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Semantic Hub solutions

Technologies aimed at processing large volumes of unstructured information (Big text data) and semantic analysis

(natural language understanding), which extract knowledge from heterogeneous information sources. The software provides:
= Automated scanning of web resources and databases
* Deep semantic analysis of potentially relevant texts

= Generation of insights on all the factors, which are important for success of an innovative drug

Products

Technologic scouting

(Scientific due diligence)

Gathering RWE on patients and
physicians in social media

Identification of patients
for rare diseases

Experts in Medical Affairs and Market

For whom | BD and R&D experts Experts in Marketing and Medical Affairs T
. Semapt} © Blulo lieligs selieet the e Semantic Hub provides the “reality check” Semantic Hub helps find patients with rare
Descrip- | promising assets out of the universe of . . . . )
. . ; on patient journey and patient archetypes diseases and build the landscape of the
tion | candidates as a potential target for . . : . . .
. . based on 100 000+ real patient stories patient experience in the country of interest
investment or as an emerging threat
Millions of documents processed as an input | Knowledge extraction from the millions of Full-scale screening of the Internet and
(papers, CT results, patents, news). Assets user posts in patient forums, professional identification of patients in patient forums,
Details | qualified with a variety of success and risk social networks for physicians, health- professional social networks, health-related
factors (100+ criteria such as PKPD, toxicity, | related QA portals, etc. Evaluation of the real | QA portals. Understanding patient needs,
MoA, etc.) patient journey journey through the local healthcare system
Unbiased data about drivers and barriers in | - Finding patients who are already
- Search for red & amber flags . . . . .
Advanta- SRR choosing therapy, outcomes, unmet needs, diagnosed or potentially having a disease
- Assets prioritization o . . .
ges awareness and opinions, emotional aspects, | - The solution can be used to find patients

- Easy-to-use visualization of results

mentioned HCP, KOLs, clinical centers, etc.

for Clinical Trials

What is unique about Semantic Hub:

Not just data, but the support of your decisions
Al which works in synergy with your experts
Multilingual analysis for various countries
Easy and inexpensive regular update

Adaptive design of research

Compliance and security

We have 100+ years of total experience in:
»  Semantic technologies
Natural language processing
Text mining
=  Artificial intelligence
= Technology intelligence
. Decision support systems

We have successfully implemented
50+ projects (decision support
systems based on “Big Text Data”)
in various industries: healthcare, oil
and gas, etc. Since 2016, we have
focused on Pharma as our one and
only






EcTrecTBEeHHBIN 93bIK — 2TO O4YeHb CAOKHO...

«danTe MHE MBIIIKY,

H S IIOKAZKy, KaK YMHDPDaAAH KPBICKH»
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buoTex U MmeaguIiiHA — 3TO OYEHBb CAOXKHO...

\cute myeloid leukemia (m is an aggressive and lethal blood cancer originating
from rare populatlons of leukemia stem cells (LSCs). relapse after conventional
chemotherapy is caused by a remaining population of LSCs. Selective

ant population is a promlsmg strategy for preventmg

AML hierarchy, and that dual inactivation of
Genetic deletion of - ina

on of quiescent LSCs and
SCs LSCs showed

i i ] erexpressing AML was more
sensitive to chemotherapy. We have developed a novel dual inhibitor with
potent inhibitory activity against both - In and

| the inhibitor reduced the number of LSCs,
impaired progression, and prolonged survival. Taken together these results

show that dual inhibition of - Is an effe

Semantic Huboﬁg

Helping pharma see around the corner



[larteHTBI — TO O4YEeHBb CAOXKHO...

