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Role of AI and Computational Imaging in developing Better 
Diagnostic, Prognostic, and Predictive Tools

Diagnostic: Identifying presence of disease

Prognostic: Predicting Disease Outcome, progression

Predictive: Predicting Response to treatment

Precision Medicine: Using Prognostic and Predictive Tools for Tailoring Therapy 
for a given patient based off specific risk profile
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Deep Learning in Medicine

Xu J, et al. “Stacked Sparse Autoencoder (SSAE) based Framework for Nuclei Patch Classification on Breast Cancer Histopathology”，ISBI2014.
Xu J, et al. “Stacked Sparse Autoencoder (SSAE) for Nuclei Detection on Breast Cancer Histopathology”. IEEE Trans. on Medical Imaging, 2015
Zhang X, Dou H, Xu J, Zhang S, “Fusing Heterogeneous Features for the Image-Guided Diagnosis of Intraductal Breast Lesions”, IEEE Journal of Biomedical and Health 
Informatics, 2015
Lu C, Xu H, Xu J, Mandal M, and Madabhushi A, “Multiple Passes Adaptive Voting for Nuclei Detection in Histopathlogical Images“, IEEE Journal of Biomedical and Health 
Informatics, (Under Preparing)
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Considerations in Building AI Tools for Precision Medicine

Interpretability – Black box versus hand-crafted

Affordability – Frugal Precision Medicine

Equitable – Does it work across populations?

Handcrafted Features - Radiology
Segmentation 

of tumor, 
vessels, 

parenchyma

Mining the tumor 
and tumor habitat 
for interpretable, 

non-invasive 
radiomic 

biomarkers
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Stromal region

Epithelial region

Cancer cell clusters

Stromal cell clusters

Tumor infiltrating lymphocytes (TILs)

Stromal TILs

Deep learning-based mapping of cells, 
tissues, and structures on histopathology 

images

Mining the TIME 
and histologic 

primitives for AI-
powered 

interpretable 
biomarkers  

Handcrafted Features - Digital Pathology

DRUGS AND THERAPIES
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Which cancer patients will receive added benefit from chemotherapy?

Oncotype DX molecular assay (Genomic Health, Inc.)
– For early stage (LN-), ER+ patients
– Recurrence Score (RS) between 0-100
– Predicts:

• Likelihood for 10-year distant recurrence
• Expected benefit from adjuvant chemotherapy

Paik et al., N Engl J Med 2004 351: 2817-2826 

Collagen fiber detection
Epithelium segmentation

Collagen vectors in tumor-associated stroma
Collagen fiber orientation disorder calculationLow degree of disorder High degree of disorder

Short term survival long term survival

Li et al, npj Breast Cancer, 2021
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Disorder of collagen fiber orientation associated with risk of recurrence in ER+ 
breast cancers in ECOG-ACRIN E2197 & TCGA

Unmet Clinical Need
• Early stage ER+ breast cancer (BC) is the most common type of 

breast cancer in the United States
• Predicting the likelihood of recurrence for patients helps physicians 

plan more tailored treatment strategy to improve survival rate.

)   long term survival(low degree of CFOD-TS )
Results: 

E2197 (n=234) TCGA (n=171)

• Collagen Fiber Orientation Disorder in Tumor associated Stroma (CFOD-TS)  
was independently prognostic for ER+ BCs in E2197 and TCGA.

Short term survival
(low degree of CFOD-TS)

long term survival
(high degree of CFOD-TS )

Take away:
Over-expression of CFOD-TS independently associated with lower 
likelihood of recurrence and could potentially serve as a prognostic 
marker of outcome for ER+ invasive breast cancer. 

Collagen fiber orientation calculation

IbRiS adds prognostic value to Oncotype DX Risk Categories in in Estrogen 
Receptor Positive (ER+) Breast Cancer

Under Review
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12%
more women needed chemotherapy 

58%
could have avoided 

chemotherapy 
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Computerized image analysis reveals differences in 
early-stage ER+ breast cancer phenotype of  South 

Asian and North American women
Unmet Clinical Need
• Racial/ethnic disparity in incidence and mortality in breast cancers.
• Indian women more likely to be diagnosed with advanced breast 

cancer despite lower incidence than American women. 
• The studies of digital pathology in breast cancer prognosis were 

mostly focused on American women.

)   long term survival(low degree of CFOD-TS )

Take away:
Prognostic ability of the computational pathology based models for South 
Asian women with breast cancer could be significantly improved by taking 
into account of population-specific information. 

