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) EMORY
Role of Al and Computational Imaging in developing Better
Diagnostic, Prognostic, and Predictive Tools

Diagnostic: /dentifying 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

2 hidden layer Output layer: Softmax classifier detect
i input patches as nuclei or non-nuclei
patches

: Input layer N
1 (d‘ X Tunits) (5, units)

intensities of
selected patch with sliding

Input pixel Softmax classifier for nuclei detection

windows

Xu J, et al. “Stacked Sparse Autoencoder (SSAE) based Framework for Nuclei Patch Classification on Breast Cancer Histopathology”, 1SBI2014.

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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M I T A 3-D Printer That
Really Matters
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Time to Consider
Geoengineering?

sterious Machines

What is Inside the BLACK BOX
of Artificial Intelligence?

Artificial intelligenceis a
black box that thinks in ways
we don’tunderstand. That's
thrilling and scary. p. 54




A deep learning classifier identifies patients with heart

failure using WSI of H&E tissue biopsies

b Training a deep convolutional neural network

ROI extraction Model training Test on held-out data

Traning dataset._ 8 Deep Leaming PfFalf >05
. P(Fal) < 0.5

a Cardiac histopathology in heart failure
Failing

Non-Failing

N~

Hlemrchlca\ learned features

g

Testing dataset
105 patients

(o] Detection of clinical heart failure d Algorithms identify tissue pathology in normal patients

Patient-level

Performance evaluation Patient
CNN Pathologists
Accuracy 0.94+0.01 0.75 0.75
Sensitivity  0.99+0.01  0.81 0.64
Specificity  0.89+0.01 0.71 085
PPV 0.88+0.01 069 077
AUC 0.97+0.01 075 073
Table 1. Patient level performance metrics on
the test set (105 patients). Mean = SD of three
0 010203 040506 070809 1 models o individual results from each pathologist.

Patient 2

Sensitivity

Specificity - - - |
€ Detection of heart failure or severe pathology f An example of a feature learned from the CNN
Image-level Patient-level

The original H&E stained image
is shown on the left. The hidden
layer activations for one
feature, shown on the right, is
strongest in myocyte tissue.
Thus, the CNN learned that
segmenting myocyte tissue is a
useful feature to detect patients
with heart failure

Tccuracy Sensity PPV GMPR UG Tccuracy Sensiy PPV PR AUC
Evaluation Metric Evaluallon Metrlc
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Is there a smarter path to artificial intelligence?

Some experts hope so

Originally published June 24, 2018 at 5:00 pm | Updated June 25, 2018 at 12:59 am
But now some scientists are asking whether deep learning is really so deep
after all.
In recent conversations, online comments and a few lengthy essays, a
growing number of Al experts are warning that the infatuation with deep
learning may well breed myopia and overinvestment now — and
disillusionment later.
“There is no real intelligence there,” said Michael I. More on Al
Jordan, a professor at the University of California, BN robot deh P

. . . H t ter i t i
Berkeley, and the author of an essay published in April s rove ,e ateris ready fo convinee
. . . you that you’re wrong
intended to temper the lofty expectations surrounding Al.
“And I think that trusting these brute-force algorithms IBM pits computer against human
too much is a faith misplaced.” debaters
10
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Husky or Wolf? Using a Black Box Learning Model to Avoid

Adoption Errors
Past Tides
August 24, 2017 By Wendy Wolfson

Say you want to adopt a dog, from a picture, and you task your machine learning system to classify the
image as either a husky, which would be safe to adopt, or a wolf, which probably is not a good idea.
Can you get that photograph classified with certainty? “Because researchers don’t have insights into
what is going on they can easily be misled,” said Sameer Singh, assistant professor in the UCI
Department of Computer Science. “Classification is core to machine learning,” said Singh, describing
‘black box’ machine learning predictions at the Association for Computing Machinery (ACM) July 12
meeting at the Cove. Machine learning is pervasive in our lives—from email to games. “It's in our
phones,” said Singh, a machine learning and natural language processing expert. “It is in our houses. It
is basically everywhere.”One of his students created a wolf/dog classifier in a few hours that seemed to

work—at first.

11

Please Stop Explaining Black Box Models for
High-Stakes Decisions

catastrophic harm to society. There 1s a way forward — it is to design models that
are inherently interpretable,

Abstract

Black box machine learning models are currently being used for high stakes
decision-making throughout society. causing problems throughout healthcare, crim-
inal justice, and in other domains. People have hoped that creating methods for
explaining these black box models will alleviate some of these problems, but trying
to explain black box models, rather than creating models that are interprerable
in the first place, is likely to perpetuate bad practices and can potentially cause
catastrophic harm to society. There is a way forward — it is to design models that
are inherently interpretable.

12
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Considerations in Building Al Tools for Precision Medicine

Interpretability — Black box versus hand-crafted
Affordability — Frugal Precision Medicine

Equitable — Does it work across populations?

13

Handcrafted Features - Radiology

Segmentation
of tumor,
vessels,

parenchyma

Mining the tumor
and tumor habitat
for interpretable,
non-invasive
radiomic
biomarkers

14
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Handcrafted Features - Digital Pathology

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

Stromal region

Mining the TIME
and histologic
primitives for Al-

Epithelial region

Cancer cell clusters

powered
. Stromal cell clusters
interpretable
biomarkers Tumor infiltrating lymphocytes (TILs)
Stromal TILs
DRUGS AND THERAPIES o |
vaclumab!
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Avelumabl_]
Durvalumab=
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Gynecological = .
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e = CDK-4/67inhibitors ol
I Rectum Palbociclib + Endocrine'therapy =



10/26/2023

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

Ll Recurrence Score= 0,47 x HER2 Group Score
= 0.34 xER Group Score
+1.04 x proliferation group Score
4+0.10 x1nvasion Group Score

ESTROGEN OTHER

+0.05 xcoss
=0.08 xastm1
-0.07 xeac1

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

17
Collagen fiber detection
Epithelium ségmentation
Collagen vectors in tumor-associated stroma
Low degree of disorder « Collagen fiber orientgtion disorder calculation » High degree of disorder
Khort term survivay's 55 3 4 ) D a&F %5 “Nlong term surviva

. X i { / 2 no

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

Short term survival

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.

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

E2197 (n=234) TCGA (n=171)
2

12
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208 =
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Bo4 5

B 2 Take away:

Eoz p=0.0057251 £ p=0.0090359 i . . .

4 i Over-expression of CFOD-TS independently associated with lower

0 0 . . A _

0 2000 4000 D At M G GO likelihood of recurrence and could potentially serve as a prognostic

disease free survival (days) disease free survival (days) marker of outcome for ER+ invasive breast cancer.

g’?SEENSGCﬂ?%NG The Center for . k
CASE WESTERN RESERVE Computational Imaging & 'D
UNTVERSTTY Personalized Diagnostics !

IbRiS adds prognostic value to Oncotype DX Risk Categories in in Estrogen
Receptor Positive (ER+) Breast Cancer
IbRiS" vs. IbRiS" in low Odx category (Dy,,) IbRiS" vs. IbRiSt in inter Odx category(D;,) IbRiSH vs. IbRiS* in high Odx category (D;,,)
L,
Z . >
5 N : z
3 3 ~ IbRis¥ \ 3
-9 o | a’
3 = +  IbRist 0
2 i [
2 ~ lRis 5 T —— & [bRis
a0z p=00370 W 3 - p=04349 5 p=0.0106 )
HR = 5.75 (1.28 - 25.85) + [bRiS HR =164 (0.46- 5.56) 3 HR = 10.35 (1.20 - 89.18) +  IbRist
Time (months) ) 7 oy
Number at risk Number at sk Time (months) Number ik Time (months)
IbRis" S R R LN 9 2 1 0 IRy . 2 0 0
IbRist i L iy 1 IbRist 39 B 2 2 0 IbRist Ly % : 1
Time (months) Time (months) . Time (months)
Under Review
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T 1

w
12%

more women needed chemotherapy

e R

could have avoided
chemotherapy
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Original Investigation

January 21, 2021

Women

» Author Affiliations | Article Information

JAMA Oncol. 2021;7(3):370-378. doi:10.1001/jamaoncol.2020.7320

Association of Race/Ethnicity and the 21-Gene Recurrence
Score With Breast Cancer-Specific Mortality Among US

Kent F. Hoskins, MD"2; Oana C. Danciu, MD'%; Naomi Y. Ko, MD, MPH, AM?; Gregory S. Calip, PharmD, MPH, PhD#26

Conclusions and Relevance In this cohort study, Black women in the US were more likely to have a high-risk recurrence score and to
die of axillary node-negative breast cancer compared with non-Hispanic White women with comparable recurrence scores. The
Oncotype DX Breast Recurrence Score test has lower prognostic accuracy in Black women, suggesting that genomic assays used to

23

23

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.

