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“Magic is a rich and largely untapped source of insight
into perception and awareness. Insofar as the
understanding of behaviour and perception goes, there
are specific cases in which the magician's intuitive
knowledge is superior to that of the neuroscientist.”

S. Macknik et al., “Attention and awareness in stage magic: turning tricks into research”, Nature Reviews Neuroscience 9, 871-879 (November 2008)



“Mistakes were made.”  “My toy broke.”

Ronald Reagan, January 27, 1987 Jay Resnik, frequently
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Multi-level modeling

[The] press may not be successful much of the time in
telling people what to think, but it is stunningly successful
in telling its readers what to think about. The world will look
different to different people depending on the map that is
drawn for them by writers, editors, and publishers of the paper
they read."

Cohen, B.C. (1963). The press and foreign policy. Princeton. (emph. added)

What framing does is to "select some aspects of a perceived
reality and make them more salient in a communicating text, in
such a way as to promote a particular problem definition, causal
interpretation, moral evaluation, and/or treatment recommendation for
the item described."

Entman, R.M. (1993). "Framing: Toward clarification of a fractured
paradigm". Journal of Communication 43 (4): 51-58.



Latent Dirichlet Allocation (LDA), Blei et al. (2003)
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Table 2 Ten most discussed topics

Label ldentifying stems % Press releases
Appropriations/grants  fund,project,000,million,water,transport, develop,improv,airport citi 8.6
Honorary honor,servic,school, serv,american, veteran,academi, famili student,world 8.2
Iraq war irag troop,war,iragi,american,militari polit,secur support,countri 6.6
Health grants health program educ,children,school, fund student,care servic, 000 6.3
Homeland security secur,homeland.port border,depart, fund,guard,air,servic, transport 53
Judicial nominations  court,volte justicamerican, judg,case hous, congress, constitut,protect 48
Hurricanes/disasters  disastassist,hurrican, fema, flood,damag, fund katrina,storm,declar 4.5
Taxes tax,american,budget,social, secur, wage, famili,worker,increas benefit 44
Defense projects million,defens, fund,air,militari,base, facil ,guard, armi,project 42
Health policy health,care drug,medicar,senior,prescript,plan,medic, program,cost 38
Iraq War
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Grimmer, Justin, and Brandon M. Stewart. "Text as Data: The Promise and Pitfalls of Automatic Content Analysis Methods for
Political Texts." Political Analysis (2013): 1-31.



Swine flu surfaces at Texas-Mexico border among illega. ..
Washington Times - 10 hours ago

The first case of swine flu has been found among the scores of illegal
children who have been crossing into America at the Texas-

e Mexico ...

The swine flu finding only fuels fears from
law enforcement along the border who say
the illegal immigrants are not being
properly screened for diseases and
contagious sicknesses before moving
along to other facilities for holding across
the nation.

“Some of the children who have come to
this country may not have a valid legal
basis to remain, but some will. Yet, it is
virtually impossible for a child to assert
a valid claim under immigration law in
the absence of legal representation. ...
It is a fantasy to believe that unrepresented
children have a fair shot in an immigration
proceeding”

--Rep. Hakeem Jeffries, D-N.Y.

Immigration

Healthcare

Immigration

Legal process




Supervised Hierchical LDA (SHLDA)
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Lexical and Hierarchical Topic Regression, Viet-An Nguyen, Jordan Boyd-Graber, Philip Resnik, Advances in Neural Information 10
Processing Systems (NIPS 2013), Lake Tahoe, NV



Supervised Hierchical LDA (SHLDA)

competiton | D:14 _ _ _ _ .' 2. - R:1.5

Lexical and Hierarchical Topic Regression, Viet-An Nguyen, Jordan Boyd-Graber, Philip Resnik, Advances in Neural Information 11
Processing Systems (NIPS 2013), Lake Tahoe, NV



Supervised Hierchical LDA (SHLDA)
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Lexical and Hierarchical Topic Regression, Viet-An Nguyen, Jordan Boyd-Graber, Philip Resnik, Advances in Neural Information 12
Processing Systems (NIPS 2013), Lake Tahoe, NV
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Supervised Hierchical LDA (SHLDA)
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Floor Debates Amazon Movie

Models House-Senate Senate-House Reviews Reviews
pcC T MSE L PCC T MSE [ pCC T MSE J pcC T MSE .
SVM-LDA o 0.173 0.861 0.08 1.247 0.157 1.241 0.327 0.970
SVM-LDAso 0.172 0.840 0.155 1.183 0.277 1.091 0.365 0.938
SVM-LDAs0 0.169 0.832 0.215 1.135 0.245 1.130 0.395 0.906
SVM-VOC 0.336 1.549 0.131 1.467 0.373 0.972 0.584 0.681
SVM-LDA-VOC 0.256 0.784 0.246 1.101 0.371 0.965 0.585 0.678
MLR-LDAj0 0.163 0.735 0.068 1.151 0.143 1.034 0.328 0.957
MLR-LDA30 0.160 0.737 0.162 1.125 0.258 1.065 0.367 0.936
MLR-LDAz0 0.150 0.741 0.248 1.081 0.234 1.114 0.389 0.914
MLR-VOC 0.322 0.889 0.191 1.124 0.408 0.869 0.568 0.721
MLR-LDA-VOC 0.319 0.873 0.194 1.120 0.410 0.860 0.581 0.702
SLDA1o 0.154 0.729 0.090 1.145 0.270 1.113 0.383 0.953
SLDAap 0.174 0.793 0.128 1.188 0.357 1.146 0.433 0.852
SLDAs0 0.254 0.897 0.245 1.184 0.241 1.939 0.503 0.772
SHLDA 0.356 0.753 0.303 | 1.076 | 0.413 0.891 0.597 | 0.673

For another related model see Nguyen et al., Tea Party in the House: A Hierarchical
Ideal Point Topic Model and Its Application to Republican Legislators in the 112th
Congress. Association for Computational Linguistics, Beijing, July 2015.




(Rant coming, not there yet.)



What framing does is to "select some aspects of a perceived
reality and make them more salient in a communicating text, in
such a way as to promote a particular problem definition, causal

interpretation, moral evaluation, and/or treatment recommendation for
the item described.”

Entman, R.M. (1993). "Framing: Toward clarification of a fractured

paradigm”. Journal of Communication 43 (4): 51-58. 18



What framing does is to "select some aspects of a perceived
reality and make them more salient in a communicating text, in
such a way as to promote a particular problem definition, causal
interpretation, moral evaluation, and/or treatment recommendation for
the item described."
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Entman, R.M. (1993). "Framing: Toward clarification of a fractured
paradigm". Journal of Communication 43 (4): 51-58. 19



“It 1s not pleasant to experience decay, to find yourself exposed to the ravages of
an almost daily rain, and to know that you are turning into something feeble, that
more and more of you will blow off with the first strong wind, making you less
and less.

— Andrew Solomon,

“[Despair], owing to some evil trick played upon the sick brain by the inhabiting
psyche, comes to resemble the diabolical discomfort of being imprisoned in a
fiercely overheated room. And because no breeze stirs this cauldron, because there is
no escape from this smothering confinement, it is entirely natural that the victim
begins to think ceaselessly of oblivion.”

— Dr. Kay Redfield Jamison,

“Ptsd 1s like being nailed to the cross over and over and over until each body surface,
organ and area has had its countless repetitive turns at assaults: has been split and
punctured wide open and then left to fry alive in tossed blame, and another‘s
abandoned shame”

— PTSD discussion board
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Resnik et al., Beyond LDA: Exploring Supervised Topic Modeling for Depression-Related Language in Twitter. NAACL
Workshop on Computational Linguistics and Clinical Psychology, Denver, CO, June 2015.



John Doe

Ethical dilemma, woman I’'m dating doesnt know I'm
@user1234 diagnosed with depression and struggling with anxiety

.

@users678
-

Interesting (though still small-N) study on patterns of cell phone use as
a potential source of signal for depression jmir.org/2015/7/e175/

“Depressed” ﬁ Philip Resnik @ psresnik - Jul 17

1 2

“Control”

Introduction to the CLPsych-2015 Shared and Unshared Tasks: Depression vs. PTSD on Twitter.
Glen Coppersmith, Mark Dredze, Craig Harman, Kristy Hollingshead, Margaret Mitchell (2015).




(Rant coming up very, very soon.)



