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SEER Program Overview

* Funded by NCI to support research on the diagnosis, treatment and outcomes of
cancer since 1973

* Population-based registries covering ~28% of the US population
— Representing racial and ethnic minorities

— Various geographic subgroups

e 450,000+ incident cases reported annually
— Approximately 85% of cases with real time electronic pathology reporting

— Collect survival and cause of death outcomes

* Impact (1973-2016)

— >4500 downloads per year

— 7398 publications using SEER data for analysis
— 40,230 publications referencing SEER data

— >191,000 SEER*Stat users annually

— Study planning, recruitment, and follow-up

— Annual Report to the Nation on the Status of Cancer

Arizona
Indians

SEER \

40™ ANNIVERSARY

T“"’fng Data Into Discove™

— Since 1973 —

SEER Area
Funded by NCI

SEER Area
Funded by NCI & CDC
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Cancer Surveillance Pilot: Improve the effectiveness of cancer treatment in
the “real world” through computing
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Cancer Pathology Report Processing Pipeline

TIONAL
NCER
INSTITUTE

< Integration with structured data from
NCI SEER Electronic medical records for patients
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category

114431 Breast Final diagnosis Mammary Breast C50.9 Breast,NOS
carcinoma yon and
KY 118420 5 Breast Final diagnosis BREAST PRIMARY BREAST C50.9 Breast, NOS
SE 0084621 500713999 01 Lung Final diagnosis Lung, right lower lung C34.3 lower lobe,
lobe lung
[ : F’
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. . ) e i A e Certified Tumor
Patient Pathologist i .
EmE | Registrar
Diagnosis by a pathologist analyzing tissue specimen | < "°$ f;:ﬂ;;m";f*ﬂ:e e »e S CTR at a cancer registry reviews complete patient
from patient medical record + path report
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NCI-SEER is a primary data source... need to modernize

°* NEED

— Abstracting structured data from free-text
pathology reports is critical for the national cancer
surveillance program

* CHALLENGE

— Manual abstraction is time-consuming, costly, and
not scalable

* GOAL

— Develop a scalable framework for automated
information extraction from pathology reports

<TEXT_PATH_CLINICAL_HISTORY>
ClinicalHistory:
Left breast mass 6 o?clock; Solid suspicious mass.
</TEXT_PATH_CLINICAL_HISTORY>
<TEXT_PATH_COMMENTS>

</TEXT_PATH_COMMENTS=>
<TEXT_PATH_FORMAL_DX>
FinalDiagnosis:
Breast, Left, 6 0'clock, Ultrasound Guided Core Biopsy:
Invasive Ductal Carcinoma, Nuclear Grade 3 Over 3, Poorly Differentiated.
</TEXT_PATH_FORMAL_DX>
<TEXT_PATH_FULL_TEXT>

</TEXT_PATH_FULL_TEXT>

<TEXT_PATH_GROSS_PATHOLOGY=

GrossDescription:
Received in formalin labeled left breast core biopsy 6 o?clock per the container and lef
Fixation of specimen reviewed and assured to be 6 to 48 hours.

AC:lefb *xDATE [May 4 2013].

</TEXT_PATH_GROSS_PATHOLOGY>

<TEXT_PATH_MICROSCOPIC_DESC>

MicroscopicDescription:
The core biopsies from the left breast at 6 o'clock consist of cores of mammary tissue w

ER/PR HERCEPTEST (QUANTITATIVE INTERPRETATION)
Estrogen and Progesterone Receptor analysis and the Herceptest (DAKO) for HER2 protein ove

IMMUNOHISTOCHEMISTRY TECHNICAL INFORMATION:
Deparaffinized sections of tissue are incubated with the following panel of monoclonal ant

SUMMATION OF FINDINGS:

The Estrogen Receptor (VECTOR-CLONE 6F11) is negative in 108% of the tumor cells showing @
NOTE: Positive Estrogen Receptor is defined as positive staining of greater than or equal
Immunohistochemical estrogen receptor and progesterone receptor test results are reported
NOTE: ASCO/CAP scoring criteria for HER2 protein over-expression by immunchistochemistry a

PORS CODE: 3394F.
</TEXT_PATH_MICROSCOPIC_DESC>

%OAK RIDGE
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Specific Aims

Deep Text Comprehension for information capture

Advanced machine learning for scalable patient Information
capture from unstructured clinical reports to semi-automate
the SEER program

