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Moffitt Imaging Biomarker VAlidation Center (MIBVAC)

« AIm 1. Breast Cancer

« Aim 2. Lung Cancer

— 2a. Establish retrospective lung cancer screening (LCS) and incidental pulmonary
nodule (IPN) datasets to develop and validate clinical-radiomic models for risk
assessment, diagnostic discrimination, overdiagnosis, and prognosis;

— 2b. Establish prospective LCS and IPN cohorts, with real-time data curation, feature
extraction, and biospecimen collection, for further clinical-radiomic model development
and validation

« Core & Supplemental Funds. Prostate Cancer

« Other Areas (non-funded): Sarcoma, Cervical, Brain, Liver, Pancreatic
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. Summary of Progress for Aim 2

« 25+ publications directly or partially related
Collaborations with Vanderbilt (Pierre Massion), UCLA (Deni Aberle), USF (Hall and Goldgof)

« Curated retrospective LCS and IPNs cohorts and established prospective
observational trials for LCS and IPNs

« Expanded LCS prospective recruitment to Millennium Physician Group, Port
Charlotte County, FL

« Consenting patients for lung team project team 2 (LTP2)

« Developed new radiomics and analytic pipelines
Decision tree analyses, Machine Learning, Deep Learning, Ensembles
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Lung Cancer Imaging Repository

NLST (N > 1000 patients w/ multiple time-points and images/per patient)

Prospective cohorts for LCS (N =500+) and IPNs (N = 200+)
Images, risk factor data, blood, nasal swabs, oral gargle, spirometry

Expanded LCS recruitment to Millennium Physician Group: 50 prospective & 2,100

retrospective (>5000 images)
Images and risk factor data

Retrospective IPN Cohort (N = 1000s [under development])
Diagnostics
OS, PFS

Various lung cancer cohorts (>2400 ptS) -not funded by EDRN
OS, PFS
TTR for surgically resected LC
Radiogenomics

Treatment: 10 cohorts (N > 600 and growing), TKI cohorts (N = pending) - not funded by EDRN
OS, PFS, immune related adverse events, delta-radiomics
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Radiomics the in Lung Cancer Control Continuum

Cancer Control Continuum

* Identify WhICh
nodules will evolve
and be diagnosed as

cancer in the future
 Discriminate between

benign and
malignant nodules at
the same time-point
* Predict behavior of a
diagnosed lung
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Risk Prediction Publications

Quantitative imaging features to predict future risk of cancer development
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ORIGIMAL ARTICLE
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Predicting Malignant Nodules from Screening

CT Scans
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Delta radiomic features improve prediction for lung cancer
incidence: A nested case—control analysis of the National L
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Radiological Image Traits Predictive of Cancer
Status in Pulmonary Nodules
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IMpPréving malignancy prediction through feature selection
informed by nodule size ranges in NLST
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Lung cancer has a high mcidence and mortality rate. Early detection and diagnosis of lung cancers is best
achieved with low-dose computed tumograph\. (CT) Classical radiomics features extracted from lung CT
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and 60 incident lung cancers) from the National Lung Screening Trial. It was found that
lung-RADS at baseline and were comparable to lung-RADS at subsequer
addition of semantic features to lung-RADS imp: risk
Rationale: Lung unmnmed lnmugmr.hy (CT) Screening Reporting and Data System (lung-RADY
I p and in lung cancer screening. To date, little is known how lung-|
compares with radmlogual serrlzlnllc features in risk i and ion. Obje
the e of r ic features and lung-RADS in predicting nodule malignal
screening. Methods: We used data and low-dose GT (LDGT) images from the National Lung Scrd
The training cohort contained 60 patients with screen-detected incident lung cancers who had
screen (T0) that was not diagnosed and then was diagnosed at second follow-up (T2), and 1|
controls who had 3 consecutive positive screens (T0 to T2) that were not diagnosed as lung
cohort included 40 patients with incident lung cancers that were diagnosed at first follow-up (}
positive controls. Twenty-four semantic features were scored on a point scale from the LDCT i}
linear predictor model was built on the semantic features and the performances were compared W
screening rounds. We also combined non—size-based semantic features with lung-RADS to irf
detection. Results: At TO, the average area under the recsiver operating characteristic curve
definition in risk prediction was 0.72. The average AUROGC for contour at T1 in risk prediction af
discrimination was 0.82 and 0.88, respectively. By comparison, the average AUROC of lung-RAD|
were 0.60, 0.76 and 0.87, respectively. The combined model of the semantic features and
improvement with AUROCs of 0.74, 0.88 and 0.96 at T0, T1, and T2, respectively, achieved by addi
(at TO) or contour (at T1 and T2). Conclusion: We find semantic features defined by border def|
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Predicting Nodule Malignancy using a CNN Ensemble Approach

Rahul Paul?, Lawrence Hall?, Dmitry G , Matth b and Robert Gillies®
2Department of Computer Science and Engineering, University of South Florida, Tampa, Flarida,

USA

bDepartment of Cancer Epidemiology, H. L. Moffitt Cancer Center & Research Institute, Tampa,
FL, USA

tDepartment of Cancer Imaging and Metabolism, H. L. Moffitt Cancer Center & Research
Institute, Tampa, FL, USA