Mental health in social media

[ Regression value | Top 5 words

ERILY omg cry Jove gomea demi oo gey ool perfoct meot sdk twoet omifg pls god wanss song Seorally bye Sy

ERIE people woman doe person human Kid word read child uaderstand happen workd joke remember real reason wrine siop change wrong
429 fack it Bich sssoke hate people drink poans sex damn fackin dick suck wif weed lifie Bell foel piss stupid

1536 foel cat dic fat cut havie Jose poople lime cry sop Body care crons friend sick hurt life scae atant

104 home watch woek time wait day bod howr cat somorrow feel call morsing friiend hope leave buy slocp night sgo

3093 girl guy boy people friend cute mom wear bot hase schood life wamna date pacture talk boyfrsend Kiss Saerally premy

278 woek post Baby inboa month hey day ago start prognast focl Sme pais gl penvale boy bad doe persod child

0148 Imao jol sk parl Imfao text love tho babvy miss dae phone wanna mad shit fuck call dams bech oom|

0062 hair buy nall kwve dress wear red oolor hlee cute beaatiful Tl piak Mack eye flower shoe beasty pesity spring

0042 photo poat facchook photoset share tumbly shinmy pacture tene update tag pic life timehae day sioey repost month vidoo challenge
QM3 happy birthdxy kove &y hope guy roason babe muiss stars nice s10p time life might liserally bad alive world song

0,066 EMOJILEMOA EMOJTEMOIE EMOJT EMOJ EMOI EMOJEEMOJT gord EMOJT EMOJEEMOJT EMOJT Jove EMOJE EMOUT poople EMOF] wanaa
L.083 pame vidoo iphose apple spp play add yostube ipad google phone sole spdate ssleract review froe waper galany plaglist peo

A48 niggs shit hech hoe boot gosta rval wansa ima $o alat sioh damn I wit tryma mooey call cux fomale

0.5 sheep wasna feed gonna hate bad tire wake love day miss bady time poople teax hongry mmnoy hair bad nap

-1.837 gy Jove pic mia bey lav wail dic ple Bope smidle twoet walch true watl s00 3 yweet conl day

-1.959 school ¢lass tomomos day college teachor bomoework study stan tost hate hour home math sloop people sit friday senior grade
2.8 lol Imao moscy yea smb damn dat potta yal ppl Kid time doet dede remember sayvz babvy 1il bell woman

2742 night sonight moerow time miss wiil party weekend semmes ready home deink howr week saturday excite friend ponsa fun leave

Most extreme and neutral sLDA topics from Twitter dataset
containing authors with self-reported depression (positive) and
controls (negative).

24




Mental health in social media
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Resnik et al., Beyond LDA: Exploring — sldabigvocabSVMiinear_1 —— tfidfshortvocabSVMlinear_1
Supervised Topic Modeling for —— sldabigvocabSVMrbf 1 —— tfidfshortvocabSVMrbf 1

Depression-Related Language in

Twitter. NAACL Workshop on

Computational Linguistics and Clinical 26
Psychology, Denver, CO, June 2015.



Take-aways

 Bayesian topic models provide a way to
uncover latent structure in text content

* Hierarchical models can capture not only
topics, but how those topics are framed —
an indication of underlying mental state

* Integrating supervision makes it possible
to predict response variables of interest



(here is the rant | promised)

« The mantra of NLP progress is that it’s all about the data.
« The clinical NLP data shortage is fatally desperate.

8 8 38 8 8 3 8 8 8

—
o

o

P Re

Percantage of Statistcal General NLP (ACL)
~— Porcontage of Statisical Blomadical NLP (AMIK)

%0
a7
Lv4
]
=
6 6
1970 1963 1988 1993 1988 2003 2008
1670-mid 1680s 1688 1904- 1099 2000
Natural language Deta<riven  The field The rise of
uinderstanding Wprosches  comes maching lsaming

snik, Paths to success in co

together

mputer-assisted coding, 3M white paper, 2014.

 We absolutely must have
large scale,
representatively variable
clinical data if we are to
make rapid progress.

« RESEARCHERS CANNOT
SOLVE THIS PROBLEM!!!

Can you?
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Linguistic Structured Sparsity
In Text Categorization

Dani Yogatama and Noah A. Smith
Language Technologies Institute

Carnegie Mellon University
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Summary

Words of a feather (should) flock
together

Idea: use linguistic structure to
define feathers (flocks) instead of
features

Math: sparse group lasso regularization

Results: text classification (sentiment, forecasting, topic)



Text Classification

this film is one big joke : you have all
the basics elements

of romance ( love at first sight , great
passion , etc . ) and gangster flicks

( brutality , dagerous machinations , the
mysterious don , etc. ) ,

but it is all done with the crudest

humor .

it > s the kind of thing you either like
viserally and immediately ’’ get ’’ or you
don ’ t

that is a matter of taste and
expectations

1 enjoyed it and it took me back to the
mid80s , when nicolson and turner were in
their primes

the acting is very good , if a bit
obviously tongue - in - cheek .
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Text is Not a Bag of Words!

e Sentences

this film is one big joke : you have all
the basics elements

of romance ( love at first sight , great
passion , etc . ) and gangster flicks

( brutality , dagerous machinations , the
mysterious don , etc. ) ,

but it is all done with the crudest

humor .

it > s the kind of thing you either like
viserally and immediately ’’ get ’’ or you
don ’ t

that is a matter of taste and
expectations

1 enjoyed it and it took me back to the
mid80s , when nicolson and turner were in
their primes

the acting is very good , if a bit
obviously tongue - in - cheek .




Text is Not a Bag of Words!

e Sentences
* Phrases

this film is one big joke : you have all
the basics elements

of romance ( love at first sight , great
passion , etc . ) and gangster flicks

( brutality , dagerous machinations , the
mysterious don , etc. ) ,

but it is all done with the crudest

humor .

it > s the kind of thing you either like
viserally and immediately ’’ get ’’ or you
don ’ t

that is a matter of taste and
expectations

1 enjoyed it and it took me back to the
mid80s , when nicolson and turner were in
their primes

the acting is very good , if a bit
obviously tongue - in - cheek .




Text is Not a Bag of Words!

Sentences
Phrases

Fine-grained
syntactic
classes

this film is one big joke : you have all
the basics elements

of romance ( love at first sight , great
passion , etc . ) and gangster flicks

( brutality , dagerous machinations , the
mysterious don , etc. ) ,

but it is all done with the crudest

humor .

it > s the kind of thing you either like
viserally and immediately ’’ get ’’ or you
don ’ t

that is a matter of taste and
expectations

1 enjoyed it and it took me back to the
mid80s , when nicolson and turner were in
their primes

the acting is very good , if a bit
obviously tongue - in - cheek .




Text is Not a Bag of Words!

e Sentences

* Phrases

* Fine-grained
syntactic
classes

e Thematic
topics

(and many more!)

this film is one big joke : you have all
the basics elements

of romance ( love at first sight , great
passion , etc . ) and gangster flicks

( brutality , dagerous machinations , the
mysterious don , etc. ) ,

but it is all done with the crudest

humor .

it > s the kind of thing you either like
viserally and immediately ’’ get ’’ or you
don ’ t

that is a matter of taste and
expectations

1 enjoyed it and it took me back to the
mid80s , when nicolson and turner were in
their primes

the acting is very good , if a bit
obviously tongue - in - cheek .




Learning the Weights w

“fit the data”

(e.g., log-likelihood of y, given d,
hinge loss, ...)

N
w = argmin )  L(f(dy), yn; w) + R(w)
n=1

“generalize”
(e.g., Allwll3;
Allw|l1)



Group Lasso (Yuan & Lin ‘06)

— ZAQHWQHQ

group 1 group 2 group 3

no sparsity

classic sparsity

group sparsity



Group Lasso (Yuan & Lin ‘06)
R(w) = ZAQHWQHQ

In NLP:
e chunking and parsing (Martins et al., 2011)

* language modeling (Nelakanti et al., 2013)

group sparsity



Learning the Weights w



Learning the Weights w

N
W = arg min Z L(f(dy), yn; w) + R(w)
A%
n=1
N
n=1 o R(W) o “Tikhonov” regularization

“Ivanov” regularization



Lasso vs. Group Lasso

w3

- =

="

R(w) = wy| + |wy| + [wy

= arg mm Z L(f(d,),yn; W

s.t. R(w) <7

Martins et al., EACL 2014 tutorial on structured sparsity in NLP



Lasso vs. Group Lasso

w3

,
L k Cuy, wp) | g
4&% -

w1

R(w) = wy| + |wy| + [wy

Martins et al., EACL 2014 tutorial on structured sparsity in NLP



Whence Groups?

