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Bridge to the Future

Artificial
Augmented g Intelligence
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How soon is now?

Operations

Medical

Imaging Clinical

Research

Bottomly and McWeeney (2024) JITC
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Clinical Transformation: Doctors # “Data Clerks”

;ﬂ Family medicine Scalable and Affordable

71 \

Dictation Systems

= Al Assistants
E 64
E '
S 5 :
e Lower Tech, Advanced
E Human Based Voice Al
1 Vi | Scrib
5 4 Transcription Services riualSeribes
=
5 Ambient Systems
e 31 Scribes
o
=)
©
£ 5
2 Not Scalable and High Cost
Source: American Academy of Family Physicians
14 i . ‘ " . ;
October  January April July October  January 79% better documentation quality

R ol U L £zl 2042 70% reduced burnout / fatigue

JAMA Health Forum. 2023;4(5):e230984
Jan 2021: Centers for Medicare & Medicaid Services Guideline Changes
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Bridging the Gap

Comprehensive Biological insights

Enhanced Predictive Modeling and Decision Support

|dentification of Biomarkers and Therapeutic Targets

« Address data complexity
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Multimodal Data Integration

Data modalities Opportunities

Omics | M L{ﬂ]}? Precision health
Microbiome | ‘M \
\[\ o "\“,”“
EHR/scans _ ';’A'

s“ h .
\ “\\ % Coviaes

Dlgital

immune status, \ | clinical trials

Metabolites,
biomarkers ‘Z / /
N

Wearable /
biosensors
MATCH
[ 2N )

\ ’ / oYa
Amblent :
sensors :
/v \ : m Virtual health
jcoach

Enwronment
Image: Acosta et al (2022).

Digital twins
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Thinking beyond multiple modalities....

Key: heterogeneous and interconnected* data

*Interconnected: Connected + Interacting
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Al Maturity Models for Research Tasks

ADVANCED INTERMEDIATE INFANCY

Al & ML in Clinical Trials

Regulatory Submission s Stucly Design
¢ Y
'?DIVA\ » oTMF ud-"o | — = aProtocol Design
=) ) _ 0@, =
= CSR Automation 9’ = Language Transiation

Data Analysis Study Setup

ks rh « 6CRF Design
= Data Analysis y il sigr

* Intarim Analysis * SDTM Mapping

Al + DB Craation

1]

. PV

Data Management

* Smart Querics
& Medical Coding
® Query Management

® SDV

Trial Management

‘O = Site selection

= Patient enrolment

* Risk bosed monitoring

* Chatboats

Supply Management
AL PRIy g

« Inventory forecasting
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Diagnostics

Myopia Diabetic retinopathy Glaucoma

Ischaemic stroke

Myocardial infarction

Zhou et al (2023) Nature
Self-Supervised model trained on 2 million retina images

. . . .. . KNIGHT
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Is the Bridge Safe?
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Al in the "Wild”

chest AN TOOOCOOOO gh 13 Chest
2 15 Breast

B 17 Heart
Beast | [l ANERNENENOOO # 25 Head

R T 80  Multiple/other

. 37 Multi-site reported

Heat | [HHIHO0000000000000 O 4 Prospective studies
t [l 54 High risk (3 and 4) ~r

@ 76 Low risk (1 and 2) Respiration rate -

EEEEEEEEEEEEEEE || e e—

Arrival mode (to ED) =

Head

*)

HEEEEN
1 1 L1
Muttiple/ | I 0 0
o000 e
00000

Temperature=
Patient age =
Pulse rate =
PPN I XYYy Sp02 scae1-
000000000000000 Na—
000000000000000 sy tsoig-
Number of ED visits in last 30 days =
Lives alone =

0.90 - 1 1 1 1 1 1 1 Harmful use of alcohol =
Hour of day =

Comorbidity count =

Manchester triage system score =

Benjamens et al (2020)

other

v

Current smoker=

AUROC

Triage pain score=

o o
@ 00
o w
III.IIII.I.III

Attendance complaint =
Triage complaint= . . .

