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1. Data Chasms



“… 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 
spanned the entire spectrum of data science 
activity during the pandemic. The message was 
clear: better data would enable a better 
response.”

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



• GPT-3 large language model
• It was developed by OpenAI and 

is available via an API
• Number of learned weights –

175 billion (compared to next 
largest at the time 17 billion)

• Training cost for a single run c. 
$4,000,000

• There are similar projects that 
are open source 

Source: OpenAI, retrieved from https://beta.openai.com/examples/default-interview-questions on April 10, 2022.

Prompt: Create a list of 8 questions for my interview with a 
science fiction author.

Example of response: What are some of the unique elements 
that make science fiction stand out from other genres?



"It was the best of times, it was the 
worst of times, it was the age of wisdom, 
it was the age of foolishness, it was the 
epoch of belief, it was the epoch of 
incredulity, it was the season of Light, it 
was the season of Darkness, it was the 
spring of hope, it was the winter of 
despair …”

Source: The Project Gutenberg eBook of A Tale of Two Cities, by Charles 
Dickens, retrieved from https://www.gutenberg.org/files/98/98-h/98-h.htm 
on April 2, 2022.



The world generates exabytes of 
data per day and we can use this 
data to build large language 
models of unprecedented utility.

We didn’t have enough data 
of high enough quality to 
build useful COVID models 
during the pandemic.

It’s the age of data abundance, it’s the age of data scarcity. It’s the age of 
model fairness, it’s the age of the model bias.  It’s the age of the model 
explainability, it’s the age of black-box models.  It’s the age of the automatic 
generation of features, it’s the age of hand generated features.

vs

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

Short responses from GPT-3 are 
cannot be easily distinguished 
from those written by humans.

vs

* Will Douglas Heaven, Hundreds of AI 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/



Topic for Today:  What makes COVID models so different than large language 
models and how can we learn to recognize the difference?

Top Ten Reasons Analytic Projects Fail*

1. You never get the data that you need.      (Crossing the “data chasm”)

2. The model never gets deployed.                (ML Ops)
3. The model does not return the value expected / promised.

…

Source: Robert L. Grossman, Developing an AI Strategy: a Primer, Open Data Press 2020, https://analyticstrategy.com/books/



2. The Emerging Role of Foundation Models



What is a Foundational Model?

“In recent years, a new successful paradigm for building AI 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 was trained on 
about 500 billion tokens.

• GPT-3 has 175 billion 
machine learning 
parameters. 

• Available through open API
• GPT-J is an open-Sources 6 

Billion Parameter GPT-3 
Clone developed by 
EleutherAI.

GPT-3 Training Data

Dataset # Tokens Weight in Training 
Mix

Common Crawl 410 billion 60%

WebText2 19 billion 22%

Books1 12 billion 8%

Books2 55 billion 8%

Wikipedia 3 billion 3%

https://en.wikipedia.org/wiki/Common_Crawl


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

AI 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.*



One Narrative: ML à Deep Learning à Foundation Models

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

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)



3. On (some of) the Reasons for Data Gaps



DG1: Are there (data) source differences that creates data gaps?

• Different sources of data have 
different biases that can be hard 
to identify and to get rid of.

• For example, in histopathology 
images, the sample preparation 
process, staining process, 
scanner / microscope, etc. are 
the most important components 
that ML/DL models identify.

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.



DG2: Are there data coding & data curation differences 
that create data gaps?

• Think of coding as a map from a analog 
event or measurement to a numeric / 
symbolic representation of it.

• For example, 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.



DG3: Are there data contributor differences that create 
a data gaps?

Text and images on 
the internet. 

Training:

Text and images on 
the internet. 

Deployed:

Medical data available 
on the internet.  

Training:

Medical data available 
within a hospital’s 
EMR or other 
operational system.

Deployed:

vs

Publicly available medical data can be quite different than data within a healthcare system.



DG4: Are there differences in the data elements in the training 
data versus the data elements in the real-world data?

Many features + 
curated outcome

Training: Some featuresDeployed:vs



5. Five Techniques to Close the Data Gap



1. Data Augmentation

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

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



2. Generative Adversarial Networks (GAN)

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.

Two models that are 
learned during the training 
process for a GAN:
1) Generator
2) Discriminator
Typically, the models are 
deep neural networks.