Back to NLP ...



Sentence Regularizer

>>“ns E

n=1 s=1

W

* Every sentence s in every document n gets a group.

* Ifw,  can be driven to zero, that means the
sentence is irrelevant to the task.

* Many overlapping groups!

Yogatama and Smith (ICML 2014)



e B I B S B B e e e e e

acting
at

back
basics
big

bit
brutality
but
cheek
crudest
dagerous

the

Group for Sentence 1

this film is one big joke : you have all
the basics elements

of romance ( love at first sight , great
passion , etc . ) and gangster flicks

( brutality , dagerous machinations , the
mysterious don , etc. ) ,

but it 1is all done with the crudest

humor .

it > s the kind of thing you either like
viserally and immediately ’’ get ’’ or you
don ’ t

that is a matter of taste and
expectations

1 enjoyed it and it took me back to the
mid80s , when nicolson and turner were in
their primes

the acting is very good , if a bit
obviously tongue - in - cheek .




e B I B S B B e e e e e

acting
at

back
basics
big

bit
brutality
but
cheek
crudest
dagerous

the

Group for Sentence 5

this film is one big joke : you have all
the basics elements

of romance ( love at first sight , great
passion , etc . ) and gangster flicks

( brutality , dagerous machinations , the
mysterious don , etc. ) ,

but it is all done with the crudest

humor .

it > s the kind of thing you either like
viserally and immediately ’’ get ’’ or you
don ’ t

that is a matter of taste and
expectations

1 enjoyed it and it took me back to the
mid80s , when nicolson and turner were in
their primes

the acting is very good , if a bit
obviously tongue - in - cheek .




More Linguistic Structure Regularizers

* Parse tree regularizer aroups
1 2 3 4 5 6 7 8 9
" the v v
% actors v v v
g are v/ v v
'g fantastic v v v v
= v/ | v




More Linguistic Structure Regularizers

* Parse tree regularizer aroups
1 2 3 4 5 6 7 8 9
) the | v / /
% actors v v v
g are v/ v v
'g fantastic v v v v
= v/ | v

 Each of 5,000 hierarchical Brown clusters



More Linguistic Structure Regularizers

* Parse tree regularizer aroups
1 2 3 4 5 6 7 8 9
i the v v v
% actors v v v
g are / v v
'g fantastic v v v v
= v | v

 Each of 5,000 hierarchical Brown clusters
 Top ten words in each of 1,000 LDA topics



Sparse Group Lasso



Optimization



Optimization

n=1 constraint forces agreement

N
IJvlif}R(V) AWl + Z L{£(dn), yn; W) separate w from “copies” v,
s.t. v=Mw




Optimization

N
minR(v) + Awlls + Y L(E(dy), yo: W)

J

separate w from “copies” v,
n=1 constraint forces agreement

s.t. v=Mw



Optimization

{B}{,lR( ) T )\HWHl T Z L y”’ ) separate w from “copies” v,
n=1 constraint forces agreement
s.t. v=Mw
: P 2
min max R(v) + A|w]|1 + Z L(f(dy), yn;w) +u- (v — Mw) + = |lv — Mw||3
W,V u 2

“augmented Lagrangian”



Optimization

{B}{,lR( ) ™ )\HWHl T Z L y”’ ) separate w from “copies” v,
n=1 constraint forces agreement
s.t. v=Mw
: P 2
min max R(v) + A|w]|1 + Z L(f(dy), yn;w) +u- (v — Mw) + = |lv — Mw||3
W,V u 2

ADMM: Alternating
Directions

Method of a3 “faster” version of dual ascent for solving the
Multipliers augmented Lagrangian (Hestenes '69; Powell ’69)

alternating, blockwise updates of w and v

(Glowinski & Marroco ‘75; Gabay & Mercier '76)



“Blockwise” Updates

w update = loss minimization with elastic net regularization (Zou & Hastie '05)

N
min max R(v) + \||w||1 + Z L(f(d,), yn; W) +u-(v—Mw) + gHV — Mw||3

W,V u
1‘ n=1

constant



“Blockwise” Updates

W,V

N
minmax R(v) + AWl + D7 LE(da), g3 w) +u- (v = Mw) + Zflv — Mw;
n=1

v updates: proximal operator for each group:

Zn’S — Md’sw -

Vn,s — \

Ug s
P
(0 if [|Zns|l2 <7
|Zn,sll2 — T

Z, s Otherwise

 Znsl2



“Blockwise” Updates

N
min max R(v) + \||w||1 + Z L(f(d,), yn; W) +u-(v—Mw) + gHV — Mw||3
n=1

W,V u

simple dual update u



Implications

Group sparsity and strong sparsity

Model class is still a (fast) bag of words ...
but somehow “informed” by structure

Learning is more expensive ... but still convex

A new kind of interpretability ...



ply=1]d)

ply=1]d\s)

1.52

1.01

1.01

1.02

1.00

this film is one big joke : you have all
the basics elements

of romance ( love at first sight , great
passion , etc . ) and gangster flicks

( brutality , dagerous machinations , the
mysterious don , etc. ) ,

but it is all done with the crudest
humor .

1 enjoyed it and it took me back to the
mid80s , when nicolson and turner were in
their primes




Classification Experiments

* [: Bag of words logistic regression
* Baselines: m.f.c., lasso, ridge, elastic
* Eight datasets



85

80

75 -

70 -

65 -

60 -

55 -

50

Sentiment

*

*

A

Movies (Socher et al., 2013)

AMMHIHINNMNNNY | #

Votes (Thomas et al., 2006)

Em.f.c.
M [asso

O ridge

O elastic )

sentence
O parse
B Brown

B DA



90

85

80

75

70

65

60

55

50

Forecasting

*

1

MMMIINNNaWS

Science (Yogatama et al., 2011)

AN

Bills (Yano et al., 2012)

Em.f.c. )
M [asso

Oridge

[ elastic_/

sentence
O parse
® Brown

B DA



20 Newsgroups Binary Tasks

95 —
_ Em.f.c )
90 i i i
— M |lasso
85 ' I ' ' >base|ines
Oridge
80
[ elastic_/
75
70
sentence
65
]
60 parse
[
55 Brown
[
50 LDA

Science (med/space) Sports (baseball/  Religion (atheism/ Computer (pc/mac)
hockey) christian)



Brown as features or regularizer?

100
95
90
85
80
75
70
65
60
55
50

Science

Sports

Religion

Computer

B best baseline

[ [asso + Brown

add

O ri +
ridge + Brown foatures

[ elastic + Brown

B our Brown regularizer



100
98
96
94
92
90
88
86
84
82
80

LDA as features or regularizer?

[

Science Sports

Religion

Computer

B best baseline
Olasso + LDA
Cridge + LDA
[ elastic + LDA

add
features

M our LDA regularizer



Summary

Words of a feather (should) flock
together

Idea: use linguistic structure to
define feathers (flocks) instead of
features

Math: sparse group lasso regularization

Results: text classification (topics, sentiment, forecasting)

Acknowledgments: Google, IARPA, Pittsburgh Supercomputing Center
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Microsoft Research



Processing Text for HealthCare

e Introduction

 The Structure of Free Text in Clinical Records
* Lucy Vanderwende

* Machine Reading for Cancer Panomics
* Hoifung Poon



Needs patient data:
Data-Driven Decisions for Reducing

| nt ro d u Ct | O n Readmissions for Heart Failure:

General Methodology and Case Study

Learning Data-Driven Patient Risk
Stratification Models for Clostridium
difficile

inical Notes

On-time clinical phenotype prediction
based on narrative reports

Literature

Leveraging PubMed and shared task data:

Literome: PubMed-Scale Genomic Knowledge
Base in the Cloud

Distant Supervision for Cancer Pathway
Extraction from Text

Joint Inference for Knowledge Extraction from Genomi ta

Biomedical Literature

Quantifying the uncertainty in heritability

Big Mechanisms DARPA Program _ . o _
An Exhaustive Epistatic SNP Association Analysis on Expanded Wellcome Trust Data

Correction for hidden confounders in the genetic analysis of gene expression



http://www.ncbi.nlm.nih.gov/pubmed/24939151
http://research.microsoft.com/en-us/um/people/hoifung/papers/psb15.pdf
http://research.microsoft.com/en-us/um/people/hoifung/papers/naacl10.pdf
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0109264
http://ofid.oxfordjournals.org/content/early/2014/06/18/ofid.ofu045.abstract
http://depts.washington.edu/bionlp/data/publications/files/ontime clinical phenotype prediction based on narrative reports.pdf
http://www.nature.com/jhg/journal/vaop/ncurrent/full/jhg201415a.html
http://www.nature.com/articles/srep01099
http://www.pnas.org/content/early/2010/08/30/1002425107.abstract

The Structure of Free Text in Clinical Records

Lucy Vanderwende

Affiliate Associate Professor,
Biomedical and Health Informatics, UW Medicine
University of Washington

also:
Senior Researcher,
Microsoft Research



Electronic medical records

 Structured data: problem lists, lab results, pharmacy orders,
discharge diagnoses, ...

e Unstructured data (Free-form text): radiology reports, operative
notes, discharge summaries, ...

e More than 80% of data is in the form of free-text



An example of discharge summary

HISTORY OF PRESENT ILLNESS:
The patient is a 68 year old with acute leukemia.