1 1 1

T T 1 -0.03 =0.02 =0.01 0.00 0.01 0.02 0.03

mean(|SHAP valuecgyp -19|) - mean(|SHAP valuepre covip -19])

2019-10 2019-11 2019-12 2020-01 2020-02 2020-03 2020-04 2020-05
Duckworth et al. (2021)

. . . . '] KNIGHT
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The Need for Real World Monitoring

Dedicated Common Pool
Data Scientist Data Scientist, ML Engineers, Data Engineers, DevOps , Privacy & Security Experts

Resources 8 8 8 8 8 888 888

Phase Machine Learning Model Lifecycle

Model Data Model Prep Model DevOps Catalogs Governance
Development Pipelines Deployment

Image from Radiant Digital

Machine Learning Operations (MLOps)

. . . . . . . KNIGHT
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- Planning & » G "Datt.a & > B f\.t;lg.del& > Verification > Model . Operation & N PRE:I-WMH
i Design o el & Validation Deployment Monitoring EHiohnance
L Management Tuning Evaluation

Define Key
rf

mance

Data Suitability Model Selection
Data Quality
and Integrity HVPETFEH
Assurance

Problem Defi

HEGH

Evaluation Metrics Scalability Monitoring

odel Complexity

and Trade-offs and

Reporting

Deployment

ncident Response Continuous
and Troubleshooting Improvement

umentation
and
Reporting

ata Acc
and Sharing

Data Labeling Robustnessand
- and Annotation Generalization Improvement

-

me . e, Alerting
Planning
& Design ) S Data Privacy Feature Selectio Deployment 3 Logging and Evalu
Data Ethicsand Faimess and Security and Engineer Testing Relia Auditi G
Real-¥Worlkd ,
Collaction & : : : anc
Performance = Management Algorithm Selection sia G::Iirnance Cross Validation and Validation Intenrti Performance pari

Eva|m.ign7 \ s and Model Design i Holdout Validation Strategies FReBle Optimization with Baseline

Scalability and CE
Al EHF?I‘::;IE"-FEM zitg ﬂ:gu;:;m?: Ensemble Methods Model Comparison Versioning Resource MU';'Itglft'i'?’]ga”d

LifECYCle Model g g E Management B

Operation & Building

& Data Samplingand ationand et Monitoring Feedback ; y
Monitoring ‘ ' & Tuning Bias Mitigation i L d Logging Mechanisms Drift Detection

" Data Ve Meodel Explainability % Compliance Security Feedback

Model Verification arllgfaagzgﬁ;m?ﬁw and Traceability and Interpretability Robustness Testing and Governance and Compliance Collection

Deployment & Vakidation ——
Al Data Storage and Model Model Documentation Model Drift E A
Infrastructure Evaluation Metrics Interpretability Training Detection LIS
ocume ion

™

Risk Management

Cybersecurity

Source: FDA
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Clinical Implementation Pathways

Colorectal
: cancer
Survival
prediction Colorectal 75
— %
cancer
Cholangiocarcinoma —8Y 4
Colorectal cancer 2*45
46
Mesothelioma *®
Melanoma — 849
Colorectal cancer ————————————$# /8

Brain cancer

Hepatocellular 980
carcinoma

Pan-cancer——————$8 B
76
Breastcancer — %

Oral squamos _ » 77,
cell carcinoma

Ipilimumab
melanoma

Tumour
detection

Prostate cancer and breast

cancerr

Breast cancer

Prostate, skin and
breast cancer

9 58
Breast cancer

Nasopharyngeal
carcinoma subtyping
%61
62
9 60 ®°  Lymphoma
56
® #64 Colorectal cancer
29

%23 ¥ Lungcancer

265 Hepatocellular and
cholangiocarcinoma

Prostate cancer

Breast cancer

Breastcancer — % %

Breastcancer %%

Breast cancer

R status
Mutation
®70—— 1p53 pan prediction
69 cancer
| Pan-cancer
8%  spop prostate
e S EGFR Lung cancer
8 Melanoma
D A — Virus presence head/neck
and gastric cancer
»Z MSI gastrointestinal cancer
— BAP1 in uveal melanoma
*?;j Tumour mutational
burden liver cancer
PDL1 lung

cancer

Immunotherapy
lung cancer

Response prediction
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Skin cancer
..
~ Gastric and colon cant
63
® Colorectal
polyps

Gleason Gleason grading

grading in al in prostate cancer
eason
Prostate cancer grading in O Internal validatio

prostate cancer

Grading

O External validatic
. FDA approved

O Internal validation
O External validation
‘ FDA approved
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Are we trying to
drive on the

bridge as we
build it?