Abstract

Lung cancer is the leading cause of cancer-related deaths globally, which makes early detection
and diagnosis a high priority. Computed tomography (CT) is the method of choice for early
detection and diagnosis of lung cancer. Radiomics features extracted from CT-detected lung

nodules provide a good platform for early d . di

and prog In particular when
using low dose CT for lung cancer screening, eﬂ"erm\e use of radiomics can yield a precise non-
invasive approach to nodule tracking. Lately, with the advancement of deep learning, convolutional
neural networks (CNN) are also being used to analyze lung nodules. In this study, our own trained
CNNEs, a pre-trained CNN and radiomics features were used for predictive analysis. Using subsets
of participants from the National Lung Screening Trial, we investigated if the prediction of nodule
malignancy could be further enhanced by an ensemble of classifiers using different feature sets
and learning approaches. We extracted probability predictions from our different models on an
unseen test set and combined them to generate better predictions. Ensembles were able to yield
increased accuracy and area under the receiver operating characteristic curve (AUC). The best-
known AUC of 0.96 and accuracy of 89.45% were obtained, which are significant improvements
over the previous best AUC of 0.87 and accuracy of 76.79%.

performed similar to lung-RADS at follow-up time point and outperformed lung-RADS at baselin
alongside of lung-RADS shows improved to detect
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Risk Prediction Publications: Summary

« Using conventional quantitative radiomics, evolving P

analytics improved AUCs from 0.83 to over 0.90 £
« Performed better than volumetric measures and the Brock
Model

« Semantic/radiology models yielded AUCs over 0.90

« Delta radiomics (changes over time) improved AUCs vs.

using a single timepoint (e.g., from 0.83 to 0.88)
* Nodule size-specific models also improved AUCs

« Deeply learned models, neural networks, hybrid models,
and ensembles yielded AUCs > 0.90 and performed as
well as or better than Google’s end-to-end results

 Conclusion: Radiomics of standard-of-care images is a
robust data source for risk prediction
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Diagnostic Publications

Patient #1:
Indeterminate
nodule

Patient #2:
Lung cancer
diagnosis

Quantitative imaging features to discriminate between a benign vs. cancerous nodule
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Improve Discrimination of
‘Malignancy in Pulmonary

Yoganand Balagurunathan(®%%>, Matthew B. Schabath(®*, Huawg
Robert J. Gillies(®%*

Pulmanary nodules are frequently detected radiological abnormal

Nodules of the highest- and lowest-risk for cancer are often easily diagnosq

there is still a high rate of indeterminate pulmonary nodules (IPN) of unkng

hypothesis that computer extracted quantitative features (“radiomics") cal

assessment in the diagnostic setting. Nodules were segmented in 3D and 2
i are extracted from these volumes. Using these features novel malignancy
with various stratifications based on size, shape and texture feature categ
data from the National Lung Screening Trial (NLST), curated a subset of 47
training and 235 for testing) that included incident lung cancers and nodulg
removing redundant and non-reproducible features, optimal linear classifid
receiver operator characteristics (AUROC) curves were used with an exhau
a discriminant set of image features, which were validated in an independe
several strong predictive models, using size and shape features the highes]
non-size based features the highest AUROC was 0.85. Combining features
highest AUROC were 0.83.

Lung cancer is the largest cause of cancer death in the U.S. and globally'. The 5
nosed with a non-small cell lung carcinoma remains dismal at 21%, largely attril
‘The 5-year survival for early stage IA patients is 49%. In order to improve metho
was a randomized clinical trial to compare low-dose computed tomography (
(CXR) for three annual screens in high-risk current or former smokers between 5|
ing history of at least 30 pack-years. The NLST enrolled 53,439 participants, of i
the LDCT arm’. According to the NLST protocol, “positive screens” were defined|
nodules or masses measuring >4 mm in axial diameter or, less commonly, other
thy or pleural effusion. Nodule-positive screens were defined in the setting of ahy
or abnormalities on incidence screens that were new, stable, or that evolved. Th:
increase in nodule size, consistency, or other characteristic potentially related to
which were not included in this analysis, were defined as scans with no confirr
suspicious for lung cancer, or significant abnormalities not suspicious for lung|
unnf &4 vearg the NIST chowed a raduction in averall martality un to 200, 2
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Revealing Tumor Habitats from

Texture Heterogeneity Analysis
for Classification of Lung Cancer
Malignancy and Aggressiveness

Dmitry Cherezov?, Dmitry Goldgof (%, Lawrence Hall(3', Robert Gillies(2?,
Matthew Schabath(5?, Henning Miiller (%5 & Adrien Depeursinge®*

W propose an approach for characterizing structural heterogensity of lung cancer nodules using
Computed Tomography Texture Analysis (CTTA). Measures of heterogeneity were used to test the
hypothesis that heterogeneity can be used as predictor of nodule malignancy and patient survival. To
do this, we use the National Lung Screening Trial (NLST) dataset to detenmine if heterogeneity can
represent differances between nodules in lung cancer and nedules in non-lung cancer patients. 253
participants are in the training set and 207 participants in the test set. To discriminate cancerous from
non-cancerous nodules at the time of diagnosis, a combination of heterogenaity and radiomic featuras
were evaluated to produce the best area under receiver operating characteristic curve (AURDC) of 0.85
and accuracy 81.64%. Second, we tested the hypothesis that heterogeneity can predict patient survival.
We analyzed 40 patients diagnosed with lung adenccarcinoma (20 short-term and 20 long-term survival
patients) using a leave-one-gut cross validation approach for performance evaluation. A combination

of heterogeneity features and radiomic features produce an AURDC of 0.3 and an accuracy of 5% to
discriminate long- and short-term survivors.