The patient was in her usual state of health until about three weeks prior to admission when she began to notice
increased weakness and bruising.

She presented to a Wood Emergency Department six days prior to admission.

Platelets were 9,000, hemoglobin 9.5, temperature was 100.4.

The patient had a smear there consistent with ALL.

The patient was transferred to Norri Hospital.

REVIEW OF SYSTEMS:

No headache, no nausea, vomiting or diarrhea.

Some shortness of breath with allergies, particularly cats.

No chest pain.

The patient had been doing aerobics three times a week until a couple of weeks before admission.
PAST MEDICAL HISTORY:

Thlgz patient's past medical history is significant for allergies, depression and anxiety, pleural thickening /
asbestosis.

ALLERGIES:

The patient's allergies include a questionable penicillin reactions; however, the patient tolerated Ampicillin well.
The patient does not recollect what her reaction to penicillin was.

The patient also had a history of platelet reaction.

FAMILY HISTORY:

The patient's family history was significant for a brother with colon cancer.



discharge summary: keywords

acute leukemia

admission
weakness bruising
Platelets hemoglobin temperature
smear ALL
headache, nausea, vomiting  diarrhea
shortness of breath allergies
chest pain
admission
allergies depression anxiety pleural thickening /
asbestosis
allergies penicillin reactions Ampicillin

penicillin

platelet reaction

colon cancer



discharge summary: keywords + sections

HISTORY OF PRESENT ILLNESS:
acute leukemia

. admission
weakness bruising

Platelets hemoglobin temperature

smear ALL

REVIEW OF SYSTEMS:
headache, nausea, vomiting  diarrhea
shortness of breath allergies
chest pain
admission
PAST MEDICAL HISTORY:

allergies depression anxiety pleural thickening /
asbestosis

ALLERGIES:
allergies penicillin reactions Ampicillin
penicillin
platelet reaction
FAMILY HISTORY:

colon cancer



discharge summary: keywords + sections + assertions

HISTORY OF PRESENT ILLNESS:
acute leukemia.

_ o until about three weeks prior to admission
increased weakness and bruising.

six days prior to admission.

Platelets hemoglobin temperature Negation. no headache
0 ’

a smear consistent with ALL. no nausea

’

no vomiting, no diarrhea
REVIEW OF SYSTEMS:

No headache, no nausea, vomiting or diarrhea.
Some shortness of breath with allergies, particularly cats.
No chest pain.
until a couple of weeks before admission.
PAST MEDICAL HISTORY:

past medical history is significant for allergies, depression and anxiety, pleural thickening /
asbestosis.

ALLERGIES:

The patient's allergies include a questionable penicillin reactions; however, the patient tolerated Ampicillin well.

a history of platelet reaction.
FAMILY HISTORY:

The patient's family history was significant for a brother with colon cancer.



discharge summary: keywords + sections + assertions

HISTORY OF PRESENT ILLNESS:
acute leukemia.

_ o until about three weeks prior to admission
increased weakness and bruising.

six days prior to admission.
Platelets hemoglobin temperature

a smear consistent with ALL.

REVIEW OF SYSTEMS: Specific information:
No headache, no nausea, vomiting or diarrhea.

particularly cats

Some shortness of breath with allergies, particularly cats.

No chest pain.
until a couple of weeks before admission.
PAST MEDICAL HISTORY:

past medical history is significant for allergies, depression and anxiety, pleural thickening /
asbestosis.

ALLERGIES:

The patient's allergies include a questionable penicillin reactions; however, the patient tolerated Ampicillin well.

a history of platelet reaction.
FAMILY HISTORY:

The patient's family history was significant for a brother with colon cancer.
10



discharge summary: keywords + sections + assertions

HISTORY OF PRESENT ILLNESS:
acute leukemia.

until about three weeks prior to admission

Temporal information, building

increased weakness and bruising.

six days prior to admission. d timeline

Platelets hemoglobin temperature

a smear consistent with ALL.

REVIEW OF SYSTEMS:
No headache, no nausea, vomiting or diarrhea.

Some shortness of breath with allergies, particularly cats.

No chest pain.

until a couple of weeks before admission.

PAST MEDICAL HISTORY:

past medical history is significant for allergies, depression and anxiety, pleural thickening /
asbestosis.

ALLERGIES:

The patient's allergies include a questionable penicillin reactions; however, the patient tolerated Ampicillin well.

had a history of platelet reaction.
FAMILY HISTORY:

The patient's family history was significant for a brother with colon cancer.
11



discharge summary: keywords + sections + assertions

HISTORY OF PRESENT ILLNESS:
acute leukemia.

until about three weeks prior to admission

increased weakness and bruising.

six days prior to admission.

Platelets hemoglobin temperature

a smear consistent with ALL.

REVIEW OF SYSTEMS:
No headache, no nausea, vomiting or diarrhea.

Some shortness of breath with allergies, particularly cats.

No chest pain.

until a couple of weeks before admission.

PAST MEDICAL HISTORY:

past medical history is significant for allergies, depression and anxiety, pleural thickening /
asbestosis.

ALLERGIES:

The patient's allergies include a questionable penicillin reactions; however, the patient tolerated Ampicillin well.

a history of platelet reaction. Uncertainty:

guestionable penicillin
reactions 12

FAMILY HISTORY:

The patient's family history was significant for a brother with colon cancer.



discharge summary: keywords + sections + assertions

HISTORY OF PRESENT ILLNESS:
acute leukemia.

until about three weeks prior to admission

increased weakness and bruising.

six days prior to admission.

Platelets hemoglobin temperature

a smear consistent with ALL.

Change of State REVIEW OF SYSTEMS:
No headache, no nausea, vomiting or diarrhea.

Some shortness of breath with allergies, particularly cats.

No chest pain.

until a couple of weeks before admission.

PAST MEDICAL HISTORY:

past medical history is significant for allergies, depression and anxiety, pleural thickening /
asbestosis.

ALLERGIES:

The patient's allergies include a questionable penicillin reactions; however, the patient tolerated Ampicillin well.

a history of platelet reaction.
FAMILY HISTORY:

The patient's family history was significant for a brother with colon cancer.
13



discharge summary: keywords + sections + assertions + tests

HISTORY OF PRESENT ILLNESS:
acute leukemia.

until about three weeks prior to admission

increased weakness and bruising.

six days prior to admission.

Platelets were 9,000, hemoglobin 9.5, temperature was 100.4.

The patient had a smear there consistent with ALL.

Medical tests
REVIEW OF SYSTEMS:

No headache, no nausea, vomiting or diarrhea.

Some shortness of breath with allergies, particularly cats.

No chest pain.

until a couple of weeks before admission.

PAST MEDICAL HISTORY:

past medical history is significant for allergies, depression and anxiety, pleural thickening /
asbestosis.

ALLERGIES:

The patient's allergies include a questionable penicillin reactions; however, the patient tolerated Ampicillin well.

The patient does not recollect what her reaction to penicillin was.
a history of platelet reaction.

FAMILY HISTORY:

The patient's family history was significant for a brother with colon cancer. Medical treatments




Tool

History of present
illness

Past medical history
Allergies

Medications

Physical Examination

Hospital Course

1 - Section Chunking

HISTORYEDFAEPRESENTHLLNESS:[
ThisAsEn@B5Fear@DldEnandnitiallyBidmitted@o®he@lasticBurgeryBerviceForvaluation
left@acial@nass.Bubsequently, LMEDRK CUBMvasRonsultedEndhe@vasEransferred@ourl
Servicelpostoperatively.