Model trained 
with North 

American (MNA)

Model trained 
with North 
American + 
South Asian 

(MNA+SA)

Model trained 
with South 
Asian(MSA)

Model 
validation on 
South Asian South Asian (SA, Indian): N=69

North American (NA, US): N=121

Methods and Results

Shape Cell orientation Disorder(CORE)

Global graph Cell Cluster 
Graph(CCG)

Texture

Data Description Extraction of nuclear morphological features

Model construction on training set Validation on SA in testing set

Li et al San Antonio 2021
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Computational features of Immune architecture are differentially prognostic of uterine 
cancer between African and European American women

• Features describing the immune cell architecture
extracted from the tumor epithelial nests and
surrounding stroma are associated with
progression free survival of endometrial cancer

• African American-specific model: Concordance
index=0.86, p=0.04, HR=6.52 (1.05-40.68)

• European American-specific model: Concordance
index=0.93, p=1e-6, HR=14.34, CI=[4.88-42.13]

• Immune-related feature expression possibly
captures underlying genomic variations

Takeaways

- The model yielded optimal
performance when trained and
validated on the same racial group.
- Population-agnostic model was not 
prognostic when validated on 
population subsets
- strong association with 
existing molecularly defined  
subtypes of endometrial
cancer (CNH, CNL, MSI, POLE)

Azarianpour, ASCO, 2021

External test 
set T2
(N=88)

Training set 
T0

(N=287)

Internal test 
set T1

(N=142)

T1_EA (N=105)

T1_AA (N=37)

T0_EA (N=224)

T0_AA (N=63)

T2_EA (N=63)

T2_AA (N=25)

0.64
0.61

0.80
0.72

0.73
0.79

0.72
0.78

Recall 
ecision 

Reca
Precisio
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Machine Learning-Based Hepatic Fat 
Assessment on CT

Table. Performance of the CT attenuation
estimation methods against the expert
human reader.

Liver-to-
spleen LiverCT Attenuation 

Estimation
Seg. 

Method
0.950.98Slice-basednnUnet 0.920.96Volumetric based

Modanwal, Gourav, Jonathan R. Walker, Sadeer Al-
Kindi, Sanjay Rajagopalan, and Anant Madabhushi.
"Machine Learning-Based Hepatic Fat Assessment in
Low-Dose Coronary Artery Calcium Scans is Correlated
With Human Reader Assessment." Circulation 142, no.
Suppl_3 (2020): A16796-A16796.

Cardiovascular disease is strongly associated with type 2 diabetes, chronic
kidney disease, and nonalcoholic fatty liver disease.

• CAC scans contain portions of the liver and spleen

 Opportunity for liver fat evaluation: Hepatic Steatosis (HS).

Figure: Hepatic Fat Assessment (a) Manual ROI
method (b) Deep learning-based automatic method.

Pipeline:

Results:

Validation: N= 45210 {0: 44996, 1: 214} Linear Discriminant 
Analysis

Performance on Holdout Validation

Odds of HF are 1.56 times higher for females 
compared to males

DeLong’s Test (P-Value)
(0.001, '***’,  0.01, ‘**’, 0.05, '*')

Liver Radiomics Predicts MACE Events – Large Validation

27
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The risk threshold value was selected by maximizes Youden's J statistic

(c) (d)

(a) (b)

STAR-Echo: Spatiotemporal Echocardiography analysis for Prognosis of Major Adverse 
Cardiovascular Event (MACE) in Chronic Kidney Disease (CKD) patients

 Longitudinal changes in Echo, over a heartbeat cycle, areprognostic of downstream MACE outcomes in CKD patients.
Hazard
Ratio

p -
valueAUCResult 2.82

[0.98 - 8.11]0.0960.66
[0.5 - 0.83]

Clinical Model (EF, 
BNP & NT-proBNP)

2.98
[1.01 - 8.78]0.0370.71

[0.53 - 0.89]STAR-Echo

Model Performance

EF: Ejection Fraction; BNP & NT-proBNP: B-type and N-terminal pro-B-type natriuretic peptide
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Vessel tortuosity predicts treatment response in Diabetic eye disease

• Extracted 5 hough transform-based vasculature features
• Top discriminating feature:  variance of theta in hough parameter space
• AUC using machine learning classifier (Random Forests) in 3-fold cv: 0.65+/- 0.05

VA worse at V8 (N=12) VA better at V8 (N=15)

p=0.008

Association between Retinal Vascular Features with 
Alzheimer’s Disease

Number of Patients =1353; 
Number of Images =1806 
Number of Baseline Images (N)=1587[Control=1545, AD (including MCI and other 
subgroups)=42]
Excluded 25 MCI Kernel PCA with RBF kernel on 15 

fractal featuresMost Discriminating Features

AUC=0.69±0.04  on 
training set (N=1270) 
by Random Forest 
Classifier

AUC=0.6  on 
validation set (N=317)

Unpublished. Do not distribute
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Vessel Segmentation

Vessel Curvature

Vessel Tortuosity 
(twistedness)
Vessel Length

Vessel Connectivity

Vessel Angle

Predict Cardiovascular outcomes via Retinal Vessel features 

Unpublished. Do not distribute

Take Away

• AI is not magic – Need to be thoughtful and intentional in developing 
algorithms.