Methods and Results

Data Description —>| Extraction of nuclear morphological features ‘

South Asian (SA, Indian): N=69
North American (NA, US): N=121

'y S EPYANS
Global graph  Cell Cluster

Texture

Computerized image analysis reveals differences in
early-stage ER+ breast cancer phenotype of South
Asian and North American women

l Model construction on training set ‘—’l Validation on SAin testing set ‘

Model trained
with North
American (MNA)

—low risk

Survival Probability

p=0882

Model trained

Time (Days)

> 7

z PS.
Zoe pere
Sos iy
4

£0210-000028

Model trained
with South
Asian(Msa)

Time (Days)

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. Li et al San Antonio 2021

Groups
jhrisk

1000 2000 3000 4000 5000

with North Model iy
American + validation on  |=——p -
South Asian South Asian 202]p=000 )

(MNA+SA) %0 w0 20 om0 40 500

lp=agauaz.gag,
0 1000 2000 3000 4000 5000

24
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Jeurnal of Clinical Oncology. > List of Issues > Volume 39, Issue 15 suppl >

Meeting Abstract | 2021 ASCO Annual Meeting I
GYNECOLOGIC CANCER

Computational features of TIL architecture are
differentially prognostic of uterine cancer

M) Check for updates

Sepideh Azarianpour Esfahani, Pingfu Fu, Haider Mahdi, Anant M hushi

between African and Caucasian American women.
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Computational features of Immune architecture are differentially prognostic of uterine
cancer between African and European American women

wsi Area of chusters of epithelial TiLs.

Training set TO_EA (N=224)

TO_AA (N=63)
[WEGEIRTEE | T1_EA (N=105)
setT1
(N=142)

External test T2_EA (N=63)

+ 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

set T2

G PIKICAMUL vs W in EA paints - The model vyielded optimal

index=0.93, p=1e-6, HR=14.34, C|=[4.88-42.13]
* Immune-related feature expression possibly
captures underlying genomic variations

Takeaways

cluster3 W MsI
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5
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@
o
4
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= X = Wild type (n=224)
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g

&
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g
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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

26
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Machine Learning-Based Hepatic Fat
Assessment on CT

Cardiometabolic

-7 risk factors 1
= / including: %
Cardiovascular disease is strongly associated with type 2 diabetes, chronic g -Age &
. . . . . g « Family histor
kidney disease, and nonalcoholic fatty liver disease. ] A e dwe 5
. . . = « Metabolic risk N
* CAC scans contain portions of the liver and spleen '
CKD
» Opportunity for liver fat evaluation: Hepatic Steatosis (HS).
Pipeline: Increased rist
Figure: Hepatic Fat Assessment (a) Manual ROI
method (b) Deep learning-based automatic method. Results:

Table. Performance of the CT attenuation
2D Axial Slices

3D Yolumes - estimation methods against the expert
- =
Best d R ( (5 human reader.
(DSC =0.9782) - ”é G : f
% 6 Seg. |CT Attenuation Liver Liver-to-
> Method | Estimation spleen
e Low-dose CAC CT scans Median nnUnet Slice-based 0.98 0.95
il e with liver and spleen J (DSC=0.9589) \Volumetric based| 0.96 0.92
Vofmel ; Deep-Learning P Modanwal, Gourav, Jonathan R. Walker, Sadeer Al-
based Segmentation L. . . .
\ Worst Kindi, Sanjay Rajagopalan, and Anant Madabhushi.
[y (DSC=0.9136)
\

"Machine Learning-Based Hepatic Fat Assessment in
Low-Dose Coronary Artery Calcium Scans is Correlated
\

With Human Reader Assessment." Circulation 142, no.
Hepatic Fat Assessment

—— /B - ver Manual segmentation /B -Uver Predicted Segmentation

/ @ -Spleen Predicted Segmentation

/0 -Spleen Manual Segmentation

Suppl_3 (2020): A16796-A16796.
' diomi di A lidati
Liver Radiomics Predicts MACE Events — Large Validation
Validation: N= 45210 {0: 44996, 1: 214} Delong’s Test (P-Value) ’ Linear Discriminant ‘
Receiver Operating Characteristic
10 — . (0.001, "***, 0.01, **', 0.05, "*') Analysis
Multivariate Logit Regression
Liver_Risk_HF . +
08 toma AN .
.
@ Clinical_HF
5 .
06
2 —_—
2 i Liver_Risk_HE+Ciic son
& x Liver_Risk HF . 6 [
g 04 /,'— AUC: 0.66 [0.62-0.69] (O Rt an 9574 Connce nerv '
= & Clinical_HF
v AUC: 0.71 [0.68-0.75] Liver_Risk_HF+Clic+sCAG . .
02 Liver_Risk_HF+Clic Odds of HF are 1.56 times higher for females
: AUC: 0.75 [0.72-0.78] compared to males
Liver_Risk HF+Clic+CAC * 3 2 2
— AUCI0.76 [0.74-0.79] ] 7 2 g
# &
00 G § 3 8
0.0 02 04 06 08 1.0 H 2 L)
False Positive Rate 2 3
a It‘
8
5
Hrsr REkHE LV PIEKHE B8 CAC Performance on Holdout Validation
Accuracy  Bal Acc. AUC SENS SPEC
”' Liver_Risk 067 061 0.66 0.55 067
E Clinical 0.72 0.68 0.71 0.63 0.72
2 Liver_Risk+Clinical 0.72 068 0.75 0.65 0.72
. Liver_Risk+Clinical+CAC |  0.72 0.70 0.76 0.68 072
*Clinical factors included are "Age’, ‘female’, ‘Race_Grp', and "smoking_status'
& & & & & & & &
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The risk threshold value was selected by maximizes Youden's J statistic

; Veldation(N=45210. Log
e m i
~ost)

Base

P 1pasEl2
HA = 133617532368

P= 2419671
HR = 59,78 [24.48-146.02]

P =3963E19
] iR = 2472 (12.63-48.39)
1 1 1 ]

200623

P = 1369620 Pa2001E23
HA = 867 (5.76:13.04] HR = 5.7416.63-14.30]

29

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, are
prognostic of downstream MACE outcomes in CKD patients.

MACE -ve MACE +ve
Model Performance

Result AUC P- Haza‘rd
value Ratio
Clinical Model (EF, 0.66 0.096 2.82 .
BNP & NT-proBNP) | [0.5-0.83] : [0.98-8.11] Shape Evolution
0.71 2.98
STAR-Echo [0.53-089 %97 [1.01-878

EF: Ejection Fraction; BNP & NT-proBNP: B-type and N-terminal pro-B-type natriuretic peptide

N, Clinical model (Test set, N=44)

STAR-Echo (Test set, N=44)

1
08 0.8
Sos Sos
H z
504 504 .
Z @ Texture Evolution
0.27p=0.0961 02
0 HR=282(098-811) 0‘HR= 98 (1,01 -878)
0 2 4 6 8 10 0 2 4 6 8 10
Time (Years) Time (Years)
High risk(26 23 19 15 7 0 High risk|19 18 14 10 2 0
Lowrisk|18 17 15 13 5 0 Lowrisk25 22 20 18 10 O

30
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Vessel tortuosity predicts treatment response in Diabetic eye disease

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

(4]
S

[,
[}

Variance (inclination)
[6,] [4)]
» (3]

(6]
w
T

b [ R

a1
N
T

51F +

* 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

31
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
Most Discriminating Features fractal features
p-value=4.3198e-25 p-value=1.5343e-06
D o 5
0w EEw e 0 FEER v
2
] 2 P&
© © 2 "
1 _— T T 2 o®
0
00 25 50 75 10 15 20 25 % -
2DFD FD_entropy . \e\v
o
p-value=6.5509e-06 . 2
1 2 6 0
1 B LY &
0 . T e
E - AUC=0.69+0.04 on
1 training set (N=1270) AUC=0.6 on
P T I TE T by Random Forest validation set (N=317)
FD_SKW Classifier . L.
Unpublished. Do not distribute
32
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Predict Cardiovascular outcomes via Retinal Vessel features
plvel_degree. 2_centerview_min --.