MEDICALEHISTORY:[
HisBbast@nedicalhistorydsBignificantFor@rostate@ancer,@BenignBrostaticthypertrophy,
hypothyroidismBEEtatusiostFadiationForfhonEHodgkinBs@ymphoma,@hronic@ainlessk
hematuriaB@legenerative@oint@isease@Endthistory®EEnurmur.Aasti@olonoscopy,Hivel
yearsEgo.[MDementia.R

ALLERGIES:[I

Nolknown@lrugllergies.?

MEDICATIONS:

1.A.evothyroxine.R

2.0lasix.2l

3.@Proscar.(

4.Aeroseb.k

5.BAncef.[

PHYSICALEEXAMINATION:[
OnExamination,fheds@Efebrile.XitalBigns,Btable.Elderly@nan,Bomewhat@achecticHead,
eye,@ars,thoseind®hroat,olypoididesionfustiinferior@o@heleftzygoma,®levated
superiorly,Bvith@isiblefbone.INo@xudate.mMMinimal@leeding.mRegular@ateEnd@hythm.Xleard]
toEuscultation.mNontender,Bhondistended.

HOSPITALECOURSE:[

He@vasnitiallyBhdmitted@o MEDHor@esectionEnd&epairfDfEhisdeft@acialdesion.MHelhlsolR!
had@onsults@rom@rology@orthisthematurias@vellzisEMedicine@reoperatively@EndEMEDLE
CCU.MHe@MventRoRhe@peratingdRoomEDnER016-03-10AvithWrology@orithematuria@vherelhel
had@Rystoscopy@ransurethral@esection@BDflrostatelacement.fHe®hen@vent@oRhel

Operating@Room@DnR016-03-14AvherethethadR..Bl

15



Tool #1 - Section Chunking

M. Tepper, D. Capurro, F. Xia, L. Vanderwende, M. Yetisgen-Yildiz. Statistical Section Segmentation in Free-Text
Clinical Records. Proceedings of the International Conference on Language Resources and Evaluation (LREC), Istanbul.
May, 2012.

section chunking improves accuracy tagging Baseline: MetaMap identifies medical concepts in discharge

UMLS concepts summaries when checking concepts for comorbidities
Asthma Baseline 82.8/ 84.1/ 83.5

with Sections 89.5/81.0/ 85.0

Diabetes Baseline 88.8/75.8/ 81.8

with Sections 92.2/75.8/ 83.2

16


http://depts.washington.edu/bionlp/index.html?statistical-section-chunker
http://depts.washington.edu/bionlp/data/publications/files/statistical section segmentation in freetext clinical record.pdf

Tool #2 - Assertion analysis*®

* The patient was then followed in the cardiac critical care unit where he had
evidence of anoxic encephalopathy. (present)

* Heart was regular with a 1/VI systolic ejection murmur without jugular
venous distention. (absent)

* He does become slightly short of breath when lifting furniture. (conditional)

* If you have fevers please contact your PCP or return to the emergency
room. (hypothetical)

* The patient was continued on antibiotics for possible pneumonia. (possible)

* Father had coronary artery disease. (not patient)

*enabling: 2010 Informatics for Integrating Biology and the Bedside (i2b2)/Veteran’s Affairs (VA) shared-task challenge

17



Tool

2 - Assertion analysis

C.A. Bejan, L. Vanderwende, F. Xia, M. Yetisgen-Yildiz. Assertion modeling and its role in clinical phenotype

identification. J Biomed Inform, 2013. 46(1):68-74.

System configuration Absent Not patient Conditional Hypothetical Possible Present Overall

P R P R P R P R P R P R macroF microF
Training set
Basic 95.77 95.66 85.48 57.61 76.19 31.07 94.26 88.33 79.36 64.67 95.05 97.81 77.93 94 .48
+Section 96.20 95.78 92.68 82.61 73.33 32.04 95.36 91.55 79.73 65.42 95.50 97.89 81.65 94.96*
+Category specific 96.50 95.78 92.94 85.87 80.39 39.81 95.51 91.55 84.87 72.34 95.97 98.16 84.55 95.55*
+Assertion focus 96.87 96.37 95.18 85.87 82.35 40.78 95.54 92.17 87.03 74.02 96.20 98.31 85.42 95.89*

18


http://depts.washington.edu/bionlp/index.html?software
http://www.ncbi.nlm.nih.gov/pubmed/23000479

Section Chunking, UMLS Concept Mapper,
Assertion Tool applied to EMR

. RandomSets — mysqgl — 123x42

sectionType CuI | conceptName semanticTypes | assertValue

filename

100. txt
100. txt
100. txt
100. txt
100.txt
100.txt
100. txt
100. txt
100. txt
100. txt
100.txt
100. txt
100. txt
100. txt
100. txt
100.txt
100. txt

I
| 3_History_of_Present_Illness C0683519
|
I
I
I
|
|
I
I
I
I
|
I
I
I
I
|
| 100.txt
I
|
I
I
I
I
|
|
I
I
I
|
|
I
I
I
I

3_History_of_Present_Illness C0158266
3_History_of_Present_Illness | C0011164
3_History_of_Present_Illness C0730226
3_History_of_Present_Illness (024031
3_History_of_Present_Illness C0700594
3_History_of_Present_Illness 0264180
3_History_of_Present_Illness | C0009814
3_History_of_Present_Illness | C0947637
3_History_of_Present_Illness €1261287
3_History_of_Present_Illness C0038454
3_History_of_Present_Illness C0011847
3_History_of_Present_Illness | C0011849
3_History_of_Present_Illness | C1457887
3_History_of_Present_Illness C1444648
3_History_of_Present_Illness C1576875

| history of disease fndg present

| degenerative disc dsyn present

| Degenerative patf present

| history of disease fndg present

| Low Back Pain s0sy present

| Radiculopathy dsyn present

| Spondylolisthesis, grade 1 dsyn present

| Stenosis patf present

| Stenosis patf present

| Stenosis anab present

| CVA, NOS dsyn present

| Diabetes dsyn present

| Diabetes dsyn present

| Symptoms sosy present

| Offered fndg present

| Write fndg present

4 _Discharge_Diagnoses C0838438 | Spondylolisthesis, lumbar region dsyn present

6_Consultation C1363945 | Therapy fndg present

100. txt 6_Diagnostic_Studies_Results 2825142 | Result fndg present
100.txt |
100. txt |
100. txt |
100.txt |
100. txt |
100. txt |
100. txt |
100. txt |
100. txt |
100. txt |
100. txt |
100.txt |
100. txt |
100, txt |
100. txt |
100. txt |

6_Diagnostic_Studies_Results CP@11900 | Diagnostic fndg present
6_Diagnostic_Studies_Results C0683954 study results fndg present
6_Diagnostic_Studies_Results | C0@@9566 | Complication patf absent
6_Diagnostic_Studies_Results | C@580859 | change in position fndg absent
6_Diagnostic_Studies_Results CP237053 | adnexal lesion acab present
6_Diagnostic_Studies_Results CP011649 | Dermoid Cyst neop possible
6_Diagnostic_Studies_Results C@e589120 Follow-up fndg present
6_Diagnostic_Studies_Results | 2825142 | Result fndg present
6_Diagnostic_Studies_Results | C2825142 | Result fndg present
6_Diagnostic_Studies_Results (€2825142 | Result fndg present
6_Hospital_Course CP489547 | Hospital course fndg present
6_Hospital_Course C0043194 | WAS dsyn present
6_Hospital_Course C1509143 | Physical fndg present
6_Hospital_Course C0012634 | condition dsyn present
6_Hospital_Course C@311392 | SIGNS fndg present
6_Hospital_Course (k030193 Pain sosy present

f————_———-—-E—-me—e—.——,-—.-—-— .— e — ¢

35 rows in set (0.00 sec)

mysql>




Section Chunking, UMLS Concept Mapper,
Aoyl amte i e lied to EMIR

The patient is a 56-year-old female who

was found to have
_and lateral recess

stenosis at L4-L5 and L5-S1.

