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1. The Translational Challenge

“Hundreds of Al Tools have been built to catch
COVID. None of them helped.*”

* Will Douglas Heaven, Hundreds of Al tools have been built to catch covid. None of helped. MIT Technology Review, July 30, 2021,
https://www.technologyreview.com/2021/07/30/1030329/machine-learning-ai-failed-covid-hospital-diagnosis-pandemic/
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“... the single most consistent message across the
workshops was the importance — and at times
lack — of robust and timely data. Problems around
data availability, access and standardization
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Data science and Al
in the age of COVID-19

Hundreds of Al tools have been built to catch

covid. None of them helped.

Reflections on the response of the UK's
data science and Al community to the
COVID-19 pandemic

Some have been used in hospitals, despite not being properly tested. But the
pandemic could help make medical Al better.

Inken von Borzyskowski, et. al., editors, Data science and
Al in the age of COVID-19 —report, Reflections on the
response of the UK’s data science and Al community to
the COVID-19 pandemic, Turing Institute, 2021.

By Will Douglas Heaven July 30,2021




The Long Journey to Translational Impact (from data)

Al Algorithms
& Models

Indep Bio or
Clin. Validation
of Al Model

Deployed Al
Model

Complete Al-
based function
or service

Adapted from: Robert L. Grossman, Developing an Al Strategy: a Primer, Open Data Press, 2020

Sustainable Al-
based function
or service




Why do so many Al models fail? (The Staircase of failure)

Clearing regulatory,
security, compliance

Extracting value from the
system or process

Building a system or process for the model and
deploying the model in it

Building and validating the model

Cleaning, preprocessing and harmonizing data

Acquiring sufficient data

Have you thought about the system from the
regulator’s point of view?

Is there improved clinical utility in the new model & system or is
essentially the same value obtained from the current one?

Is the system complete?
Is the data needed for inference (scoring) available?
Can the system be deployed so that practitioners will use it?

Is there a separate validation dataset?
How good is the separate validation dataset?

Are there any data leakers?

Are data from different sources suitably harmonized?

Is there enough data that can be cleaned and harmonized?

Adapted from: Robert L. Grossman, Developing an Al Strategy: a Primer, Open Data Press, 2020.



The Data Gap in Machine Learning and Al

We are usually data-limited
The amount of global IP in (biomedical) data

data traffic per month is science (at least in terms of
estimated to be more than well-curated data) at the

270 EB per month.*

scale we need data for
machine learning and Al.

The Data Gap

*Cisco, VNI Complete Forecast Highlights, 2016, https://www.cisco.com/c/dam/m/en_us/solutions/service-provider/vni-forecast-
highlights/pdf/Global_2021 Forecast_Highlights.pdf



The Staircase of Failure




Unrealistic or unarticulated project goals

: The U.S. Federal Aviation
fﬁingﬁ;tion spent $2.6 bill.if;n
trying to upgrade its air-truiit;:
control system, only to cancelri "
project in 1994. Gridlocked skie
are still with us today.

Inaccurate estimates of needed resources
Badly defined system requirements

Poor reporting of the project’s status
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Unmanaged risks
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Poor communication among customers,
developers, and users

™~

Use of immature technology
8. Inability to handle the project’s complexity
Sloppy development practices

10. Poor project management

oeoh Ceehl b emtibers 11. Stakeholder politics
preventable mistakes .
- ‘ e s 12. Commercial pressures

Source: Charette, R.N., 2005. Why software fails, IEEE spectrum, 42(9), pages 42-49 (896 citations).



Why Data Warehouse Projects Fail

Implementation Factors
Management Support
Champion
Resources
User Participation
Team Skills
Source Systems

Development Technology

Figure 1. Research Model for Data Warehousing Success
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Source: Wixom, Barbara H., and Hugh J. Watson. "An empirical investigation of the factors affecting data
warehousing success." MIS quarterly (2001): 17-41 (1647 citations)



Effort

N

CoIIecting.th.e data, setting up  Analyzing & Deploying the solution & refining the
the analytic inirastructure, modeling the model’s actions to bring value to your

security, compliance, and data company or organization.
regulatory, etc.