LR, | 'IA\‘ VAR BVZ A"

BN NS S\ 7
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To date: More Reactive than Proactive

Artificial Intelligence
Ethics Principles

Human control

@
£ Empowering
“ d humans
- I -]

’}'_’ A Fairness and
:Z :‘,‘- 7 Accountability wlw minimization
w4 of bias
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(3 Ethoscope
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Privacy,
security and
safety

by design

Transparency,
explainability
and ethical use
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Koko

"I'm trying to become a better me and having a hard time.
Its easier not to."

Want to send some kind words? By yourself, or with Koko?

~
-
=
u,

()L B

Koko A. Myself & -
Playing /vent B. With Koko &=
S C.Skip KOKO

Fea Mental health nonprofit

&.

»

robular Today at 2:58 PM
b

Koko ¥ BOT. Today at 2:58 PM
OK, let's work together on this. Give me a moment to think about it...

A OK dm




4,000 people
OK, How about this... ‘ 30,000 messages

Koko
Playing fvent

|

P

I hea;you. You're trying to become a better person and it's not easy. It's hard to make changes in our lives,

»

especially when we're trying to do it alone. But you're not alone. There are people here who care about you and
want to help you. I'm proud of you for making the decision to try to improve your life. It takes a lot of courage and
strength. | send you love and support as you go through this journey.

¥

What do you think?

Please read it carefully! I'm a robot and | can make rnistakes




Are we all on the
(same) bridge?

. . . .. . KNIGHT
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Are we augmenting inequality?

Real world patterns of health Discriminatory
inequality and discrimination data
Unequal access Discriminatory Biased clinical Sampling biases and Patterns of bias and
and resource healthcare decision World — Data lack of representative  discrimination baked
allocation processes making I datasets into data distributions
Application U Desi Biased Al design and
injustices S Al deployment practices

=e O Gt s 52
B [T ]

[z=2] ol A e O % %
Disregarding Exacerbating global Hazardous and Power imbalances in Biased and exclusionary Biased deployment,
and deepening health inequality and discriminatory repurposing agenda settingand design, model building explanation and system
digital divides rich-poor treatment gaps of biased Al systems problem formulation and testing practices monitoring practices

Image Source: Leslie et al 2021
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What is hidden in the large amount of

20

public data?

Large image datasets: A pyrrhic win for computer vision?

CIFAR-10 B Label: cat +

Anonymous submission

Abstract

In this paper we investigate problematic practic.
consequences of large scale vision datasets. We ex
broad issues such as the question of consent and |
as well as specific concerns such as the inclusion of
ably pornographic images in datasets. Tuking the Imc
ILSVRC-2012 dataset as an example, we perform a
sectional model-based quantitative census covering j
such as age, gender, NSFW content scoring, class-wis
racy, human-cardinality-analysis, and the semanticity
image class information in order to statistically inve.
the extent and subtleties of ethical transgressions. W
use the census to help hand-curate a look-up-table of i
in the ImageNet-ILSVRC-2012 dataset that fall into th
gories of verifiably pornographic: shot in a non-cons
setting (up-skirt), beach voyeuristic, and exposed |

werwtn A mesensans tha lauwdonama af v amd thaaaqa

CIFAR-10 given label:

ARTIFICIAL INTELLIGENCE cat

MIT Takes Down Popular Al Dataset Due to Racist, ="
Misogynistic Content
‘ByViﬂoria ?ng Published July 2, 2020 | Comments (6) O o @ g @

MTurk consensus: frog

Labelerrors.com

Photo: Joe Raedle (Getty Images)

Institute
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Bias impacts training and reference data sets

=N -fiffh (8 *}“'ﬂ
T L ~Nz | « « Computational pathology has leveraged
W i R W large public datasets that
s - ; ’ underrepresent certain demographic
Bl -ll-ii- groups
) (nd
o * Whole-slide image classification models
| - : display marked performance
- . g ’ 3 disparities across different
e demographic groups
QRR2288 == 22282822
22228 2 21 Vaidya et al 2024

. . . . . KNIGHT
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s the Path Clear?

