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Outline: a tour of how NLP has leveraged unstructured
data, unsupervised learning, and transfer learning to
extract information from patient records

Al O

Supervised models for clear outcomes using structured data

Supervised models for clear outcomes using unstructured data

Supervised models for unclear outcomes using unstructured data

Supervised models for unclear outcomes using pre-trained unstructured data

Unsupervised models for unclear outcomes using pre-trained unstructured data



Real world trials using supervised

learning on structured data

Research

JAMA Oncology | Original Investigation

Validation of a Machine Learning Algorithm to Predict 180-Day Mortality
for Outpatients With Cancer

Christopher R. Manz, MD; Jinbo Chen, PhD; Manqing Liu, MHS; Corey Chivers, PhD; Susan Harkness Regli, PhD;
Jennifer Braun, MHA; Michael Draugelis, MS; C. William Hanson, MD; Lawrence N. Shulman, MD;

Lynn M. Schuchter, MD; Nina O'Connor, MD; Justin E. Bekelman, MD; Mitesh S. Patel, MD, MBA;

Ravi B. Parilch, MD, MPP

Figure 1. Overall 180-Day Mortality of Patients Considered High vs Low
Risk as Identified by a Machine Learning Algorithm

JAMA Oncology | Original Investigation

Effect of Integrating Machine Learning Mortality Estimates

With Behavioral Nudges to Clinicians on Serious lllness Conversations
Among Patients With Cancer

A Stepped-Wedge Cluster Randomized Clinical Trial

Christopher R. Manz, MD; Ravi B. Parikh, MD, MPP; Dylan S. Small, PhD; Chalanda N. Evans, BS;
Corey Chivers, PhD; Susan H. Regli, PhD; C. William Hanson, MD; Justin E. Bekelman, MD;
Charles A. L. Rareshide, MS; Nina O'Connor, MD; Lynn M. Schuchter, MD;

Lawrence N. Shulman, MD; Mitesh S. Patel, MD, MBA

Wr— — Table 2. Adjusted Changes in Serious lliness Conversations and in Advanced Care Planning
OW risl
0.8 Adjusted difference
= for ir!tervention
3 g6 No./total No. (%) of encounters relative to control,
2 percentage points
2 High risk Conversation Control Intervention (95% Cl)? P value
§ o Serious illness encounters
o All patients l155/12170(1.3)  632/13889 (4.6) 3.3(2.3-4.5) <.001
HE, 12:0;33% €1, 16.4:22.1; log-rank <001 High-risk patients [59/1732 (3.4) 246/1820 (13.5) 10.1(6.9-13.8) <.001
0+ T - T 1
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Time, d -
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Low risk 23902 23709 23561 23388 23220 High-risk patients 108/1732 (6.2) 286/1820 (15.7) 9.5 (5.8-13.5) <.001

High-risk patients defined as having greater than 40% risk of 180-day mortality.




But can we go deeper?

Can we also use unstructured data (>80% of data™)

*Hyoun-Joong Kong Managing Unstructured Big Data in Healthcare System. Healthc Inform Res. 2019 Jan; 25(1): 1—
2.cdoi: 10.4258/hir.2019.25.1.1




S u rviva I p rog n OS i S Wit h d e e p | e a r. n i n g Of Automated Survival Prediction in Metastatic Cancer Patients

Using High-Dimensional Electronic Medical Record Data
. . . Michael F. Gensheimer, A. Solomon Henry, Douglas J. Wood, Trevor J. Hastie,
structured variables AND clinical notes Kot Rarcharn, gt e, en . Koong, Danier L. R, Do
Kavitha Ramchandran, Erqi Pollom, Albert C. Koong, Daniel L. Rubin, Daniel T. Chang

+ 1,390, 032 provider notes JNCIJ Natl Cancer Inst (2019) 111(6): djy178

+ 12,876,137 lab values (200 most common labs)
« 1,451,740 vital signs

. 3 57’ 981 diagnoses (500 most common codes) Table 2. Survival model coefficients for selected note text terms

