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Deep SEARCH 9

Managed Intelligence.
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Web Information Analysis

Sources Decisions

!

Manual research

Decision makers

Deep Web

 100s of emails...

 1,000s of websites...

* Once a week, daily, every other hour?
* Keep sitting there, hitting F5 ;-)
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Web Information Analysis

Sources Decisions

Manual research

4’ o
\
Surface Web @

Deep Web

Decision makers
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Web Information Analysis

Sources Expert Search

|

Databases
Repositories

‘;,»‘" ”H\
fa S B

Information Scientists

» Search Specialists ' S1QPL,AKEL:
Surface Web Knowledge Workers
),-—-—\ ) . '
Deep Web Research & Development
- ; | 2

there are many more...

Manual research
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Managed Intelligence

Sources Search Competence Center

N——
Databases

Repositories Managed Intelligence

* Information source selection

* Content structuring

* Linking of disparate sources

* Ontology management

e SEARCHCORPUS management

Competitive Intelligence

/

\

\

Manual research

Regulatory Affairs

Scheduled
" execution

Automatic publication

Xontent assessment
SEARCHCORPORA

* Start-ups

Research & Development

Competitors

Da‘rk Web : Regulatory

New technology there are many more...

Ontologies
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a Web Semantics

Managed Intelligence

PR TN e BB Big Data Web

Sources

N —

Managed Intelligence
* Information source selection
* Content structuring
* Linking of disparate sources

Databases
Repositories

/

\

\

Manual research

Information Scientists

Ontology management

Surface Web SEARCHCORPUS management y .
e Scheduled .
AT 4 execution

/

Unattended updates

Automatic publication

Xontent assessment
SEARCHCORPORA

Deep Web

W%

@ /  Start-ups
; * Competitors
Dark Web * Regulatory
* New technology
Ontologies
https://deepsearchnine.com 7

Search Competence Center

Known (trusted) sources

More complete /

Direct access for
immediate answers
within predefined
scopes of interest

/0

Competitive Intelligence

Regulatory Affairs

Research & Development

there are many more...
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Grow the Data Base

Universities

Collect company names and URLs of
websites from many different sources:

£

News Portals ca. 40.000 company websites

AESs N
£ s
b

Venture Portals
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Grow the Data Base

Collect company names and URLs of

Universities websites from many different sources
,«"‘r%\ —
v

crunchbase

e.g. 700.000 companies
A listed on Crunchbase

News Portals

Venture Portals

10% of company websites are
of interest
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Grow the Data Base

|

crunchbase

e.g. 700.000 companies
listed on Crunchbase

Venture Portals

v

~

\;) Focused Crawlers

Collect company names and URLs of
Universities websites from many different sources

Master SEARCHCORPUS®
* ca. 100.000 websites

* Millions of web pages,
* Documents

* PDFs,

>5TB

10% of company

websites are of interest

- AW INETGENIEEY Deep SEARCH 9 REif-4p)
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Tagging 5 TB?

g

Tagging with ontologies to
build problem specific faceted
semantic search engines.

Collect company names and URLs of
Universities websites from many different sources

crunchbase .

e.g. 700.000 companies
listed on Crunchbase

Deep SEARCH 9 |z

v

\:; Focused Crawlers

2 ) N
ca. 100.000 company

websites are of interest

>5TB
content

Master SEARCHCORPUS®
ca. 100.000 websites
Millions of web pages,
Documents

PDFs,

there are many more...

a Web Semantics
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Cut Problem into Pieces

To reduce volume we need to filter early on...

® \We use semantic search to
filter for interesting research
topics like diseases or
treatment

® More interestingly:
We can also filter by business
model, development stage,
i.e. anything that might be of
interest .

eeeeeeeeeeeeeeeeeee Big Pharma University
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Website Classification

Requirements

® Classes are changing as new scopes of interest come up

® Company websites range from 1 page to 1000s of pages
® Companies may fall into several classes

® Training data could be < 50 samples, depending on class

anYa

ep SEARCH 9 [R:If4DE
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Web Semantics BEE

® Data scientist must be able to create new classes on the fly
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SC, 4
EE SC, Dictionary
B [SC, Build
: uilder
EE |
with tfisc, > tfmin

Pick training data

https://deepsearchnine.com
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Support Vector Machine

We started to build feature vectors for SVM training using a classical TF IDF approach