. . . .. . KNIGHT
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Do we understand what is happening in the
model?

kadel weefficients are codered by
requency of ocurence
-

Fer each ce-somirence of two coefficients
b fragusnoy of pusiiee blue) and/or
negative (red) vauss
Thelr wicitihs zre drawr proporiiznal ta
thelr fraquency - Indlcated by
£ ; 5
e the ouermast value

Explainable Explainable Explainable R ‘ol \ -
Data Predictions Algorithms ‘ :
What data was used What features and What are the individual e o ) 4 magen'
to train the model and weights were used layers and the Wt ( ‘ i ! :
why? for this particular thresholds used for a

prediction? prediction?

Questions around Al explainability help us understand how data, predictions

_ e : ; &,
and algorithms influence decisions. . *\
Y & R
HOdIer (201 9) ’ 3 Facl1 Ink ind'cates co-coourence of
e rpeffients T one o7 maoee model ning
> {a’\
R
™

The ink widhth is a'sa propartionzl to frequsncy

. E?L f5 8 guid orat frequent & inciced
Vizome_or NE F5 a guide the rrost freguent i indizstsd
ERENO B A ! Tyner et al (2018)

Inhibitor view

info
G50 ICTS  IC00 @ AUGC
ubiars

Sunitiniy Stratify

= Cognitive
accessibility
fuels discovery

501 sampies showr, 35

otypes

Select  highest  lowest 10 % | Subm

o
Mo PR LN RTERY

Institute
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Explainable Integrative Modeling of
Myelodysplastic Syndromes

SIon  Co-regulation
Eigengenes Subngtworks Variant/Mutation

Differentiation Somatic

Immune Repetoire Germl
Encoder
AlM1
+ D + Embeddings
Decoder
Page 4 j
Patient

o Focus: Identification of relevant therapeutics for MDS patients by
® linking patient similarity networks with predicted drug-gene
Feat » iy . . .y .
s \ | 0N interactions to prioritize gene targets (patient-gene edges)
¢ v ./o Incorporation of XAl to maintain transparency given complex
\.I models
M3 EvansMDS
e + A funding initiative of
The Edward P. Evans Foundation

KNIGHT
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Together we
build bridges

Artist: Lorenzo Quinn
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What is Al/ML Ready Data?

« Structured and Labeled Data * Relevant and Representative
Data that is organized in a format that can be easily Data that is relevant to the problem being solved and
interpreted and processed by Al/ML algorithms, with clear representative of the real-world scenarios the model
labels and annotations. will encounter.

* Quality and Consistency « Accessible and Secure
Data that is free from errors, biases, and inconsistencies, Data that is easily accessible and shareable with the
ensuring reliable and accurate model training and necessary security and privacy measures in place.
predictions.

« Sufficient Quantity

Data that is available in sufficient volume to train robust
and generalizable AI/ML models, without overfitting or
underfitting.

@ CANCER % eha Sf(PM)

Institute
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Why Does it Matter?

Enhanced Model Accuracy

High-quality, well-structured data enables Al/ML models to learn
more effectively, leading to more accurate and reliable
predictions for cancer diagnosis, prognosis, and treatment
recommendations.

« Improved Clinical Decision-Making

Al/ML models trained on Al/ML-ready data can provide
healthcare professionals with more reliable and actionable
insights, supporting better-informed clinical decisions and
enhancing patient outcomes.

Accelerated Research and Innovation

Al/ML-ready data facilitates the rapid development and testing
of novel cancer therapies, diagnostic tools, and other
innovations, driving advancements in cancer research and care.

Timely, Precise Treatment

AlI/ML models leveraging high-quality, diverse data can
identify precision oncology treatment approaches, leading to
more targeted and effective cancer therapies for individual
patients.

Efficient Resource Allocation

Improved data quality and Al/ML readiness can help optimize
the use of limited resources, such as research funding,
clinical trial participants, and healthcare system capacity,
leading to more efficient and cost-effective cancer care.