» «[TaaHTCA AH OHA (DAIOIIKOH?P»

* «CTaxx Ha aHaaore — 10 AeT, B HTOre MapeHHe»

Semantic Huboiclg



(M1 HE TOABKO OHH)

https:/ /www.oreilly.com/ideas/lessons-
learned-building-natural-language-
processing-systems-in-health-care

Triage Notes

= “states started last night, upper abd, took alka
seltzer approx 0500, no relief. nausea no
vomiting

» Since yesterday 10/ 10 "constant Tylenol 1 hr
ago. +nausea. diaphoretic. Mid abd radiates to
back

» Generalized abd radiating to lower x 3 days
accompanied by dark stools. Now with bloody
stool this am. Denies dizzy, sob, fatigue”

ii Who Are We !!
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Amyotrophic Lateral Sclerosis - Motor Neuron Disease T oen |

Neural regeneration therapy and Edaravone(Radicut) treatment for ALS and MND wumedicalcenter.com

ALS and MND Support Group

Our support group is for ALL persons that have been affected by amyotrophic lateral sclerosis and motor neuron disease. This includes people afflicted with motor neuron disease, their friends, families, and loved ones.
ALSforums is a community where you can ask questions, discuss concerns, voice your thoughts and experiences.

. . - - Back home from hospital
General Discussion About ALS/MND (183 Viewing) =
- . ! . . . : 8,931 100,805 by KarenNWendyn
Please use this forum for any general discussions about Lou Gehrig disease, and inquiries or questions you may have regarding ALS/MND. Today 11:01
Newly Diagnosed (13 Viewing) | lurking CALS
Please use this forum for any discussions related to being newly diagnosed with ALS and MND. This may include questions about your diagnosis, 728 10,352 by swalker
or concerns with being newly diagnosed with ALS. 11-07-2018 12:59
People With ALS - "PALS" (39 viewing) E My%machtw@
This forum was created to give individuals with ALS an opportunity to meet and discuss topics of interest. Individuals recently diagnosed with ALS 2,509 37,805 bylgelb
can feel free to ask other members questions they may have. 10-27-2018 03:21
PN Do Have ALS? Is This ALS? (230 Viewing) | Update about me

Semantic Huboiég

Helping pharma see around the corner
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DATA NEVER SLEEPS 5.0

How much data is generated every minute?

90% of all data today was created in the last two years—that's 2.5 quintillion bytes of data per day. In our Sth
edition of Data Never Sleeps, we bring you the latest stats on just how much data is being created in the digital
d the number
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YT1o-TO IpouCxoouT

According to the US Centers for Disease Control and Prevention, more than 36 million
hospital admissions and 1.3 billion ambulatory care visits are documented per year in

the USA

(https:// www.researchgate.net/ publication/256101117_State_of _the_Art_in_Clinical_Informatics_Evidence_and_Examples)

= Menu Q Search Media

Media Release

Basel, 06 April 2018

Roche completes acquisition of Flatiron Health

Roche (SIX: RO, ROG; OTCQX: RHHBY) today announced that it has completed the
acquisition of Flatiron Health, a privately held healthcare technology and services company
headquartered in New York City, US. Flatiron Health is a market leader in oncology-specific
electronic health record (EHR) software as well as in the curation and development of real-
world evidence for cancer research. With its large network of community oncology practices
and academic medical centers across the US, Flatiron Health has created a technology
platform designed to learn from the experience of every patient.

Under the terms of the agreement, the transaction value for the acquisition of Flatiron Health
was USD 1.9 billion on a fully diluted basis, subject to certain adjustments. Flatiron Health

Downloads
¥ PDF

Services

Contact us

Subscribe to Roche news

Semantic Huboiég



YT10-TO IIpOHCXOaUT

UPDATE

Igvia quietly purchased UK-based NLP
provider Linguamatics

By Melissa Fasshender (7 n 13 u m E

R~ False
use y « True
' mod.use_z = False
elif _operation -~ “MIRROR 7%
mirror .use x = False ~ -
mirror msod.use y a

False
mirros Juse z True

mirror_ob.select-

election e end ~add Hack “Thé' desetecrad wirror modifier object

s w
sodifier ob.select=1 .

bpy.context,scene.objects.active ™= sodifisr_ob
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g ; o
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(Image: Getty/monsit) Semantlc HUb>C§



YT1o-TO IMmpoucxomauT

“Data Science

— The sexiest
job of the 21st
Century”
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YT1o-TO IpouCxoaUT

