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Explosion of Medical Knowledge
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80
Yea rs Ago “Disease of the Blood” . 00 A)
60 Leukemia or Lymphoma
Chronic Leukemia Indolent Lymphoma
~38 Leukemia types identified: ~51 Lymphomas identified:
Acute myeloid leukemia (~12 types) Mature B-cell lymphomas (~14 types)
Acute lymphablastic leukemia (2 types) Mature T-cell lymphomas (15 types)
Acute promyelocytic leukemia (2 types) Plasma cell neoplasm (3 types)

Acute monocyllc Ieukem ia (2 types) Immature (precursar) Iymphomas (2 types)

70%

Ries LAG, Eisner MP, Kosary CL, Hankey BF, Miller BA, Clegg L, Mariotto A, Feuer EJ, Edwards BK (eds). SEER Cancer Statrstics Review, 1975-2002, National Cancer
Institute. Bethesda, MD, http://seer.cancer.gov/csr/1975_2002/, based on Nov 2004 SEER data submission, posted to
the SEER web site 2005.
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Multimedia in Patient Records
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e Even small to medium
hospitals generate images
and videos >1TB per year

 Formats (e.g. DICOM) and
IT systems (PACS, RIS,
HIS etc.) are non standard

gﬁmm Future Internet Assembly — Valencia, i5.04.2010



In Healthcare

Even clinicians struggle to keep up
with more and more comprehensive
patient information and rapidly
Increasing medical knowledge

Multitude of Healthcare Related
Websites/Portals
— Government, EU

— Healthcare Providers, Insurance
Companies

— Patients Organizations
— Pharmacies, Industry

— (Scientific) Publishers 19 million
articles indexed by PubMed

Medicine is becoming more patient
specific ~ Search results have to be
(sub)disease even patient specific
Self informed patients require reliable

search results (queries may not be
precise)

Remark: Data security and privacy, ethical and lega

In Patient Records

Heterogeneity of biomedical data
(molecular, laboratory, medical
Images, pathology, reports etc.)

search often fragmented

Patient data is mostly unstructured,
often distributed, and can be both
incomplete and uncertain

pre-processing necessary

Search relies on indices based on
keywords assigned by humans or
meta data originating from the data
acquisition and not on the contents
of the original data.

EHRSs will become as complex as
EPRs

| issues are out of scope for this presentation
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Courtesy Transinsight
http://www.transinsight.com/






» Medical texts

multiple meanings (e.g.
ventricle)

abbreviations (MI, PE, ...)
synonyms

negation

often no well formed sentences
spelling mistakes

colloguial language vs medical
terminology:

» Search for “heart attack”, find
myocardial infarction

Courtesy: Averbis, http://www.averbis.de/



Courtesy: Averbis,
http://lwww.averbis.de/
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Medical images can only be searched using:

meta data in so-called DICOM-headers
(patient name, acquisition date, imaging modality etc.)

Indirectly by searching corresponding radiology reports

‘Content’ of the images syngo paza (Siemens)
can not be used for
— quality control

— data mining for clinical /
epidemiological studies

— decision support
— workflow improvements



« Started with 5 project partners 2 Siemens: Project Management,

Imaging, Knowledge Management

 New project members since H Fraunhofer-IGD: Imaging
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»Given medical concepts or free text query, find
volumes with corresponding content”

»Given finding, retrieve
the corresponding
finding in previous
scans as well as in prior
reports “

,Given marked lesion, find
patients with similar lesion®

Query by Query by
Finding Scribble
_ Intelligent \ :
_~ Search & N
.  Alignment

Semantic Semantic
Text Image

Annotation Annotation
\

A

text parsing
FMA



example

Underlying medical

thesauri and ontologies

Currently used:

Anatomy: Foundational Model of Anatomy (FMA) (70000
concepts)

Radiology: Radiology Lexicon (RadLex) (12000 concepts)
Diseases: International Classification of Diseases (ICD-10)

Further candidates:

Clinical Terms: Systematized Nomenclature of Medicine-
Clinical Terms (SNOMED CT) (311000 concepts)

Cancer: ACGT-MO Master Ontology
Medical Subject Headings: MeSH (25000 concepts)