Computed Tomography (CT) s widely used in early detection, diagnosts and treatment planning of lung can-
cer'?. Using standard-of-care CT images, quantitative image features such as location, spiculation, size, calcifica-
tion, density {intensity), necrosts and texture of a nodule can be extracted. Radiomics 1s the conversion of images
to structured data and the resulling quantitative features can be used in mathematical models, often learned, for
finding a dependence or inter-relationships between features and a medical question such as nodule mallgnancy,
tumor aggressiveness and prediction of treatment response” . The second role of radiomics 1s the extraction of
features that represent information that is not typically found from CT 1mages by the human eye alone® * or that
canmot easily be quantified.

One of the well-known characteristics of cancer ts turmor heterogenetty. Hence, small biopsy specimens may
not be representative of a whole tumor. Moreover, tumor histology often changes over time. This makes hab-
1tat detection a subtle process. Up-to-date habitat detection using radiomic methods can be divided into twae
categories.

Multi-parametric or multi-modality methods sech as T, Flair MRI imaging'™ " or PET/CT imaging**""
provide enough data for the detection of physiologically similar sub-regions (“habitats™) within a nodule or a
tumor. Single-modality Imaging provides less information. In this case radiomic texture features assoclated with
heterogenetty of a nodule are used'™ 5,

Features assoctated with heterogeneity of a nodule have one common characteristic: they compute texture sig-
natures across the entire nodule (see Fig. 1). Knowing that cancer 1s heterogeneous and assuming that CT texture

1Departmentof Computer Sciences and Engineering, University of South Flosida, Tampa, Florida, USA. "Deparntment
of Cancer Physiology, H. Le= Moffitt Cancer Center and Research Institute, Tampa, Florida, USA. *Department of
Cancer Epidemiclogy, H. Lee Moffitt Cancer Center and Research Institute, Tampa, Florida, USA. “Institute of
Information Systems, Univarsity of Applied Sciencas Western Switzerland (HES-S0), Siers, Switzerland. *University
sf Geneva, Geneva, Switzerand. *Biomedical Imaging Group, Ecole polytechnigue fédérale de Lausanne (EPFL),
Lausanne, Switzerand. Comespondence and requests for materials shouldbe addressed to D.C. (email: cherezou@
mail_usf edu)
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Diagnostic Publications: Summary

ML with cross-validation analyses were conducted and

strata-specific models on nodule size, shape and
texture feature categories:

« AUCs ranged from 0.80 to 0.85; comparable to same models

for risk
« ML models outperformed LD and volume
* Risk models = diagnostics in the LCS setting?

Measures of heterogeneity were developed for
diagnostic classification: computed circular harmonic
wavelets for small patches to define habitats
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Combining measures of heterogeneity and conventional

radiomics: AUC 0.85
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P(C1)=O3

- P(Cy)=0.4
Feature type |Featu.resel Feature selector | Classifier AUROC Acc. (%)
Staging NA NA NA 0.67 63
Heterogeneity hv, mRMR 1* J48 0.80 85
Definiens [ all 219 features RIF 5 148 0.71 77.5
Combined | RIDER +hV, RIF5 RFs 0.90
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Overdiagnosis/Tumor Behavior Publications

Quantitative imaging features to differentiate aggressive tumors vs. indolent tumors
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Overdiagnosis/Tumor Behavior Publications
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are imited. The five-year survival rate for all lung cancers Features associated v\lll\hc(nfcg:)‘.cll} ‘of a nodule have one common characteristic: they compute Lexture sig-
L cancer is second most < on cancer (non-small cell lung carcinoma [NSCLC] and small ceil natures across the entire nodule (see Fig. 1). Knowing that cancer is heterogeneous and assuming that CT texture
and is the leading cause of cancerrelated death in the lung cancer combined) is only 1726 and among NSCLC - -

Tni diagnoses, the five-year relative survival rate is 21% [2 ter University vida, Tamga, Florida, USA. SDepartment
United States 7Lung cancer ascounts i:ux more deaths Lhan Pathologic staging is the most important pre gslm of Cancer Phys»elngy. H. Lee moffitt Cancer Center and Nseir:h Institute, Tampa, Flotida, USA. Dep artment of
prostate, breast, colon, and pancreatic cancer combined = ETEE P prog ‘Cancer Epidemiglogy, H. Lee Moffitt Cancer Center and Research Ins(u:u(e ﬁmpi Florida, USA. “Institute of
[1]. Despite_improvements in survival for many other factor for lung cancer survival [3]. However, there is Infermation Systems, Univarsity of Applied Sciences Westarm (HES 501, Siarrs,  University

of Geneva, Gmevq. Smiuwe dand. ‘B\Dmedl:il Imaging Group, Ecole D‘Dlﬂxh nigue f:derale de La usanne (EPFL),
Lausanne, maten <

mail. usfedu)
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Overdiagnosis/Tumor Behavior Publications: Summary

« Decision tree analyses reduced >500 radiomic features into
hierarchical classification of 4 risk groups -- High risk subgroup
among early stage LC associated with 24% 5-year survival vs. 77%
for low-risk (C-index 0.88) ] [

 New approaches:
1. Calculated radiomics from lung window mask, difference area mask, -
and combination to differentiate indolent vs. aggressive growing
tumors: AUC 0.86 .