Term Coefficient”
+ 1,162,164 procedures (500 most common codes)
. . L0 ) Symptoms/appearance
+ 1,834,477 medication orders (500 most common ~=Altvariaties (n=4,126) Cachectic 0.020
meds) Note text (n=2,419) Fatigued 0.0059
0.9+ __Diagnoses, procedures, Ascites 0.0085
medications (n=1,500) Completely asymptomatic —0.0054
10 —— Labs, vital signs (n=205) Anxious —0.0031
. Feel well —0.0073
0 0.81 Cancer location/response
0.81 b .. Disease progression 0.012
orl ! ] = i = % Leptomeningeal 0.0067
i . U o . z Mixed response 0.014
5 | ! A e > . .
2 o8| T 0.7 Ny e e N 5 Innumerable pulmonary 0.0046
5 asl i L B "\\\x L Minimal progression —0.0012
= \ ———— Oligometastatic —0.0066
;,"* 04 '.I 0.64 " Systemic therapy agents
Y Nivolumab —0.00065
0s \ Liposomal doxorubicint 0.011
' S Anastrozolet —0.00051
0.1 0.5 Leuprolidet —0.0037
i | :
— - - - - . T T : r " T Tamoxifen —0.0034
b 13 =3 35 ry o 00 05 10 15 20 25 30 35 40 45 50
. Landmark time (years from metastatic diagnosis
No. at Risk Falloweup: (menkhs) " 3 fcalag is) *A positive coefficient indicates shorter survival.
pr 1858 1531 1272 1024 825 671 537 448 371 304 256 No. of fBrand name converted to generic name for display.
382 187 100 59 42 29 21 17 16 14 9 patients 2518 1793 1402 1099 877 709 564 471 393 322 267
i 172 58 29 14 g 8 7 6 13 a 2
Pred. surv. 0-3 months 106 17 6 2 1 1 0 0 0 o 0



But what if the outcome is not self-labeled?

Can we predict ill-defined events like cancer
progression or treatment response?




JAMA Oncology | Original Investigation

ConvNet-based architecture on clinical assessmentof beep Natural Language Processing

in Ascertaining Oncologic Outcomes From Radiology Reports

text can detect cancer outcomes

Eva M. Lepisto, MA, MSc; Michael J. Hassett, MD, MPH; Bruce E. Johnson, MD; Deborah Schrag, MD, MPH

eFigure 1B: Deep learning architecture for ascertaining additional
specific outcomes, including the presence of cancer, cancer
progression, and cancer response, and specific sites of disease
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What if we wanted to understand the words in
clinical notes?

Can semantic understanding of increase
performance and/or improve interpretability?



A primer on word embeddings

“You shall know a word by the company it keeps”

INPUT PROJECTION OuUTPUT
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Mikolov et al. 2011 (Word2Vec)
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Guillaume Desagulier tutorial
https://corpling.hypotheses.org/495




Combining semantic map with word
embeddings increases interpretability

True Positive Rate

CLEVER dictionary

PE dicfionary

. 4

Annotations

PE present: Positive
PE acute: Positive
PE subsegmental only: Negative

*
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False Positive Rate

False Positive Rate

Radiology report annotation using intelligent word embeddings: Applied to
multi-institutional chest CT cohort

Imon Banerjee™’, Matthew C. Chen", Matthew P. Lungreni" "' Daniel L. Rubin®""!

* Department of Biomedical Data Science, Stanford University, Stanford, CA, United States
® Department of Radiology, Stanford University, Stanford, CA, United States

Journal of Biomedical Informatics 77 (2018) 11-20
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What if we do not even know what the labels
are’

Can labels be extracted from unlabeled text?




Significant resources used to track radiation oncology research

2013

The Profession

National Institutes of Health Funding in Radiation
Oncology: A Snapshot

Michael Steinberg, MD, William H. McBride, PhD, DSc, Erina Vlashi, PhD,
and Frank Pajonk, MD, PhD

Department of Radiation Oncology, David Geffen School of Medicine at University of California, Los Angeles (UCLA), and
Jonsson Comprehensive Cancer Center at UCLA, Los Angeles, California

Received Dec 20, 2012, and in revised form Jan 22, 2013, Accepted for publication Jan 27, 2013

"At the start of fiscal year 2013 we extracted
records for 952 individual grants, which were
active at the time of analysis from the NIH
database...Our analysis identified 197 grants
in radiation oncology. ”

2014

Education Original Article

Current Status and Recommendations for the Future

of Research, Teaching, and Testing in the Biological
Sciences of Radiation Oncology: Report of the American
Society for Radiation Oncology Cancer Biology/Radiation
Biology Task Force, Executive Summary