7 RandomSets — mysgl — 123x42

conceptName semanticTypes | assertValue

history of disease
degenerative disc
Degenerative
history of disease
Low Back Pain
Radiculopathy
Spondylolisthesis, grade 1
Stenosis

Stenosis

Stenosis

CVA, NOS

Diabetes

Diabetes

Symptoms

Offered

fndg
dsyn
patf
fndg
sosy
dsyn
dsyn
patf
patf
anab
dsyn
dsyn
dsyn
sSosy
fndg
fndg
dsyn
fndg
fndg
fndg
fndg
patf
fndg
acab
neop
fndg
fndg
fndg
fndg
fndg
dsyn
fndg
dsyn
fndg
sosy

present
present
present
present
present
present
present
present
present
present
present
present
present
present
present
present
present
present
present
present
present
absent
absent
present
possible
present
present
present
present
present
present
present
present
present
present

3_History_of_Present
3_History_of_Present_Illness
3_History_of_Present_Illness
3_History_of_Present_Illness | C0009814
3_History_of_Present_Illness | C0947637
3_History_of_Present_Illness C1261287
3_History_of_Present_Illness (0038454
3_History_of_Present_Illness C0011847
3_History_of_Present_Illness | C0011849
3_History_of_Present_Illness | C1457887
3_History_of_Present_Illness | (C1444648
3_History_of_Present_Illness C1576875 | Write

4_Discharge_Diagnoses C0838438 | Spondylolisthesis, lumbar region

I
I
I
I
. I
100.txt |
I
I
I
I
I
I
I
I
I
I
|
6_Consultation C1363945 | Therapy
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I

100.txt
100. txt
100.txt
100. txt
100. txt
100.txt
100.txt
100.txt
100. txt
100. txt
100. txt
100.txt
100. txt
100.txt
100.txt

6_Diagnostic_Studies_Results | 2825142 | Result
Diagnostic
study results
Complication
change in position
adnexal lesion
Dermoid Cyst
Follow-up
Result

Result

Result

Hospital course
WAS

Physical
condition

SIGNS

Pain

6_Diagnostic_Studies_Results C0011900

100. txt
100. txt
100.txt
100.txt
100. txt
100. txt
100. txt
100.txt
100.txt
100. txt
100.txt
100. txt
100.txt
100.txt

6_Diagnostic_Studies_Results | C0009566
6_Diagnostic_Studies_Results CP580859
6_Diagnostic_Studies_Results CP237053
6_Diagnostic_Studies_Results C0011649
6_Diagnostic_Studies_Results C0589120
6_Diagnostic_Studies_Results | 2825142
6_Diagnostic_Studies_Results | 2825142
6_Diagnostic_Studies_Results (€2825142
6_Hospital_Course C0489547
6_Hospital_Course C0043194
6_Hospital_Course C1509143
6_Hospital_Course C0012634
6_Hospital_Course C@311392
6_Hospital_Course (k030193

o — ——— — — ———(——— ————————————— —————— — — — — o —
 ————— e —————————————— e — ¢
e — i . — ———— ——— —— —— — T——————————— {— — —— — i —

I I
I I
| |
I I
| |
I I
I I
| |
I I
I I
I I
I I
| |
| |
| |
| 18e@.txt | 6_Diagnostic_Studies_Results C0683954
I I
I I
I I
| |
| |
I I
I I
I I
I I
| |
I I
| |
I I
I I

35 rows in set (0.00 sec)

mysql> §



Section Chunking, UMLS Concept Mapper,
Assertion Tool applied to EMR

| NON ] RandomSets — mysql — 123x42
| filename | sectionType | CUI | conceptName | semanticTypes | assertValue |
| 1e@.txt | 3_History_of_Present_Illness | C@683519 | history of disease | fndg | present |
| 1e@.txt | 3_History_of_Present_Illness | C@158266 | degenerative disc | dsyn | present |
| 10@0.txt | 3_History_of_Present_Illness | C0011164 | Degenerative | patf | present |
| 100.txt | 3_History_of_Present_Illness | C8730226 | history of disease | fndg | present |
| 18@.txt | 3_History_of_Present_Illness | C0024@31 | Low Back Pain | sosy | present |
| 1@@.txt | 3_History_of_Present_Illness | C@700594 | Radiculopathy | dsyn | present |
| 10@.txt | 3_History_of_Present_Illness | C026418@ | Spondylolisthesis, grade 1 | dsyn | present |
| 18@0.txt | 3_History_of_Present_Illness | C@0@9814 | Stenosis | patf | present |
| 100.txt | 3_History_of_Present_Illness | C0947637 | Stenosis | patf | present |
e T T T 01261287 | Stenosis | anab | present |
“ . . ” 3038454 | CVA, NOS | dsyn | present |
Complication” - absent 011847 | Diabetes | dsyn | present |
. . 011849 | Diabetes | dsyn | present |
Compllcatlon 457887 | Symptoms | sosy | present |
444648 | Offered | fndg | present |
576875 | Write | fndg | present |
838438 | Spondylolisthesis, lumbar region | dsyn | present |
363945 | Therapy | fndg | present |
| Result | fndg | present |
| | b_DlagnoSTIicEse | Diagnostic | fndg | present |
| | 6_Diagnostic_Studies_Resutcsiy | study results | fndg | present |
| | 6_Diagnostic_Studies_Results | C@@@9566— Complication | patf | absent |
| 100.txt | 6_Diagnostic_Studies_Results | C@580859 | change in position | fndg | absent |
| 10@0.txt | 6_Diagnostic_Studies_Results | C@237@53 | adnexal lesion | acab | present |
| 1@0.txt | 6_Diagnostic_Studies_Results | C@0011649 | Dermoid Cyst | neop | possible |
| 1e@.txt | 6_Diagnostic_Studies_Results | C@8589120 | Follow-up | fndg | present |
| 10@.txt | 6_Diagnostic_Studies_Results | C2825142 | Result | fndg | present |
| 100.txt | 6_Diagnostic_Studies_Results | (2825142 | Result | fndg | present |
| 100.txt | 6_Diagnostic_Studies_Results | C2825142 | Result | fndg | present |
| 1@@0.txt | 6_Hospital_Course | Ce489547 | Hospital course | fndg | present |
| 1e@.txt | 6_Hospital_Course | Cee43194 | WAS | dsyn | present |
| 18@0.txt | 6_Hospital_Course | C1509143 | Physical | fndg | present |
| 100.txt | 6_Hospital_Course | Ce012634 | condition | dsyn | present |
| 10@.txt | 6_Hospital_Course | €@311392 | SIGNS | fndg | present |
| 1@@0.txt | 6_Hospital_Course | Ce@30193 | Pain | sosy | present |

35 rows in set (0.00 sec)

mysql>




Section Chunking, UMLS Concept Mapper,
Assertion Tool applied to EMR

¢/ RandomSets — mysgl — 123x42

filename | sectionType CuI

conceptName semanticTypes | assertValue

100. txt 3_History_of_Present_Illness C0683519
100. txt 3_History_of_Present_Illness C0158266
100. txt 3_History_of_Present_Illness | C0011164
100. txt 3_History_of_Present_Illness C0730226
100. txt 3_History_of_Present_Illness (024031
100. txt 3_History_of_Present_Illness C@700594
100. txt 3_History_of_Present_Illness C0264180
100.txt 3_History_of_Present_Illness | C0009814
100. txt 3_History_of_Present_Illness | C0947637

I
| history of disease fndg present
| degenerative disc dsyn present
| Degenerative patf present
| history of disease fndg present
| Low Back Pain s0sy present
| Radiculopathy dsyn present
| Spondylolisthesis, grade 1 dsyn present
| Stenosis patf present
| Stenosis patf present
100. txt 3_History_of_Present_Illness C1261287 | Stenosis anab present
100. txt 3_History_of_Present_Illness Ce038454 | CVA, NOS dsyn present
100. txt 3_History_of_Present_Illness CP011847 | Diabetes dsyn present
100.txt 3_History_of_Present_Illness | C@011849 | Diabetes dsyn present
100. txt 3_History_of_Present_Illness | C1457887 | Symptoms sosy present
100. txt 3_History_of_Present_Illness | 1444648 | Offered fndg present
100. txt 3_History_of_Present_Illness C1576875 | Write fndg present
100. txt 4_Discharge_Diagnoses C0838438 | Spondylolisthesis, lumbar region dsyn present
100. txt 6_Consultation C1363945 | Therapy fndg present
100. txt 6_Diagnostic_Studies_Results 2825142 | Result fndg present
100. txt 6_Diagnostic_Studies_Results CP@11900 | Diagnostic fndg present
100.txt 6_Diagnostic_Studies_Results | C8683954 | study results fndg present
100. txt 6_Diagnostic_Studies_Results | C@@@9566 | Complication patf absent
100.txt 6_Diagnostic_Studies_Results | C@580859 | change in position fndg absent
100. txt 6_Diagnostic_Studies_Results C0237@53 | adnexal lesion acab present
100.txt 6_Diagnostic_Studies_Results Dermoid Cyst neop possible
100. txt 6_Diagnostic_Studies_Re Follow-up fndg present
100. txt 6 Diagnosti . Result fndg present

«“ q ” A Result fndg present
dermOId CVSt = pOSSIbIe Result fndg present

This is incompletely characterized on the Hespital course rnag present

dsyn present

Physical fndg present

current study and may represent a ATt dsyn Dresent
SIGNS fndg present
Pain sosy present

rF—_—_—————————E—E—————E—E—E—E——E—E—E———E——eee— - e e —

+. +.
+

35 rows in set (0.00 sec)

mysql>




Extracting
Structured Information from Free Text

M. Yetisgen, P. Klassen, P. Tarczy-Hornoch. Automating Data Abstraction with Natural Language Processing in a
Surgical Quality Improvement Platform. Proceedings of the American Medical Informatics Association Clinical
Research Informatics Summit (AMIA CRI'15) (to appear), San Francisco. March, 2015.