2. ML identified a novel VDT cut-point to discriminate tumor behavior:
aggressive early stage LCs associated with 15-fold increased risk of
progression (C-index 0.83)

1.00

0.25 0.50 0.75

3. Developed radial deviation and radial gradient features which capture
textural characteristics and semantic differences: validated A TR T
combinatorial effects of the two most predictive features among non- e eromer- o S
screen detected adenos

Feature type Feature set Feature selector | Classifier AUROC Acc. (%)
4. Combining stage, heterogeneity, conventional features discriminated >* = T R b
between early vs. late OS: AUC 0.90 Donins | sniofaturs | RIFS = i [7s
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Advances in Radiomics

Intrinsic dependencies of CT radiomic features on voxel size and number of
gray levels
Muhammad Shafig-ul-Hassan, Geoffrey G. Zhang, and Kujtim Latifi com/oncotarget/ cotarget, 2017, V
Depariment of Physics, University of South Florida, Tampa, FL 33620, USA
H. Lee Moffitt Cancer Center and Research Institute, Tampa, FL 33612, USA Research Paper
G Lok Radial gradient and radial deviation radiomic features from
A Stability and reproducibility of computed tomography radiomic features p:le-su rgical CcT sca;:_s a:e associated with survival among lung
o extracted from peritumoral regions of lung cancer lesions adenocarcinoma patients
g . il ; : R
P llke Tunali B Ilkle Tunalildd Qlua <o Lol = = x L W/ W_N SLUT e .COM/SCIen titi creports.
nent of C er Physiology, H. Lee Moff wer and Research T e, Tampa, FI. 33612, USA Balaguru
q of Biomed weering, Be anbiel 34684, Turke)
o Lawrence O. Hall
] i SCIENTIFIC REPL:RTS
A sand Lung Nodule Sizes Are Encoded When Scaling CT :
) ’ y {:}
A Dmit Image for CNN'’s e e
Depar F Corespondend]
Dmitry Cherezov’', Rahul Paul’, Nikolai Fetisov', Robert J. Gillies?, Matthew B. Schabath3, B9 : H =
9 Albe Dmitry B. Goldgof!, and Lawrence O. Hall' Keywords o ©OFEN - Revealing Tumor Habitats from
nstit eceived: Mard
itmant of Computer Scances and Enginearing, Univarsity of South Florida, Tor FL; D ments of ?Cancar Physiol: nd ICancer Epidemioko H. Lea Moffin Cancer H H
’ Robd e st B oo L o set(ng. Untanty e fl Bepan ke premielar Texture Heterogeneity Analysis
( Depar i T Key Words: Convolutional nzural network, explanation, lung cancer, computed . - -
b Mt Frotiv sy o il s e - for Classification of Lung Cancer
M Universityof South Fiorida, 2215 N Spring Glods Cir Abbeevictions: cormolaronal neurol network (CNINY, computed omography [CT), ABSTRAC] meceive: 17 oy 2015 N .
epar 2 ABS cived: 17 May 2
o . ettt i Moot B anary 2015 Malignancy and Aggressiveness
al (Rece] i o p: arc] B
n J\,hi / HHS Public Access Publisted online: 14 March 2019 \ Dmitry Cherezowv?, Dmitry Goldgof (5%, Lawrence Hall(h?, Robert Gillies(:?,
! €. Author manu cript gradi
P Purp . casi or- ewe nd accepted for lung
E region ows th ut author manusc surv " Ven -
d Howe] wor 61) 3 ) \’ l )
ducib| . Proc Int Jt Conf Neural Netw. Author manuscript; available in PMC 2018 PMCID: PMCE233304 a_nd | il '
al o % Nov 13 NIHMSID: NIHMS994309 fontd
ili
T defind Published in final edited form as PMID: 30443437 or w Tomagraphy. 2019 Mar: 5(1)- 192-200 PMCID: PMC6403047
( Meth| o Proc Int Jt Conf Neural Netw. 2018 Jul; 2018 ﬁr_‘fr'. doi- 10 18383/j tom 2018 00034 PMID: 30854457
h wi
N “UIlw 5 ; 10.1109/1JCNN.2018.8489440 sepa
] o : Published online 2018 Sep 15. doi 10 1109/LICNN 2018 8489440 sign Explaining Deep Features Using Radiologist-Defined Semantic Features
0.40, . . .
selecl| . ) . i X undel and Traditional Quantitative Features
d cxtrad Representation of Deep Features using Radiologist defined Semantic featy = N e s
| Stabill Rahul Paul,“' Matthew Schabath,” Yoganand Balagurunathan,? Ying Liu,? Qian Li,* Robert Gillies.
‘T“:d Features INTRODU Lawrence O. Hall," and Dmitry 5. Goldgof'
ishe:
St Ay e .
p Resu INT'RODUVCl’ION ) Rahul Paul.® ¥ing Liu, Qian Li® Lawrence Hall,® Dmitry_Goldgof,® Yoganand Balagurunathan,® Luns caf - Author information » Copyright and License Information Disclaimer
1 inclu In‘radlomics studies. cg Matthew Schabath,® and Robert Gillies® and is the lea
. applied to address differ| =
affect ing (1-4), treatment re] United States.
imagd i 4 = Author information » Copyright and License infoermation Disclaimer prostate. breas This article has been cited by other articles in PMC
mag prediction  (8-10). Anf [1] Despite i
sisten| observed when CNNs al s
sisten may leamn unexpected i Abstract Go to: (@) Abstract Goto: @
algori] (11) presented a CNN m)
RQ[}: lr:‘i‘;;ms-*d:::r::;:“: Semantic features are common radiological traits used to characterize a lesion by a trained radiologist Quantitative features are generated from a tumor phenotype by various data characterization, feature-
e with different risk scord These features have been recently formulated. quantified on a point scale in the context of lung nodules by cxtraction approaches and have been used successfully as a biomarker. These features give us information
P fevent i"“"f;;‘ﬁ":"";”‘l‘_‘};' our group. Certain radiological semantic traits have been shown to extremely predictive of malignancy about a nodule, for example. nodule size, pixel intensity, histogram-based information, and texture
information are predicts [26]. Semantic traits observed by a radiologist at examination describe the nodules and the morphology of information from wavelets or a convolution kernel. Semantic features, on the other hand. can be generated
o o the lung nodule shape, size, border, attachment to vesscl or plevral wall, location and texture ctc. Deep by an experienced radiologist and consist of the common characteristics of a tumor, for example, location
- .?,‘:,‘:';::;::fnw\u features are numeric descripters often obtained from a convolutional neural network (CNN) which are of a tumer. fissure. or pleural wall attachment. presence of fibrosis or emphysema. coneave cut on nodule
amalignant tumor in 2 widely used for classification and recognition. Deep features may contain information about texture and surface. These features have been derived for lung nodules by our group. Semantic features have also
VP(*;;, (;2‘1:1;'5?“;\[; o shape. primarily. Lately. with the advancement of deep learning. convolutional neural networks (CNN) are shown promise in predicting malignancy. Deep features from images are generally extracted from the last
The waraing method ex also being used to analyze lung nodules. In this study. we relate deep features to semantic features by layers before the classification layer of a convolutional neural network (CNN). By training with the use of
looking for similarity in ability to classify. Deep features were obtained using a transfer learning approach different types of images, the CNN learns to recognize various patterns and textures. But when we extract
from both an ImageNet pre-trained CNN and our trained CNN architecture. We found that some of the deep features. there is no specific naming approach for them_ other than denoting them by the feature
semantic features can be represented by one or more deep features. In this process. we can infer that some column number (position of a neuron in a hidden layer). In this study, we tried to relate and explain deep
deep feature(s) have similar discriminatory ability as semantic features features with respect to traditional quantitative features and semantic features. We discovered that 26 deep
K rords: C. roluti 1 ! rork. £ 4 £ features from the Vgg-S neural network and 12 deep features from our trained CNN could be explained by
eywerds: Convelutional neural netwerk, semantic features, deep features semantic or traditional quantitative features. From this, we concluded that those deep features can have a
| Introduction Go to: (@ recognizable definition via semantic or gquantitative features.
Lung cancer is the leading canse of cancer related deaths globally [1]. For early detection and diagnosis of Keywords: t;eep features. radiomics, semantic features, interpretation of features, CNN, explainable AT,
lung cancers, Low Dose Computed Tomography (LDCT) is the most extensively used imaging approach. quantitative features
Introduction Go to: (&)
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‘ \ Cl . R CI . .
Select one semantic feature
Best  feature  subset at a time and replace it by
selection using wrapper cosrolat )

