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INTRODUCTION AIMS KEY FINDINGS

% Pneumonitis is an adverse event following chemoradiation for locally advanced lung cancer and has been increasingly reported in % To develop machine learning models to predict incidence of combined radiation and * Identified SPECT lung perfusion radiomic feature (GLSZM-GLN) that predicted for combined incidence of
patients who receive consolidated immunotherapy 123, immune-mediated pneumonitis from lung perfusion radiomics radiation and immune-mediated pneumenitis (AUG = 0.74, OR = 2.3, p = 0.025)

« For improving treatment outcomes early detection of pneumonitis is critical. Hence, it is imperative to identify biomarkers that predict « To test the stability of the model under robust perturbation of feature extraction and feature + GLSZM-GLN risk stratified patients for pneumonitis risk in subgroup receiving consolidative durvalumab
patients at risk for pneumonitis. selection methods. anti-PDL1 immune checkpoint inhibitor therapy (AUC = 0.85, p = 0.038)

« In this study, we use functional lung radiomics for pneumonitis risk stratification in the setting of chemoradiation and consolidation < To compare lung perfusion imaging biomarkers against lung dosimetry for pneumonitis % GLSZM-GLN fixed bin width discretization outperformed fixed bin size / number
immunotherapy. risk stratification

T

METHODS RESULTS
. . . . FBW-M1 model with GLSZM-GLN achieved the highest testing performance (AUC=0.74, OR=2.3, p=0.03), followed by FBW-M2 with
ﬁqotr?iitlsetztdsy“({gihgﬁfjl:g advanced non-small cell lung cancer (NSCLC) enrolled on the FLARE-RT trial (NCT02773238) were included GLSZM-GLN (AUC=0.72, OR=2.3, p=0.03) (Table 1, Figure 4)
All patients received chemoradiotherapy with functional lung avoidance planning and half (15/30) received consolidative durvalumab i gener'ated single-Saiure. parsimonious medeks ihat outperformed muttivariate: FBS models (AUCG=0.69-0.63, ORe1.31.8,p<0.37).
anti-PDL1 immune checkpoint inhibitor therapy (Table 1, Figure 4)
20/30 patients had 3-month post-treatment SPECT/CT to assess longitudinal stability of radiomic features. Prediction models were gt:;mgtm Z!ﬂnlfli?ﬂy S tr.atlftled pneumo-r;.ltls ts tftu{.; " trt].e gtroup th.a.t recilved co{:.sihdatef T;zt(;notl;e;;gy (Alé%?)o('g?  P= 05)0 4.
built using pre-treatment information only. - id not discriminate pneumonitis status in patients receiving chemoradiation only =0.396, p=0. igure 5).
Dosimetric features identified previously* to predict risk of radiation pneumonitis could not risk stratify patients (AUC = 0.48-0.59, p >0.05)
fi’;‘]ﬁﬁ,’@"';“g?r';"& | Chemo + Functional Lung Avoidance & Response-adaptive Escalation RT in the sefting Of_Ch_emoradla“on and immunothe rapy. (Ta_ble 2) o Pneumonitis: Negative
<:> Functional imagi Age and pre-existing emphysema were the only two clinical features that trended towards significance (AUC = 0.71, p=0.053 and AUC = GLSZM-GLN:-0.49
[ TelMAA SPECTIGT Functional Avcidance RT Responders: Functional Avoidance RT 1yr ! 2yr 0.69, p=0.063) for predicting combined risk of radiation and immune-mediated pneumonitis. R
[*¥"Te]DTPASPECT/CT Perfused MLD < 15 Gy 60 Gy total in 30 fx Follow-up: w26 mm
. . Pre RT: Uikl T Weekd || Weeks || Week6 3mo Overall Table 1. Odds ratios (per standard deviation increase) and AUCs with different gray level discretization (FBS, FBW) and feature ) » ‘
FeREnizs RT T S HosURE survival, selection techniques (M1, M2) for predicting incidence of combined radiation and immune-mediated pneumonitis. Figure 3. (A) Example patient
IIB-IIIB NSCLC Irr(w:aagr:r?;r+ - Local FDG? Cancer Toxicity, Local without  pneumonitis  shows
Eligible for Functional ] R Weokd ' Weeks™ (“Woske Imaging + control, GrayLevel Discretization technique FBS (64 bins) FBW (25 CNTS) GLSZM-GLN intensity value of -
Definitive RT czafig Functional FLARE || FLARE || FLARE Functional Progression- 0.49. (B) Example patient who
Imaging ar l G Imaging free survival, Feature selection method M1 M2 M1 M2 developed pneumonitis showed a
Non-responders: FLARE RT F P"'llmon_?'yt higher GLSZM-GLN intensity value
FDG PET-guided dose escalation ta 74 Gy total in 30 fx e GrayLevelNonUniformity (GLZSM) 1.3 1.8 2.3 23 (2.39). GLSZM-GLN values are
. . sented as standardized z-
Figw»e 1. FLARE-RT phase Il L»rial schema‘ Respc)»mise-adapwe e-sca\aljorl \s-bf'ﬂsed on individualized assessment (»)I local FD(% PET respomsg to oyercome treatment GrayLeveINonUnlformlty (GLRLM) 1.7 ;?;};ZZ&SérIFeLAREB-R? ?Jguirmselusezd
resistance. In this work, pre-treatment FDG PET-based tumor cluster features are defined to predict week 3 mid-treatment FDG PET tumor response GrayLevel NonUniformityNormalized (GLZSM) 14 to :d‘a‘“m] lplam:”g ‘CT SPECT
