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What is Imaging Informatics?

Biomedical informatics is the scientific field that deals
with biomedical data, information, and knowledge — their
storage, retrieval, and optimal use for problem solving
and decision making.

Figure 1. A “Fundamental Theorem” of informatics.
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What is Imaging Informatics?

Biomedical informatics is the scientific field that deals
with biomedical data, information, and knowledge — their
storage, retrieval, and optimal use for problem solving and

decision making.

The primary aim of imaging informatics is to improve the
efficiency, accuracy, usability, and reliability of medical
iImaging services within the healthcare enterprise.

N David Geffen el L€alth

! School of Medicine Radiology




basic

.
»

Bioinformatics

applied «——Type of Research

Biomedical Informatics
Methods, Techniques, Theories

[ AN

Clinical Public Health
Informatics Informatics
health or medical informatics
applied informatics

Molecular
Cellular

% David Geffen
’ School of Medicine

Tissues
Organs

Scope — Patients

Populations —

Health

Radiology



Data
A
AT

DATA

™\ David Geffen UCLA
School of Medicine - Health

Radiology




Radiology: Past and Present
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Source: https://www.kged.org/futureofyou/256816/how-technology-ruined-the-radiology-profession

N\ David Geffen 1[¢¥\ Health

School of Medicine Radiology



https://www.kqed.org/futureofyou/256816/how-technology-ruined-the-radiology-profession

terabyte

Radiology

DaVid GCfan Source: https://www.himss.eu/content/carestream-white-paper-cost-and-benéefit- UC LA Health
School of Medicine image-enabling-your-enterprise


https://www.himss.eu/content/carestream-white-paper-cost-and-benefit-image-enabling-your-enterprise

Types of Information Systems

=y Hospital information system (HIS, CareConnect)

» Supports the comprehensive information requirements of hospitals an medical centers,
including patient, clinical, ancillary, and financial management

Radiology information system (RIS, Radiant)

» Supports radiology department operations: scheduling exams, reporting results, billing

Picture archiving and communication system (PACS, Centricity)

» Acquires, stores, retrieves, and displays digital images

Clinical decision support system (CDSS, ACR Select...)

 Facilitates the integration and use of data in decision-making tasks
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First commercial PACS in New Orleans (Fuji) -- 1985

Proceedings of the first PACS specific meeting -- 1982

Radiology

DaVid GCfan Source: Huang HK. PACS and imaging informatics: basic principles and UCLA Health
School of Medicine applications. John Wiley & Sons; 2011 Sep 20.



Basic PACS Workflow
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David Geffen Adapted from: Huang, H. K. PACS and imaging informatics: basic principles and applications. UC LA Health
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Evolution of PACS
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Multi-screen PACS
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Messaging
« HL7: Health Level 7

- Standard used to send messages between the hospital information
system (CareConnect) and ancillary systems (Radiant/PACS)

(1) Message header segment

MSH || STORE | HOLLYWOOD | MIME | VERMONT | 200305181007 | security|
ADT | MSG00201 ||| <CR>

(2) Event type segment

EVN|01|200305181005 || <CR>

(3) Patient identification segment

PID|||PATID1234567 ||Doe”"John"B"II || 19470701 |M]||C|
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Messaging
« DICOM: Digital Imaging COmmunications in Medicine

- Standard used to communicate among acquisition devices, PACS,
and radiologist workstations

Group - Element Description Type Length I Yalue
Patient Preamble [Z] 000z 0000 Group 0002 Length UL 4 200
Header [Z] oooz o001 File Meta Information Yersion OB 2 {binary data)
Prefix [£] oooz oooz Media Storage SOP Class UID )i 26 1.2.840.10008.5.1.4.1.1.7
] oooz 0003 Media Storage SOP Instance UID UL 54 1.2,826.0.1,3680043,2.1208,34948545565201041914916296
El| g
(£] oooz o010 Transfer Syntax UID )i 18 1.2.840.10008.1.2
Y
%] oooz o012 Implementation Class UID )i 18 1.2.804.114118.3
Data Element P : )
Stu dy EI 0ooz 0013 Implementation Yersion MName SH 6
[£] oooz o016 Source Application Entity Title AE 18
Data Element [£] 000z 0100 Private Information Creator UID LI 0 {empty)
[£] oooz o102 Private Information OB 0 (binary data)
Data Element g] 0008 0005 specific Character Set s 12 ISO_IR 100
y Data Set [£] ooos 0008 Image Type cs 24 ORIGIMAL\PRIMARY|OTHER
Series Data Element @ 0ons oo1z2 Instance Creation Date DA 10 20100419
f E nstance Creation Time .
(Modality) [£] ooos 0013 Inst Creation T M 14 140916000000
E ass .2.540,10008.5.1.4.1.1.
[Z] ooos 0016 SOP Class UID )i 26 1.2.840.10008.5.1.4.1.1.7
E nskance .2.826.0.1. 2 .
Data Element (Z] ooos o018 SOP Inst LD ) 54 1.2.826.0.1,3680043.2,1208,34948545565201041914916296
(£] ooos ooz0 Study Date DA 10 20100419
v [£] ooos o021 Series Date DA 10 20100419
[£] ooos o030 Study Time ™ 14 140916.000000
Images E] 0008 0031 Series Time ™ 14 140916,000000
9 Data Element [£] ooos o032 Acquisition Time ™ 14 140916000000