D. Capurro, M. Yetisgen, E. van Eaton, R. Black, P. Tarczy-Hornoch. Availability of Structured and Unstructured
Clinical Data for Comparative Effectiveness Research and Quality Improvement: A Multi-Site Assessment.
eGEMs, 2014. 2(1).

E.B. Devine, E. van Eaton, A. Devlin, N.D. Yanez, M. Yetisgen-Yildiz, D. Capurro, R. Alfonso-Cristancho, D.R. Flum,
P. Tarczy-Hornoch. Preparing electronic clinical data for quality improvement and research: The CERTAIN
validation project. eGEMs, 2014. 1(1).

C.A. Bejan, L. Vanderwende, H.L. Evans, M.M. Wurfel, M. Yetisgen-Yildiz. On-time clinical phenotype prediction
based on narrative reports. Proceedings of the American Medical Informatics Association Fall Symposium
(AMIA'13), Washington DC. November, 2013. (Distinguished Paper Award)

M. Yetisgen-Yildiz, M.L. Gunn, F. Xia, T.H. Payne. A Text Processing Pipeline to Extract Recommendations from
Radiology Reports. J Biomed Inform, 2013. 46(2):354-362.



http://repository.academyhealth.org/egems/vol2/iss1/17/
http://repository.academyhealth.org/egems/vol2/iss1/11/
http://repository.academyhealth.org/egems/vol1/iss1/16/
http://depts.washington.edu/bionlp/data/publications/files/ontime clinical phenotype prediction based on narrative reports.pdf
http://www.ncbi.nlm.nih.gov/pubmed/23354284

Next tool being built:
Events with change of state

« |CU Day #1: Diffuse lung opacities consistent with
pulmonary edema.

« |CU Day #1: No change in diffuse lung opacities consistent
with pulmonary edema.

« |CU Day #2: Diffuse lung opacities consistent with
pulmonary edema have worsened.

« |CU Day #3: There has been gradual improvement of
diffuse lung opacities consistent with pulmonary edema.



Example annotations

State

Value Location Referenced-b
Val" \-';— ~Cog) LT

Minimal [ ;:lenr:,hyr atelectasis in the rlght Iung is seen, mildly |mpruved since the prior study

A snippet featuring an event annotation connecting all five fields of the COS tuple.

State

State
Value Value
Cos! 4\- vai

Persistent muderate edema and patchy atelectasmfpneumuma

A snippet featuring shared entities between events
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Corpus

* 1008 sentences from 1344 chest x-ray notes
* 7173 entities
* 4128 relations
e 2101 event tuples

* Agreement:

* 3 annotators annotated 100 snippets

* Entity annotation: Kappa = 0.902
* Event annotation: Kappa =0.716

M. Yetisgen, P. Klassen, L. Vanderwende, F. Xia. A New Corpus for Clinical Events with Change of State. Proceedings of the American
Medical Informatics Association Clinical Research Informatics Summit (AMIA CRI'14), San Francisco, CA. April, 2014.

P.Klassen, F. Xia, L. Vanderwende, M. Yetisgen. Annotating Clinical Events in Text Snippets for Phenotype Detection. Proceedings of
International Conference on Language Resources and Evaluation (LREC). Reykjavik, Iceland, May, 2014.
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http://faculty.washington.edu/fxia/mpapers/meliha2014-AMIAsummit.pdf
http://www.lrec-conf.org/proceedings/lrec2014/pdf/386_Paper.pdf

Conclusion

There is rich structure in EMRs far beyond keywords and/or UMLS
concepts

We can leverage NLP to makes accessible vast amounts of clinical data
available in electronic medical records (EMR)

We extract rich information with the goal of improving clinical research
and patient care



Microsoft

— T g0 |40 | teo d Research

W e VAR AT --

Machine Reading for
Cancer Panomics

Hoifung Poon



$100M O

$10M

Moore's Law

$1M

$100K
National Human Genome
$10K Research Institute
genome.gov/sequencingcosts
$1K T T

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014




Panomics

... ATTCGGATATTTAAGGC ...

LA
— T
= C

=

Genome Transcriptome

Epigenome
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Genotype —» Phenotype

> ... ATTCGGATATTTAAGGC ...
—5 =" . ATTCGGGTATTTAAGCC ...

High-Throughput Data

Disease Genes

Drug Targets
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Precision Medicine

The

Today

't
A d,

future...
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Vemurafenib on BRAF-V600 Melanoma

Before Treatment 15 Weeks
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Vemurafenib on BRAF-V600 Melanoma

Before Treatment 15 Weeks 23 Weeks
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Cancer Panomics

> &

High-Throughput Experiments " Discovery

... ATTCGGATATTTAAGGC ...

... ATTCGGGTATTTAAGCC ...
... ATTCGGATATTTAAGGC ...

g: ... ATTCGGGTATTTAAGCC ...
.. ATTCGGATATTTAAGGC ... |:,l>

... ATTCGGGTATTTAAGCC ...

Bottleneck #1: Knowledge

Bottleneck #2: Reasoning




Example: Tumor Molecular Board

T

www.ucsf.edu/news/2014/11/120451/bridging-gap-precision-medicine
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Example: Tumor Molecular Board

\

e 10-20 highly trained specialists

e [ens of hours on each patient

e Problem: Hard to scale
U.S. 2014: 1.6 million new cases, 585K deaths

e \Wanted: Decision support for clinical genomics

37



Decision Support for
Clinical Genomics

Clinical Observation \

!

Decision Support

LI

Knowledge Graph

i

Literature

Raw Variant Call
Reads = RNA-Seq =

Clinicians
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Decision Support for
Clinical Genomics

Clinical Observation \

!

R Variant Call Clinicians
aw ariant Ca o
Reads ) RNA-Seq m=) Decision Support

Knowledge Graph

Literature
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Genes work synergistically in pathways

Pathway Knowledge
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Why Hard to Identify Drivers?

Complex diseases <« Perturb multiple pathways

Sustaining proliferative
signaling

Resisting Evading growth
cell death suppressors

Inducing ' Activating invasion
angiogenesis and metastasis

Enabling replicative
immortality

Hanahan & Weinberg [Cell 2011]
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Why Cancer Comes Back?

e Subtypes with alternative pathway profile
e Compensatory pathways can be activated

EphA2 EphB2

/
/
[

Ovarian Cancer
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Why Cancer Comes Back?

e Subtypes with alternative pathway profile
e Compensatory pathways can be activated

EphA2 EphB2

Ovarian Cancer
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Cancer Systems Modeling

Transcription Translation Activation

—h——_——e—E———————e—e—e—_ e, e —

Functional activity

...ATTCGGAT%TAAGGC... Mutation effect
== Drug Target
> g g
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Knowledge — Model

—h——_——e—E———————e—e—e—_ e, e —

|
|
Gene A » Protein Active i
|

_______________

Transcription Factor
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|

|

Gene B » Protein » Protein Active i
|

et ]

Gene C
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PubMed

e 24 millions abstracts
e [wo new abstracts every minute
e Adds over one million every year
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PMID: 123

VDR+ binds to
SMAD?3 to form

PMID: 456

JUN expression
is induced by
SMAD3/4

Machine Reading

CMEFZGTFS ) {4TGIF.":FDAC:nn'dnn\1 I"smmsm\m;.\n]\}
AF7 DLX TaFz | SMADD | aons

‘ | <HDAC complexsln] | k SMADY

MYODTCF3>

COKz-4 Cop/panaln]