) r
= O "
k} r
1 L
y g MR

Max_branch_curvature_min_centerview_max I-

Max_branch_tortuosity_centerview_min =
L&) 1
Vessel Segmentation

IQR_branch_curvature_median_centerview_max }

S

-
W

Vessel Connectivity

Survival

Vessel Curvature

]
ASES

-04 -03 -0.2 -0.1 0.0

Vessel Tortuosity

021p=161e-08
- 0|HR=757(1RI‘§-’%4’%\

10 15

0 5
(twistedness) Vessel Angle Time (Years)
Vessel Length
High risk|446 291 174 0
Low risk|446 340 245 0

Unpublished. Do not distribute
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Take Away

* Alis not magic — Need to be thoughtful and intentional in developing

algorithms.

* Interpretability, reproducibility and equity are key considerations for Al.

* Unsupervised and Supervised Based Al Approaches provide a trade off

between not requiring domain knowledge and interpretability.

needed across different test sites.

Independent of type of approach, rigorous validation of the approaches is

* Creating carefully curated and representative training datasets for Al and

nutrition will be critical.

34
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Are you
concerned about
the increase in
artificial
intelligence?

¢« Anant Madabhushi
2,015 Tweets

/' '

Anant Madabhushi

@anantm

No, but I'm
concerned about
the decrease in
real intelligence.

L

[ Edit profile )

Artificial Intelligence, Cancer imaging, Digital pathology, radiomics, pathomics,
precision medicine

@anantm
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OriginalInvestigation Screening for Gestational Diabetes JAMA Patient Page
August 17, 2021 . .
i . . . Updated Evidence Report and Systematic August10, 2021
T-r e"df’ in Gestational Dlabe.t s a.t First Review for the US Preventive Services Task Screening for Gestational Diabetes
Live Birth by Race and Ethnicity in the US, Force
2011_2019 Jill Jin, MD, MPH'

Jennifer Pilay, MSc'; Lois Donovan, MD%; Samantha Guitard, Msc'; et al

Nilay 5. Shah, MD, MPH!-2; Michsel C. Wang, BA'; Priya M. Freaney, MD'2; etal

e -

ik S

3
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
* “women and members of minority groups and their subpopulations
must be included in all NIH-funded clinical research, unless a clear
and compelling rationale and justification establishes to the
satisfaction of the relevant Institute/Center Director that inclusion is
inappropriate with respect to the health of the subjects or the
purpose of the research”
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Women: inequitable data access and literacy

lead to expensive and adverse data

NnitrNnmMec

TIME

‘We Need to Close the Gender Data Gap By
Inclu ‘Women in Our Algorithms

By Caroline Criado Perez

THE WALL STREET JOURNAL

Gender Gap: The Risks Of
Heart Disease For Women

STAT

And it's not Covid-19

There's a silent crisis in clinical research,

- SOCIETYAIMPROVE DIAGNOSIS
MEDICNE

Medicine’s Biggest Blind Spot

Yox

Women suffer needless pain because almost

i Women's Bodies mbmhm S—

Harvard Health - .

A Prevention Ehe New Jork Times
Gender differences in

Inside the Epidemic of

cardiovascular disease: Women Misdiagnosed Women Al Coulgi Wo{gen Health
are Iess l“‘ew to be prescr'bed We looked into why 5o many female patients struggle Dlspa.nhes
certain heart medications to get accurate answers from health care practitioners
Pa—— SR —— In & health system riddled with inequity, we

Oy g WD WP ottt it e D MB WA Lottt

risk making dangerous biases automated
and invisible.

Define types of bias in Al

Objectives

EQUITY

Describe “shortcuts” and

their impact on Al

performance

BIAS
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Do you need to select equal
ol

proportional to their %

FAIRNESS TREE

Do you want to be fair based on disparate representation
OR

based on disparate errors of your system?

T T

r

# of people from each group
R

in the overall population?

Proportional

Do you trust the labels?

Equal Selection Parity

Demographic Parity . "
Punitive
(could hurt individuals)

Are your interventions punitive or assistive?

Counterfactual Fairness

Assistive
(will help individuals)

l

FP Parity
FDR Parity
FP/GS Parity
FPR Parity

l

FN Parity
FOR Parity
FN/GS Parity
FNR Parity
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Dice similarity coefficient

U-Net

Overall DSC

nnU-Net
On il DSC
lop———— = 10
=
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04 o
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E- 50
% Black subjects in training data

White

(a)

BN Black

Swin-Unet

Overall DSC

£ by 100
% Black subjects in training data

Bl White
(b)

DeepLabv3+

BN Black

Overall DSC

An investigation into the impact of deep
learning model choice on sex and race bias in
cardiac MR segmentation

Tiarna Lee!, Esther Puyol-Antén'*, Bram Ruijsink’#, Keana Aitcheson',
Miaojing Shi®, and Andrew P. King!

I FT PRI Y 5:?’%%’???‘?%
3;2" ¢ ! L gj":f:x,';
(c) (d)
11
Underdiagnosis bias of artificial intelligence
algorithms applied to chest radiographs in
under-served patient populations
Laleh Seyyed-Kalantari 2%, Haoran Zhang®, Matthew B. A. McDermott?, Irene Y. Chen® and
Marzyeh Ghassemi ©23
a b c
Overall population Model training Subpopulation FPR comparisons
d /‘\ TP | FP TP | FP /7\
Q sex (QQ) v gd)
8: 0"0' \/ TN | FN TN [ FN \/
— | No — -
Q Qdd fndng /N e lee]| [elee] /2
QQ Race | Qd} ™| | e {'le
A lalse-po.silive (FP) \'_/ \'_/
prediction of
‘no finding'
is underdiagnosis.
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Seyyed-KaIantarl. et al. Underdiagnosis bias of artificial intelligence algorithms applied to chest radiographs
in under-served patient nopulations Nat Med 27 2176-2182 (2021)
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Seyyed-Kalantari. et al Underdiagnosis bias of artificial intelligence algorithms applled to chest radiographs
| in under-served patient nooulations Nat Med 27 2176-2182 (2021)
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Number of active chronic conditions

Dissecting racial bias in an algorithm used to manage
the health of populations

ZIAD OBERMEYER . BRI/

RS, CHRIST Authors Info & Affiliations
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Percentile of Algorithm Risk Score

Percentile of Algorithm Risk Score

Automation Bias in Mammography: The Impact of
Artificial Intelligence BI-RADS Suggestions on Reader
Performance

Thomas Dratsch* &, "“Xue Chen*, "“'Mohammad Rezazade Mehrizi, Roman Kloeckner,
Aline Mahringer-Kunz, "“'Michael Piisken, "'Bettina BaeRler, "“'Stephanie Sauer, '“'David Maintz,
Daniel Pinto dos Santos

f

Stage 1:

10 mammograms in

random order with the
diagnosis by the Al

=
W w s Z

Stage 2:

40 mammograms in 12 Mammograms +
random order: 12/40 with

an incorrect diagnosis and
28/40 with the

diagnosis by the Al CehdiTriE) (4 ocaston] RN Ground Truth Al Suggestion N

L . 2 T R T

LE e 2 nom on om W

noowmo 2 i I D

Total: 50 7 T 5 —
Mammograms v 2
[} v I )
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100
= i Al ® Inexperienced
gm 80— 4 Moderately Experienced
o E m Very Experienced
5%
-
<] -
° £ 60
SE
£s
85 40—
53
i
g 20—
]
=

n_

Al suggests correct BI-RADS
Category

Correctness of Al Suggestions

Al suggests incorrect BI-RADS
Category

10=
® Inexperienced
4 Moderately Experienced
8= | = Very Experienced . AAA

Degree of Bias

Al suggests higher BI-RADS
category than ground truth

Al suggests lower BI-RADS
category than ground truth

Direction of Bias

17
Evaluation
Training Protocol
Pre-processing  Feature selection
(oS PG External Test
cross-validation) Data ™
Missing Data Configure ™
- y - Independent ~
Removal, I , .
Research Question h?::fr::‘d'::d Data eﬁw_ﬁﬁ;ﬁ:&w Input — dalaset .
Available Data Eraieits Collecti Configuration Foiaidh Interpret -
Problem Type Assembly 3 Manual vs. e — o
. Measures Tr:n:ﬂf;matmn data driven Split Test Data 5 7
lization, "

Study Design saved for testing
Generalization
Parameter limits

Results
LS J
Methods: Data Preprocessing, Model Development, and Validation
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_ Model evaluation @
E -Statistical bias
|
® Data collection g
-Data acquisition & i }

aggregation bias

/—Insﬁfuﬁonclfsysfemic biaseee
-Biased synthetic data ;

-Activity bias
--Presentation biasee

-Population biasee Data preparation @

-Popularity/e e - o | -Content production bias
patient-based bias
-Temporal bicsesee . -
-Som?)iing/l enee ,Mernb?,sh% ————————— Exclusion bicseee
g_epresen’ra’rion/selecﬁon ) Rl

1as

bias
-Detection bias

el . —--Automation complacency/
-Amplification bias

-loss of situational awareness bias ®®

-Training data biasee SRy e B

-Cognitive biaseee
B Model deployment ®
-Deployment bias

-Concept drift/emergent bias
-User interaction bias

{
i
- \
@ Model development . !
-Inherited/error propagation bias |

i
|
i
. o s .
i '-Uncertainty bias/epistemic uncertainty s @
1

-Evaluation bias e ee
-Funding/publication bias

"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
| statistical bias
® Datacollection .. E
-Bg;?e%%?ikgrswﬂggs& -Institutional/systemic biaseee
3 X -Activity bias
-Biased synthetic data ¥
-Presentation biasse
7 //
-Population biasees- ; g Data preparation @
-Popularity/ee e - B ! i -Content production bias
patient-based bias
-Temporal bias o ;i .
-SqmF;Iing/ eree _Membersh& o) —-Exclusion biaseee
o laet -Historical bids¥
I;epresen ation/selection BRehoviord
ias bias
-Detection bias Y -Automation complacency/
-Amplification bias -loss of situational awareness bias ®®
-Training data biasee S mERotater Bigsees
-Cognitive biaseee
________ Model deployment @
-Deployment bias
i -Concept drift/emergent bias
@ Model development | i ! i -User interaction bias
A g 5 j i
-Inherited/emor propagaiion bice : {-Uncertainty bias/epistemic uncertainty s e
E-Evc.ﬂuctior\ biaseee
"Toward fairness in artificial intelligence for medical image analysis: identification and mitigation of poten;iEILlJ)iDsgsI'i’l%éPo;{i%&?ﬁgggg ctojlfg:l?on to model deployment,” J. Med. Imag. 10(6) 061104 (26 April 2023)
20
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CXR Dataset Labels

Edema
Consolidation
Pneumonia
Atelectasis
Pneumothorax
Pleural Effusion
Pleural Other
Fracture
Support Devices

48905 (26.06)
12730 (6.78)
4576 (2.44)
29333 (15.63)
17313 (9.23)
75696 (40.34)
2441 (1.3)
7270 (3.87)
105831 (56.4)

11571 (6.17)
23976 (12.78)
15658 (8.34)
29377 (15.66)
2663 (1.42)
9419 (5.02)
1771 (0.94)
484 (0.26)
898 (0.48)

Pathology Positive (%) Uncertain (%)  Negative (%)
No Finding 16627 (8.86) 0 (0.0) 171014 (91.14)
Enlarged Cardiom. 9020 (4.81) 10148 (5.41) 168473 (89.78)
Cardiomegaly 23002 (12.26) 6597 (3.52) 158042 (84.23)
Lung Lesion 6856 (3.65) 1071 (0.57) 179714 (95.78)
Lung Opacity 92669 (49.39) 4341 (2.31) 90631 (48.3)

127165 (67.77)
150935 (80.44)
167407 (89.22)
128931 (68.71)
167665 (89.35)
102526 (54.64)
183429 (97.76)
179887 (95.87)
80912 (43.12)

on

0.0t

Atelectasis

Lesion

0.10

0.03 | Consolidation 0.06

Pneumonia
0.04

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

21

Pathology

Atelectasis
Cardiomegaly
Effusion
Infiltration
Mass

Nodule
Poeumonia
Poeumothorax
Consolidation
Edema
Fibrosis
Pleural Thickening
Hernia

Hidden stratification

22
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Hidden stratification

1.0 1.0
0.8 0.8
0.6 0.6
0.4 0.4
0.2 — All (AUC 0.91) 0.2
—— Hardware (AUC 0.98) —— All (AUC 0.87)
—— Fracture (AUC 0.86) —— Chest Drains (AUC 0.94)
0.0 —— Degenerative (AUC 0.76) 0.0 —— No Chest Drains (AUC 0.77)
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Hidden Stratification Causes Clinically Meaningful Failures in Machine Learning for Medical Imaging

Luke Oakden-Rayner, Jared Dunnmon, Gustavo Carneiro, Christopher Ré

23

Challenges with Al in diagnosis

Was there COVID-19 back in 2012? — Challenge for Al in Diagnosis with
Similar Indications

Imon Banerjee, PhD!S, Priyanshu Sinha?, Saptarshi Purkayastha, PhD?, NazaninMashhaditafreshi, BSc*, Amara
Tariq, PhD', Jiwoong Jeong, MS!, Hari Trivedi, MD'*, Judy W. Gichoya, MBChB MS'?®

"Department of Biomedical Informatics, Emory School of Medicine, Atlanta, USA;
*MentorGraphics Indian Pvt. Ltd., India;

3School of Informatics & Computing, Indiana University, Purdue University, Indianapolis, USA;
1Department of Computer Engineering, K. N. Toosi University of Technology, Tehran, Iran;
5Department of Radiology, Emory School of Medicine, Atlanta, USA

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

24
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Al for radiographic COVID-19 detection selects
shortcuts over signal

Alex J. DeGrave, Joseph D. Janizek & Su-In Lee &5

Nature Machine Intelligence 3, 610-619 (2021) | Cite this article

a c
Dataset | Dataset Il
Evaluation ik i Internal ~ External  Internal
across nisrprefation testing  testing (eshng
Model 37 Model
1 training training
Dataset |: Dataset II:
ChestX-ray14/ PadChest/ Saliency Generative
GitHub-COVID BIMCV-COVID-19+ maps models

1

-m-, Dataset I: Training data Dataset |I:

Q ChestX-ray14/ PadChest/

8 10 GitHub-COVID BIMCV-COVID-19+

o K

7

+| EH o 08 7

o 7 3 ,7 _Testdata

g .2 0.6 // —— Datasst |

Q 2 7 — Dataset ll

S 8 04 L

3 L AUC S — AUC
b Dataset | Dataset Il " 02 P  Internal: 0.992 + 0.006 // Internal: 0.995 + 0.003
Combined | chest. | Sitiu. | Combined | PadChest |BIMCY: j¢0  Exiemal076+0.04 2 Extamal: 070 £0.05
Xray14 | COVID ViD-19+ o+ - . Y

No. radiographs 112,528 | 112,120 408 97,866 96,270 1,596 0 02 04 06 08 1.0 0 02 04 06 08 1.0
No. patients 31,067 30,805 262 64,954 63,939 1,105 i
% COVID-19+ 02 o| 765 16 0 100 False postive mats
% AP images 39.9 40 26 5.6 4.7 58.1

https://www.nature.com/articles/s42256-021-00338-7
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COVID-19+ COVID-19-