(£] ooos 0033 Content Time ™ 14 140916.000000



Hospital Information System

" > Report -
Patient Order impression Patient Patient
admission entry accessible transfer  discharge
® [ J ® ® ®

| RS |

[ [ [ L [
Order Update  Clean up

Insert patient . ‘ Report : :
. Patient received Exam Procedure patient patient
demographics arrival  (scheduling) canceled complete approved information information
® ® ® ®
] L [ ] L ] L [ ] ®
Insert Forward  Prefetch, Removal Insert Insert Migrate  Clean up
patient image table look-up, retrieving procedure report  case image
demographic  folder schedule description text
retrieval and images

Adapted from: Huang, H. K. PACS and imaging informatics: basic principles and applications. John Wiley & Sons, 2011.



Takeaways

* Imaging informatics is important because
- Volume of imaging data is rapidly increasing
- Images contain a treasure trove of information

» Data is stored in large information systems (HIS/RIS/PACS)

» Coordination is required to prepare for and accept each imaging
study = communication is possible through messaging
standards (HL7, DICOM)

 Effective data management is the first step towards clinical
decision support
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What is an Image”?
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What does one pixel
represent?

What effect are you observing?



 Pixel data

« What does it look like?
* [nformation content

« Whatis it?
 Knowledge = Wisdom

« What does it mean?

« \What should we do about
T2-MRI Whole-mount Path it?

62-yr-old male with intermediate-risk prostate cancer (biopsy
Gleason score 4 + 3, PSA level 11 ng/ml)
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Image Analysis Pipeline
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Components: Registration

* Process of aligning images so that the correspondences
between them can be seen more easily

arg max{ similarity(Image,,T(Image, ))}

T

\mage 1 unregistered registered

Histogram

Difference
image

sagittal slices
256 x 256 x 9




Components: Segmentation

* Partitioning image pixels into different classes (e.g., foreground,
background)

» Used when we want to analyze just the pixels within a particular
region

Input
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Components: Feature Extraction

* Radiomics is the extraction and analysis of large amounts
of advanced quantitative imaging features with high
throughput from medical images

* Feature types:
- Color, shape, texture
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Imaging Segmentation Feature extraction Analysis

DaVi d Geffen Kumar, V et al (2012). Radiomics: The process and the challenges. Magnetic Resonance Imaging, 30(9), UC L A He alth

5 School of Medicine 1234-1248. http://doi.org/10.1016/j.mri.2012.06.010 Radlology




Radiology Reports are Unstructured

History: 57 year old man with 2 day history of thumb tingling and numbness and history of colon cancer 12 years prior.

Technique: An MRI of the brain was performed on a 1.5T scanner utilizing the following sequences: thin-cut axial
SPGR and thin-cut axial T2W.

Findings: An enhancing mass is again seen in the anterioinferior aspect of the left parietal lobe along the primary
sensory cortex abutting the central sulcus. The mass also abuts the sylvian fissure. There is a small region of central
necrosis. The lesion measures 1.7 cm AP x 2.0 cm TR x 1.8 cm CC. There is moderate perilesional edema which
extends into the posterior temporal and frontal lobes. There is no significant mass effect from the lesion. The high
convexity cerebral sulci are normal and there is no significant midline shift or mass effect on the ventricles. There is no
hydrocephalus. No other lesions or regions of abnormal enhancement are seen within the brain, dura or
leptomeninges. The skull is normal in appearance. Minimal T2W/FLAIR high signal intensity surrounds the
periventricular white matter, consistent with mild microvascular ischemic disease. The brainstem and cerebellum are
unremarkable in appearance. The basal cisterns are clear.

Impression: Contrast-enhanced MRI of the brain again demonstrates an enhancing mass in the anterioinferior aspect
of the left parietal lobe, located on the primary sensory cortex. There is moderate perilesional edema. No other lesions

are seen.
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Structured Reporting

CT lung cancer screening
RSNM building IT standards and a library of clear and consistent report templates.