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.*

Example: each Tesla car has a digital 
twin.  
Sensors in the car provide real time 
data to the digital twin.

*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

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



“In many industries where 
giant data sets simply don't 
exist, I think the focus has to 
shift from big data to good 
data. Having 50 thoughtfully 
engineered examples can be 
sufficient to explain to the 
neural network what you want 
it to learn.”
Andrew Ng, CEO & Founder, 
Landing AI

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

4. “Hand Engineered” Data



CTDS pan-cancer molecular 
subtyping using GDC data

Heath AP, Ferretti V, ... Grossman RL, The NCI Genomic Data Commons, Nature Genetics 2021 Mar; 53(3), pp 257-262. 

Zhang, Z., Hernandez, K., Savage, J., Li, S., Miller, D., 
Agrawal, S., ... & Grossman, R. L. (2021). Uniform genomic 
data analysis in the NCI Genomic Data Commons. Nature 
Communications 2021; 12(1), pp 1-11.

5. Data Commons

The NCI Genomic Data Commons (GDC) is one of the world’s 
largest collections of curated cancer genomics data.

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



5. Why are some AI and predictive models so 
much harder than other predictive models?



Generate 
your own 
data 

platform 
operators

Build your 
own data 
collection 
system 

crawl the web

Use third 
party data 
from a single 
source

satellite data

Use third party 
data from a 
multiple 
sources

COVID data

Meta Google
COVIDLarge 

Language 
Models



Why are some models harder than others?

1. There are many distinct subtypes, each of which requires a different 
model.

2. There are very few positive cases to observe and label.
3. There are many weak interacting contributing causes vs a few 

strong contributing causes.
4. Curating data at the level required for a good model requires 

working through many, many edge cases.
5. Modeling proximate causes are easier than identifying and 

modeling root causes.



Many Distinct Subtypes, which Require Different Models

• Cancer is not a single disease 
but has many different sub-
types

• Site of origin (breast, ovarian, 
pancreatic, etc.) is a very 
simple way to classify different 
cancers.

• Molecular subtyping based on 
the DNA sequence of the 
tumor is a more useful way to 
classify cancers and to build 
predictive models for them.

Zhang, Z., Hernandez, K., Savage, J., Li, S., Miller, D., Agrawal, S., ... & Grossman, R. L. (2021). Uniform genomic data analysis in the 
NCI Genomic Data Commons. Nature Communications 2021; 12(1), pp 1-11.



Many Distinct Subtypes, which Require Different Models

• Long covid is a complex disease 
that is still being characterized.

• The plot shows what 
symptoms are present 

Deer, Rachel R., Madeline A. Rock, Nicole Vasilevsky, Leigh 
Carmody, Halie Rando, Alfred J. Anzalone, Marc D. Basson et 
al. "Characterizing long COVID: deep phenotype of a complex 
condition." EBioMedicine 74 (2021): 103722.



The Long Tail of Data Curation

The challenges of 
cleaning & curating data 
at scale (the long tail of 
data curation)

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

Data cleaning & 
curation coverage 
cutoff

Data curated

# records

common cases edge cases

Data not curated

• It can be very expensive 
to clean and curate all 
the data and generally 
there is a cut off and a 
number of edge cases 
are not carefully curated.

• As a consequence, the 
model performs poorly 
on these edge cases.

different cases requiring 
different data curation 



5. Summary



Three Rules

1. Build a simple model over data you understand as a baseline model 
and a sanity check.

2. Red team any large third-party data you use to identify any data 
gaps and any opportunities for reputational risk.

3. Use foundation models for applications that are forgiving.



Summary

1. Most AI and machine learning models fail before achieving 
sustainable deployment that delivers value.

2. The biggest reason is a data gap and not getting enough well 
curated data to build a useful model.

3. There are some good techniques (e.g. GANs, digital twins, “hand 
engineering,” data commons), but it still requires deep domain 
knowledge and experience to build useful models in many domains.
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Abstract: Although foundational models have changed the way we do large-scale AI and machine 
learning of text and images, developing and deploying AI models that provide value and limit bias is still 
quite difficult in many application areas due to the lack of suitable data.  We discuss some of the reasons 
that many important AI 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.
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