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METHODS

Objective: Our study applies multimodal AI framework combining 
contrastive learning and foundation model representations to identify 
distinct molecular features associated with survival outcomes from 
pre-treatment tumor data

Table 1. Patient counts for baseline characteristics.
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• The PACIFIC trial established consolidation durvalumab as standard of care for
unresectable stage III non-small cell lung cancer (NSCLC) following concurrent
chemoradiotherapy (CRT)

• Real-world studies such as PACIFIC-R1 confirmed these benefits; however,
comprehensive characterization of molecular features in this setting remains
limited

• Advances in AI enable integration of heterogeneous genomic and
transcriptomic data, opening new opportunities for biomarker discovery
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CONCLUSION
• Our study utilized an AI-driven, foundation model-based analytical framework that

demonstrated a scalable approach to integrate multi-omic features and extract rule-
based molecular signatures specific to identify predictive biomarkers, offering a
blueprint for interpretable, generalizable AI methods in translational oncology

• Future work could include expanding benchmarking across other real-world datasets,
incorporating spatial and single-cell features, and refining explainable AI mechanisms for
clinical translation

Cohort Selection: 
• Patients with diagnosed Stage III NSCLC disease, negative for EGFR/ALK alterations, and no evidence of

resectable disease who were treated with CRT followed by durvalumab (CRT+D, N=281) or CRT alone
(n=72) were identified from the Tempus AI multimodal real-world database

• All patients in cohort had tissue biopsies sequenced on Tempus targeted DNA and whole transcriptome
RNA assays prior to CRT initiation

CRT + D (% of 281) CRT alone (% of 72)
Age
≤59 64 (23) 8 (11)
60-69 119 (42) 29 (40)
70-89 98 (35) 35 (49)

Sex
Female 113 (40) 27 (38)
Male 168 (60) 45 (62)

Race
Asian 3 (1) 2 (3)
Black or Afr. Am. 32 (11) 7 (10)
Other Race 9 (3) 3 (4)
Unknown 50 (18) 13 (18)
White 187 (67) 47 (65)

ECOG Status
0-1 133 (47) 30 (42)
2-3 14 (5) 7 (10)
Unknown 134 (48) 35 (48)

Smoking Status
Current smoker 74 (27) 19 (26)
Former smoker 138 (49) 36 (50)
Never smoker 4 (1) 1 (2)
Unknown 65 (23) 16 (22)

• In the CRT+D group, patients with high levels of biomarkers linked to
IO response (i.e., high T-cell inflamed GEP7, PD-L1 ≥50%, TMB-High,
low STK11 gene signature8) showed improved survival rates

• High scores using radiosensitivity index (RSI) have been shown to
indicate tumors with resistance to radiation9. Tumors with RSI-high
signature trended toward diminished rwPFS benefit in both
subcohorts

• Our multimodal AI framework revealed additional molecular markers associated with improved rwPFS to
CRT+D (B+ classification), including adenocarcinoma histology; mutations in LRP1B, NF1, KRAS, and CDKN2A;
and enriched expression of immune activation pathways (cytotoxic T-cell, IFN-γ, tertiary lymphoid structure,
and immune-checkpoint signatures)

• In contrast, tumors with certain molecular characteristics were associated with worse outcomes (B- 
classification), including TP53, RB1, NOTCH1, CUX1, and STK11 mutations; elevated expression of T-reg,
exhaustion, and stromal signals

• Cross-validation indicated generalizability for RNA features (P < 0.05) but not for DNA features, likely due to
limited sample size. Evaluation in an independent cohort is warranted

CRT + D (% of 281) CRT alone (% of 72)
Overall Stage
Stage 3A 125 (44) 36 (50)
Stage 3B 111 (40) 22 (31)
Stage 3C 25 (9) 5 (7)
Stage 3, NOS 14 (5) 7 (10)
Unknown 6 (2) 2 (2)

Histology
Adenocarcinoma (LUAD) 120 (42) 30 (42)
Squamous cell carcinoma 
(LUSC) 142 (51) 37 (51)
Other 19 (7) 5 (7)

PD-L1 Status
High 62 (22) 11 (15)
Low 90 (32) 26 (36)
Negative 93 (33) 28 (39)
Unknown 36 (13) 7 (10)

TMB Status
High 49 (17) 13 (18)
Low 232 (83) 59 (82)

CRT Regimen
Carboplatin-based 244 (87) 66 (92)
Cisplatin-based 34 (12) 5 (7)
Both 3 (1) 1 (1)

• Positive PD-L1 status was observed for >50% of cohort with most
tumors (>80%) classified as TMB-Low (<10 mut/Mb)
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Figure 2. Oncoprint displaying the mutational profile of cohort. Baseline characteristics for each 
patient are shown in the top bars. Commonly mutated genes for LUAD (top plot) and LUSC (bottom plot) 
with observed frequencies of at least 5% are displayed.