Technical parameters .
pi[ ] Reporting Supported in part by NIH / NIBIB.
mA: [ ]
DLP:[ ] Specialties Organizations Languages Popular New
CA Cardiac Radiology MK Musculoskeletal Radiology
Clinical information CT Calcium Score - 7 more Skeletal Survey - 42 more
Screening visit: [Baseline | Year 1| Year 2] CH Chest Radiology N R Neuroradiology
[Lung cancer screening. | MR Brachial Plexus - 21 more MR Neck - 24 more
CT Computed Tomography NM Nuclear Medicine
Comparison CT Onco Renal Mass - 51 more White Blood Cell Scan - 28 more
[None. ] DX Diagnostic Radiology OB Obstetric/Gynecologic Radiology
Skeletal Survey - 54 more US Pelvis - 6 more
Findings ER Emergency Radiology Ol Oncologic Imaging
Exam parameters US Retroperitoneum - 23 more CT Onco Renal Mass - 21 more
Diagnostic quality: [Satisfactory | Limited, but interpretable | Non-diagnostic] G| Gastrointestinal Radiology PD Pediatric Radiology
Comments: Comments [ ] Defecography - 46 more Skeletal Survey - 12 more
GU Genitourinary Radiology Ql Quality Improvement
Lung nodules CT Onco Renal Mass - 36 more Communication of Actionable Findings
None. | Present, detailed below:
[ ! ] HN Head and Neck RS Research
[-- | Right lung | Left lung] [ ] mm [-- | solid | semi-solid | ground-glass] [-- | unchanged | increased | decreased | new] Parathyroid SPECT - 15 more US Carotid Arteries (with Stenosis Calculator) - 2 more
image #[ | 3 i
IR Interventional Radiology us Ultrasound
[-- | Right lung | Leftlung] [ ] mm [-- | solid | semi-solid | ground-glass] [-- | unchanged | increased | decreased | new] CT-guided Drainage Catheter Placement - 16 US Retroperitoneum - 26 more
image #[ | more Vv lar | B
. - ascular Imaging
[-- | Right lung | Left lung] [ ] mm [-- | solid | semi-solid | ground-glass] [-- | unchanged | increased | decreased | new] MR Magnetic Resonance Imaging VI US Abdominal Aorta - 20 more
image #[ | MR Neck - 29 more

http://radreport.org/
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Natural Language Processing (NLP)

mass finding

existence = present (“there is”)
quantity = 1

size = large, “5 cm”
external architecture = “well-circumscribed”
location in left upper lobe

transcription

interpretation adenocarcinoma

l certainty
Radiology report: 5433

possible

...There is a large well- |
circumscribed 5 cm

mass in the left upper
lobe consistent with
adenocarcinoma...




Components of an NLP System

Background knowledge

Ontology
Domain model
Domain knowledge
Trained corpora

- y ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Framework y ,,,,,,,,,,,,,,, _

’ Low-level processor | -‘ High-level processor
A

______________________________________________________________________________________________________________________________

Pipeline
Text Structured form

DaVid Geffen Doan, Son, et al. "Natural language processing in biomedicine: a unified UCLA Hea,lth

Y School of Medicine system architecture overview." Clinical Bioinformatics (2014): 275-294. Radiology




Components: Background Knowledge

* A lexicon is a collection of information about the words of a language
about the lexical categories to which they belong

* e.g., RadLex lexicon

- A radiology-specific lexicon with over 75,000 terms and synonyms developed by
RSNA

- http://www.rsna.org/RadlLex.aspx
* e.g., Radiology Gamuts Ontology

- A gamut is a set of conditions that can cause a specified imaging finding

- Gamuts Ontology contains 16,912 entities (12,878 causes / 4,662 effects)
- https://www.gamuts.net

7N David Geffen UCLA
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http://www.rsna.org/RadLex.aspx
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Components: Structural Analyzer

Report Status: Final
CEE AT X ARCINGIAA Clssaan gradda 3 4 3, rmvab Type: Surgical Pathology
S G Pathology Report  LYMPH NODE BIOPSY
s brrbomiphpa Accessioned On: 2003
it ik A i SCHRUTE, DWIGHT, M.D.-PH.D.
S EaTY s \ DIAGNOSIS: by TOBY SCHULNE M.D. PHD

Section Boundary Q

N\
Detection Z ,.)ROSTATE. RADICAL PROSTATECTOMY:
} PROSTATIC ADENOCARCINOMA, Gleason grade 3 + 3, involving the left
lobe

0.3 cm in greatest single dimension.
4 g The margins of resection are free of tumor.
. Tumor is not identified in extraprostatic soft tissue,
o e e hom st The seminal vesicles are free of tumor.
ot ure i One (1) left periprostatic lymph node with no carcinoma seen.
g AJCC (1997) Stage T2a NO MX.

David Geffen i[eF'§ Health

School of Medicine Credit: Len D’Avolio, AMIA NLP Tutorial 2011 Ra dlology




Components: Rule-based Approach

The
margins (
of .
. Regular Expressions
resection [_|
are \ (Patterns) -
free
tu;';r CONWHN\SF\\W*((margin)s*(:)\\s*\\W*\\w+)
' and ‘free’ or ‘not’ or ‘'no’...etc
° N David Geffen 1[6¥\ Health
z School of Medicine Credit: Len D’Avolio, AMIA NLP Tutorial 2011 Ra dlology




Components: Lexical Analyzer/Parser

The
margins
of
The margins of resection ; resection
are free of tumor. Tokenizer are
free
of
tumor.
The
margins S
of . )
resection Phrase Parsing The margins of resection are free of tumor.
are (Chunking) /\
free NP VP
of The margins of resection are free\
tumor. PP
of tumor
7N\ David Geffen 16" Health
z School of Medicine Credit: Len D’Avolio, AMIA NLP Tutorial 2011 Ra dlology




Components: Semantic Interpreter

The margins of resection

are free of tumor

% David Geffen
" School of Medicine

NP

VP

Map to Ontology
(Controlled Vocab)

e

&

Concept Name:
Resection Margin
CUI: 0003245

I

)

SNOMED, UMLS, Radlex, etc.