• Interpretability, reproducibility and equity are key considerations for AI.

• Unsupervised and Supervised Based AI Approaches provide a trade off 
between not requiring domain knowledge and interpretability.

• Independent of type of approach, rigorous validation of the approaches is 
needed across different test sites.

• Creating carefully curated and representative training datasets for AI and 
nutrition will be critical.
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The Harm of Not Sharing Health Data

• NIH requires that women and underrepresented groups are included 
in clinical trials 

• Exclusion of women, children, gender, race  must be justified
• Exclusion of pregnancy needs no justification 

3
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Women: inequitable data access and literacy 
lead to expensive and adverse data 
outcomes 

Objectives

Define types of bias in AI 
Describe ”shortcuts” and 

their impact on AI 
performance

BIAS

EQUITY

5
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What is a biased fair algorithm 
?

7
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Group Fairness – Demographic 
parity, Equalized Odds, Equality of 
opportunity, Calibration Individual fairness
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Seyyed-Kalantari. et al. Underdiagnosis bias of artificial intelligence algorithms applied to chest radiographs 
in under-served patient populations.Nat Med 27, 2176–2182 (2021)

Seyyed-Kalantari. et al. Underdiagnosis bias of artificial intelligence algorithms applied to chest radiographs 
in under-served patient populations.Nat Med 27, 2176–2182 (2021)
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"Toward fairness in artificial intelligence for medical image analysis: identification and mitigation of potential biases in the roadmap from data collection to model deployment," J. Med. Imag. 10(6) 061104 (26 April 2023)

"Toward fairness in artificial intelligence for medical image analysis: identification and mitigation of potential biases in the roadmap from data collection to model deployment," J. Med. Imag. 10(6) 061104 (26 April 2023)

19

20



10/26/2023

11

CXR Dataset Labels

CheXpert: A Large Chest Radiograph Dataset with Uncertainty Labels and Expert Comparison- https://arxiv.org/abs/1901.07031

Hidden stratification

21
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Hidden stratification

Challenges with AI in diagnosis

• “The models reported good to excellent performance on their internal datasets, however we 
observed from our testing that their performance dramatically worsened on external data.”

23
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https://www.nature.com/articles/s42256-021-00338-7
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Experimental confirmation of insights from saliency maps and CycleGANs via radiograph 
modification.
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Impact of multi-source data augmentation on 
performance of convolutional neural networks 
for abnormality classification in 
mammography

What hidden signals are 
encoded in image only DL 

models ?

31
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1913 newspaper 
advertisement

Henrik 
Ibsen

Judy is “Black”, F, 60 yrs (CXR 
age = 78 yrs), SDI 45, ICD 

codes – COPD, CHF, 15,000 
USD 
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Social Deprivation Index 

https://www.graham-center.org/maps-data-tools/social-deprivation-index.html

Results
▪ HCC18: Diabetes with Chronic 

Complications
o Area under the curve: 0.80, 95% CI: 

0.75-0.84 (DeLong)
▪ HCC22: Morbid Obesity

o Area under the curve: 0.90, 95% CI: 
0.87-0.93(DeLong)

▪ HCC85: Congestive Heart Failure
o Area under the curve: 0.87, 95% CI: 0.81-0.94 

(DeLong)

▪ HCC96: Cardiac Arrythmias
o Area under the curve: 0.76, 95% CI: 

0.67-0.85 (DeLong)
▪ HCC108: Vascular disease

o Area under the curve: 0.85, 95% CI: 
0.82-0.89 (DeLong)

▪ HCC111: Chronic obstructive 
pulmonary disease
o Area under the curve: 0.83, 95% CI: 

0.75-0.91 (DeLong)
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65-year-old self-reported Hispanic Spanish speaking 
woman, with COVID+, and without a diagnosis for CHF.
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Opportunistic detection of type 2 diabetes using 
deep learning from frontal chest radiographs

Gifsplanation using Latent Feature 
Autoencoder
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Prediction of future healthcare expenses of patients from 
chest radiographs using deep learning: a pilot study
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https://onlineexhibits.library.yale.edu/s/Census/page/introduction
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Model Attention

Image Obscuration 
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Patch Predictions and Exclusions

Patch Predictions and Exclusions
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Anatomic segmentation

Image degradation experiments
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Image degradation experiments

Image degradation experiments
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Image degradation experiments