Novel data analytic techniques for patient information integration

Scalable graph and visual analytics to understand the association
between patient trajectories and patient outcomes

Data-driven integrated modeling and simulation for precision oncology

Precision modeling In silico <
of patient trajectories clinical trials

%OAK RIDGE
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State-of-the-Art Approaches in Clinical NLP

* Current NLP thinking is TASK-specific

* Rule-based - effective but require intense domain expert involvement
* Task-specific dictionaries of phrases and medical terms

* Manual effort not easily scalable across tasks
* Conventional machine learning - scalable but require intense feature engineering

* N-gram based

* Concept-extraction-based methods

* Deep Learning - scalable with enough compute power and enough data
* Does not require dictionaries, not susceptible to misspellings etc.
* Lots of new DL architectures proposed for NLP
* No clear winner — depends on the global semantics required for the task at hand

%OAK RIDGE
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Datasets Used for Preliminary Research

STUDY 1: Limited dataset of de-identified breast and lung cancer electronic pathology (e-

path) reports from 5 different SEER registries
~2,500 breast and lung cancer de-identified e-path reports
Partially annotated for subsite, laterality, grade, behavior

STUDY 2: Large dataset of e-path reports from Louisiana Tumor Registry housed at the PHI

enclave within ORNL
~267,000 reports from Louisiana Tumor Registry (2004-2017)

Gold standard for site, laterality, grade, behavior, histology derived from

consolidated “Cancer/Tumor/Case” (CTC) records % OAK RIDGE
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Experimental Pipeline

DATA PRE-PROCESSING (
* Duplicate records
* Non-contradicting labels
* Incorrect organ annotations
* Small sample sizes
Corpus curation
ot
o)
(@
o)
=
o
[+'4
> O
2
FEATURE REPRESENTATION =
+ TF-IDF &
* Bag-of-graphs
 RAKE
« CHUNK
GLOVE

With over sampling

Without over sampling

\ 4

RULE-BASED SYSTEMS (RL)
Contextualize (keywords for
topics of interest)

Term identification
Classification

IMACHINE LEARNING (ML)

Naive Bayes (NB)

Logistic Regression (LR)
Random Forest (RF)

Support Vector Machines (SVM)
Extreme gradient boosting tree
(Xgboost)

\ 4

DEEP LEARNING (DL)

Convolutional neural nets (CNN)
Hierarchical Attention nets (HAN)
Multi-task Deep neural net (MT-DNN)

PERFORMANCE METRICS

Precision (positive predictive
value) / Recall (sensitivity) /
F1 per class

Macro / Micro scores
(aggregate performance over
all)

A 4

VALIDATION STRATEGIES

K-fold cross validation (K-fold)
Leave-one-registry out (LOROQO)
Leave-one-case-out per

registry (LOO_R)




Document Representation

<TEXT_PATH_CLINICAL_HISTORY>

Cinieathistory: Document Document Representation

Left breast mass 6 o?clock; Solid suspicious mass.

</TEXT_PATH_CLINICAL_HISTORY=>
<TEXT_PATH_COMMENTS> t t t

‘ Segment 1 1 2 n
</TEXT_PATH_COMMENTS>

<TEXT_PATH_FORMAL_DX> —
FinalDiagnosis: O [ S
Breast, Left, 6 0'clock, Ultrasound Guided Core Biopsy: T0ken 1 TOken 2 T .\ TOken m1 l

Invasive Ductal Carcinoma, Nuclear Grade 3 Over 3, Poorly Differentiated.
</TEXT_PATH_FORMAL_DX>
<TEXT_PATH_FULL_TEXT>

Segment 2 .