Map to Ontology
(Controlled Vocab)

a

-

Concept Name:
Negative for Cancer
CUI: 0213543

N

J

SNOMED, UMLS, Radlex, etc.

Credit: Len D’Avolio, AMIA NLP Tutorial 2011
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Combining Images & Text = Meaning

“Thereis a The Pixel at the tip of the arrow
hypodense mass [coordinates (x,y)]
measuring 4.5 x 3.5 in this Image .
cm in the right lobe [DICOM: 1.2.814.234543.23243] Annotatlon Image Markup (AIM)
of the ]i\‘.cr:.likcl_\' a represents an Hypodense Mass Is a structured text-based
o S > [RID243, RID118] language that captures
lextReport ;1" 2D méasurement]4.5x 3.5 cm annotations and markups in a
in the Right Lobe tandardized f t :
Image ............. ) [SNOMED:A331 0657] S an ar. Ize Orma USIng
----- St the Liver eXtensible Markup Language
.............. » [SNOMED:A2340017] (XM |_)
Radkex || . Likely
=T ...................... . https://wiki.nci.nih.gov/display/AIM/Annotation+and+Image
T | e P d [RID'392]_ +Markup+-+AIM
O ¥ B a Metastasis
e ) . > [SNOMED:A7726439]
Soi—
Terminology Semantic Annotation
DaVid Geffen Rubin, Daniel L., Hayit Greenspan, and James F. Brinkley. "Biomedical Imaging LA
ca
5 School of Medicine Informatics." Biomedical Informatics. Springer London, 2014. 285-327.
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https://wiki.nci.nih.gov/display/AIM/Annotation+and+Image+Markup+-+AIM

19 720 AM [Server: 69.239.192.55 | X Aquaritis Neuition Edition ver 4 451181 (nteral Bui) I~ S -
3 - o n = Patientlist € Viewer B output

A%
-C“est“; v ATO | —

Workflow Templse 3D Setting Series

Y¥ Validate asd v G Ejsend.. v

, (I( L ool @ i

1m/d|v . a @ ' g »?
Slab FreeROl Regio... Bone Batch
da =
ametegoifiorta at the A({n{c

|
|
}
i

hiatusi26.5:mm S

R:6‘9

v Generate Report ¥
Export measurements to xml file
Export Measurements as AIM Xmi
Export measurements to text file
Export measurements to csv file

Abd 2 Head Lung Bone

DaVid Geffen Zimmerman SL. Automated structured reporting of imaging findings using the AIM standard U C L A Health

School of Medicine and XML. RadioGraphics, 2011. Radiology




r torarecon? | ﬁ.“q"(lﬁu." Neition Falinion ver 442 25 10%) -9 0 e

. h . * i | o <Cal
X |Max Ascending 'AGrta : <dataCollection>

38:85 mm “

- Data
Sinotubular l,mction‘ R b
] ’ . - <dimansio
2.85 mm 4 4 © : <Dimens

>

Aortic root Calculation
- </cal

y
46

"1.0" encoding="utf-8" 7>

IE  Pationt List O Viewer Ej Output

,.l] me

CTA chest v -. calculation

n

<referencedCalculationCollec tion

‘ 3 ‘ <Calculation id="0" uid="93183989- 3d7{-400c-BeBb-158d113albac” description="Ma
L

<calculationi

iculationRasult d=

<Data id="0" value="43">
<CoordmnateColiechon>
Coordi
</coordinat

.

Smm/div

Jac tion >

on id

Siab  FreeROI Regio </ dimensionCollec tion >
. </CalculationResult>
Measur ement Protocors

JcalculabonResuitCollecton>

tonCollection >

77 mm

<Juser

equipment

</equipment>
ANALOMIC ENtIty(

<AnatormcEnt

</ aNIOMCENTDILY(

amageReferenceCollection>

N

study >

Export measurements to xml file

cseanes>

Export Measurements as AIM *ml <Senes 1d="6" InstancellD="2.16.840.1.113669.632.21.2089679280.571166

ton>

<amageCollec

Export measurements to text file _amxg

/imageCollectic

Export measurements to csy file

VR MPR we

AHPRFL Reu Coiies </image

<patient>

ollecC hon

smm/div Abd 1 Abd 2 Head Lung <Patient 1[d="0" name="AIM_ChestCTA_1" patientiD="0457831131" sex="M"

cinabhent >

opInstance

e ="Scalar’ numberOfDmansions

codeMeaning="" codingSchemeDesignator="*

<ImageAnnotation x s s"hitp: / /fwww w3 org/ 2001 / XMLSchema-instance”
Wordfow Tompl 3D SeSing Series 11-24707:25:39.9375-05:00" name ="Maximal aortic dimension” uniq

/ CaCORE.cCaCORE / 3.2/ edu.northwestern.radiology . AIM* >

" dmensionindex="0" pasition="0"

index="0" sze="1" label="Length’

<User 1d="0" name="rsna-aim" lognName="rsna-aim" roleinTnal="" numberw

<Equipment 1d="0" manufacturer="TeraRecon” manufacturerModaiName ="Aquarius Wor]

<dmageRaference xsi:typa="DICOMImageReference” d="0">

<Study (/=" InstanceUlD="2,16.840.1.113669.632.21.2089679280.571166544.