Time



Top Ten Reasons Analytic Projects Fail

1. You never get the data that you need. (The “data gap”)
2. The model never gets deployed.

3. The model does not return the business value expected /
promised.

4. You do not have the data scientists required to manage the data,
build the models, deploy the models, and advocate for the
business value delivered.

5. You do not have an automated testing, deployment, and
evaluation environment for improving the model.

Source: Robert L. Grossman, The Strategy and Practice of Analytics, 2020, Chapter 11, to appear.



Top Ten Reasons Analytic Projects Fail

You cannot build the analytic infrastructure required.

There is no senior analytic leader who can effectively
organize the analytic efforts.

8. You have the right model, but the wrong actions.
9. You chose the wrong analytic opportunity to pursue.
10. You bring in consultants who do not deliver what you need.

Source: Robert L. Grossman, The Strategy and Practice of Analytics, 2020, Chapter 11, to appear.



2. The Emerging Role of Foundation Models



What is a Foundational Model?

“In recent years, a new successful paradigm for building Al systems has emerged: Train
one model on a huge amount of data and adapt it to many applications. We call such a
model a foundation model.”*

Examples of foundational models: GPT-3

Foundation models include large language models that can answer questions or
generate text from a prompt.

These models can be very impressive and seem to show new emergent capabilities.

These types of models can go very wrong. GPT-3 responses have been very polarizing
and biased, reflecting the data it was built on.

“These models are really castles in the air, they have no foundation whatsoever.” **

* Developing and understanding responsible foundation models, The Center for Research on Foundation Models

(CRFM),, retrieved from https://crfm.stanford.edu/ on March 10, 2022.
** Jitendra Malik, Professor of computer science, UC Berkeley




Example: GPT-3 Training Data

GPT-3 Training Data * GPT-3 was trained on

Weight in Training about 500 billion tokens.

pataset # Tokens Mix + GPT-3 has 175 billion
Common Crawl 410 billion 60% machine learning
WebText2 19 billion 22% parameters.
Books1 12 billion 8% * Available through open API
Books2 55 billion 8% o

GPT-J is an open-Sources 6
tiflgpcee S e = Billion Parameter GPT-3
Clone developed by
EleutherAl.


https://en.wikipedia.org/wiki/Common_Crawl
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Center for Research on Foundation Models (CRFM)
Stanford Institute for Human-Centered Artificial Intelligence (HAI)
Stanford University

Al is undergoing a paradigm shift with the rise of models (e.g., BERT, DALL-E, GPT-3) that are
trained on broad data at scale and are adaptable to a wide range of downstream tasks. We call these
models foundation models to underscore their critically central yet incomplete character. This report
provides a thorough account of the opportunities and risks of foundation models, ranging from their
capabilities (e.g., language, vision, robotics, reasoning, human interaction) and technical principles

arXiv:2108.07258v2 [cs.LG] 18 Aug 2021

*Bommasani, Rishi, et al. On the opportunities and risks of foundation models. arXiv preprint arXiv:2108.07258 (2021).



One Narrative: ML = Deep Learning = Foundation Models

Machine Learningq Dee @) (ﬁ/b
1 P, Foundation Models .4&‘

Learning N\ " :

Emergence of... “how” features functionalities
Homogenization of...  learning algorithms architectures ~ models
¢ >

The story of Al has been one of increasing emergence and homogenization. With the introduction of

machine learning, how a task is performed emerges (is inferred automatically) from examples; with deep learning,
the high-level features used for prediction emerge; and with foundation models, even advanced functionalities
such as in-context learning emerge. At the same time, machine learning homogenizes learning algorithms (e.g.,
logistic regression), deep learning homogenizes model architectures (e.g., Convolutional Neural Networks), and
foundation models homogenizes the model itself (e.g., GPT-3)

Source of figure and caption: Bommasani, Rishi, et al. On the opportunities and risks of foundation models. arXiv preprint
arXiv:2108.07258 (2021).



3. On (some of) the Varieties of Data & Model Bias



Q1: What is the (data) source bias?