</TEXT_PATH_FULL_TEXT> *
<TEXT_PATH_GROSS_PATHOLOGY> [
e e i Token 1 Token 2 ====-=+ Token m; S

Received in formalin labeled left breast core biopsy 6 o?clock per the container and lef

Fixation of specimen reviewed and assured to be 6 to 48 hours.
AC:lefb #+DATE[May 4 2013].
</TEXT_PATH_GROSS_PATHOLOGY>
<TEXT_PATH_MICROSCOPIC_DESC>
MicroscopicDescription:
The core biopsies from the left breast at 6 o'clock consist of cores of mammary tissue w Segment n

)

ER/PR HERCEPTEST (QUANTITATIVE INTERPRETATION)
Estrogen and Progesterone Receptor analysis g

IMMUNOHISTOCHEMISTRY TECHNICAL INFORMATION: F EATU R E R E P R ES E NTATI O N

Deparaffinized sections of tissue are incubat —_—

e - . [

Token 1 Token 2 ¢====== Token m,

SUMMATION OF FINDINGS:
[ J -
The Estrogen Receptor (VECTOR-CLONE 6F11) is TF I DF

NOTE: Positive Estrogen Receptor is defined § @ Bag_of-g ra p hs
Immunohistochemical estrogen receptor and pr¢

* RAKE
«  CHUNK A

* GLOVE -

NOTE: ASCO/CAP scoring criteria for HER2 prof

PQRS CODE: 3394F.
</TEXT_PATH_MICROSCOPIC_DESC>

Output tumor shows small cell carcinoma
\ b
tumor shows | shows small cell cell carcinoma cell
n_grams small carcinoma
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A ‘gentle’ introduction to convolutional nets (CNN) for text

Given a document represented as a collection of words, how do we extract features automatically?

100 | Text is presented in the form of a document matrix — a
L «HE B 1B sequence of word embedding vectors
- 00 HH O H HEAN
300 5:I_I 1 T ; ‘
o — TN > N . .
|| L4 00 o [0 Sy S * Multiple convolutional filters capture context along a
XX .Y N -
u | 0 B Y 13 document:
- 00 0 E | 8 .
1500 : s .0 - H 300 | § *  Word lengths {3,4,5} are used to “slide” along
o L oo o g -} B 2 the entire length
o B AR B |
L 3 < OH H | L~ E .
oe . 3 * Network learns to select context features in via max
/ [
O . pooling
Input Vector Word Embedding Convolution Filters ~ Feature maps  Max pooling Concat. Output
from convolutions layer  layer * Selected features are concatenated and fed though a

fully connected layer where regularization occurs

* Qutput is finally a softmax classifier

“Deep Learning for Automated Extraction of Primary Sites from Cancer Pathology Reports,”

IEEE Journal of Biomedical and Health Informatics [January 2018] OAK RIDGE
National Laboratory



CNNs perform better in basic information extraction tasks
compared to conventional ML approaches

2

Deep
Learning
A

B GRADE macro-F1

m SUBSITE macro-F1

(V]
£ - B SUBSITE micro-F1
S -
©
S o
— £ Random Forest
g E
g 8 = Support Vector Machine
2 -
:>:J Logistic Regression
o ~
o Naive Bayes
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CANDLE hyper-parameter optimization boosts performance

100

|

300

I 111
I 1111
I IT1T11

i Hyper-parameter Optimization

_ ek ‘ ‘ @l vk 1. Word embedding method
o 1 mE 8 FH O 2. Word embedding size
1500 . 4 'SOT: I i"’” 5 3. No. of convolution filters
sjilus | 08 & || O 4. Size of convolution filters
(] . 2 5. No. of fully connected layers
[Input Vector ‘ Word Embedding 'Convolulion Filters : Feature maps ' Max pooling 'C(‘mc:n. IOulpul I 6' Size Of fUIly ConneCted Iaye rS
from convolutions layer layer
Primary Site Grade
Micro-F Macro-F Micro-F Macro-F
Empirical optimization (May 2017) 0.712 0.398 0.716 0.521
HyperSpace optimization (October 2017) 0.763 0.519 0.800 0.755
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Highlights & Caveats of using CNN for text

Highlights
* CNN learns features automatically:

— Context is discerned directly from word
embedding

* CNNs can abstract concepts relatively
well with less user intervention

* Modifications to convolutions is relatively
simple

Caveats

 Context extraction is sensitive:

— Location variance: where does a word occur
or co-occur is important

— Compositionality: adjective modifying a
noun, medical terms have specific meanings
depending on what occurs before & after.

* Need larger corpus to achieve good
levels of task-level performance

%OAK RIDGE
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Building a slightly sophisticated model for documents

Document

Segment 1 ‘

Segment 2 ‘

Token 1

Token 2

.......

