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Abstract: (<400 words before references)
Background

Early identification of patients likely to derive long-term benefit from Immune checkpoint inhibitors (ICls)
is crucial for treatment planning. Radiomic features beyond tumor size may assess early response [1,2].
We developed and externally validated a deep learning serial imaging biomarker using routine CT scans
to predict Overall Survival (OS) for advanced non-small cell lung cancer (NSCLC), including an analysis of
patients with early stable disease and heterogeneous outcomes.

Methods

We curated a real-world dataset (RWD) of 1,538 patients with advanced NSCLC treated with PD-(L)1 ICls.
Using a discovery subset of 14,186 CT series from 1,053 patients, we developed a pipeline consisting of
image quality control, preprocessing, deep learning feature extraction, and a survival model. This
pipeline generates a serial CT response score (serialCTRS), defined as the probability of 12-month OS.
Input to the inference pipeline included paired pretreatment and three-month follow-up CT scans
without additional clinical variables or manual annotations.

SerialCTRS was validated on a hold-out RWD (n=485), comparing OS Hazard Ratios (HRs) to tumor
volume change derived from manual volumetric segmentations and Response Evaluation Criteria in Solid
Tumors 1.1 (RECIST) categories of PR/CR, SD, and PD using the same input scans. SerialCTRS and volume
change were each categorized as high, medium, or low response with counts matching corresponding



RECIST categories. Furthermore, we evaluated whether serialCTRS could identify patients with OS
benefit within the SD group.

Results

SerialCTRS performance, compared to RECIST and volume change, is shown in the Kaplan-Meier plots in
Figure 1. The serialCTRS high and low groups showed HRs of 0.33 (95% Cl 0.22-0.48) and 4.01 (2.97-
5.41), respectively. In comparison, the RECIST assessment group of PR/CR and PD had HRs of 0.41 (0.28-
0.59) and 2.32 (1.71-3.15), respectively. The volume change groups showed HRs of 0.31 (0.21-0.47) and
2.86 (2.12-3.87). SerialCTRS remained a significant predictor of OS after multivariate adjustment with
other known predictors, including volume change, PD-L1 TPS, age, sex, and line of therapy (Figure 2).
Within the SD group, the 12-month OS ROC-AUC was 0.74 (0.65-0.82) and 0.62 (0.52-0.72) for serialCTRS
and volume change, respectively, demonstrating improved prognostication for serial CTRS.

Conclusions

We developed and validated a deep learning serial imaging biomarker that identified patients who
derived OS benefit with an improved HR compared to RECIST and tumor volume change. This platform,
requiring no manual annotations, can be easily integrated into treatment planning and drug
development workflows. Additional external validation using clinical trial data is underway.

References:

[1] Xu, Y., Hosny, A., Zeleznik, R., Parmar, C., Coroller, T., Franco, |., Mak, R. H., & Aerts, H. J. W. L. (2019).
Deep Learning Predicts Lung Cancer Treatment Response from Serial Medical Imaging. Clinical Cancer
Research, 25(11), 3266—3275.

[2] Dercle, L., Zhao, B., Génen, M., Moskowitz, C. S., Firas, A., Beylergil, V., Connors, D. E., Yang, H., Lu, L.,
Fojo, T., Carvajal, R., Karovic, S., Maitland, M. L., Goldmacher, G. v., Oxnard, G. R., Postow, M. A, &
Schwartz, L. H. (2022). Early Readout on Overall Survival of Patients With Melanoma Treated With
Immunotherapy Using a Novel Imaging Analysis. JAMA Oncology.

Ethics Approval:
Ethics approval for US data:

The study was conducted under IRB-approved procedures using de-identified data for patients
diagnosed with Stage-IV NSCLC and treated between Jan. 1, 2017 and December 31, 2021. All records
were de-identified per HIPAA guidelines at the institution level. Upon transfer, the data was quarantined
and then re-inspected by authorized personnel prior to ingestion to ensure compliance and that no PHI
was present in the records.

Ethics approval for EU data:



The study was conducted under IRB-approved procedures using de-identified data for patients
diagnosed with Stage-IV NSCLC and treated between Jan. 1, 2017 and December 31, 2021. All records
were de-identified per GDPR requirements at the institution level. The patients were also notified that

their de-identified data would be part of a study and were given the required time and opportunity to

respond if they had any objection. Upon transfer, the data was quarantined and then re-inspected by

authorized personnel prior to processing to ensure compliance and that no PHI was present in the

records.
RECIST 1.1 Tumor vol h per g
10 HR CR/PR: 0.41 (0.28-0.59) 1.0 HR high: 0.31 (0.21-0.47)
: HR PD: 2.32 (1.71-3.15) : HR low: 2.86 (2.12-3.87)
0.8 0.8
2 2
506 506
3 ]
o -]
2 e
I T
904 Q04
0.2 — CRIPR(n=125) 0.2 — High (n=125)
—— SD (n=180) —— Medium (n=180)
— PD (n=120) — Low (n=120)
0.0 : - - , 0.0 - - . ,
0 6 12 18 24 0 6 12 18 24
Months Months
At risk At risk
CR/PR (n=125) 125 96 63 39 25 High (n=125) 125 96 63 43 27
SD (n=180) 180 116 63 a4 30  Medium (n=180) 180 121 66 38 26
PD (n=120) 120 62 28 12 5 Low (n=120) 120 57 25 14 7

0OS Probability

-
=)

4
0

4
o

o
ES

o
N

0.0

serialCTRS

HR high: 0.33 (0.22
HR low: 4.01 (2.97-

—— High (n=125)
—— Medium (n=180)

— Low (n=120)

0

At risk

High (n=125) 125
Medium (n=180) 180
Low (n=120) 120

6 12 18 24

Months
105 69 a7 32
124 67 38 22
45 18 10 6

Figure 1. Kaplan-Meier OS plots for the hold-out RWD validation, where groups are compared between

three-month RECIST 1.1 assessment (left), three-month tumor volume change percentage (middle), and

serialCTRS (right).
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Figure 2. OS HRs for serialCTRS and covariates after multivariate adjustment with a Cox proportional

hazard regression model (circle), shown together with univariate HRs (triangle), for the hold-out RWD.

HR for serial CTRS was normalized for 10% higher score.