Enable semantic search (supporting synonyms esp. multilingual and hyperonyms)
Herzmuskelentziindung

Same search results for query with  Entziindung des Herzmuskels
Myokarditis

. inflammation of the heart muscle
Align images and reports

Improve clinical decision support, workflow, quality control, e.g.,
linking ICD codes or biopsy outcomes to medical images

Improve translational research (clinical trials, patient recruiting, epidemiological studies)

automated - -
image parsing ‘ :

—— _ Semantic Image
multi-modal) interactive .

image annotations > Annotations

extracted DICOM “spleen”, “splenomegaly”,
information “spleen lesion”, “hypodense”, “multifocal”

byproduct of structured
reporting
>

automated text parsin
of radiology reports

further structured clinical
and lab data (EPR)




« Automatically derive as much information as possible, about:
body region, landmarks, organs, tissues (lesions, lymph nodes)

« Pipeline Database-guided segmentation
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Anatomical network box detection refinement
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Imaging Client Anatomy Browser Query Interface
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semantic reporting workflow, intelligent image sear ch \
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Search: thoracic lymph node
Retrieve: mediastinal lymph node

Search: tumors located in cerebrum
Retrieve: tumor location

in-place search
P “left temporal node”
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Hospital 1 Hospital 2 Hospital N

Current Patient Data

‘Do | Operate”

Search Knowledge Base

Unhealthy Healthy

R

Unhealthy Healthy




Case-based reasoning is suitable to leverage huge number
of patient data sets

Very generic
— basically works for any data (all you need is a distance function)
— Has been applied to gene expression, 3D anatomical meshes, clinical data

User defined or learned distances

Visualization using neighborhood graphs
— Overview + explanation

Potential clinical use cases

— Diagnosis: have similar patients been diagnosed as diseased?

— Treatment selection: did similar patients profit from treatment (surgery,
chemotherapy, etc)






» User selects features (and adjusts weights)
 Euclidean distance is used



e E.g. Intrinsic Random Forest distance

— A random forest is a collection of decision trees
with controlled variation

— Two cases are more similar to each other if they fall
Into more of same leaves in a random forest

— RF similarity between two cases x1 and x2:

where K is no. of trees and zij is terminal position of
case Xi in tree |



/I nput: 63 Aortic Valve\

meshes with labels
(healthy/ diseased).
RF in product space is
used for learning
distance. Relative
Neighborhood Graph is
constructed for learnt
distance. Newman'’s
clustering is displayed.

LOO (leave one out)
k accuracy is 93%.




-Public Colon -Public Lymphoma

Cancer gene gene expression

expression data; data:

- Accuracy: 87%. -Accuracy: 100%.
-Public Leukemia -Public Embryonal
gene expression Tumor gene
data; expression data;

- Accuracy: 98%. -Accuracy: 80%.

Graphs are based on similarity defined by user or learned from data (here:
learned using intrinsic random forest similarity)

Similar patients are close in the graph
Unlabeled new patient is seen in context of others aready classified patients



—Tetralogy of Fallot: Congenital heart disease

—Valve replacement may be necessary

—Pulmonary trunk morphology classification to
determine suitability of percutaneous pulmonary
valve implantation

S. Schievano et all, Variations in Right Ventricula  r Outflow Tract
Morphology Following Repair of Congenital Heart Dis ease:
Implications for Percutaneous Pulmonary Valve Impla ntation

Melody™ Transcatheter Pulmonary
Valve from Medtronic




I: Image Preprocessing: Automatic Detection & Measure ments
Anatomical Model of the Pulmonary Trunk

L
)

l: Learn classifier Type 1 Type 2 Type 3 Type 4 Type 5

(based on manually
labeled anatomical models)

LOO-Accuracy
(Suitable for PPVR y/n):
Up to 94%



Need for high quality (relevant, up to date, validated/
trusted) and personalized information retrieval

— Both for professionals and self informed patients
Medical text search is well progressed (NLP,
ontologies)

Search in heterogeneous health records

— requires information extraction from unstructured data
— can be supported by semantic technolgies

— can be supported by machine learning technolgies

There won’t be a “one fits all” solution in medical
search
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