« Already discussed: RD/RG, novel VDTs, heterogeneity habitats,
radiomics from different windows, CNN ensembles

« Defining semantic features by deep learning

. Performance of the best individual 8 semantic features yielded AUCs 0.82 to
0.84
. An DL ensemble classified an ensemble of 13 semantic features AUC and 7 ‘
accuracy of 0.84 H
. . . . . e EE%EEE% LI Hll U HIUM,L [ L{ i \I (T
*  Methods to identify non-reproducible and unstable radiomics from e s
peritumoral regions of lung lesions e bkt Mo
»  Subsets of laws and wavelets appear to be consistently unstable e L d
«  Lung nodule sizes are encoded when scaling CT image for CNNs: 1/ — [cnN
Nodule size is implicitly encodes into texture information, as such size M-
features are likely redundant in models P e 4
8h == (== [cNN
. Slice thickness and pixel spacing/size may influence reproducibility: g N = ——
Generally, voxel-size resampling is an appropriate pre-processing step;
normalizing needed for features that are voxel size and gray-level
dependent. e
m) NATIONAL CANCER INSTITUTE ‘,@Q"Lé;@‘ij’ﬁ %::;;} S
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NIH )

Recruitment Efforts for Aim 2

Prospective Patient Recruitment Workflow

3 tubes of blood S’
1 oral gargle
Nasal swab

== LabVantage

A ...... >| Patient EMR

~

Electronic
Consent

Database |—> Dashboard

/

/

Radiology Report &

Radiology Healthmyne

(Feature Extraction)

Cancer
Registry

NATIONAL CANCER INSTITUTE
Early Detection Research Network

Incidental Pulmonary Nodule Patients
 Total pts: 2,660 retrospective and 200+
prospective
e CT scans curated: 3000+
* Lung cancer Dx: ~40%

Pro/Retro Lung Cancer Screening Patients
* Total pts: 500+

e CT scans curated: 1000+
* Lung cancer Dx: ~4%
* Millennium Health Care: >2100 pts (no blood)