COVID-19+

Dth percentile

[ -

COVID-19- , COVID-19+
(Real) (Generated)

COVID-19+ » COVID-19-
(Generated)

ChestX-ray14/GitHub-COVID

PadChest/BIMCV-COVID-19+

99th percentile
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Experimental confirmation of insights from saliency maps and CycleGANs via radiograph

modification. "
a Positive image

Positive image Important pixels with negative token Imporlant pixels

A model output (log odds)
b o

™ -4
oy Swap -5 .
Model output (log odds): 10.00 Model output (log odds): 4.37
Positive image —
Negative image Important pixels with negative token . Important pixels ‘g :; .
b g1
= 8
v a8 6
= 4 . 3
b ¥ g
o “ « & " a
Model output (log odds): ~13.86 Model output (log odds): —0.01
Negative image
Negative image Important pixels with shoulders moved Imponant pixels g7 i
™ M
o Move shoulders gs
to top comers. 3 4
. —_— 33
o il = =
f{"" P g 2
3 1
Model output (log odds): ~11.24 Model output (log 0dds): 4.7 >
27
Datasel [ B Daiasel 1
ChestX-ray14 PadChest
GitHub-COVID BIMCV-COVID-19+
28
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————————Traning data —————

Dataset | Dataset ||
ChestX-ray14/ PadChest/
GitHub-COVID BIMCV-COVID-19+
1.0 4 7 7
// ] //
08 al 1 e
// //
S 06 ’ . e
o
& 04 . e
s
0 AUC i .~ AUC
2 ' +” Internal: 0.99917 + 0.00008 +7 Internal: 0.992 + 0.003
o 7 External: 0.949 + 0.008 7 External: 0.993 + 0.002
g 0-¥ T T T T T . T T T T T
.“§
o 1.0 + ~ 7
4 ] >
oo ol 1 ot
4 ’
» /’ ’
$ 06 s 1 i
E e R4 Test data
= 04 - ”~ _ ,¢" ——Dataset |
o e R4 —— Dataset ||
4 7
0.2 - » AUC 4 g AUC
7 Internal: 0.9969 + 0.0003 .7 Internal: 0.9962 + 0.0009
0 R4 External: 0.9941 + 0.0007 R4 External: 0.982 + 0.004
- T T

T T T T T T T T
0 02 04 06 08 10 O 02 04 06 08 1.0
False positive rate

29
Impact of multi-source data augmentation
on performance of convolutional neural
networks for abnormality classification in
mammography
InChan Hwang* Hari Trivedi? Beatrice Brown-Mulry! Linglin Zhang*
Vineela Nalla® @ Aimilia Gastounioti* Judy Gichoya? Laleh Seyyed-Kalantal
Imon Banerjee® Q MinJae Wool*
30
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Impact of multi-source data augmentation on
performance of convolutional neural networks
for abnormality classification in

False Positive Rate

Performance of RESNETS50 (Mixed Dataset)

Performance of RESNET50 (EMBED only)
1.0 1 Ii
0.8 ]
I
o
0.6 g
.§
0.4 a
—— White AUC 0.955 o
i —— Black AUC0.899 | ®
—— Asian AUC 0.925
o —— Other AUC 0.866

1.0 1
0.8 1
0.6
0.4
—— White AUC 0.873
0.2 —— Black AUC 0.796
—— Asian AUC 0.818
0.0 —— Other AUC 0.864

00 02 04 06 08 10
True Positive Rate

O.YO 0f2 Oj4 0r5 018 110
True Positive Rate
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A Thousand Words--

One look at our line of Republic, Fire-
stone, Miller 2nd United States tires can
tell you more than a bundred personal
letters or advertisements

WE WILL PROVE THEIR VALUE
BEFORE YOU INVEST ONE DOLLAR
IN THEM.

Ever consider baying Supplies from a
cataleg?

What's the use ! Call and seo what you
are buying, One ok at oar disnlay of acte-
mobile and molorcyele accemsories will eon-

THAT WE HAVE EVERYTHING FOR
THE AUTO

Pigua Auto Supply House
Lﬂ__ ppIy

133 N. Main St—Fique, O.

NS PV il W T R T L R T
1913 newspaper Henrik
advertisement Ibsen

| One Look Is Worth I

Judy is “Black”, F, 60 yrs (CXR
age = 78 yrs), SDI 45, ICD
codes — COPD, CHF, 15,000
USD
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ORIGINAL ARTICLE DATA SCIENCE | VOLUME 19, ISSUE 1, P184-191, JANUARY 01, 2022

Detecting Racial/Ethnic Health Disparities Using Deep
Learning From Frontal Chest Radiography

Ayis Pyrros, MD 2 = « Jorge Mario Rodriguez-Fernandez, MD « Stephen M. Borstelmann, MD
Judy Wawira Gichoya, MD « Jeanne M. Horowitz, MD = Brian Fornelli, MS « Nasir Siddiqui, MD «
Yury Velichko, PhD - Oluwasanmi Koyejo, PhD « William Galanter, MD, PhD « Show less

DOI: https://doi.org/10.1016/.jacr.2021.09.010

35

HCC85-CHF HCC96-Arrythmia (A.fib) HCC22-Morbid Obesity HCC111-COPD

Overlayed Gradient Magnitudes Overlayed Gradient Magnitudes.

Overiayed Gradient Magnitudes Overlayed Gradient Magnitudes

HCC108-Vascular disease HCC18-Diabetes

Overlayed Gradient Magnitudes Overlayed Gradient Magnitudes

One CXR generates six HCC
probabilities

Cardiac arrythmia maps demonstrate subtle increased
activation in the atrial regions

CHF maps shows enlarged heart
Vascular disease activation at the aortic knob

COPD shows increased activation of the lungs
Diabetes activation in the axillary soft-tissues and aorta

36
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Social Deprivation Index

Social Deprivation Index, 2015

R ey
- = Rt

_:“"\

s~ i 30

NONWHITE:
ASIAN,BLACK,
HISPANIC

AVEARGE AGE 48
SDI average 45,
median 40, std 28
252 (30%)

AVERAGE AGE 52

SDI average 27,
median 21, std 23

562 (70%)

Social
Deprivation
Index

114 MALE
138 FEMALE

Social
Deprivation
Index

275 MALE
287 FEMALE

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

37
. HCC18: Diabetes with Chronic -
Complications J = |
o Areaunder the curve: 0.80, 95% ClI: J !’ﬁ
0.75-0.84 (Delong) |
= HCC22: Morbid Obesity
o Areaunder the curve: 0.90, 95% Cl: 0.75- name
0.87-0.93(Delong) HCC1S
= HCCB85: Congestive Heart Failure > —
o Area under the curve: 0.87, 95% Cl: 0.81-0.94 =
(Detong) = 0.50- — HCC8s
= HCC9é: Cardiac Arrythmias % ) e
o Areaunder the curve: 0.76, 95% ClI: ] | 9
0.67-0.85 (Delong) 1| — HCCo18
= HCCI108: Vascular disease . | HCC111
o Areaunder the curve: 0.85, 95% Cl: ‘ dl
0.82-0.89 (Delong) L
= HCCI11: Chronic obstructive |
pulmonary disease |
o Areaunder the curve: 0.83, 95% Cl: 0.00-
0.75-0.91 (Delong) 1.00 0.75 0.50 0.25 0.00
specificity
38
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65-year-old self-reported Hispanic Spanish speaking
woman, with COVID+, and without a diagnosis for CHF.