ND="2.16.840.1.113669.2.1.1.1761716416.1

1" unitOMeasure="m

codeValue="HEART"

thanRoleOf

David Geffen
School of Medicine

Zimmerman SL. Automated structured reporting of imaging findings using the AIM standard
and XML. RadioGraphics, 2011.
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<?xmi version="1.0" encoding="utf-8* 7>
- <Annotatbions>
- <IMageANNOtation xminsg: xsi="http:/ /www.w3.0rg/ 2001/ XMLSchema-instance’
11-247T07:25:39.9375-05:00" name ="Maximal aortic dimension” unigqueldents
umins ="gme:/ / caCORE.caCORE / 3.2/ edu.northwestern.radiology. AIM" >
- <calculationCollection>
- «Calculation W="0" wd="93183989-3d71-400c-Be8b-S8d113a1bac’ descrpt
<referencedCalculationCollection />
- <calculationResultCollection >
- «CalculationResult id="0" type="Scalor’ numberOfDimensions="1" unitOfMeas
- <dataCollection>
<Data id="0" value="43">
- <coordinateCollection>
<Coordinate id="0" dmensionindex="0" position="0" />
</coordnateCollection >
</Data>
</dataCollection>
- <dimensionCollection>
<Dimension id="0" ndex="0" size="1" label="Length* />
</dsmensionCollac bon>
</CalculationResult>
</calculationResultCollecbon>
</Calculation>
</calculationCollection >
<usar>

<User |d="0" name="rsna-aim" lognName="rsna-aim" roleinTnal="" numberWiths

<Juser>
- <equipment>
<Equipment id="0" manufacturers"TeraRecon” manufacturerModeiName ="Aquari
</equipment >
- <anatomicEntityCollection>
<AnatomCEntity =" codeMeanng="" codngSchemeDesignator=" codeValue=
</anatomicEntityCollection>
- <mageReferenceCollection >
-~ <mageRaference xsi: type="DICOMImageReference” id="0">
- <study>
« «Study =" nstancelUlD="2,16.840.1.113669.632.21.2089679280.5711
- <sares>
~ <Senes W="6" NSLanceUID="2.16.840.1.113669.632.21.2089679280.
- amageCollection>
<image Wd="0" sopinstanceUiD="2.16.840.1.113669.2.1.1.176171
</mageCollection >
</Senas>
</senes>
</Study>
</study>
</ImageReference>
</imageReferenceCollection>
<patient>

Patent d="0" nama="AIM_ChestCTA_1" patantiD="0457831131" sex="M" />

& % © im,. .: D) Besen S oy R - 4
Sign Sutpend @ Pose U Unsenine Seaien IS UR e Naxe opsiens — ¢ s grraeenill 7
Cument Repont Repon Batch Opboeed Formating Yook Recorder Wondow
Mamg:
* oo Sax
LR
Note:
Phyician To Tamscsgtion:
Findings
A thoracic aortic aneurysm is present with maximal aortic dimensions of[42.1 mm] occurring in the [..]. ==
laneurysm extends from [..] to [..].
There is no dissection, intramural hematoma or penetrating atherosclerotic ulcer.
E- < Show shared
o Werksype
Measurements of the thoracic aorta (outer diameter) are as follows at the indicated levels: g
Aortic root at Sinus of Valsalva (21.2 mm)
Sinptubular junction [24.9 mm]
Maximum outer diameter of Ascending Aorta [41.1 mm]
Maximum outer diameter of Distal Aortic Arch [20.9 mm] ;
Maximum outer diameter of Descending Aorta: [28.8 mm)] P  Show shared
Maximum outer diameter of Aorta at the Aortic hiatus | [22.6 mm]
he brachiocephalic, subclavians, proximal common carotid and proximal vertebral arteries are patent.
findings
Atenong

Lioatent s

David Geffen
School of Medicine

Zimmerman SL. Automated structured reporting of imaging findings using the AIM standard

and XML. RadioGraphics, 2011.
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Key Takeaways

* Images and radiology reports are unstructured data

- Images are comprised of pixel data that need to be normalized,
registered, and segmented to extract relevant features

- Using natural language processing and/or structured reporting,
information from radiology reports can be represented in a form

that is amenable to mining
 Structured information can be combined using
standardized markup languages such as Annotation
Image Markup (AlIM) for storing or sharing
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Representation is Key to Knowledge

Collection of faces

Typical facial types
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Stanford Algorithm Can Diagnose
Pneumonia Better Than Radiologists

Source: https://spectrum.ieee.org/the-human-os/biomedical/diagnostics/stanford-algorithm-can-diagnose-
pneumonia-better-than-radiologists

engadgel

For a dollar, an AI will examine your
medical scan

Zebra-Med's tech helps radiologists find heart, liver, bone and other diseases.