Segment n

Token 1

Token 2

e Documents are formed of sentences read from

left to right (in order)
— Distinct sequence representation

* Probability of emitting the next word in the

sequence is dependent on a “hierarchy”:
— Sentences formed of words

— Documents formed of sentences

— 2 level hierarchy

e Can we capture this behavior automatically?

%OAK RIDGE
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Sequential modeling with Recurrent neural networks (RNN)

0 This movie sucks

O Ot ° Ot41

VT VT memory VT VT
S ) S

| 4%

\) W f—1 t t+1
OD —-)»o —}O——}- O—}
T Unfold % p W T v T\W

U ‘U U U

input o

X X

t—1 t fo_'
0.1 0.9 0.8

* Variety of applications: (1) Speech recognition, (2) Language translation, (3) Video
prediction
* Sequence modeling takes care of location variance in sentences %OAK RIDGE
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Capturing context and relevance through attention mechanisms in
RNN

§ £ ;8 25 4 X is a word in a sentence that is being
8. 2288858, 80828 ¢ generated using some underlying

“sequence”

destruction
de

I
équipement
signifie
que

la

Syrie

ne

peut

plus
produire

de
nouvelles
armes
chimiques

* Every y, is produced by some “decoder”
depends on a weighted combination of all
the input states, not just the last state

* g’s define the weights for each input state

Neural Machine Translation by Jointly Learning to Align and Translate
Dzmitry Bahdanau, Kyunghyun Cho, Yoshua Bengio, ICLR 2015

<end>
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Layering an RNN with attention... Hierarchical attention network

(HAN)

* Word level embedding:
— capture important words in a sentence

— Output: sentence embedding weighted based on
word occurrence/ co-occurrence most relevant
for classification task

* Sentence level embedding:
— capture important sentences within a document

— Output: weighted sentence embedding based on
relevance for classification task

* Final document embedding is fed into classification

Hierarchical Attention Networks for Information Extraction from Cancer Pathology
Reports,” Journal of American Medical Informatics Association [appeared online,
Nov 2017]

Tanh (Pretraining)

Document Dropout
Embedding P
T Softmax (Classification)
Dot Product Attention Softmax
Attention Hidden Layer
Bidirectional Bidirectional Bidirectional Bidirectional Bidirectional
GRU/LSTM GRU/LSTM GRU/LSTM GRU/LSTM GRU/LSTM
L=, LE, LE, Uz, LE,
Dot Product Attention Softmax
Attention Hidden Layer
Bidirectional Bidirectional Bidirectional Bidirectional Bidirectional
GRU/LSTM GRU/LSTM GRU/LSTM GRU/LSTM GRU/LSTM
WE1 WE2 WE3 WE4 WE5

AyosuelaiH aul

AyosuelaiH piop



CNNs perform better in basic information extraction tasks
compared to conventional ML approaches

r HAN with pretraining, word and line attention

HAN with word and line attention
HAN with line attention

HAN with word attention

Deep
Learning
A

RNN with attention

RNN without attention B GRADE macro-F1
CNN B GRADE micro-F1
m SUBSITE macro-F1

ﬂ)
k= - B SUBSITE micro-F1
S .
©
S o
— £ Random Forest
T
g 8 = Support Vector Machine
2 -
:>:J Logistic Regression
o ~
O Naive Bayes
0 01 02 03 04 05 06 07 08 09 1 %OAK RIDGE
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Interpreting what CNNs and HANs learned from ePath reports

CNN

=
Cfm e s mem 0
B E e obe mass

stains show the tumor is positive

‘specimen’ : soft tan !ssue
number :

of segments 3 5 .
se [ B e @l |
“submitted r microscopic

cassettes 2

evaluation :oall

name 77z yyy  Xxx  ascp
cytotechnologist
electronically signed

name WWW EI md

pathologis?
electronically signed

(gross |description| r
monolayer prep one |
[ ld

CNNs blindly associate context with importance based on
how often words occur in its neighborhood. Moving along a

row, these words may not always capture the required
clinical context.

aatetoren O

datetoken

03:57
red [fluid] oytolyt] presen

for cytologic evaluation

HAN

line 1 clinical information : - 5.
line 2 case : number

line 3 patient h name aaa bbb

line 4 :