He mak cmpaLwHal
nepboie 90% npoekma,

kak Bmopoie 90%
npoekma

Mao-uzhl

Semantic Huboﬁg
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MeTonpbl ¥ TOAXOAbl K aHAAHU3Y TEKCTOB B MEIUITUHE

2 OCHOBHBIX HCTOYHHKA METOAOB H HHCTPYMEHTOB:

» Biomedical natural language processing (BioNLP) methods — Bkarouas
CIIeITUaAN3UPOBaHHbBIE COPEBHOBAHUS

» MeToabl aHaAM3a COIMAABHBIX ceTel u user-generated content

OCHOBOIIOAATAIOIIHE ITOAXOAbI: sp aCy f l 3 i [ @

» Rule-based (pattern-based) approaches

» Linguistic ontologies J@r NL-RI:K“

(semantic resources such as ontologies and controlled vocabularies) All
enNLP NLP ARCHITECT

» Statistical approaches

IIyTH pa3BHTHSA:

= Shallow vs. deep approach 5
. ] o
* Hybrid approach Semantic Hub)cig

= Ontology-driven approach (domain ontology)



MeTonpbl ¥ TOAXOAbl K aHAAHU3Y TEKCTOB B MEIUITUHE

= NCBlI Resources ¥/ How To ¥ Sign in to NCBI

Pubmed.gou PubMed v | |text mining | @

US National Library of Medicine

National Institutes of Health Create RSS Create alert Advanced Help

Article types Format: Summary ~ Sort by: Most Recent ~ Per page: 20 ~ Sendto -~  Filters: Manage Filters

Clinical Trial

Review Sort by:

Customize ... Best matches for text mining:

. -~ Text mining_resources for the life sciences. Best maich
ext availability

Abstract Przybyla P et al. Database (Oxford). (2016)

Free full text Text Mining the History of Medicine.

Full text Thompson P et al. PLoS One. (2016) Results by year —

Text mining_patents for biomedical knowledge.
Rodriguez-Esteban R et al. Drug Discov Today. (2016)

Publication dates

5 years
10 years Switch to our new best match sort order
Custom range... 4

. Download CSV
Species
Humans Search results
Other Animals -

Items: 1 to 20 of 23704 Page E of 1186 Next= Last>= PMC Images search for text mining =

Clear all
Show additional filters [ Identifying_mutated driver pathways in cancer by integrating_ multi-omics data. Titles with your search terms -

1. Wu J, Cai Q, Wang J, Liao Y.
Comput Biol Chem. 2019 Apr 2;80:159-167. doi: 10.1016/j.compbiolchem.2019.03.019. [Epub ahead of print]
PMID: 30959272

Adopting Text Mining on Rehabilitation Therapy
Repositioning for Strok: [Front Neuroinform. 2019]

Open Agile Text Mining for Bioinformatics: The

TBUTTEP, OMUCAHUSI MEIUITMHCKUX M300paskKeHUH U MapCUHT UMEH

. o 7
aBTOPOB HAY4YHBIX CTaTeH... Semantic Hub >C§

He Bcakwuii text mining — ceMaHTUYECKUN?



MeTonpbl ¥ TOAXOAbl K aHAAHU3Y TEKCTOB B MEIUITUHE

)

Tokenization

S
e
Stop Word —
Format Dictionary Vector Space
i Removal —> : > _
( Conversion Construction Construction

Normalization

Stemming

https:/ /www.researchgate.net/publication/263292911_Biomedical_

Text_Mining State-of-the- i o 7
Art_Open_Problems_and_Future_Challenges Semantic Hub >C§



MeTonpbl ¥ TOAXOAbl K aHAAHU3Y TEKCTOB B MEIUITUHE

Kaaccuka:

Vector Space Model, tf-idf, cosine similarity u gpyrue cxembl

IIpumMepsl B MEAHIITHHE:

» content based image retrieval, text summarization of medical articles
JdocToHHCTBA:

» The model is simple and clear

OrpaHHYEeHHS:

» Each document is seen as a bag of words, words are considered to be statistically
independent. The meaning of the word sequence is not reflected in the model