Performance across equipment
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Phantoms 

Phantoms
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Experiments on anatomic and phenotypic 
confounders

RECAP

1) Performance of deep learning models to detect race from medical images across modalities and 
external datasets

2) Assessment of possible anatomic and phenotype confounders such as body habitus and disease 
distribution 

3) Investigation into underlying mechanisms by which AI models can recognize race.
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Judy is “Black”, F, 60 yrs (CXR 
age = 78 yrs), SDI 45, ICD 

codes – COPD, CHF, 15,000 
USD 

Joint Statement on Enforcement Efforts 
Against Discrimination and Bias in 

Automated Systems

69
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Privacy and AI regulation

• Do we need consent for data sharing ?
• When / how to get consent ? 
• IRBs empowered to protect patient privacy in the era of AI ?
• Can we sufficiently deidentify/anonymize patients ?
• Can patients opt out? 
• Universal consent ? EMR versus patient pictures ?
• Accruing benefits 
• NIH mandate for data sharing

71
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Ethics, Privacy, Bias and 
Trust in the Application of AI

Judy Gichoya, MD MS
Director, HITI Lab

Associate Professor, Department of Radiology
Emory University

Objectives

Define types of bias in AI 
Describe ”shortcuts” and 

their impact on AI 
performance

BIAS

EQUITY

73
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Ethics, Privacy, Bias and Trust in the 
Application of AI for precision nutrition

• What datasets ?
• Labels?
• Missing / Included ? 
• What signals will be encoded ?
• What forms of data ?

• What ground truth ?
• Communication of science ?
• Validation in the real world setting ?
• Regulation 
• Who will benefit ? 
• Changing persona 

Lessons on data curation
• Clear problem definition at the onset
• Multiple criteria for cohort selection – CDW versus PACS CFIND versus 

department specific registries 
• Obtain relevant metadata 
• DICOM format preservation 
• Datasets have an expiry date **** 
• Datasets versioning – public release subset, RSNA challenge, Clairity 

consortium, AIM-AHEAD consortium, for profit FDA approval 
companies , research collaborators 

• Distributed access – bring model to the data

75
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•judywawira@emory.edu
•@judywawira

77

78



10/25/2023

1

AI in Nutrition and Food Sciences: 
Promises and Challenges
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Plan stratégique INMD

Research focus

Nutrition & Society

Eating behaviors

Precision nutrition

ENVIRONMENTS & 
SYSTEMS

INDIVIDUAL
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Time (2016) : Hungry Planet: What The World Eats (Canada)

AI in medicine Kaul et al Gastronintestinal endoscopy 2020; 92(4):807+

1950
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Artificial 
intelligence

Machine 
learning (ML)

Deep 
learning

Traditionnal approaches

Data

Model
Prediction

Machine learning approaches

Data

Results
Model Prediction

Inputs Output

Inputs Output

Côté et al., 2021; Morgenstern et al., 2021; Côté et al., 2022

AI and machine learning

Kirk et al., Adv Nutr 2022;13:2573–2589.

Machine learning
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Brassard et al, Frontiers Nutr 2020

Garbage in, garbage out

Promises

AI in nutrition

• Increased capacity to manage/analyse big data
o –omics
o precision nutrition
o precision public health

• Dietary assessment
o better understanding of dietary patterns
o image‐based methods
o non image‐based methods

• Predicting health outcomes
• Social media content analysis (NLP)

9
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Challenges

AI in nutrition

• Change of culture 
• New vocabulary 
• Standardization of methods
• Building capacity

https://www.analyticssteps.com/

• Where are the P values?!?!
• Collinearity issues, multiple tests?
• « Hyperparameter optimisation » ?

11
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• Identify recent and emerging advances in methods for addressing the complexity of 
dietary patterns

• Elucidate benefits of the application of novel methods to our understanding of 
relationships between dietary patterns and health outcomes

• Identify priority methods that show the greatest promise for advancing the evidence
on dietary patterns and health

• Identify barriers to advances in the development and application of methods for 
characterizing dietary patterns, and solutions to collectively overcome these barriers

Objectives of the workshop

ICDAM 2023, Ireland

Need to standardize dietary patterns methods and scores

Need to develop methods and models that fully capture the richness within the total 
dietary pattern

Need to evaluate the effect of measurement error in dietary patterns and develop
methods to adjust for this error

NCI/NIH Workshop 2016, Reedy et al, Nutrients 2018;10:571

Extending methods in dietary patterns research

13
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AI‐ Nutrition boot camp, NUTRISS‐Sorbonne 2023

Capacity building

AI‐ Nutrition boot camp, NUTRISS‐Sorbonne 2023

Capacity building

15
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Adv Nutr 2022

APNM 2021
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