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Can we predict response to immunotherapy using baseine characteristics of
TSIl patients including CD8 celldensity from biopsied samples and CD8 LCRECENES
ImMmunoPET imaging derived SUV (Standardized Uptake Value) and early tumor
kinetic data?
+ Supervised machine learning model leveraging various baseline patient characteristics
T including CD8 ImmunoPET imaging derived SUV data was able to successfully predict
l T clinical response to immunotherapy across differenttumor types.

Nivolumab, pi-Nivo, Pembrolizumab
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design |l e == Tumor growth-inhibition (TGI) model developed using early tumor kinetic data was
e Lung cancer:§ patients coupled with supervised machine learning leveraging baseline CD8 densityfrom biopsied
P samples,CD8 ImmunoPET imaging derived SUVand TGI model estimated parameters to
I e e predict clinical outcome as measured by Best Overall Responseto immunotherapy.
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an antibody fragment), with high affinity to human D8 (kd of 0.4 n)

Patients received an additional injection of 89Zr-Dl.Crefmidimab and undergo PETICT scan 4-6 weeks after cammencement of
immunotherapy 1 evaluate uptake of tracer in wmor lesions and feference tissues (NCT03802123)

Background Prediction of Responseusing Early Tumor Size Data

+Immunotherapy (10) has changed the landscape of oncology care and diug development, however not all patients o
spond or benefit from 10 therapy. Accurate prediction of patient response to O therapy is both critical and Tumor Growth Inhibition (TGI) Model: Distribution of TGIModel Parameters:

resy
challenging. Individual Fits for Selected Subjects Color Coded by Response in Test Data
“Inthis posthoc analysis, A novel approach combining mixed effects modeling of longitudinal tumor size data and

supenvised machine leaming (ML) was developed to predict patient response with good accuracy based on eary
tumor size assessments, baseline CDB cell density from biopsied samples and CD8 ImmunoP ET imaging derved
SUV. Passibility of preciction of response using baseline patient characteristics alone was also explored

+Eary prediction of response could help optimize 10 therapy for individual patients,

Methods

Feature Space

e Seattar plot of Tumos Growih and Kl Rates
TestData

g

i

Demographics

Tumor type
Treatment

Lab parameters
Tumor size

CD8 density {IHC
derived)

CD8 ImmunoPET SUV

8

-
-

-
-

=
Estimated Tumar Kill Rate (1/0ay)
-

S0 mm

Response
Prediction

0 o
wly Estimated Tumor Groath Rate (1103y)
b e

e et

Respense @ Nonsesponder & Responder
Green Circle:Observeddata Red Curve Model fi

Random Forest Model: Accuracyof Prediction ICEPlot for rate of tumor growth:
* Data source: Phase IIA BOT Study of 89Zr -Df-Crefmirlimab from Im aginAb. Color coded by Baseline CD8 Density
« Input parameters considered in the model development arelisted in Feature Space. ROC Plot for Prediction of Response
- Primary outcome of interest: prediction of BestOverall Response.
- Machine Learning Problem Statement. Patient Classification based on clinical outcome.

Prediction of Responseusing Baseline Patient Characteristics
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Random Forest Model: Accuracyof Prediction ~ CD8Density and SUVof Biopsied Lesion jack: Partial bependence

ROC Plot for Pradiction of Respanss Baseline CD8 density and CD8 ImmunoPET SUV data were used in acdition to TGImodel
- estimated parameters (rate of umor growth andkil) to developthe final supenisedML model to

predictclinical outcame.
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) 4 - Marginal contribution of TGImodel estimated rate of tumor growth towards predction ofresporse
£ i was further exploredusingexplainzble machinelearring (partial depencence + individial
ﬁ Semsiviy: 67% (zrz) 1 conditional expedation (ICE)
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B s baen Observed Distribution of CD8 Densityand SUV and smaller baseline CD8 dersity

of Biopsied Lesion: Stratified by Response
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1-Specificity
CD8 celldensity from biopsied samplesand CD8 ImmuncPET imaging derived SUV data were used

m . dlong with other baselinepatentchasoeistcsto predet patentresporselo mmunoherdpy aaws
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[ i ifferenttumor types with reasmatie degreeofaccuracy.
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R i + A modeliing platform using a canbined approachoftumor growth inhibition modeling ands upevised
« Increase in the likelihoad of patientrespors ewasassodatedwith increase in baseline CD8 density machine learning wasdeveloped to predctclinical outcome leveraging early patiertdata.
and CD8 ImmunoPET SUV ofbiopsied lesion exceptwhen the feature values werevery small, + Future Work: Developed modd will be further refined to predctsigral ofacivity change in CD8
+ Model prediction wasfurtherverified by observed distributionofthe wo predicive makersacross ImmuNoPET SUV from baseline o post-reatment) ard duration ofresporse.
patientresponse. Limitation: Small sample size
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