Overlayed Gradient Magnitudes

v
oD az 0.4 0.6 aB 1.0

39
Article | Open Access | Published: 07 July 2023
Opportunistic detection of type 2 diabetes using deep
learning from frontal chest radiographs
Ayis Pyrros &9, Stephen M. Borstelmann, Ramana Mantravadi, Zachary Zaiman, Kaesha Thomas,
Brandon Price, Eugene Greenstein, Nasir Siddigui, Melinda Willis, lhar Shulhan, John Hines-Shabh,
Jeanne M. Horowitz, Paul Nikolaidis, Matthew P. Lungren, Jorge Mario Rodriguez-Fernandez, Judy
Wawira Gichoya, Sanmi Koyejo, Adam E Flanders, Nishith Khandwala, Amit Gupta, John W. Garrett,
Joseph Paul Cohen, Brian T. Layden, Perry J. Pickhardt & William Galanter
Nature Communications 14, Article number: 4039 (2023) | Cite this article
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Opportunistic detection of type 2 diabetes using
deep learning from frontal chest radiographs

A B

b4 - - A F
FRVETRATET MR,
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41

Gifsplanation using Latent Feature
Autoencoder

FE |mE | aAr

42
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nature > scientific reports > articles > article

Article | Open Access | Published: 18 May 2022

Prediction of future healthcare expenses of patients
from chest radiographs using deep learning: a pilot

study

Jae Ho Sohn [, Yixin Chen, Dmytro Lituiev, Jaewon Yang, Karen Ordovas, Dexter Hadley, Thienkhai H.

Vu, Benjamin L. Franc & Youngho Seo

43
nature > scientific reports > articles > article
Article | Open Access | Published: 18 May 2022
Prediction of future healthcare expenses of patients
from chest radiographs using deep learning: a pilot
study
Jae Ho Sohn &, Yixin Chen, Dmytro Lituiev, Jaewon Yang, Karen Ordovas, Dexter Hadley, Thienkhai H.
Vu, Benjamin L. Franc & Youngho Seo
A
ROC Curve for Best Classification Models B
1.0
1.00 1
0.8 m
¢ 0.751 é $
i Q o P % Model
£ 0.6
§ < 0.50- s %
2 o R ® X
0.4 O ® TX1
£ o e TX2
0.25+
0.2
ROC curve for 1 Yr. (area = 0.81)
= ROC curve for 3 Yrs: (area = 0.77) i
0.0 —— ROC curve for 5 Yrs: (area = 0.73) O : OO T T T
0.0 0.2 04 0.6 0.8 1.0 1Y 3Y SY
False Posilive Rat
arse rostve e Years of Future Expenses
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Actual cost: $1327 Actual cost: $70096
Predicted cost: $1204
Actual category: bottom 50%

Predicted category: bottom 50%

Predicted cost: 568794
Actual category: top 50%
Predicted category: top 50%

Prediction of future healthcare expenses of patients from
chest radiographs using deep learning: a pilot study

Representative Bad Predictions

e

Actual cost: $827
Predicted cost: $11644
Actual category: bottom 50%
Predicted category: top 50%

Actual cost: $15732
Predicted cost: $72311
Actual category: top 50%
Predicted category: top 50%

45
> JACC Cardiovasc Imaging. 2021 Nov;14(11):2226-2236. doi: 10.1016/j.jcmg.2021.01.008.
Epub 2021 Mar 17.
Deep Learning to Estimate Biological Age From Chest
Radiographs
Vineet K Raghu ', Jakob Weiss 2, Udo Hoffmann 3, Hugo J W L Aerts 4, Michael T Lu 3
46
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CENTRAL ILLUSTRATION: A Deep Learning-Based Chest X-Ray Age
Predicts Long-Term All-Cause and Cardiovascular Mortality Using Only a Chest
X-Ray Image

A CXR-Age Developed in 116,035 individuals.

Input: Chest X-ray image CXR-Age
convolutional neural network

-z =

B CXR-Age Validated for All-Cause and CV Mortality in PLCO (N = 40,967) and NLST (N = 5,414).

o 1204
S
§on jor i
jom fon H
[N [ o
w e e m A w w w o o® now w
Ormssgors Pa——
[ e = L e e =T ==
- G4 Jusa (e e s L ° el L am e I S
§-mudua e m e om0 J-uodun m m ue m ow et
B-n {m__w ® @ s s f-m jm  m  w m w4 A-m
- - i » 0 “ - » n " » - » b - - »
Ormsegors pa——— rs———

Kaplan-Meier survival by CXR-Age and chronological age in the PLCO test dataset

Raghu, V.K. et al. J Am Coll Cardiol Img. 2021;14(11):2226-36.
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CXR-Age greater than chronological age CXR-Age less than chronological age

Chronological age: 55 years Chronological age: 72 years
CXR-Age: 68 years CXR-Age: 64 years
Interpretation: Central mediastinum
and heart, with cardiomegaly and
signs of pulmonary cangestion.
- . Outcome: Died of cardiomyopathy

Interpretation: Central mediastinum
and heart, in a patient with an
unremarkable cardiac silhouette.

Qutcome: Alive at end of follow-up,
age 85

Chronological age: 62 years
CXR-Age: 71 years

Chronological age: 71 years
CXR-Age: 60 years

Interpretation: Prominent upper
mediastinum and aortic knob.

Interpretation: Normal upper
mediastinum and aortic knob.

Outcome: Alive at end of follow-up,
age 91

Outcome: Died of a stroke at age
69

Chronological age: 64 years
CXR-Age: 74 years

Chronological age: 73 years
CXR-Age: 64 years

Interpretation: Less prominent upper

Interpretation: Prominent upper
k mediastinum and low neck.

mediastinum/low necl

Outcome: Alive at end of follow-up,
age 9

Outcome: Died of ischemic heart
disease at age 65

at age 60

Chronological age: 73 years
CXR-Age: b4 years

Interpretation: Normal left heart and
aortic knob.

Qutcome: Alive at end of follow-up,
age 93

Chronological age: 65 years
CXR-Age: 57 years.

Chronological age: 55 years
CXR-Age: 64 years

Interpretation: Right cardiophrenic
angle, with normal right atrial and
diaphragmatic silhouettes.

Interpretation: Right cardiophrenic
angle, including a prominent right
atrium and slightly elevated right
hemi diaphragm

Chronological age: 59 years
i CXR-Age: 69 years
Interpretation: Dilated left heart and
aortic knob.
Outcome: Died of cancer at age 63.

QOutcome: Died of a respiratory Qutcome: Alive at end of follow-up,
illness at age 59 age 76

48
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Chest radiography as a biomarker of ageing: artificial
intelligence-based, multi-institutional model development
and validation in Japan

Yasuhito Mitsuyamea, Toshimasa Matsumoto, Hiroyuki Tatekawa, Shannon L Walston, Tatsuo Kimura, Akira Yamamato, Toshio Watanabe,
Yukio Miki, Daiju Ueda

A Age21-40years B Age41-60years C Age61-80years D Age81-100years
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The Lancet Digital Health

Volume 4, Issue 6, June 2022, Pages e406-e414

LLSL\ ILR

Articles

Al recognition of patient race in medical imaging:

a modelling study

udy Wawira Gichoya MD & &, Imon Banerjee PhD €, Ananth Reddy Bhimireddy MS 2, John L Burns MS ¢
Yy i ] Yy y

, Leo

Anthony Celi MD © 8, Li-Ching Chen BS ", Ramon Correa BS €, Natalie Dullerud MS, Marzyeh Ghassemi PhD ©:,
Shih-Cheng HuangJ, Po-Chih Kuo PhD ", Matthew P Lungren MD/J, Lyle ) Palmer PhD %!, Brandon J Price MD ™,

Saptarshi Purkayastha PhD 9, Ayis T Pyrros MD ", Lauren Oakden-Rayner MD K, Chima Okechukwu MS © .
Zhang MS'

Show more

.. Haoran
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What C ensus Calls US ‘This graphic displays the different race, ethnicity and crigin categories used in the U.S. decennial census, from the first one in 1760 to

the latest count in 2020. The category names often changed from one decade to the next, in a reflection of current polities, seience and

A Historical Timeline public attitudes. For example, “colored” became “black,” with “Negro™ and “African American” added later. The term “Negro™ was

CENSUS YEAR

1790 | 1800 | 1810 | 1820 | 1830 1840 1850 | 1860
Free white males, Free white females.

dropped for the 2020 census. Through 1950, census-takers commonly determined the race of the pecple they counted. From 1960 on,

Americans could choose their own race. Starting in 2000, A ans could inelud, in mere than one racial ea
Before that, many multiracial people were counted in only one racial category.