Source: https://www.engadget.com/2017/10/27 /for-a-dollar-an-ai-will-examine-your-medical-scan/

)(, The NEW ENGLAND
“i=Y JOURNAL of MEDICINE

Predicting the Future — Big Data, Machine Learning,
and Clinical Medicine

Ziad Obermeyer, M.D., and Ezekiel . Emanuel, M.D., Ph.D.

Source: http://www.nejm.org/doi/full/10.1056/NEJMp1606181



https://spectrum.ieee.org/the-human-os/biomedical/diagnostics/stanford-algorithm-can-diagnose-pneumonia-better-than-radiologists
https://www.engadget.com/2017/10/27/for-a-dollar-an-ai-will-examine-your-medical-scan/
http://www.nejm.org/doi/full/10.1056/NEJMp1606181

Improving the Use of Imaging

Poor study Poor study Poor study

Wrong study requested acquisition interpretation documentation
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A Variety of Approaches Exist

Supervised Learning

O\

Machine Learning Types

Unsupervised Learning

Continuous Categorical
Target Variable Target Variable
Regression Classification
Linear Support Vector
Regression Machine

Reinforcement Learning

O\

Clustering Association
K-means Association
Clustering Rule Learning

Y David Geffen

Actions Change Actions Don'’t
State Change State
Given model of Learn model of
outcomes outcomes

1 1

Markov Decision

Bandit Models
Process

. N U/e/F.8 Health
School of Medicine Inspired from: http://en.proft.me/2015/12/24/types-machine-learning-algorithms/
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CADe: Computer Aided Detection

y FEIFSSVZIN
Dlﬂlﬂ“z;,
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convolutional—max—pooling layers fully connected layer (FC)
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CADx: Computer Aided Diagnosis

MLO-
FPlevel

CC-
FPlevel

Pixel-based malign
likelihood

False-positive
Level

Finding

D2§km

Distance MLO-
to Skin D2Skin

Location X
MLO-
LocX
MLO- cC-
LocY LocY

l\iLa‘l |
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LinText

MLO-
Dlik Dle
MLO- - Abnormal
Size Size Density
1
0.9
- Contrast
0.7
s P MLO- CC-
K] 3 s Contrast Contrast
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z g Spiculation
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(a) Link level (b) Patient level
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Content-based Image Retrieval
ey Example Image with [

Fm==——— )
i
S
iy : ——
emf ! S o Sketch & Text Query
LS i Se—e
. A\ >/
Imaging Data query by
sketch/example

Supporting Text
Feature
[ Segmentation } Extraction iterative
—_——
U querying

i

p
Expert } [ Feature ]‘

Annotations Extraction
shape

l l descriptor

[ Traditional SQL Database ]
it .

Reference: Hsu W, Antani SK, et al. Int J Med Inform. 2009

whole/partial

-
Indexed -
Features Similarity shape matching

Compute Feature

Present
Combine Results :> Results
/ v
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Radiogenomics

MRI Phenotypes

[l Contrast / Necrosis
[l Contrast Enhancement

Contrast
enhancement
High

Microarray Samples

PI.AUR
ElGBM Il Infiltrative of # Lox
INormal Brain [Mass Effect stet
[IISVZ involvement : VEGF
PLAUR
. SERPINE1
-log(p) ;
3
SPP1

EGFR overexpression

Hypoxia
ECM

0 15 ¢
|
I
[

Immune cells —

CKs2
TK1
i i |
Proliferationll TROAP
CENPF
TOP2A
UBE2C
CENPE
cpc2
TOPK
BUB1B
Glia
Neuron

TRIO

HSPC150
KNSL1

_
>0.25X >4X

s00>d
100>d
1000>d

Proliferation

Source: Diehn M et al, PNAS, 2008
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Mineable . recular feat .,
. earn molecular features that
Genomic predict best drug
info
Learn imaging features that
predict the biology .
Which Drug to
i 2
Mineable Toarn imaging use”
r
Image features that
feature set predict the best

treatment!

Credit: Robert Gillies, Moffit
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Takeaways

* Knowledge is attained by finding the appropriate representation
for a given task

- Machine and deep learning are different forms of representations for
integrating biomedical information for clinical decision support

- No one representation is the optimal solution for all tasks
* A variety of tasks exist in imaging

- Computer-aided detection/diagnosis (CADe/CADx), content-based
image retrieval (CBIR), radiomics/radiogenomics

* More on this later... Fabien Scalzo’s lecture (9/17)
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Integrated Diagnostics (IDx)

« Radiological Sciences | Pathology & Lab Medicine
- http://idx.mednet.ucla.edu
« Mission: Provide an infrastructure for capturing, curating and retrieving
validated patient datasets across clinical, imaging, pathology and

molecular data sources for the purposes of improving early detection,
diagnosis and treatment of cancer

« Clinical & outcomes data

- Medical imaging

- Histologic features

- Molecular features, depending upon research questions
- Collected longitudinally