Batch Effect
1

Scanner / Population
Plocessing Migioacops SAiissnos e Different sources of data have

: different biases that can be
hard to identify and to get rid

FFPE versus Frozen Hematoxylin / Eosin Variable Different Histologic

Biopsy versus Resection Stain Differences Resolution or Focus Features Present in f
Training Data O .
Correction for Slide Staining Differences ° FO r exam | e | n h |St0 at h o | 0o
Stain Normalization Color Augmentation p ’ p gy

images, the sample
preparation process, staining,

pick up.

**’f y » B scanner / microscope, or leave
B =T o5 artifacts that ML/DL models

Howard, Frederick M., James Dolezal, Sara Kochanny, Jefree Schulte, Heather Chen, Lara Heij, Dezheng Huo, Rita Nanda, Olufunmilayo I.

Olopade, Jakob N. Kather, Nicole Cipriani, Robert L. Grossman1, and Alexander T. Pearson, The impact of site-specific digital histology
signatures on deep learning model accuracy and bias, Nature Communications 12, no. 1, 2021, pages 1-13.



Q2: What is the Coding Bias?

| [CD-10-CM 2022

- The Complete Official Codebook

* Think of coding as a map from a

analog event or measurement to a

numeric / symbolic representation
of it.

Medical coding is designed for
medical reimbursement, not to
support medical research.

There are over 70,000 ICD-10-PCS
procedure codes and over 69,000
ICD-10-CM diagnosis codes,
compared to about 3,800
procedure codes and roughly
14,000 diagnosis codes found in
the previous ICD-9-CM.



Q3: What is the Contributor Bias?

Training:

Deployed:

Text and images on
the internet.

Text and images on
the internet.

VS

Training:

Deployed:

Medical data available
on the internet.

Medical data available
within a hospital’s
EMR or other

operational system.




Q4: What Elements of the Training Data are Available in the
Real World Data?

Training: Many features + VS Deployed: Some features
curated outcome




4. Four Techniques to Close the Data Gap



1. Data Augmentation

Basic Image
Manipulations

Kernel Filters
Geometric
Transformations

Y
Random Erasing

Color Space
Transformations

Mixing Images

Image Data
Augmentation

Creating more artificial images
by taking an image and cropping,
rotating, flipping, changing hues
and colors, and mixing is quite
effective

Deep Learning
Approaches

i - GAN Data
[Adversanal Tralnlng] [Neural Style Transfer} { Augmentation ]

Meta Learning

S S

h 4

S

{Neural Augmemalion]

AutoAugment

{Sman Augmenlalion}

Shorten, C. and Khoshgoftaar, .M., 2019. A survey on image data augmentation for deep learning. Journal of big data, 6(1), pp.1-48.



2. Generative Adversarial Networks (GAN)

Synthetic

Data
Sample
The generator is trained T
to map a noise sample
or —

to a synthetic data sample D Real
that can “fool” - or
the discriminator. Fake?

The discriminator is trained to

distinguish real data
samples from synthesized
samples.

Noise Real Data
Source Sample

Two models that are
learned during the training
process for a GAN:

1) Generator

2) Discriminator

Typically, the models are
deep neural networks.

Creswell, A., White, T., Dumoulin, V., Arulkumaran, K., Sengupta, B. and Bharath, A.A., 2018. Generative adversarial networks: An

overview. IEEE Signal Processing Magazine, 35(1), pp.53-65.



3. Digital Twins (or other simulated data)

A digital twin is the electronic
representation -- the digital
representation -- of a real-world
entity, concept, or notion, either
physical or perceived.*

Visualization of GE’s digital twins for jet engines**

*Voas, J., Mell, P. and Piroumian, V., 2021. Considerations for Digital Twin Technology and Emerging Standards (No. NIST
Internal or Interagency Report (NISTIR) 8356 (Draft)). National Institute of Standards and Technology.
**Source of image: https://www.ge.com/digital/applications/digital-twin



4. “Hand Engineered” Data

Andrew Ng: Farewell, Big Data “In many industries where

The Al pioneer says it's time for smart-sized, gia?nt dat§ sets simply don't

“data-centric” solutions to big issues exist, | th'nk_ the focus has to
shift from big data to good

Eliza Strickland data. Having 50 thoughtfully

09 Feb 2022

10 min read

engineered examples can be
sufficient to explain to the
neural network what you want
it to learn.”

