed
from discrete color palettes with code examples showing how to properly extrapolate and create a continuous
- palette for applications such as heatmaps. However, these palettes may also be used in their discrete form
[depending on the application], much the same as the qualitative palettes listed above.)

Sequential

Graphic design recommendation - - - - - _

For cases where data are paired or grouped in a logical way, we recommend using this ordering (or any (#20203C", '#384162', '#485880', ‘#5770AF" ‘#6687D6", "#7TTIBER', #8BACED', '#OEBDFO', #B3CCF3', ‘#C7DDF6]
re-ordering) that results in the clearest presentation of the data

| ] [ .
[#5993F 7', '#515CBE', '#DO7CA4F', '"HEQCT4E', '"#774DOA', '#HCB8B1F6', '#AS4AT2', 'HCCT78AT', '#62B882', '#B8E382'] _---| ---

[#384162', '#475889', '#5770AF', '#6687D6', '#8BACED', '#FFFFFF', '#DDC2CD', '#CO9EAD', '#B47A8F', '#OF5773', '#893157']

Graphic design variant
In the event that a slightly lighter look is preferred, this palette (or a logical re-ordering of colors to fit the

application) is acceptable
/= — =

[#86B2FF', '#738AFF', '#F99B6D', '#FCE285', '#AD6CE4', '#CCB2FF', '"#E777A8', '#FFCOE3', #89D3A5', '#D1ECAF|

1. SciComms Data Visualization Best Practices

2. Figure Sizing and Exporting


https://docs.google.com/document/d/1EQ2i9r4ytXZiuJZaqENbxxxEL3jv_AWKK3mYjkYbPDQ/edit
https://docs.google.com/document/d/1fjxAwlRPbi-pC4xWdzvGhph1XcE7xGM79TM7u9xzbzk/edit