 <PIASyHDAC comple|
PIASy
<HDAC complex=

AN

N = \
= - J
— P — ™ -z
b, 4
/ // _7,;
& e “CTGIF2HDAG complex/ ) ./
{ <SMADISMADANRF7>4{n] Y | <SMADVSMAD/DLX 1-{n] SMACHSMAD4> e
SMACG SMADS SMADE ZSMADISMAD4:+1[n]
TFE3 Max o HNFE ER sipha
RF7 DX TaiF2
SMADS ) SMADS ), SMAD3 4
<HDAC complexa(n]
/ el lii T
/
/
/
e
,/—-")_') = T
,_'___-'—‘_'_’
/
JE—
& { <SMADISMADAUUN & -
1ADAVD -] ) y <SMADISMADA/AUN)Z>-+n] ) FoS>+n] <SMADYSMADATFED+[n] {SMADISMADIMax+{n] | [ <SMADYSMADAGRn] | [ <SMADISMADUHNF=+{n] { <SMADSMADAER aiphax+[n] | [ <SMADSMAD
ADa o SMADS Fosn] SMAD3 SMAD3 El SWADS SMADS SMAD)
[oR+ AUNX2 SMADa TFER Max GA HNF4 ER aipha ATF2
ADa SMADS ctiad SMADa ( SMADa SMAD: J SMAD: ] | SMAD B SuAD)
- : ow A - - AN : ; . -
/ 9
f/ he | call . b, R
/' mesenchymale -
— / e ® JORO O8
\ \
\ ™ .
\‘\ | e |
%, l {
v " LT
N Laminin gemma1 SMAD? PAl
TGF-beta receplor ! endothetal el
signaing / migration

47



Machine Reading

Involvement of p70(S6)-kinase activation in IL-10
up-regulation in human monocytes by gp41 envelope
protein of human immunodeficiency virus type 1 ...
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Machine Reading

Involvement of p70(S6)-kinase activation in IL-10
up-regulation 1n human monocytes by gp41 envelope
protein of human immunodeficiency virus type 1 ...

IL-10 gp41 human p70(S6)-kinase

monocyvte
PROTEIN PROTEIN CELLy PROTEIN
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Machine Reading

Involvement of p70(S6)-kinase activation in IL-10
up-regulation 1n human monocytes by gp41 envelope
protein of human immunodeficiency virus type 1 ...

Involvement REGULATION

Theme

up-regulation REGULATION

Theme Cause Site
.10 ap4l human
PROTEIN PROTEIN monocyte

CELL

Cause

activation REGULATION

lTheme

p70(S6)-kinase
PROTEIN
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Machine Reading

Involvement of p70(S6)-kinase activation in IL-10
up-regulation 1n human monocytes by gp41 envelope
protein of human immunodeficienc> " virus type 1 ...

Semantic Parsing

IL-10 gp41 human p70(S6)-kinase

monocyvte
PROTEIN PROTEIN CELLy PROTEIN
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Long Tail of Variations

TP53 inhibits BCL2.
Tumor suppressor P53 down-regulates the activity of BCL-2 proteins.

BCL?2 transcription is suppressed by P53 expression.
The inhibition of B-cell CLL/Lymphoma 2 expression by TP53 ...
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Bottleneck: Annotated Examples

e GENIA (BioNLP Shared Task 2009-2013)
e 1999 abstracts
e MeSH: human, blood cell, transcription factor

e Challenge for “supervised” machine learning
e Can we breach this bottleneck?
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Free Lunch: Existing KBs

e Many KBs available

e Gene/Protein: GeneBank, UniProt, ...
e Pathways: NCI, Reactome, KEGG, BioCarta, ...

e Indirect supervision
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Relation Extraction

Regulation

Positi A2M FOXOI1
NCI-PID ositive OXO
Pathway KB Positive ABCB1 TP53
Negative BCL2 TP53
TP53 inhibits BCL?.

Tumor suppressor P53 down-regulates the activity of BCL-2 proteins.
BCL?2 transcription is suppressed by P53 expression.
The inhibition of B-cell CLL/Lymphoma 2 expression by TP53 ...

55



Relation Extraction

Regulation

NCI-PID Positive A2M FOXO1
Pathway KB Positive ABCB1 TP53

BCL2  TP53

TP53 inhibits BCL2.

Tumor suppressor P53 dow Distant Supervision
BCL?2 transcription is suppz-

The inhibition of B-cell CLL/Lymp 4 P
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Nested Events

Involvement of p70(S6)-kinase activation in IL-10
up-regulation 1n human monocytes by gp41 envelope
protein of human immunodeficiency virus type 1 ...

Involvement REGULATION

Theme

up-regulation REGULATION

Theme Cause Site
.10 ap4l human
PROTEIN PROTEIN monocyte

CELL

Cause

activation REGULATION

lTheme

p70(S6)-kinase
PROTEIN
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Grounded Semantic Parsing

e Generalize distant supervision to
extracting nested events

e Prior: Favor semantic parse grounded in KB

e Outperformed 19 out of 24 participants Iin
GENIA Shared Task [Kim et al. 2009]

Parikh, Poon, Toutanova. “Grounded Semantic Parsing for
Complex Knowledge Extraction”, NAACL-15.
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Literome

ThE Li terome Project Welcome charlie Microsoft'
changeto | userid Resea rCh
ABC® Genes: ABCA1, ABCA2, ABCA3, ABCA4, ABCA5 (1 - 50 of 5498)
genes WABCAT PMID: 15327972 ] abacavir [ -(15.4R)
snps [(IABCA10 Improved antiviral activity of the -4-[2-amino-6-(cyclopropylamino)-SH-purin-
[JABCA11P aryloxymethoxyalaninyl phospheramidate 9-yl]-2-cyclopentene-1-methanol) ...
diseases [ JABCA12 (APA) prodrug of (ABC)is dueto (details)
drugs [IABCA13 the formation of markedly increased carbovir
[ABCA17P 5'-friphosphate metabolite levels.
VIABCAZ

PMIN: 185899490 fardl ARCA1 writh

~

Poon et al., “Literome: PubMed-Scale Genomic Knowledge
Base in the Cloud”, Bioinformatics-14.

http://literome.azurewebsites.net
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PubMed-Scale Extraction

e Preliminary pass:
e 1.5 million instances
e 13,000 genes, 838,000 unique regulations

e Applications:
e UCSC Genome Browser, MSR Interactions Track
e Expression profile modeling
e Validate de novo pathway prediction
e Efc.

Poon, Toutanova, Quirk, “Distant Supervision for Cancer
Pathway Extraction from Text”. PSB-15.
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Personalized medicine approach to treating AML

The Leukemia & Lymphoma Society (LLS) and the Knight Cancer Institute at Oregon Health & Science University
are leading a pioneering collaboration to develop a personalized medicine approach to improve outcomes for
patients with acute myeloid leukemia (AML), a particularly devastating cancer of the blood and bone

marrow. LLS provided $8.2 million to fund Beat AML and here is how the collaboration will work:

/-—-..\

o Drug and biotech companies will work
with the collaboration to test drug
compounds that target mutations

suspected of driving disease
progression. Array BioPharma
In coordination with the Knight Cancer I will be first to test a
Institute, Stanford University, UT A M therapeutic.
Southwestern Medical Center and
Huntsman Cancer Institute will
collect data from 900 AML
patient samples within
3 years.

0 Intel will work with Knight Cancer's
bioinformatics team to apply its

. . 1 technology to accelerate
lllumina will perform genetic N .
osequem‘:ing to identify mutations computatlolna_l anglyt:ls of the
in the patient samples m oollleoc‘tneda

collected. . LEUKEMIA &
KNIGHT LYMPHOMA,
CANCER INSTITUTE SOCIETY
Oregon Health & Science Liniversity

fighting blood cancers

Berkeley
AMP Lab

OHSU

Microsoft
Research
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Future: VA MVP

Panomics

... ATTCGGATATTTAAGGC ...
... ATTCGGGTATTTAAGCC ...

Medicine

Literature
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Collaborators

e Chicago: Andrey Rzhetsky, Kevin White
e OHSU: Brian Drucker, Jeff Tyner

e Berkeley AMP Lab: David Patterson

e Wisconsin: Mark Craven, Anthony Gitter

e Microsoft Research: Chris Quirk, Kristina
Toutanova, David Heckerman, Scott Yih, Lucy
Vanderwende, Bill Bolosky, Ravi Pandya
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... ATTCGGATATTTAAGGC ...
—5 =" . ATTCGGGTATTTAAGCC ...

High-Throughput Data

Disease Genes

Drug Targets
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