Andrew Ng, CEO & Founder,
Landing Al

Strickland, Eliza. |EEE Spectrum (2022). Andrew Ng: Farewell Big Data.



5. Closing the Data Gap with Data Commons
and Data Meshes



Data commons = data curation + data analysis
+ data products available via FAIR APIs that
support interactive notebooks + computational

pipelines

data

warehouse

Data warehouses
organize the data for an
organization (1990’s)

N I
T e AT O

Databases organize data
around a project (1970’s)

data meshes

Data meshes (aka data
ecosystems) enable discoveries
across multiple commons

Data commons organize operated by different

the data for a scientific organizations. (2020’s)
discipline or field (2010’s)

Data commons are software platforms that co-
locate: 1) well-curated data, 2) cloud-based
computing infrastructure, and 3) commonly
used software applications, tools and services
to create a resource for managing, analyzing,
integrating and sharing data with a research
community.

Data meshes integrate multiple data commons
and other data resources.
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Heath AP, Ferretti V, ... Grossman RL, The NClI Genomic Data Commons,
Nature Genetics 2021 Mar; 53(3), pp 257-262.



Ex 1 (cont’d): TCGA-ICGC Pan-Cancer Analysis
Variant Calling (2014—2016)

Federated Machine Learning
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Figure 2. State-specific CFRs, separately by age group and racial/ethnic group (CDC data)
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Ex. 2: Pandemic Response Commons
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Simpson’s Paradox is the observation that the
direction of an association at the population-
level may be reversed within the subgroups
comprising that population.

As a start to understanding health disparities in
COVID-19 data, we looked at case fatality rate.

e Overall, the case fatality rate, as computed
from data provided by CDC & COVID Tracking
Project, is higher for Whites, but the
association is reversed when you look at

R.L., Racial/Ethnic Disparities in the Observed COVID-19 Case Fatality Rate
Among the U.S. Population, submitted for publication.

subgroups by ages (simplified version)



GEN.§ Data Mesh
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The Long Tail of Data Curation

Discoveries

# records
? ?

B The challenges of
~ Analysis cleaning & curating data
coverage .
cutoff at scale (the long tail of
data curation)
|| H H H o0 il
common cases edge cases

 Many biomedical problems requiring understanding very weak effects resulting from
many complex interacting mechanisms.

* This requires data scale, careful curation, coverage of edge cases, and a process for
updating models as more evidence accumulates.

Adapted from: Robert L. Grossman, The Long Tail of Data Curation.



6. Summary



Summary

1. Most Al and machine learning models fail before achieving
sustainable deployment.

2. The biggest reason is a data gap.

3. Data commons are a good approach for closing this data gap and
creating well curated collections of data serving a particular
community.






Abstract: Although large amounts of online text, images and audio have provided
enough data that deep learning models can be developed that significantly
improve language translation, image recognition, speech recognition and related
applications, developing and deploying machine learning and Al models that
provide value and limit bias is still quite difficult in many application areas due to
the lack of suitable data. This is especially the case in biology, medicine and health
care. We discuss some of the reasons that many important Al problems are still
data-limited and some of the approaches that have been taken to address this
challenge. We use case studies from machine learning models in COVID-19 and
cancer to illustrate some of the challenges and some of the options available.

Biographical sketch: Robert L. Grossman is the Frederick H. Rawson Distinguished
Service Professor of Medicine and Computer Science and the Jim and Karen Frank
Director of the Center for Translational Data Science (CTDS) at the University of
Chicago. CTDS is a research center that focuses on data science and its applications
to problems in biology, medicine, health care and the environment. He is also a
Partner at Analytic Strategy Partners LLC, which helps companies develop machine
learning and Al strategies to advance their mission.