MOFFITT @



Retrospective cohorts & Prospective recruitment

 Research and clinical data are shared Prospective Patient Recruitment Workflow

through and integrative workflow / 3 tubes ot blood (D) \

loralgargle -
Nasalswab

= Research risk factor survey is stored in the
EMR and research database

= Healthmyne PAC moves CT images, radiology
reports, and extracted features in real-time
back to the research infrastructure

LabVantage A ..... > Patient EMR

3! Database |=—> Dashboard
A

» Lung cancer screening
= 460 (403 pros.)
= Patients that have provided samples: 239

Electronic
Consent

= Millennium#: 2238 (122 pros.) K /
° | P N Radiology Report & Cancer
= 2780 (196 pros.) fediology (eature Extaction N

= Patients that have provided samples: 86

e LTP2
. 7
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e Oral gargle for methylation markers &
e PaxGene (for Wistar)
e Nasal brushing (for BU)

e 2 purple top tubes (10 ml each)
e 1 red top tube are drawn (10 mL each

Sample Processing (3 Tubes)

Sample Collection
[

Tube 1: DNA Tube Tube 2: Plasma & Buffy Tube 3: Serum Tube

° Frozen immediate[y Coat TU be i C/otfor 30 minutes

e DNA isolated in *  Processed immediately for *  Processed immediately for
< batches of 16 i plasma and buffy serum

e  DNA aliquots stored e Plasma and buffy coat e  Serum aliquots stored

\l/ aliquots stored \L

‘ | H W .W. DNA aliquots U U H U Plasma aliquots H H H H Buffy coat aliquots W
NATIONAL CANCER INSTITUTE
m Early Detection Research Network M O FFI TT
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Serum aliquots


https://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=0ahUKEwjq34GyoMrUAhXEOCYKHU0PDyoQjRwIBw&url=https://www.pulmolab.com/index.php/blood-collection-tubes-vacutainer-blood-collection-tubes-c-21_31_54_98&psig=AFQjCNFFBmultijmTAbvxOUX2BAqKhpdrw&ust=1497973524790570
https://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=0ahUKEwjq34GyoMrUAhXEOCYKHU0PDyoQjRwIBw&url=https://www.pulmolab.com/index.php/blood-collection-tubes-vacutainer-blood-collection-tubes-c-21_31_54_98&psig=AFQjCNFFBmultijmTAbvxOUX2BAqKhpdrw&ust=1497973524790570

| ]
Real-Time Dashboard

300 @ McKinley Outpatient
Center

@ Moffitt Cancer Center
Moffitt International

225 Plaza
150
R-T Dashb d ' tient dat
75
0
American Black ( Mative Other White, Anglo,
Indian or African- Hawaiian or Caucasian
Alaska American)  Other Pacific
Mative Islander
Sex at birth What is your highest level of formal education? Do you consider yourself to be Hispanic or Latino?
@ Femals @ Asszociate degree’ @ Mo, not Spanish,
® Mzle some college Hispanic or Latino

@ Cther
Yes, Mesocan or
Mexican American
@ ez, Puerto Rican

@ “Yes, South ar Central
Amearican

@ Bachelor's degree

High school gradustef
GED

. Less than 2th grade
@ Mo formal schooling
@ Fost-graduste degree
@ Some high school

W Technicslvocationa
training
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Future Directions

« Transition from conventional radiomics/ROI analyses to deep learning
segmentation to whole volumetric image processing*

« Expand parallel efforts into incidental pulmonary nodules*
* Clinical implementation of radiomics*
« Distributed learning*

« Defining biological basis of image features
« Targeted biopsies for mapping image features to biology

Integration with circulating and tissue biomarkers and pathomics

NATIONAL CANCER INSTITUTE
M) Early Detection Research Network MOFFI TT @



Conventional radiomics pipeline

b

Radiomics

I
1
1
1
!

Cancer patients

Clinical
covariates
‘o LR & 8 B X N ¥

§

Lluﬂ

Giji_

Patient imaging

Clinical covariates

O--> @

Semi-automated
lesion based features

segmentation

Removing redundant Removing unstable and
features non-reproducible
features

Combining clinical
covariates and image-
based features

Apply models for
patient/treatment
selection

Create predictive
models

Extracting image-

Advantages:
» Well characterized: stability and
reproducibility
. ISucclzessfully classifies at the pixel/voxel
eve

Limitations:
» Bottlenecks in Image curation, image
segmentation, feature extraction, QA/QC,
analysis

Solution -> End-to-end DL
* CTis the only input
» Deep learning segmentation and/or whole
volumetric image processing
» DL features and algorithms

Sounds easy?
* Needs to be benchmarked against current
approaches
* Reproducibility?
« Stability?
» Blackbox: Interpretability and biological
underpinnings?