[Beloek] 11 ocm from  nipple

- a . left breast ; core needle biopsy at  two
ine 6 positive for  [iNESIVE] adenocarcinoma

line 7 77z yyy XXX ascp
line 8
line 9 electronically signed - 08 : 24

am

line 10 name www mI VWV md
line 11 [pathologist]
line 12 electronica signed - 10 : 38 am
line 13 gross _ : 3 smears in [95] etoh
specimen : a right -
ine specimen :
line 16 satisfactory for cytologic evaluation I

HANs interpret context based on most important words in
a sentence > sentences =2 document. Neighboring
words/sentences provide overall importance.
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Extending the number of classification tasks

Single Task DNN

*  Output layer produces class probability over k classes

using the softmax nonlinearity
* Stochastic gradient descent

Deep neural network

hidden layer 1 hidden laver 2 hidden laver 3

input layer

N-gram feature vector

%%éfg%&%\\ output layer
N OSIWE

HJ Yoon, A. Ramanathan, G.D. Tourassi, "Multi-task Deep Neural Networks for
Automated Extraction of Primary Site and Laterality Information from Cancer

Pathology Reports." In INNS Conference on Big Data [ 2016]

Multi-Task DNN

* Exploits tasks relatedness
* Multiple tasks solved simultaneously
* Trained with same optimization technique and

document representation as singe task DNN

[ Primary®iteategory ]

a

[ Laterality

A

F

[ N-gram#Feature ]

%OAK RIDGE

National Laboratory



Multi-Task CNNs: Two different implementations

Hard Parameter Sharing

Classifier 1

Classifier 2

Shared Maxpool

Shared Convolutions

Word Embeddings

* The same convolutional layers are used for all tasks

* These convolutional layers find shared features that

are useful across all tasks

e Each task has its own softmax classifier

Cross Stitch Networks

Classifier 1 Classifier 2
Maxpool 1 Maxpool 2
Cross Stitch 1 Cross Stitch 2
| ——

Task 1 Conv Task 2 Conv
Word Embeddings

Each task has its own set of convolutional layers

A cross stitch operation learns the best linear
combination of features from each task

Each task has its own softmax classifier

%OAK RIDGE

National Laboratory



STUDY 2: Benchmarking CNN on Louisiana Registry
Path Corpus

60000

* 2004-2017
* 71,223 tumors

50000

40000
e 2-fold cross-validation on 2004-
2015 (59,427 cases)

* Additional testing 2016-2017
(11,796 cases)

30000

20000

10000

Number of cases

<1500 <3000 <4500 <6000 <7500 >=7500
Number of words in case

0

TRl TN ]

ENERGY [0 mamonaL cancer nsTITUTE




5 information extraction tasks: Site, Histology,
Laterality, Grade, Behavior)

Number of cases by site

~85% cases represent 20 cancer types

| IO
C33C26C74C47C12C40C13C41C10C31C30C69C77C0O5C24C60C23C0O7COLC65C72C09C0O2C49C75C32C16C51 C7L C54 C34 C64 C61C50

TRl TN ]

ENERGY [0 mamonaL cancer nsTITUTE

20000
18000
16000
14000
12000
10000

8000
|6000
4000
2000
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Comparative Analysis: Multi-task CNNs perform better in
information extraction tasks compared to single task CNN

Multi-task CNN
(Hard Parameter Sharing)

Task

Site

Laterality

Behavior

Histology

Grade

Micro-F1

0.8874

0.9079

0.9469

0.7353

0.7508

Macro-F1

0.3643

0.6814

0.8840

0.3638

0.6820

Micro-F1

0.9401

0.9333

0.9746

0.8206

0.8023

Macro-F1

0.5401

0.8222

0.9521

0.6488

0.7657

OAK RIDGE
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Additional testing on 2016-17 cases

0.9 -

0.8 -

0.7 -

0.6 -

0.5 -

0.4 -

0.3 -

0.2 -

0.1 -
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site

ENERGY

Micro-F1

m2004-15 w2016-17

histology laterality

m MNATIONAL CANCER INSTITUTE

grade

behavior

0.9 -

0.8 -

0.7 -

0.6 -

0.5 -

0.4 -

0.3 -

0.2 -

0.1 -

site

histology

Macro-F1

m2004-15 =2016-17

laterality

grade

behavior
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How fast can we train?