Paul E. Wallner, DO,* Mitchell S. Anscher, MD,’ Christopher A. Barker, MD,’
Michael Bassetti, MD, PhD Robert G. Bristow, MD, PhD, Yong I. Cha, MD, PhD
Adam P. Dicker, MD, PhD,” Silvia C. Formenti, MD,** Edward E. Graves, PhD,
Stephen M. Hahn, MD, ' Tom K. Hei, PhD, " Alec C. Kimmelman, MD, PhD,
David G. Kirsch, MD, Phn," Kevin R. Kozak, MD, Phu,”“

Theodore S. Lawrence, MD, PhD,* ** Brian Marples, PhD,’

William H. McBride, DSc, ' Ross B. Mikkelsen, PhD,’ Cathennec Park, MD,"
Joanne B. Weidh MD, PhD, "' Anthony L. Zietman, MD,** and

Michael Steinberg, PhD'*

“The first was...to congress about actual radiation
oncology funding levels; the second was a review of the
publicly available grant system database...To
differentiate biological research from clinical trials and
physics research, all radiation oncology grants....were
hand-curated, separating the biology grants from the
clinical and physics grants. Further, the biology grants
were then subdivided by research topic.”

Tumor Microenvironment 18%
Normal Tissue 15%
Radiosensitizer 13%
Cell Cycle/Signal 12%

RadiolmmunoTherapy
Systemic Therapy-Targeted
DNA Damage
Carcinogenesis

Cancer Stem Cells
Biomarkers/Radiogenomics
Immunology
Radioprotectors

Apoptosis

Hyperthermia RT

Protons

Nanotherapeutics
Radiochemistry

—— 5,
— 5,
— 3%
—— 3
— 3
— 30
—— 20

— 20

— 1

— 1%

— 1%

- %

10%

Number of Grants

2017

The Profession

Analysis of the 2017 American Society for
Radiation Oncology (ASTRO) Research Portfolio

James B. Yu, MD,* Tyler F. Beck, PhD,' Mitchell S. Anscher, MD,’
Andrew M. Baschnagel, MD," Kristy K. Brock, PhD,

David J. Carlson, PhD,* Michael M. Dominello, DO,"

Randall J. Kimple, MD, PhD,’ Jonathan P. Knisely, MD,"

Marc S. Mendonca, PhD,** Omar Y. Mian, MD, PhD,"

Anurag K. Singh, MD, " Eduardo G. Moros, PhD, "

and Judith C. Keen, PhD'

*Department of Radiation Oncology, Yale School of Medicine, New Haven, Connecticut; 'American
Society for Radiation Oncology, Ar{v‘ngmn, Virginia; ‘Department of Radiation Oncology, MD
Anderson Cancer Center, Houston, Texas; “Department of Human Oncology, University of Wisconsin
School of Medicine and Public Health, Madison, Wisconsin; 'Departments of Imag'rng Physv:s and
Radiation Physics, MD Anderson Cancer Center, Houston, Texas; . of

Karmanos Cancer Institute, Detroit, Michigan; “Department of Radiation Oncology, Weill Cornell
Medicine, New York, New York ”'Department of Radiation Oncology, Indiana University School of
Medicine, Indie 7] of Radiation Oncology, Cleveland Clinic, Cleveland,
Ohio; ”Degarrmenf of Radiation Oncology, Roswell Park Comprehensive Cancer Center, Buffalo, New
York; and *'Department of Radiation Oncology, Maffitt Cancer Center, Tampa, Florida

Received Mar 22, 2018. Accepted for publication Jul 22, 2018.

Of the grants submitted...a significant number of
grants were categorized as “unknown.”

46.6%

8.9 51.1 61.7%

% 38.3% 22
7 7oA
L -

Genomic Influences  Immunotherapy and Tumor Imaging and New Clinical Trial Unknown
and Targeted Combination Microenvironment, Emerging Design and Big Data
Therapies Therapies Normal Tissue Technologies
Effects
and Reducing
Toxicity

W Funded % Unfunded



What ideas/topics/themes are being funded by
NCI in Dept. of Radiology or Radiation Oncology?