LETTERS =1 Jlonal radiomics pipeline

https://doi.org/10.1038/541591-019-0447-x

Corrected: Author Correction

 Advantages: _ N
End-to-end lung cancer screening with » Well characterized: stability and

three-dimensional deep learning on low-dose LIL ﬁ reproducibility
0

» Successfully classifies at the
chest computed tomography | pixel/voxel level
Diego Ardila®™'5, Atilla P. Kiralys, Sujeeth Bharadwaj'*, Bokyung Choi'*, Joshua J. Reicher?, e i ¥ g =

Lily Peng', Daniel Tse ®™, Mozziyar Etemadi 3, Wenxing Ye', Greg Corrado’, David>—~~t4 - Livaitatiane:

and Shravya Shetty' Chair of new Department of Machine Learning ™

With an estimated 160,000 deaths in 2018, lung cancer is  limilations suggest opportunities for mc
the most common cause of cancer death in the United States’. 1o improve performance and inter-read|
Lung cancer screening using low-dose computed tomography lcarning approaches offer the exciting pe
has been shown to reduce mortality by 20-43% and is now  complex image analysis, detect subtle holi
included in US screening guidelines™. Existing challenges unify methodologies for image evaluation
include inter-grader variability and high false-positive and A variety of software devices have
false-negative rates™’. We propose a deep learning algorithm  Food and Drug Administration (FDA)
that uses a patient's current and prior computed tomography ing workflow efficiency and performa
volumes to predict the risk of lung cancer. Our model achieves  detection of lung nodules on lung comp:
a state-of-the-art performance (94.4% area under the curve)  Clinical research has primarily focused
on 6,716 National Lung Cancer Screening Trial cases, and lion or diagnostic support for lesions ma
performs similarly on an independent clinical validation set ing cxperts™ “. Nodule detection systen| . P
of 1,139 cases. We conducted two reader studies. When prior  the goal of improving radiologist sensit Education & Tralnlng
computed tomography imaging was not available, our model ules while minimizing costs to specificity . R F i Al A c
outperformed all six radiologists with absolute reductions of  category of computer-aided detection ( Recruited from UHWETSI'[\,F of MIChlgan In 2020 ‘Start date: JUIV 20}
11% in false positives and 5% in false negatives. Where prior  highlights small nodules, leaving malign/Jil ~~~ TEES__ s RS MS. Electrical Engineerina Uniuersit\,f of Jordan. Amman. lordan
computed tomography imaging was available, the model per-  clinical decision making to the clinician b ! = r ’
formance was on-par with the same radiologists. This creates  pre-identified lesions is included in cc
an opportunity to optimize the screening process via com- (CADx) platforms, which are primarily a
puter assistance and automation. While the vast majority of ficity. CADx has gained greater interest
patients remain unscreened, we show the potential for deep  approvals in other areas of radiology, tho
learning models to increase the accuracy, consistency and the time of manuscript preparation™.
adoption of lung cancer screening worldwide. To move beyond the limitations of
In 2013, the United States Preventive Services Task Force rec-  approaches, we aimed to build an end-1c
ommended low-dose computed tomography (LDCT) lung cancer  ing both localization and lung cancer risk
screening in high-risk populations based on reported improved the input CT data alone. More specifical
mortality in the National Lung Cancer Screening Trial (NLST)*".  replicating a more complete part of a radig

Demonstrated Leadership and Accomplishments
* Senior Member of the Institute of Electrical and Electronics Engineers (IEEE)
* Fellow of the American Association of Physicists in Medicine (AAPM)
* American Board of Radiology certification in Medical Physics Therapeutics

* PhD, Electrical Engineering and Computer Science, lllinois Institute of Technology
* MA, Biology, Washington University in 5t. Louis (Wash U.)
* Postdoctoral Fellow, Radiation Oncology/Medical Physics, Wash U.
Current Extramural Grant Funding
* RO1, “Optimal Decision Making in Radiotherapy Using Panomics Analytics”

* R37, “Combined radiation acoustics and ultrasound imaging for real-time
guidance in radiotherapy”

170+ Publications

Clinical covariates Combining clinical
covariates and image-

based features

* Including recent work in Medical Physics, JCQ Clinical Cancer Informatics, Int J of

Chair & Sr. Member ] .
NATIONAL CANCER INSTITUTE Rﬂd!ﬂtOncﬁigLPhys
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Inclusion /Exclusion Criteria

IPM International Classification of Diseases Codes (ICD)

ICD-9 (793.1, 793.11 & 793.19) 2008-2015 = 10,982
ICD-10 (R91.1 & R91.8) 2015(0ct)}-2020{May) = 28,174
Total number of unique patients 2008-2020 = 35,525

W

IPN dx patients:
With LUNG CA dxin
Cancer Registry
# of Unigue patients =
4,989

T

v

IPN dx patients:
With other CANCERS
# of Unigue patients = 28 508

|PN dx patients:
Diagnostic confirmation method =
Positive histology
# of Unique patients = 4,360
(CR Date of Diagnosis 2008-2019)

=
IPM dx patients with lung cancer dx

Diiagnostic confirmation method =

IPM dx patients:
Non-CANCER Patients
(No documentation in

CR or ICD diagnosis)

# of Unique patients =

2,028

"

1,823 patients with POS

Histalogy, with Only Lung
Primary {44

T
BES patients with
primary lung
cancer only
MO Hx of Lung
Malignancy) (441}

‘l’H_--""'-—;;

T77 patients with 188 patients with
primary lung primary lung
cancer only with cancer only w/o
CT @ MCC (4a1.1) PET/CT @ MCC

T [4a1.4)
0 patients with
primary lung

cancer both PET &
CT @ MCC [8A1.2)

N
0 patients with
primary lung cancer
only with PET @
KACC (441.3)