Figure 3. Forest plot displaying evaluation of biomarker impact on rwPFS. 

AI-Integrated Framework for Biomarker Discovery

Molecular profiling and biomarker evaluation

Figure 4. PBMF classification using 43 COMPASS concept scores encoded from RNA-seq profiles and somatic mutations in 49 driver genes as DNA features. (A/D) Heatmap exhibiting RNA (A) or DNA (D) features for each patient. Top bars display biomarker classification (B+/-), histology, and subcohort information. 
Left bars display level of association to B+/- groups. (B/E) 3-layer decision tree displaying extracted biomarker classification rules underlying PBMF classification. (C/F) Kaplan-Meier plots illustrating the association between rwPFS with the classifications from the 3-layer decision trees from RNA features (B) or DNA features (E).
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• TP53 was the most frequently mutated gene in LUAD and LUSC tumors.
LUAD tumors featured KRAS (37%), STK11 (15%), and BRAF (9%) variants
while LUSC tumors notably displayed alterations in PI3KCA (18%), SOX2
(15%), and NFE2L2 (13%) Hazard Ratio Hazard Ratio

T-cell inflamed GEP7

PD-L1 <1% (Ref.)
PD-L1 1-49%
PD-L1 ≥50%

PD-L1 Unknown
TMB-Low (Ref.)

TMB-High
STK11 Gene Signature8

RSI-Low9 (Ref.)
RSI-High9

(E)(D)
TP53
LRP1B
KMT2C
KRAS
CDKN2A
NF1
ARID1A
PTEN
PIK3CA
RB1
SMARCA4
NOTCH1
ATM
NTRK3
CUX1
EP300
MTOR
NTRK1
FLT4
FBXW7
CDK12
FGFR2
FGFR1
MET
EGFR
ERBB2
PPP2R1A
ARAF
FGFR3
CCNE1
NRAS
MAP2K1
NTRK2
MDM2
ROS1
ALK
RET
BRAF
NRG1
KEAP1
STK11

Subcohort
Histology
Class

Association B+ P<1e-20
B+ P<1e-10
B+ P<1e-5
B+ P<0.001
B+ P<0.05
NS

B– P<0.05
B– P<0.001
B– P<1e-5
B– P<1e-10
B– P<1e-20

Score
2

-2

0

Histology
LUAD
LUSC
Other

Subcohort
CRT
CRT+D

(C)

(F)

Molecular Identification and Characterization: 
• Any patients identified with likely pathogenic/pathogenic

single nucleotide variants and insertions/deletions, copy
number loss (CN=0), copy number gain (CN>6), and/or
presence of rearrangements as annotated by Tempus
bioinformatic pipelines were considered positive for gene
alteration

• Gene-level expression data were generated and
normalized with Tempus bioinformatic pipelines. Principal
component analysis were performed on the normalized
log2-transformed expression data to assess sample
relationships and potential bias

• Assessment of radiation and immunotherapy (IO)-related
biomarkers were evaluated for impact on real-world
progression-free survival (rwPFS)

AI-Integrated Framework for Biomarker Discovery:
• To identify candidate predictive biomarkers of treatment

response to CRT+D, using CRT as the control arm for
comparison, a multimodal AI framework was developed
(Figure 1), integrating two recently published models:

1) COMPASS2, a foundation model encoding RNA
profiles into interpretable immune cell states,
tumor microenvironment, and signaling pathways

2) Predictive Biomarker Mapping Framework
(PBMF)3, a deep learning model mapping
molecular features to treatment outcomes

• Briefly, the framework utilized in this study was performed
in following steps:

1) Molecular features derived from whole-
transcriptome data and targeted mutational data
from NSCLC-associated genes4-6 were used as
inputs in individual PBMF models. All models
included binary variables for LUAD and LUSC
histology

2) PBMF models generated identify predictive
biomarker signatures associated with better
outcomes (B+ classification) and worse outcomes
(B- classification)

3) Biomarker classification rules from PBMF models
were extracted using 3-layer decision trees
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Figure 1. AI-driven framework for 
biomarker discovery. Figure adapted from

Arango-Argoty et al. (2025) [3].
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