@ CANCER % eha Sf(PM)
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How do we make our data Al/ML Ready? (Part 1)

« Structured and Labeled Data * Relevant and Representative
Data that is organized in a format that can be easily Data that is relevant to the problem being solved and
interpreted and processed by Al/ML algorithms, with clear representative of the real-world scenarios the model
labels and annotations. will encounter.

& %ﬁ?m §3eha Sf(PM)



Data Documentation tools

« Data focused datasheets

data cards
* Included release of template for
repeated use, adoption and adaption health sheets

 Unclear utility for biomedical research data statements

data

« Lack of consensus across templates

ﬁ;é) fcnlzcx:jl\ulileEER % eha Sf(PM)



Data Shards

. MapBi_n across templates to
establish consensus and remove
redundancy

 New R package that can generate
the Data Shards dataset summary
for large-scale cohorts in GDC

The implermentation of targeted therapies for acute myeloid leukaemia
(AML) has been challenging because of the complex mutational pattern
Functional Genomic Landscape of AML (BeatAML) "t and across patients as well as a dearth of pharmacologic agents
most mutational events. Collectively, we have generated a large Tunctio
gencmis dataset that can be leveraged to address clinical, genamic,
transcriptemic and functional analyses of the Dology of AML.

General Information

LIMKS DATASHARD ALUTHORS
Raw Data (third parties): « Shannon McoWeeney [mowseney@ohau.edu)
dixzaP « Daniel Bottomly (Bottomly@ehsu.esdu)

Genomic Data Commaons
Procesasd Data: hiips:eodey github. io/BeatAMaL 2]
Documentation (If different): Bundled with Processed Data

WERSION IMFORMATHN KEYWORDS
= Currgnt Version; w30 « hematclogic malignancy
= DI 10.65287/2eneds. 1DE54B08 v lEnpELEd therapy
+ Releass Date: 0702022 * QERGMIcE

+ Last Updated:; G3H33024
* License: CC-BY-4.0

EXTEMSION MECHAMISMS
Comact Dataset Owners/Publshers far ways to conribute

Dataset Owners,Publishers
ORGAMIZATION COMTACT DETAILS (EMAIL; ORCHID)
Enight Cancer Institute, OHSL Datasat Contacts:
Jeff Tyner (tynerj@ohsuedu; 0000-0002-2133-0860)
Shannon MeWesnsy [mowesneyBohsuwedu; 0000-0001-8333-8807)
Brian Druker [drukerbi@ohsu.edu; 0000-0001-B331-8206)
Website: nona
Funding Sources
INSTITUTION|S) FUNDING OR GRANT SUMMARY[IES)

Ser Acknowledgements:
hihps: s sciencedinect. comysciencefarticlefpiif3 15356 10822003128 ackdI 10
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Relevance is Contextual

* Focus on personas — different
roles in data and model life cycle

« Knowledge of lifecycle is
heterogenous and biased

 How data was generated vs
what the impact is on
downstream modeling

Dalle3 generated personas

Qé_) %ﬁém % eha Sf(PM)



How do we make our data Al/ML Ready? (Part 2)

 Relevant and Representative

Data that is relevant to the problem being solved and
representative of the real-world scenarios the model
will encounter.

* Quality and Consistency

Data that is free from errors, biases, and inconsistencies,
ensuring reliable and accurate model training and
predictions.

Qg_) %ﬁ?m % eha Sf(PM)



Data Valuation with Gradient Similarity (DVGS)

D uati dentifv mislabeled What is data valuation?
ata valuation can ident y misiabeled or Class of algorithms that assign values to data

noisy data quantifying the "usefulness" toward a given
predictive task.

Filtering based on data values can improve
analytics

Noise Level = 0.1 Noise Level = 0.3 Noise Level = 0.5
Value = 0.00151 Value = 0.00146 Value =-0.00118

Traditional data valuation is expensive

DVGS method is rapid, scalable and
accurate

Ghorbani, Amirata and James Y. Zou. “Data ShapLéy Equitable
Valuation of Data for Machine Learning.” ArXiv abs/1904.02868

(2019): n. pag. (Lé-) g%ﬁéER % e ha Sf(PM)



Data valuation for dose-response drug response can

significantly improve predictive performance

We applied DVGS to the BeatAML dose-response
data

oX ~ cancer RNA expression

oY ~ Area under the dose-response curve (AUC)
Filtering detrimental dose-response observations
improves the performance on hold-out datasets