/\

Pasitive histology
# of Unique patients = 629 1,134 patients
with PET/CT @
MCC [4B1)
) sy
2,537 patients with primary .
lung cancer and another 1,133 patients
primary cancer diagnasis OR with CT &
history of ather malignancy’s MCC [481.1)
gSupatiem: with 1 patient with
pnmart( lung cancar both FET & CT
mfy,]l.wth Hzx of Lung & Mec
Malignancy [aaz2) [4BL3Z)
v ¢
818 patients with 29 patients with 0 patients
: ith PET
primary lung cancer primany lung W &
aonly with CT @ mMcc cancer only wio MCC [451.3)
fanz.1) PET/CT & MCLC
[aaz.A)
3 patients with

primary lung cancer
bath PET & CT @& MCC
fanaz.2)

'

0 patients with
primary lung cancer
anly with PET & MCC
[482.3)

Incidental Pulmonary Nodules

Encountered commonly in routine cross-sectional
Imaging: 1.5 million adults/year

Challenges to manage IPNs parallel lung cancer
screening:

« probability of cancer

e aggressive behavior of the cancer

Answer to these challenges often justifies diametrically
opposed strategies:

* biopsy vs. follow-up

* resection +/- adjuvant treatment

Each carries consequences including:
« early detection, cure of the cancer, and
morbidities from invasive procedure

* overtreatment
MOFFITT
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Clinical implementation of radiomics
- Archive -

Q Patient

Chart

Annotate

m) NATIONAL CANCER INSTITUTE M O FFITT v
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Clinical implementation of radiomics

Archive

Annotate

—; Local PACS @ Pg:ent Clinical Decision Support
art

Accept or modify

segmentation Genomic
Data

Databasing
+

Decision How do we get here?
Support « Radiomics works
Algorithms * Retrospective case-control
evidence is overwhelming
* Next step: Clinical utility
tested by multisite
observational trial across

m) NATIOL CANER INSTITUTE M O FFITT v
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Medical Data

111

Extract RadiOmiC
features Data




Distributed learning (is the future)

«  Multi-institutional validation of radiomics models is slowed down due to privacy concerns of sharing
medical images and transferring and managing LARGE databases (>= terrabytes)

« Share algorithms not data

« Conceptually, not new: Statisticians/Pop Scientists have shared models for decades
 Decentralized approach can achieve the identical results as a fully centralized approach.

Radiotherapy and Oncology 121 (2016) 459-467

Contents lists available at ScienceDirect

Radiotherapy and Oncology

journal homepage: www.thegreenjournal.com

Distributed learning

Distributed learning: Developing a predictive model based on data from @
multiple hospitals without data leaving the hospital - A real life proof of
concept

Arthur Jochems **', Timo M. Deist *™', Johan van Soest *”, Michael Eble ©, Paul Bulens , Philippe Cq
Wim Dries ', Philippe Lambin *"', Andre Dekker *'

 Department of Radiation Oncology (MAASTRO Clinic), Maastricht; " GROW - School for Oncology and Developmental Biology. Maastricht University Medical Centre, The
“Klinik fiir Strahlentherapie (University clinic Aachen), Germany; “ Department of Radiation Oncology (Jessa Hospital), Hasselt, The Netherlands; © Departement de Physiq
(CHU de Liége), Belgium; and ' Catharina-Hospital Eindhoven, The Netherlands

Journal of the American Medical Informatics Association, 25(8), 2018, 945-954

doi: 10.1093/jamia/ocy017 /\ M ' /\

Advance Access Publication Date: 29 March 2018
Research and Applications

Research and Applications

Distributed deep learning networks among institutions
for medical imaging

Ken Chang,"" Niranjan Balachandar,”' Carson Lam,? Darvin Yi,2 James Brown,’
Andrew Beers," Bruce Rosen," Daniel L Rubin,>"* and Jayashree
Kalpathy-Cramer'3"*
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Conclusions and Challenges

* Conclusion 1: Radiomics of standard of care images can greatly improve risk, diagnosis,
and prognosis (reduce overdiagnosis)

e Conclusion 2: Radiomics is very much a dynamic and evolving discipline with extensions
to deep learning/Al

* Challenge 1: Addition of circulating, tissue, and pathology biomarkers for improved
performance

* Challenge 2: Parsimony in number of features in a model

* Challenge 3: Numbers are King, Quality is Queen

* Challenge 4: Prospective observational and intervention trials to determine clinical
utility and decision support systems

* Challenge 5: Distributed learning

NATIONAL CANCER INSTITUTE
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Lung Cancer Radiomics Team

Moffitt USE
- Bob Gillies, PhD, (MPI) « Dmitry Goldgof, PhD, Computer Scientist
* Yoga Balagurunathan, PhD, (Co-I) « Larry Hall, PhD, Computer Scientist
« |lke Tunali, PhD, Postdoc * Dmitry Cherezov, PhD Candidate
- Jaileene Perez-Morales, PhD, Postdoc * Sam Hawkins, PhD, Computer Scientist
- Olya Stringfield, PhD, Imaging Scientist * Rahul Paul, PhD, Computer Scientist
 Mahmoud Abdallah, Imaging Scientist
» Alberto Garcia, Data Manager Vanderbilt

* Pierre Massion, MD, Pulmonologist
Tianjin
« Zhaoxiang Ye, MD, Radiologist
* Ying Liu, MD, Radiologist
« Hua Wang, MD, Radiologist UCLA
* Jin Qi, MD, Radiologist - Deni Aberle, MD, Radiologist
« Qian Li, MD, Radiologist
 Hung Lu, MD, Radiologist
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