Pacple coud chonse
thei own race
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MXR P EMX NLST RSPECT EM-CT DHA EM-Mammo EM-CS
(Stanford subset)
Data type Chest x-ray Chest x-ray Chest x-ray Chest CT ChestCT Chest CT Digital Breast Lateral c-spine
(PE protocol) radiographyx-ray mammograms  x-ray
Number of patients 53073 (228915) 65400(223414) 90518 (227872) 512(198475) 254(72329) 560 (187513) 691(691) 27160 (86669) 997 (10358)
(number of images)
Sex
Female 27532(519%) 29090 (44-5%)  48477(536%) 184(36:0%)  135(53-1%) 286(511%) 400 (49-2%) 27160 (100%) 535 (537%)
Male 25541 (481%) 36310 (55:5%) 42041 (46-4%) 328 (64:0%) 119 (46-9%) 274(489%) 391 (56:6%) (1] 462 (46-3%)
Race
Black 8957 (16:9%) 3147 (4-8%) 42373 (46-8%) 241 (47-1%) 23(9-1%) 403(720%) 333 (482%) 13696 (50-4%) 247 (24-8%)
Asian 1935 (3-6%) 7096 (10-8%) 3293 (3-6%) 0 0 0 0 0 0
White 34035 (641%) 36765 (56-2%) 38071(421%)  271(53-0%)  231(90-9%) 157(28.0%) 358 (51-8%) 13464 (49-6%) 750 (75:2%)
Unknown 8146 (153%)  18420(28-2%) 6781 (7:5%) 0 0 0 0 0 0
Dataset split
Training, % 60-0% 60-0% 75-0% 78:0% 0 0 70-0% 60-0% 80.0%
Validation, % 10-0% 10-0% 12-5% 10-0% 0 0 10-0% 20-0% 10-0%
Test, % 30.0% 30:0% 12-5% 12:0% 100-0% 100-0% 20-0% 20-0% 10-0%

CXP=CheXpert dataset. DHA=Digital Hand Atlas. EM-CS=Emory Cervical Spine radiograph dataset. EM-CT=Emory Chest CT dataset. EM-Mammo=Emory Mammogram dataset. EMX=Emory chest x-ray dataset.

MXR=MIMIC-CXR dataset. NLST=National Lung Cancer Screening Trial dataset. RSPECT=RSNA Pulmonary Embolism CT dataset.

Table 1: Summary of datasets used for race prediction experiments

53
Area under the receiver Area under the receiver operating characteristics curve value for race
operating characteristics curve classification
Raced in radiology imaging Asian (95% C1) Black (95% (1) White (95% C1)
Chest x-ray (internal validation)* Primary race detection in chest x-ray imaging
MXR (Resnet34, Densenet121) 097,094 MXR Resnet34 0-986 (0-984-0.988) 0.982 (0-981-0-983)  0-981(0.979-0-982)
CXP (Resnet 34) 098 CXPResnet34 0981 (0-979-0-983) 0.980(0-977-0983) 0980 (0-978-0-981)
Ex::s:;:ttég) Demenetizl, 098,0.97,0:99 EMX Resnet34 0.969 (0-961-0-976) 0992 (0-991-0-994)  0-988 (0.986-0-989)
Chest x-ray (external validation)* alton o poce e e Aot
MXR to CXP, MXR to EMX 097,097 MXR Resnet34to CXP 0-947 (0-944-0-951) 0-962 (0-957-0-966)  0-948 (0-945-0-951)
CXPto EMX, CXP to MXR 097,096 MXR Resnet34 to EMX  0-914 (0-899-0-928) 0-983(0-981-0.985)  0.975(0.973-0-978)
EMX to MXR, EMX to CXP 098,098 CXPResnet34toMXR 0974 (0-971-0977) 0.955(0-952-0.957)  0-956 (0-954-0-958)
Chestxeray (comparison of models)t CXPResnet34to EMX 0915 (0-901-0-929) 0968 (0-965-0-971)  0-954 (0-951-0-958)
AXR CXPEMX AR A o raABp 26 EMX Resnet34toMXR 0966 (0-962-0-969) 0.970(0-968-0:972)  0-964 (0-962-0-965)
T chast intrral alidation)* EMX Resnet34toCXP 0-949 (0-946-0-952) 0.973(0970-0.977)  0-947 (0-945-0-950)
NLST (slice, study) 0-92,0-96 Race detection in non-chest x-ray imaging modalities: binary race detection (Black or White)
CT chest (external validation)* NLST 3;2 ::t::;?:;g:og;?i)
NLST to EM-CT (slice, study) 0-80, 087 ’
NLST to EM-CT 0-80 (slice; 0.796-0-800),
NLST to RSPECT (slice, study) 0-83,0-90 087 (study; 0-829-0-904)
Limb x-ray (internal validation)* NLST to RSPECT 0-83 (slice; 0-825-0-834),
DHA 091 0-90 (study; 0-836-0-958)
Mammography* EM-Mammo 078 (slice; 0-773-0-786),
EM-Mammo (image, study) 078,081 0-81 (study; 0-794-0-818)
Cervical spine x-ray* EM-CS 0913 (0-892-0-931)
EM-CS 092 DHA 0-87 (0.752-0-894)
54
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Model Attention

Assessing the Trustworthiness of Saliency Maps for
Localizing Abnormalities in Medical Imaging

Nishanth Arun # 1, Nathan Gaw # 1, Praveer Singh 1, Ken Chang ', Mehak Aggarwal ',

Bryan Chen 1, Katharina Hoebel 1, Sharut Gupta !, Jay Patel !, Mishka Gidwani 1,

Julius Adebayo ', Matthew D Li ', Jayashree Kalpathy-Cramer !

Asian

Black

White

Accurate primary race
prediction

Accurate primary race
prediction from the “no
finding” class label
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Image Obscuration

Asian Black | White
MXR Densenet121-Original 093 0.94 0.94
MXR Densenet121-Masked 0.88 0.79 0.79

56
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Patch Predictions and Exclusions

Quadrant 1

a) Original image

b) Removing a patch

¢) Using only one patch

57

Patch Predictions and Exclusions

Patch exclusion Single Patch Training
Quadrant 1 2 3 Quadrant 1 2 3
1 0.87 0.88 0.87 1 0.91 0.90 0.91
2 0.81 0.82 0.81 2 0.91 0.91 0.91
3 0.75 0.60 0.75 3 0.91 0.91 0.91
58
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Anatomic segmentation

QOriginal Non-lung segmentation Lung segmentation
Asian Black | White
MXR Densenet]21-Original 0.93 0.94 0.94
MXR Densenetl21-Non lung 0.87 0.85 0.87
MXR Densenet]21-Lung 0.68 0.74 0.73
59
Asian Black | White
MXR Densenet121-Original 093 0.94 0.94
MXR Densenet121-Noisy 0.64 0.72 0.70
MXR Densenet121-Blurred 0.59 0.64 0.62
60
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Image degradation experiments

Model trained on CheXphoto performance compared to CheXpert

Original (CheXpert) CheXphoto

CheXphoto CheXpert
AUC AUC
Asian 0.81 Asian 0.90
Black 0.77 Black 0.94
White 0.80 White 0.89
0
o @ 6 P 00 ° & 0 -
50 -0
20 20
- 2 15 n ] it =
150 - 150
100 - 100
~ k4 B @ "~ a 1 -5
) -0
[] 1 2 0 1
CheXphoto: 10,000+ Photos and Transformations of Chest X-rays for Benchmarking Deep Learning Robustness
Nick A. Phillips, Pranav Rajpurkar, Mark Sabini, Rayan Krishnan, Sharon Zhou, Anuj Pareek, Nguyet Minh Phu, Chris Wang, Mudit Jain, Nguyen Duong Du, Steven QH Truong, Andrew Y. Ng, Matthew P. Lungren
| d dati ' t
" # Resolution
- Race
S i 4 8 16 24 32 40 60 80 160 240 320 512
| g Asian 066 [072 |0.74 |[0.78 078 |081 (085 |0.90 0.95 0.96 097 098
Black 063 068 |072 (077 [079 (084 |0.88 [0.92 096 097 |[097 (098
# 7 White 0.63 [068 |0.72 |0.76 079 |0.83 [0.87 [0.92 0.96 0.96 0.97 0.97
» ‘|‘
-
/ Bx8 16x16 24x24 32x32 20x40 60x60 80x80
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Low Pass Filter