Experiments performed on OLCF infrastructure

/\/\"\

Jak R

I

Platform 18,688 nodes 4,600 nodes
Specs 1 x K20 GPU 6 x V100 GPU
Time 16.67 hrs 1.67 hours

— -
JLCF=. Summil

* CNN Training on LA data
23,771 training cases
5,942 validation cases
29,714 testing cases

Daily Usage
200k Wednesday, Oct 25, 2017
» Usage: 170 459.69 Reset zoom

150k

100k

50k I I
0 I O I O — I I
14. Oct 16. Oct 18. Oct 20. Oct 22. Oct 24. Oct 26. Oct 28.0Oct 30. Oct 1. Nov 3. Nov
B llcane

O RIDGE
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HAN is slow: Tweaking the network to accelerate training

I

Doc Embedding * Softmax

T

Convolutional Multihead Target Attention

!

Elementwise Multiply, Layer Norm

7 i

Convolutional Multihead
Self-Attention (ELU)

Convolutional Multihead
Self-Attention (tanh}

+PE +PE +PE, +PE,

+PE

SE SE, SE, SE,

SE

Convolutional Multihead Target Attention

f

Elementwise Multiply, Layer Norm

i b

Computationally expensive!!!

Gao, S., Ramanathan, A., in review (ACL)

76.63
Naive B
aive Bayes 0.2
76.46
Logistic R i
S ogistic Regression . 15s
) 77.25
CNN Baseline 13ms, 1hr
) i ) 78.45
B Hierarchical Attention Network 111ms, 9hr
Hierarchical Convolutional 78.14
Attention Network 35ms, 3hr
' ]
T
| | | | =
Bidirectional Bidirectional Bidirectional Bidirectional Bidirectional a
GRUWLSTM GRU/LSTM GRU/LSTM GRUWLSTM GRU/LSTM -
(2]
! T I I I )
WE1 WE2 WES WE4 WE5

Convolutional Multinead Caonvolutional Multi

head

Self-Attention (ELU) Self-Attention (tanh)
f ¥
I I
| | | | |
+PE, +PE, +PE, +PE, +PE,
WE

WE, WE, WE, WE,

AysiesalHq asuajuag

AyoieiaiH piop

%

OAK RIDGE

National Laboratory



Can the H(C)AN be used on other types of data? E.g., Protein
alignments to understand co-evolutionary modules

* Predict “hotspots” across protein sequence databases

A Attention results for PDZ (PSD-95) for window size 9 and overalp 1 A Attention results for PDZ (PSD-95) for window size 9 and overalp 1

Window size 19

&

Attention{black), Annotation Residues (Blue)
° o o
be > ®

Attenticn{black), Annolation Residues (Blue)
I = B

=
[N

R313
11
wats

i

R313

Position and Residue

B Highest attention window for PDZ (PSD-95) for window size 9 and overalp 1 Protei AUC
10 Fm e F1 (sequences) SCA AUC score SCA F1 score
amily (sequences)
3 Cadherin 0.568 0.817 0.546 0.670
£ | PDZ (NCBI) 0.715 0.840 0.520 0.753
8
; PDZ (PFAM) 0.660 0.827 0.520 0.753
EBZ
Tau 0.555 0.643 0.393 0.502
00
L HSP70 0.510 0.771 0.553 0.709
Catanho, M., Gao, S., Ramanathan, A., Coleman, T. P., 2018 (submitted) %OAK RIDGE
National Laboratory



Summary & Conclusions

* CANDLE provides an enabling infrastructure for information extraction from
clinical/pathology reports:

— Simple DL networks provide good precision and sensitivity
— Selection of DL networks is important to obtain good representations of data

— Multi-task learning can exploit task relatedness and provide better results
* Development of semi-supervised learning approaches:

— Lack of annotated text documents (labels)

— Adversarial networks

* Predict the next “clinical state” of the patient from partial current clinical
observations

— Reinforcement learning/ Q-learning
*OAK RIDGE
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Tomorrow’s session

* Some lessons learned from working with CANDLE:
— Preparing text (or related sequence) datasets for deep learning
— Hyperparameter optimization

— Any other questions regarding software or use

THANK YOum v TR

%OAK RIDGE

National Laboratory


mailto:ramanathana@ornl.gov