N\ David Geffen ey Health
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http://idx.mednet.ucla.edu/

Objectives

Enable hypothesis generation

« Capture highly curated data and annotations
« Support open ended queries and real-time analytics

Integrate with molecular diagnostics
» Link findings across clinical, imaging, pathologic, and molecular data

« Characterize disease heterogeneity and evolution

Provide tailored clinical decision support

» Generate new evidence for appropriate use of imaging
» Improve early detection, diagnosis, and treatment
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Home Query About Team « Calendar Resources ~ Contact Us Related Links ~ Logged in as: WHsu | Log Out

Search here... Find your cohort B
ALL CASES PIRADS 4 OR 5 GLEASON > 3+4

100% @ IDxProstate @|DxProstate
O 80% Please welcome our new research coordinator
Y 60%

. ’ Danielle Inohara!
— 40%
1280 Lesions PIRADS 3: 217 Lesions 20% O [9 Aug 3, 2017
581 Patients PIRADS 4: 316 Lesions 0
PIRADS 5: 183 Lesions ’ | | | | | | | | | | | | |
-20%
w

Detected

=

-40%

-60%

@ IDxProstate @|DxProstate
(c)

b Upcoming Events:
MRI AZ

Not Detected

-80%

1) RSNA 2017 Annual Meeting (Nov. 26 - Dec. 1,

336 Total MRI Images 4025 Total Whole Mount Images -100% 2017)
336 Annotated Images 1656 Micrographs = & S 3 ; ﬁ 'Z', 5,,7 ﬁ E § §
= -~ < Y 3 ¥ 3 ¥ c < .
- o S < See event here: rsna.org/Annual_Meeting...
z
Tumor diameter (cm) | Gleason score | Index tumor O [% Jul 10, 2017

IDx Prostate Data Portal: Front Page
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Search here... Find your cohort n

Filters: PIRADS: 4 OR 5; Resection GLEASON: 3+4 OR 4+3 | &5 74|

Hide Filters \ O Patients /n\ MRI Detected Lesions Path Detected Lesions
o
Demographics: G 2 58 MRI 274 Pl 274

Age

[J18-39
[140-54
[55-69

=70
Age Groups PIRADS Groups Gleason Groups
180

Chart View Table View

Clinical: o
160 180
Digital Rectal Exam 140 160
[J positive 120 140
@] i 100 120
Negative o 2
80
PSA (ng/ml) 60 o
el 40 40
[J3-10 20 2
- ) 0 ;
[J>10 I 18-39 years old
I 40-54 years old

Charts View
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Search here... Find your cohort n

Filters: PIRADS: 4 OR 5; Resection GLEASON: 3+4 OR 4+3 He[-E[ 74|

Hide Filters 4 Chart View Table View
Demographics:
Cohort Selection
Age
118 -39
) 55-69 _
>70 Research ID 1% Radiology Size PIRADS Score Gleason Score Image Links
1_00A1710X 11 4+3 Micrograph
1_000ZMN8B 0.9 4 3+4 MRI
Digital Rectal Exam
L) Positive MRI Contour
L) Negative Whole Mount
Micrograph
PSA (ng/ml)
L1<3
03-10 102709602 1.8 5 4+3 Micrograph
LJ>10
1_043834FF 1.6 3+4

Table View
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T2-MRI DCE-MRI Whole Mount Path

Annotated Datasets
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Integrated Diagnostics
* Project launched in March 2015

—mm

Prostate 665 pts Banked: 164 pts PI-RADS, prostate contour, MRI PSA, digital rectal exam,
lesion, whole mount lesion diagnosis, recurrence
Lung 1,982 CT Banked: 528 LungRADS, nodule, emphysema, Risk factors, comorbidities,
interstitial lung disease, coronary pulmonary function test,
artery calcium diagnosis, treatments
Breast 49,037 MR, MG SNP: 364 BI-RADS, breast density Risk factors, comorbidities,
(Athena) (FFDM, WES: 13 diagnosis, treatments
DBT)
Liver 449 CT/US Banked: 71 -- Labs (AFP, bilirubin,
biopsy (121) Creatinine, etc), diagnosis,
comorbidities, treatments
Kidney 804 CT Banked: 35 Lesion attenuation, other Diagnosis, treatments,
organs/structures attenuation history

(reference)



IDx Lung: Nodule Characterization

Pre-processing Processing > Statistical Analysis

» & @ =1= —

De-identification Organ Nodule Image Analyst Quantitative
Indexing Segmentation  Detection Review Analysis
De-noising Nodule & Surround
Gray scale normalization K /

» Pipeline accepts only cases of < 2 mm slice thickness; the remainder must be manually segmented.