Image degradation experiments

High Pass Filter

—— White
—— Black
—— Asian

0 50 100 150 =~ 200
Diameter
LPF 10 LPF 25 LPF 50 LPF 100

LPF 5

S P S

0 50

100 150 200
Diameter
HPF 25 HPF 50 HPF 100

HPF 5 HPF 10
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Race detection at specific hospital
And specific manufacturer equipment

Performance across equipment

Race detection at specific hospital
And specific manufacturer equipment

Hospital “1" Internal test at same hospital with same
equipment

Carestream Portable X-ray machine
Asian: 0.92

All views were AP Black: 0.98
White: 0.98

~55,000 training images

Hospital “1"
Carestream Portable X-ray machine
All views were AP

~55,000 training images

Test at other Emory hospitals with both
Carestream & GE equipment

Asian: 0.86
Black: 0.97
White: 0.96

64
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Phantoms

65

Phantoms

1400 1

1200 1

1000 A1

800 4

600 1

400 4

200 1

0.0 02 04 06 08 10
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Experiments on anatomic and phenotypic
confounders

Experiments on anatomic and phenotypic confounders Model prediction after training on dataset with equal disease
distributiont
BMI*
MXR 0-75
oxp 055052 Removal of bone density features*
Image-based race detection stratified by BMIt MXR, CXP 0.96,0.94
EMX, MXR Multiple results (appendix p 24) Impact of average pixel thresholdst
Breast density* MXR 050
EM-Mammo 054 Impact of aget
Breast density and age* MXR Multiple results (appendix p 27)
EM-Mammo 0-61 Impact of patient sext
Disease distribution* MXR Multiple results (appendix p 28)
MXR, CXP 0.61,0.57 Combination of age, sex, disease, and body habitus*
. " EMX (logistic regression model, 0-65,0-64,0.64
- *
Image-based race detection for the no finding class U, S
MXR 0-94 model)

The Lancet Digital Health
Available online 11 May 2022
in Press, Corrected Proof (B
Asticles
Al recognition of patient race in medical
imaging: a modelling study
istha PhD ©, Ayis T Pyrros MD ", Lauren Oakden-Rayner MD *, Chima Okechukwu MS © ...
Haoran Zhang MS
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 Al models can recognize race.

34



10/26/2023

Judy is “Black”, F, 60 yrs (CXR
age = 78 yrs), SDI 45, ICD
codes — COPD, CHF, 15,000
UsSD

69

Joint Statement on Enforcement Efforts
Against Discrimination and Bias in
Automated Systems

70
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Ehe New otk Eimes

OPINION
GUEST ESSAY

Lina Khan: We Must Regulate A.L

Heres How.

May 3, 2023

71

Privacy and Al regulation

* Do we need consent for data sharing ?

* When / how to get consent ?

* IRBs empowered to protect patient privacy in the era of Al ?
* Can we sufficiently deidentify/anonymize patients ?

* Can patients opt out?

* Universal consent ? EMR versus patient pictures ?

* Accruing benefits

* NIH mandate for data sharing

72
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Ethics, Privacy, Bias and
Trust in the Application of Al

Judy Gichoya, MD MS
Director, HITI Lab

Associate Professor, Department of Radiology
Emory University

¢i—||T|LAB EMORY

UNIVERSITY

Objectives

EQUITY

Describe "shortcuts” and
Define types of bias in Al their impact on Al

performance

BIAS

74

37



10/26/2023

Ethics, Privacy, Bias and Trust in the
Application of Al 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

75

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

76
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CENTRE NUTRITION, SANTE ET SOCIETE

Al in Nutrition and Food Sciences:
Promises and Challenges

Benoit Lamarche, PhD

¥ UNIVERSITE
3|
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Disclosures

None
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Le Centre Recherche Formation Evénements Boite a outils Blogue

NUTRISS 48

CENTRE NUTRITION, SANTE ET SOCIETE

200

et chercheurs Membres Membres ¢

Affilié a

000 INAF

4

Fonds de recherche
Santé

Québec

Research focus
ENVIRONMENTS &
SYSTEMS

m Nutrition & Society

« Environnement (physique, économique,
politique et légal, socioculturel)
« Epidémiologie nutritionnelle

S8

INDIVIDUAL

m Eating behaviors

* Processus décisionnels liés aux choix alimentaires
= Comportements alimentaires
« Interventions

P\_p;\'EFOIv'H»IE NUME’R"QUE

E ‘ Precision nutrition

+ Nutrigénomique
« Epigénétique nutritionnelle
* Métabolomique nutritionnelle
= Microbiote et santé métabolique
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Time (2016) : Hungry Planet: What The World Eats (Canada)

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

1950

1950
Alan Turing develops
the “Turing Test™

First Al Winter

Mid 1970's-1980

Second Al Winter

2015
Pharmabot was
built

Late 1980's-Early 1990'
1956 SETAl 2014
John McCarthy coins Research Resource on Computers 1975 Amazon's virtual
the term “AI" in Biomedicine was founded: Saul The first NIH-sponsored assistant, Alexa is Arterys: FirstFDA
Amarel at Rutgers University AIM Workshop Held released approved cloud-
based DL
in healthcare
1964 1980 2010
First chatbot: Eliza Development of CAD applied to
EMYCIN: expert rule- opy
Based system |
2000
1952 7966 Deep leamning
Machine leaming Shakey, first
electronic person”
1976 2017
CASNET was demomstrated at 2007 Chatbot Mandy:
the Academy of 1BM began automated
1961 Ophthalmology meeting deelopment o patient intake
Unimate, the first hnok
industrialrobot, joins.
1973 1986
the assembly line at GM SUMEX-AIM was Release of Dxplain: a 2018-2020
created decision support Al trials in
system 2011 Gastroenterology
Apple’s virtual assistant
1972 Siri s integrated into
MYCIN was iPhones
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Al and machine learning

Artificial
intelligence

Machine
learning (ML)

Deep
learning

LTRSS

Traditionnal approaches

Inputs Output
Data

Prediction
Model

Machine learning approaches

Inputs Output
Data

Model Prediction
Results

Machine learning

Unsupervised

Reinforcement

PR

:

K

NUTRISS |
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Garbage in, garbage out

Figure 3. Plausibility of total energy
intakes vs. predicted energy intakes

TRAD WEB

66%
@ Under @ Plausible Over
NUTRISS Brassard et al, Frontiers Nutr 2020
9
Al 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)
NUTRISS |
10
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Al in nutrition

Change of culture

New vocabulary
Standardization of methods
Building capacity

LTRSS

https://www.analyticssteps.com/

11

Are Machine Learning Algorithms
More Accurate in Predicting
Vegetable and Fruit Consumption
Than Traditional Statistical Models?
An Exploratory Analysis

Meélina C6té ', Mazid Abiodoun Osseni®*, Didier Brassard'?, Elise Carbonneau’?,
Julie Robitaille "?, Marie-Claude Voh!"?, Simone Lemieux"?, Frangois Laviolette "** and
Benoit Lamarche >

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

NUTRISS |
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ICDAM 2023, Ireland

* |dentify barriers to advances in the development and application of methods for
characterizing dietary patterns, and solutions to collectively overcome these barriers

NUTRISS
13
Extending methods in dietary patterns research
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
NUTRISS
14
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Machine Learning in Nutrition Research

Daniel Kirk,' Esther Kok,' Michele Tufano,' Bedir Tekinerdogan,? Edith JM Feskens," and Guido Camps'?
' Division of Human Nutrition and Health, Wageningen University and Research, Wageningen, The Netherlands; Information Technology Group, Wageningen
University and Research, Wageningen, The Netherlands; and * OnePlanet Research Center, Wageningen, The Netherlands
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Bolng REVIEW
Artificial intelligence in nutrition research: perspectives on
current and future applications
Mélina C6té and Benoit Lamarche
APNM 2021
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