* Assumption a single term represents exactly one word sense, which is not true for
natural language texts, which contain synonymous and polysemous words. Methods
like word sense disambiguation have to applied in the pre-processing step

PazBuTHe:

» The Semantic Vector Space Model (SVSM) which is a text representation and searching
technique based on the combination of Vector Space Model (VSM) with heuristic

o
- O]
syntax parsing and distributed representation of semantic case structures Se Manlic H u b >C§



MeTonpbl ¥ TOAXOAbl K aHAAHU3Y TEKCTOB B MEIUITUHE

Statistical approaches:

https:/ /www.researchgate.net/publication/263292911_Biomedical_Text_
Mining_State-of-the-Art_Open_Problems_and_Future_Challenges

Latent Semantic Analysis (LSA)

Probabilistic latent semantic analysis (PLSA)
Latent Dirichlet allocation (LDA)

Hierarchical Latent Dirichlet Allocation (hLDA)
Semantic Vector Space Model (SVSM)

Latent semantic mapping (LSM)

Principal component analysis (PCA)

KEEP
CALM

KEEP

Semantic Huboiclg



nine studies (13%) used hospital discharge summaries, five studies
(7%) used imaging reports (X-ray or CT scans), three (4%) used the
narrative portion of emergency department records, two (3%) used
laboratory reports only, and one study used pathology reports (1%).
Ten studies (15%) used primary care records that contained a mixture
of structured fields (codes and prescriptions) and free text.

Information extraction from text

There were three main types of information extraction: keyword
search, rule-based algorithm, and machine learning algorithms.
Sixteen studies (24%) used only a keyword search to extract informa-
tion. Forty-five studies (67%) reported a rule-based NLP algorithm to
extract information from text. An algorithm was categorized as rule-
based if it combined a keyword search with any negation or context
modifying module, although many algorithms were more sophisticated
than this. Six studies (9%) used machine learning, Bayesian, or hybrid
(rule-based + machine learning) approaches.

Several information extraction algorithms were used in more
than one study. Studies used established NLP algorithms such as
MedLEE (9 studies),*>> HITEx (4 studies),>* cTAKES (5 studies),*
Unstructured information management architecture (3 studies),®®—32
Topaz (2 studies),>**° Regenstrief extraction tool (REX; 2 studies),*”*'
and the KnowledgeMap concept identifier (2 studies).**** Keyword
search tools reported in more than one study included EMERSE (2
studies)* and the Unified Medical Language System (UMLS) search
tool (2 studies). The most common structured output format of algo-
rithms was the National Library of Medicine UMLS Metathesaurus of
Concept Unique Identifiers,”® which was used in 23 studies. NLP algo-
rithms also output to the Systematized Nomenclature of Medicine
Clinical Terms, Medical Subject Headings, and Hospital International
Classification of Disease Adaptation codes.

Table 2: Types of Case-Detection Algorithms

Type of case- No. of Detail
detection studies (%)

No additional algorithm | 3 (4)
(manual review of
information)

Single keyword or code | 4 (6)
sufficient to define case

Same NLP algorithmas | 15 (23)
extracted info also de-
tected cases (text only)

New rule-based CDA 11 (16)
(text only)

Logistic regression®: deci-
sion tree 5'; Bayesian net-
work vs rule-based 3%
naive Bayes vs perception
neural network®; naive
Bayes™

Logistic regression or 5(4)
machine learning CDA
(text only)

New rule-based CDA 12 (19)
(combining text with
codes, labs, or
medication)

Logistic regression CDA | 8 (12)
(combining text with
codes, labs or

medication)

Extracting information from the text of electronic medical records to
improve case detection: a systematic review. Elizabeth Ford et al., 2016

MeTonpbl ¥ TOAXOAbl K aHAAHU3Y TEKCTOB B MEIUITUHE
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BosBpamagace Kk Emergency rooms (Lessons learned building
natural language processing systems in healthcare)

As a philosopher or linguist, you might argue that this still does not
constitute a “different language” in the typical sense of the word. However, if
you’re a data scientist or NLP practitioner, there shouldn’t be any doubt that
it is:

It has a different vocabulary. The Unified Medical Language System (UMLS) includes
more than 200 vocabularies for English alone, covering more than three million terms.
In contrast, the Oxford English Dictionary of 1989 had 171,476 words (although, that
should be roughly tripled to include derivatives that UMLS directly lists)

It has a different grammar. The text has its own definition of what sentences are and
what parts of speech are. Statements like “+nausea” and “since yesterday 10/10” are
grammatical structures that don’t exist anywhere else

It has different semantics. “Sob” means “shortness of breath” (and not the other
meaning you had in mind). “Denies” means the patient says they don’t have the
symptom, although the clinician thinks they might

It goes beyond jargon. Jargon refers to the 100-200 new words you learn in the first
month after you join a new school or workplace. In contrast, understanding health
care language takes people as long as it takes to master day-to-day Italian or
Portuguese

https:/ /www.oreilly.com/ideas/lessons-learned-building-natural-language-processing-

systems-in-health-care

WELEOME TO

VISIT |US AGAIN SOOW

Semantic Huboiclx;



BosBpamagace Kk Emergency rooms (Lessons learned building
natural language processing systems in healthcare)

= Lesson #1: Off-the-shelf NLP models don’t work (ue
kommoauTu!) Not only will named entity recognition or entity
resolution models fail, but even basic tasks such as
tokenization, part of speech tagging, and sentence
segmentation will fail for the majority of sentences (Bmpouem,
5TO0 BEPHO IAA pPeaAbHBIX TeKCTOB Ha ESI B meaom)

» Google Cloud Natural Language
= |BM Watson NLU

» Azure Text Analytics

» spaCy Named Entity Visualizer
» Amazon Comprehend (offline)

= Stanford Core NLP

In a test done during December 2018, of the six engines, the only . o) /O
medical term (which only two of them recognized) was Tylenol as a Sema glife H u b / :g

product



BosBpamagace Kk Emergency rooms (Lessons learned building
natural language processing systems in healthcare)

Health care has hundreds of languages

The next mistake | made, like many others, was building models that "solve
health care.” Amazon's Comprehend Medical is now taking this approach

with a universal medical-NLP-as-a-service. This assumes that health care is
one language. In reality, every sub-specialty and form of communication is

fundamentally different. Here's a handful of de-identified examples:

Pathology (Surgical pathology, cancer): - {I :

~ . oy
Part #1 which is labeled "? metastatic tumor in jugular vein lymph lm
node" consists of an elliptical fragment of light whitish-tan tissue <\

which measures approximately 0.3 x 0.2 x 0.2 cm.
Radiology (MRI Cervical Spine):

C6-7: There is a diffuse disc osteophyte which results in flattening
of the ventral thecal sac with a mild spinal canal stenosis and
moderate to severe bilateral neural foraminal narrowing. OTHER

)
. O |
FINDINGS: No paraspinal soft tissue mass. Sema N t|C H u b >(§



BosBpamagace Kk Emergency rooms (Lessons learned building
natural language processing systems in healthcare)

= Lesson #3: Start with labeling ground truth (HayHu c
KOMAaHIbl KAUHUIIUCTOB..., KOTOPbIE JOAXKHBI E€IIIe
JOTOBOPUTHCS MeKAy cOoO0H)

= Lesson #2: Build trainable NLP pipelines

Semantic Hubokig



BosBpamagace Kk Emergency rooms (Lessons learned building
natural language processing systems in healthcare)

= Lesson #3: Start with labeling ground truth (HayHu c
KOMAaHIbl KAUHUIIUCTOB..., KOTOPbIE JOAXKHBI E€IIIe
JOTOBOPUTHCS MeKAy cOoO0H)

= Lesson #2: Build trainable NLP pipelines
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MeTonpbl ¥ TOAXOAbl K aHAAHU3Y TEKCTOB B MEIUITUHE

IIyTH pa3BHTHS
= Shallow vs. deep approach A
» Hybrid approach f }

* Ontology-driven approach (domain ontology)

HeT cepeOpsaHoOl nyaH, HO ecTh killer apps! i

Semantic Huboicix;
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