Data values correlate with
known data quality metrics

J

All dose-response points are
less than 50% viability

Dose-response
Data Value

False True

Perf. Change from

baseline (Pearson)
|

Saracatinib (AZD0530)

- T

-
-
-----------
-
-
-
-
-~
_____
~

1 ==~ filter high
-=- filter low
1 === random

0.0 0.2 0.4 0.6 0.8

Proportion dataset filtered

Maximum average
improvement when
filtering low data

Value all
drugs in
BeatAML

Max avg. improvement

0,054,

7

0.0

o
I
7]
c

0.1

0.2

0.3

04 05 06 _ 07 '

Baseline drug performance



s

Evans, Nathaniel J. et al. “Data Valuation with
Gradient Similarity.” ArXiv (2024): n. pag.

»

Nathaniel Evans
Evansna@ohsu.edu
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How do we make our data Al/ML Ready? (Part 3)

« Sufficient Quantity

Data that is available in sufficient volume to train robust
and generalizable AI/ML models, without overfitting or
underfitting.

 Accessible and Secure

Data that is easily accessible and shareable with the
necessary security and privacy measures in place.

OHSU-NCI Federated
Learning Network
Prototype

Qg_) %ﬁém % eha Sf(PM)



FL allows creation of collaborative, robust models without the

data moving

e

4 AV
COECED>

X {'K -

CATAN
"

Global Model

4

___’

FL Clients

ot - 7
288 Lo Local Training ERP @]
AR IEER e
(e 8 LR

Private Data Local Model
R
- Local Training of;%iﬂ 0
AR IREN _— AN o)
™ (ERN Y

Private Data Local Model
- O A_"
| — Local Training CI';'O":{-»O @
T ————— O
(| ER N Yy

Private Data Local Model

FL Server

Aggregation

Distributed Multi-Party Collaboration
NVIDIA NVFlare provides FL Framework

& CANCER
L Institute
OHSU

KNIGHT
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NVFLARE Buomsinsri Tl

Provisioning Orchestration Monitoring

Leveraging existing partnership
Wlth N ID A Federated Specification

 Open-Source Framework T

o Privacy PreserVing AlgOrithmf Evaluation Flows N\
« Simulator for rapid prototyping -
« Extensive management tools

Learner Configuration

Authenticate, Train, Evaluate,
and Update Models

o PyTorch . NumPy

> rensorfiow MONAI

Privacy Preserving Algorithms

<A NVIDIA.
§ CANCER % eha Sf(PM)



FL Network Status

NVFlare implemented

improved provisioning to
remove technical barriers

Successful federation of global
model with NCI

Risk framework for CISOs to
facilitate adoption in
development

Dirk Petersen

%
OHSU

Daniel Bottomly

CANCER % eha Sf(PM)
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Democratizing access
practices

Researchers
sharing data

\

Data generating
researchers or
data wranglers

Fl fairhub.io

Open-source and free cloud-based platform for easily preparing, sharing, and accessing Al-ready datasets

to tools and bes

O—

BRIDGE2AI
=

Data
Preparation

Model
Development

Model
Evaluation

Researchers

o

Upload data
on-the-go

]

Create a new project,
invite contributors,
and upload
participants data as
it is being generated
from any web
browser

w

Track progress

Use the built-in
dashboard to
visualize data

collection progress in
real time and identify
missing data or bias

ﬂ

Prepare
Al-ready dataset

Use integrated tools
to comply with
FAIR and ethical

guidelines, annotate

data, and include
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Final Note: Role of Academic Medical
Centers in Al Landscape

22 significant machine learning ”[{f%' Eﬁé E“%%LTH

models produced by industry in 2022
compared with 3 produced by
academia

Tuesday, July 11, 2023

Need to reframe this to leverage our strengths
* Retraining and fine tuning models on local data — _

: , ’ Can academic medical centers compete in the
* Focus on application and guidance Al arms race?

Tech leaders at academic medical centers say the private sector's

e Tr a n Sl ati 0 nal R&D Catalyst dominance of Al talent is concerning.

Value of “Know How”

: . : - . KNIGHT
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Alone we can do so little; together we can do so much
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