David Geffen Credit: Deni Aberle, 2018 savy Health
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% David Geffen

Classification task: Cancer vs. No cancer

Train CNN with semantic labels to make output more
interpretable to humans

Trained on LIDC dataset

Assess classification performance for semantic labels
& diagnostic prediction

Comparing CNN to hierarchical semantic network:
= 3D single CNN AUC =0.847 (£ 0.024)

= 3D hierarchical semantic network
AUC = 0.856 (=% 0.026)

= Mean difference = 0.005
(95% CI: 0.0051-0.0129); p = 0.009

' School of Medicine

Credit: Shiwen Shen, 2018

IDx Lung: Towards Improved Risk Predictions

Semantic label 1

prediction layer
(benign/malignant)

Serhahtic label n

B 3D convolution module B 3D average pooling
Il 3D convolution B Fully connected (dense) layer
B Batch normalization B Dropout layer
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Concluding Thoughts:

Towards Wisdom?

A
A
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‘SECOND OpiNioN BY RoB ROGERS

l

WHAT SEEMs To BE
THE PROBLEM,
MRS. JOHNSON?
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IBM pitched its Watson supercomputer as a revolution
in cancer care. It’s nowhere close

Machine Learning and Prediction in Medicine — Beyond
the Peak of Inflated Expectations

Jonathan H. Chen, M.D., Ph.D., and Steven M. Asch, M.D., M.P.H.

David Geffen
School of Medicine

VIEWPOINT

Federico Cabitza, PhD
Department of
Informatics, University
of Milano-Bicocca,
Milan, Italy; and IRCCS
Istituto Ortopedico
Galeazzi, Milan, Italy.

By CASEY ROSS @caseymross and IKE SWETLITZ @ikeswetlitz / SEPTEMBER &, 2017

Unintended Consequences of Machine Learning

in Medicine

Over the past decade, machine learning techniques have
made substantial advances in many domains. In health
care, global interest in the potential of machine learning
hasincreased; for example, a deep learning algorithm has
shown high accuracy in detecting diabetic retinopathy.’
There have been suggestions that machine learning will
drive changes in health care within a few vears. snecifi-

the expense of other elements that are more difficult or
impossible to easily describe. Relying on ML-DSS re-
quires considering digital data as reliable and complete
representations of the phenomena that these data are
supposed to render in a discrete and trustworthy form.
This may be a problem when the clinical context is not
renresented. particularlv if bhvsicians lose awareness of
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A Learning Health System

3. Analyze Data 4. Interpret Results

Technology for aggregating Technology and policy for making
and analyzing data knowledge persistent and sharable

5. Deliver

Tailored Message
Mechanisms for tailoring
messages to decision
makers

2. Assemble Data

Policies governing
access to data

Problem
of Interest

o Data integration,
communities of interest Change Practice maCh|ne Iearning

Mechanisms for capturing
changed practices

1. Collect Data 6. Take Action to

Mechanisms for managing

Radiology
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Resources

Alex A.T. Bui
Ricky K. Taira
Editors

PACS and Practical

Imaging Informatics iﬂ*lng nforg I

Medical Imaging

Informatlcs
Lo 1Y

Foundatlons and Appl|cat|ons
for PACS Professionals

Barton F. Branstetter IV Ediior
H. K. Huang, DSc, FRCR (Hon.), FAIMBE

@ Springer Daniel L. Rubin « Scott Griffin
David L. Weiss Associate Editors

@ Springer
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Resources

N aeten Health IDx | INTEGRATED DIAGNOSTICS

Contact Us Related Links Oversight Meeting Minutes Publications

— Just Accepted in "Abdominal Radiology"
R Mahesh B. Nagarajan

"Building a high resolution T2-weighted

MR-based probabilistic model of >

tumor occurrence in the prostate."

Awaiting Publication

PROSTATE LUNG LIVER KIDNEY

T A
@ n"\ http://idx.mednet.ucla.edu
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Resources

oo
/:;_ Montage Search: fracture X\+
(- = https://staging.montagehealthcare.com/search/rad?q=fracture c C?'S:Jr h ﬁ E ‘ ﬁ“ 9 E
r ,~
L M O N TAG E Help « demo « F
Radiology Search
Sorting Radiology Pathology RadPath Start Date: End Date: G
Date P«scendmg Eachire Search Optimize - =
23‘9 Descending Last 7 days | 30d | 90d | 180d | 1 year
elevarfce 13,955 reports in 0.014 seconds Advanced Search Analyze
Random
Modality 00361654X - CLEL (CT LOWER EXTREMITIES UNENHAN) - 2015-07-20 Analyze Dose R
CR CT DF MG INDICATION: Patient status po'st mFJtor vehicle collision with right Report Details Group by Patient
MR NM PT US XA calcaneal fracture, left ankle pain, with fracture and edema. Modality: CT
CPT: 73700 (Ct lower extremity wio Export
RIGHT AMKLE: Multi-detector CT imaging of the right ankle was dye)
i i Save Search
Patient Timeline || Save Report || View Images
Sequential Search
00172478X - CLEU (CT LOWER EXTREMITIES UNENHAN) - 2015-06-19 .
INDICATION: Patient status post motar vehicle collision with right Report Details ;u;l%tecgee: in Other
calcaneal fracture, left ankle pain, with fracture and edema. Madality: CT Radiology' 13,955
CPT 73700 (Ct lnwer exvtrermity win Dathalac

RIGHT AMKLE: Multi-detector CT imaging of the right ankle wasg

http://montage. mednet ucla.edu
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