winaow/lieve Isplay were P e
PyRadiomics features (110 shape/intensity/texture) were extracted on pre-treatment and post-treatment SPECT within tumor- Area-under-ROC-curve 0.59 0.63 0.74 0.72 normalized to out-of-field integral  (ISACIULSAIESE PIOS'“"G
subtracted lung regions (Figure 2). uptake. GLSZM-GLN: 2.39
Fixed Bin Width Fixed Bin Size
Two discretization methods tested Image acquisition ROI definition Feature extraction Feature selection Discretization Discretization L 4 (I:Jit‘q;l;e“n tL;B\Jox-Whis«err plots sh‘ow \[Mer-paﬂem ve:;nab\\ity in With Immunotherapy No Immunotherapy
X L X 5LSZM-GLN intensity feature values for patients without (gray)
Fixed bin size (FBS:64b|ns) 350 350 and with pneumonitis (red) cohorts. Mean (marker), median 350 350
Fixed bin width (FBW:ZECNTS) Method 1: AUC=0.74 AUC=0.59 (line), quartiles (box), and range (whiskers) are displayed. AUC AUC=0.85 i AUC=0.40
* Inter-patient variance g is reported tor FBW-M1 (left) and FBS-M1 (right). -
s s inflation 4 " 4 300 A N 300
T > Pre/post-treatment ‘ AUC Ig?.] 00 300 Table 2 . Univariate analysis of dosimetric parameters in the setting E =
S > Codi . ) + of functional lung avoidance therapy. P value (Mann-Whitney). MLD N +
i N go Itmteanty :dummn a 250 - 250 (mean lung dose), pMLD (perfused MLD), V20 (lung volume 6 250 o 250
) . » Bootstrappe = - - - eiving at leas S ( X \ - - -
Two feature selection methods (M1, M2) were tested for model stability: § iterations of LASSO = receiving at least 20 Gy). p¥20 (perfused lung V20). g
M1 included (i) inter-patient variance inflation, (i) pre/post-treatment & T"':'h"“: £ . . :: Dosimetric E —- | == |¢
variance inflation, (iii) co-linearity reduction, (iv) bootstrap iterations > Bootstrapped o 200 4 o 200 e AUC p value C 200 A 200
! : iterations of LASSO W= arameters o
of least absolute shrinkage and selection operator (LASSQO). A ‘E L __f P st
- = .
M2 applied LASSO bootstraps only. e s 2 MLD 0.52 0.87 S
1. Fixed Bin Size = 64 bins Figure 2. Radiomics and machine learning g 150 4 - * 150 * E 150 150 S
2. Fixed Bin Width = 25 CNTS pipeline for different grey level discretization z V20 0.59 0.40 ]
LASSO logistic regression of the top pre-treatment radiomic features and feature selection methods o + =
was conducted over 100 stratified random samples of 80% training / % 100 100 pMLD 0.56 0.62 © 100 - 100
20% testing datasets. = e
> pVa20 0.54 0.74 —
Ensemble performance of testing datasets for predicting combined radiation and immune-mediated CTCAEv4 Grade 2+ pneumonitis T 504 50 % 50 50 -
(40% incidence rate) was quantified by the area-under-ROC-curve (AUC). Q pF20 0.48 0.87 5
P=0.025 P=0.37 p=0.038 1 p=0.67
Dosimetric parameters identified in our prior work* were compared to radiomic features for predicting risk of radiation and immune- 0 T ' 0 ! ! Figure 5. Comparison of model (FBW-M1) performance for o 0 T T 0 T T
mediated pneumonitis. - l predicting pneumonitis in patients who received consolidated " . . )
P . Pneumonitis- Negative Pneumonitis- Positive immunotherapy (left) or did not receive immunotherapy (right). Pneumonitis- Positive l:l Pneumonitis- Negative
[ st iinroshty ity o A map i M brlniog) 7 G i ey B + The GLSZM-GLN texture feature of lung perfusion heterogeneity was identified as a potential imaging biomarker of combined radiation and immune-mediated pneumonitis risk. + Investigation financially supported by NIH / NCI R01CA204301
16.
2. Naidoo J, Nishino M, Patel SP, Shankar B, Rekhiman N, lilei P, et al. Inmune-Related Pneumonitis After Chemoradiotherapy ++ The dosimetric parameters that could predict for radiation pneumonitis risk did not predict well for combined risk of radiation and immune-mediated pneumonitis. < We acknow|edge Nuclear Medicine, Radiation OnCO|Ogy, and Proton Center staff
and Subsequent Immune Checkpoint Blockade in Unresectable Stage Il Non—Small-Cell Lung Cancer. Clin Lung Cancer
LT s S At D e T e S ST R CITSH 2T T + Prediction model performance was more sensitive to gray-level discretization than feature selection method. < Contact: Assoc. Prof. Stephen R Bowen, PhD, DABR srbowen@uw.edu
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) «+ This functional lung imaging biomarker will be tested in larger patient populations as a complement to other known risk factors of pneumonitis.
4 Lee HJ, Zeng J, Vesselle HJ, Patel SA, Rengan R, Bowen SR. Correlation of Functional Lung Heterogeneity and Dosimetry to

i?ﬂd;ﬂticﬂnﬂczgﬂu{gﬂgicﬁ usi(;% RS eniSREC T G RE CTaah o dni et ion e LR OBt e IS sl 201 «+ Radiomics based pneumonitis prediction models may help improve risk stratification and personalization of therapy for locally advanced lung cancers.
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