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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 



I. 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 



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:  IO cohorts (N > 600 and growing), TKI cohorts (N = pending) – not funded by EDRN

• OS, PFS, immune related adverse events, delta-radiomics



Radiomics the in Lung Cancer Control Continuum

RISK DIAGNOSIS OVERDIAGNOSISPREVENTION

TREATMENT

&

SURVIVORSHIP*

• 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 
cancer

Cancer Control Continuum
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Risk Prediction Publications:  Summary
• Using conventional quantitative radiomics, evolving 

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:  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

• Combining measures of heterogeneity and conventional 

radiomics: AUC 0.85



Overdiagnosis/Tumor Behavior Publications 
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Overdiagnosis/Tumor Behavior Publications 
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• 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)

3. Developed radial deviation and radial gradient features which capture 

textural characteristics and semantic differences; validated 

combinatorial effects of the two most predictive features among non-

screen detected adenos

4. Combining stage, heterogeneity, conventional features discriminated 

between early vs. late OS:  AUC 0.90

Log-rank test P-value = 0.046
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Advances in Radiomics
• 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 

accuracy of 0.84 

• Methods to identify non-reproducible and unstable radiomics from 

peritumoral regions of lung lesions
• Subsets of laws and wavelets appear to be consistently unstable

• Lung nodule sizes are encoded when scaling CT image for CNNs: 

Nodule size is implicitly encodes into texture information, as such size 

features are likely redundant in models

• Slice thickness and pixel spacing/size may influence reproducibility: 

Generally, voxel-size resampling is an appropriate pre-processing step; 

normalizing needed for features that are voxel size and gray-level 

dependent. 
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Recruitment Efforts for Aim 2
Prospective Patient Recruitment Workflow

Electronic
Consent

DashboardDatabase

LabVantage
Patient EMR

Radiology

Radiology Report &  
Healthmyne

(Feature Extraction)

Cancer 
Registry

3 tubes of blood
1 oral gargle
Nasal swab Incidental Pulmonary Nodule Patients

• Total pts: 2,660 retrospective and 200+ 
prospective

• CT scans curated: 3000+
• Lung cancer Dx: ~40%

Pro/Retro Lung Cancer Screening Patients
• Total pts:  500+
• CT scans curated: 1000+
• Lung cancer Dx:  ~4%
• Millennium Health Care:  >2100 pts (no blood)



Retrospective cohorts & Prospective recruitment
• Research and clinical data are shared 

through and integrative workflow

▪ 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 

• Lung cancer screening 
▪ 460 (403 pros.)

▪ Patients that have provided samples: 239

▪ Millennium#: 2238 (122 pros.)

• IPN
▪ 2780 (196 pros.)

▪ Patients that have provided samples: 86

• LTP2
▪ 7

Prospective Patient Recruitment Workflow

Electronic
Consent

DashboardDatabase

LabVantage
Patient EMR

Radiology

Radiology Report &  
Healthmyne

(Feature Extraction)

Cancer 
Registry

3 tubes of blood
1 oral gargle

Nasal swab



Sample Collection
• Oral gargle for methylation markers
• PaxGene (for Wistar)
• Nasal brushing (for BU)

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

Tube 1:  DNA Tube
• Frozen immediately
• DNA isolated in 

batches of 16
• DNA aliquots stored

Tube 2:  Plasma & Buffy 
Coat Tube

• Processed immediately for 
plasma and buffy

• Plasma and buffy coat 
aliquots stored 

DNA aliquots Plasma aliquots Buffy coat aliquots

Tube 3:  Serum Tube
• Clot for 30 minutes
• Processed immediately for 

serum
• Serum aliquots stored

Serum aliquots

Sample Processing (3 Tubes)

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

R-T Dashboard summarizes patient data



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



Conventional radiomics pipeline
• Advantages:

• Well characterized: stability and 
reproducibility 

• Successfully classifies at the pixel/voxel 
level

• Limitations:
• Bottlenecks in Image curation, image 

segmentation, feature extraction, QA/QC, 
analysis 

• Solution -> End-to-end DL
• CT is 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?  
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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 

• 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



Clinical implementation of radiomics

Patient 
Chart

Annotate

Local PACS

Archive



Clinical implementation of radiomics

Radiomic 
Data

Extract
features

Databasing 
+

Decision 
Support

Algorithms

Accept or modify 
segmentation

Patient 
Chart

Annotate

Local PACS

Archive

Medical Data

Genomic 
Data

Clinical Decision Support 

How do we get here?

• Radiomics works

• Retrospective case-control 

evidence is overwhelming

• Next step: Clinical utility 

tested by multisite 

observational trial across



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.



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

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

• 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

Conclusions and Challenges



Lung Cancer Radiomics Team

• Ilke Tunali, PhD, Postdoc

• Jin Qi, MD, Radiologist

• Qian Li, MD, Radiologist

• Hung Lu, MD, Radiologist

• Mahmoud Abdallah, Imaging Scientist

• Alberto Garcia, Data Manager

• Olya Stringfield, PhD, Imaging Scientist 

• Dmitry Goldgof, PhD, Computer Scientist

• Larry Hall, PhD, Computer Scientist

• Jaileene Perez-Morales, PhD, Postdoc

• Yoga Balagurunathan, PhD, (Co-I)
• Bob Gillies, PhD,  (MPI)

• Hua Wang, MD, Radiologist
• Ying Liu, MD, Radiologist

• Dmitry Cherezov, PhD Candidate

• Sam Hawkins, PhD, Computer Scientist

• Rahul Paul, PhD, Computer Scientist 

• Zhaoxiang Ye, MD, Radiologist

Moffitt USF

Tianjin
• Pierre Massion, MD, Pulmonologist 

Vanderbilt

• Deni Aberle, MD, Radiologist

UCLA