Abstract distribution on TSNE (k=60)

Biology
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Change in funding per year (k=60)
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= (3) Imaging Biomarkers for Treatmaent Response
- (4) Cancer Therapy Mechanism

+ {5) Radiobiology mechanisms

= (6) Motabolic & Signaling Pathways

I {7) RT Planning

- (8) RT imaging

F (9] MRIUS Detection
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- (20) Signaling pathways
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- (23) Breast Cancer Screening & Risk Prediction
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- {2%) Trajectory Mapping n RT

- (26) RT Optimization

= (27) PET Mariers (Apphcation)
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= (29) MRI - Molecular

= {30) CT R&D (Technical)

- (31) DNA Damage Repair
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- (35) Signalling pathway & oncogenes
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- {48) Imaging-based Therapy
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+ (50) Resource Development

- (51) Lung Cancer CAD

- (32) Radiobiology (DNA damage)
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- {54) Molecular Markers (General)
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Beidler/Nguyen et al., in prep



Methods/results

-7k grant abstracts converted to
BioWordVec embeddings (trained on
biomedical+clinical data)

-clustered using combined hierarchical/K-
means clustering

-used k=15 centroids (per elbow plot of
clustering performance) and k=60 (more

realistic)

-manual validated ~5% of grants over 4
raters (different training level) with good
concordance

9

e

R4 19,945 Grants to Depts. of "Radiation-

g Diagnostic/Oncology" 2000-2020

o

whd

=

e

e

= 18,600 Grants with

= rants wi

S 7,508 NCI Grant

& Valid Abstract rans
Y

g

i 5,876 R-Type Grants




5-7k abstracts=2> 15 domains

Abstract distribution on TSNE (k=15)

Biology
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-y . “ l o :
s ¥l
b 29 | _
* I a .
I
:
Physics

Beidler/Nguyen et al., in prep

Change in funding per year (k=15)

- (0) MRI treatment response*

- (1) Mechanisms of therapy resistance *

- (2) Targeted therapy ¥

- (3) Protein signaling

- (4) Novel imaging systems (RT)

- (5) Clinical imaging

- (6) Imaging technology for treatment augmentation

'|u|||i

= - (7) Clinical imaging (biomarkers)
_ : - (8) Breast/prostate cancer diagnosis
- 1 - (9) DNA damage/repair
= : - (10) RT planning & image guidance
_ i - (11) Apoptosis/cell cycle
R ' - (12) Tumorigenesis and resistance mechanisms y
_ =¥ Ayerage cfallcusters) (13) Pharmacological pathways y¢
I Per cluster g_ P Y
—_r- . - (14) Breast screening
T T T
=200 0 200 400 600
$1000

3 fastest growing (15 topics):
* (0) MRI Treatment response
> * (1) Mechanisms of therapy resistance
* (2) Targeted therapies

* 3 slowest growing (15 topics):
* (14) Breast screening
* (13) Pharmacological pathways
* (12) Tumorigenesis and resistance mechanisms



» 3 fastest growing (60 topics):

5-7k abstracts->60 " (0) Imaging Biomarkers

* (1) Al Decision Support & Imaging

d OoOma | NS software

* (2) Radio-pharmaceuticals

Abstract distribution on TSNE (k=60) | 3 slowest growing (60 topics)'

* (59) Breast cancer CAD
Blo;ogy * (58) Multimodal Imaging R&D
R, e (57) Stress Response

Change in funding per year (k=60)
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[ (18) Image-Guided Drug Delivery
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- {29) MRI - Molecular
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[ (31) DNA Damage Repair

r (32) Radiobiology (toxicity)

[ (33) Small Molecule Therapies
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I {36) Theranostic Nanoparticles
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I (12) PET Markers (Development)
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[ {45) Theranostic Radio-antibodies
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I (48) Imaging-based Therapy
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Manual validation shows reasonable concordance
between human and machines

Not shown: experience level correlates with concordance

Accuracy of 15 clusters (%) Accuracy of 60 clusters (%)
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Grants wrongly labelled by the algorithm tended to be
further from centroid

Distance from abstract to centroid (15 clusters) Distance from abstract to centroid (60 clusters)

s Right s Right
e Wrong e Won

Number of abstracts
® =




Funding topics have “emerged” and “disappeared” in
last 20 years

First Fiscal Year of the newly
emerging research topics
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Limitations

o Grants further away from the centroid may not seem like they belong
o If new data is entered, the new optimal clustering may appear different
e 1lgrant: 1topic

Abstract distribution on TSNE (k=15) Abstract distribution on TSNE (k=60)

I
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12
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If a clinical model performs great but never affects
patients, is it a useful model?




Mentees/trainees for this work

model
=1

- e e » August Anderson

Right
problem expert S .:

OvaCheck W

Domain (SRS

e Peter Beidler

* Mark Nguyen

* Joseph Tsai

* Qian Zhang
(UW->Northwestern)

Collaborators for this work

e Eric Ford

* Kevin Lybarger i/
(UW->George Mason Sl s

https://www.kevinlybarger.me