/

Loop until feature vector has a feasible size (problem specific)

SC, SC, SC, SCr,
t tfi sc, tfi sc,
t tfisc,
t3
t,

14

-

\_

~

Calculate
TF IDF
and train

/
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Classification Using SVM

=1 Support Vector Machine

We started to build feature vectors for SVM training using a classical TF IDF approach

(@)
®) * No conversion, training sets too small and not representative enough
éﬁt 1.0
% 0.9
A
o JonCRO i
@ CRO ® o
Ef ) 4 o0 ° ° CRO 2 0.7
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° S
: > 0.4 1 —— 9% of true guessed CROs labeled data
- % of true guessed nonCROs labeled data
0.3 91 — 9% of true guessed CROs unlabeled data
—— % of true guessed nonCROS unlabeled data
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Bam

Semantic Technologies

Custom Dictionary

* Convert the generated TF based dictionary into an RDF ontology .. ¢ |

sign

Thesaurus for Normalization of Input Data =
Automatically fill the ontology with thesaurus data ec:
* Manually optimize thesaurus in editor o g
* Normalize input data with thesaurus before classification = ¢
* Train SVM with normalized dictionary reeerch @
Sample CRO Website Text

o

qper

tme g
therapeutics
T 5

Erm:
technology S
<

nivers

Our unique operation model propels you through the Proof of Concept phase faster and more:ons (

efficiently, placing your cancer therapy on the road to success. ¥ Z,;;f;t

privacy § .

/'/

primary G

CRO Website Text after Normalization

polymerase Gk
Our unique business model help you through the proof phase fast and more
effective, placing your cancer therapy on the road to success.

WEIANEIGER[] Deep SEARCH S Reif-AbE I aUELe

https://deepsearchnine.com 1€

— accelerated

active
agile
brisk

%‘;

nimble
quick
quickly
rapid

speedy

aiswift

8 diseases
@ distributors




Normalization of Input Data
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Thesaurus editor

o Alcubinlic relstve

-2 Support Vector Machine

sC, SC,

SC,

SC,,

" o oo
t TL,5C, TS,

1 H

omonyms re

moved

b

| Synonyms added

t

17

v

Group synonyms, remove homonyms, watch out for polysemy, add synonyms from dictionaries, clean

-

\_

~

Calculate
TF IDF
and train

/

If too many terms are removed from the feature vector,
because they are actually synonyms of some other term,
we may have to again build another dictionary.
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Normalization of Input Data

S U p p O rt Ve CtO r M a C h i n e (Trained were 2 classes. Verification against 150/130/250 websites)

20 websites used for training

https://deepsearchnine.com

# tf min |Stemmer |Edited thesaurus % Testing |Nu Gamma |Epsilon % correct |% false positive |% false % not recognized |% correct and false positive
6 50|yes no 10% 0,1 0,01 0,001 37% 32% 5% 15% 12%
7 50|no no 10% 0,1 0,01 0,001 39% 31% 7% 13% 10%
8 50|no curated no synonyms added 10% 01 0,01 0,001 39% 29% 6% 16% 11%
9 20|yes no 10% 0,1 0,01 0,001 64% 1% 0% 35% 0%

10 20|no no 10% 0,1 0,01 0,001 62% 5% 0% 33% 0%
11 20|no curated no synonyms 10% 0,1 0,01 0,001 67% 5% 0% 29% 0%
12 20|no curated with synonyms 10% 01 0,01 0,001 72% 9% 1% 16% 1%
Now modifying training and model parameters
13 20|no curated with synonyms 25% 0,1 0,01 0,001 70% 11% 1% 16% 2%
14 20(no curated with synonyms 5% 0,1 0,01 0,001 76% 6% 1% 17% 0%
15 20(no curated with synonyms 5% 0,15 0,01 0,001 69% 12% 1% 17% 1%
16 20(no curated with synonyms 5% 0,05 0,01 0,001 71% 9% 1% 18% 1%
17 20|no curated with synonyms 5% 0,075 0,01 0,001 76% = o A= %
18| 20[no curated with synonyms 5%| 0,0875 001 o001l  70% | We got some pretty good results but i
19 20(no curated with synonyms 5% 0,075 0,05 0,001 )4.% cou Id not get a ny better @
20 20(no curated with synonyms 5% 0,075 0,1 0,001 71% U7o U70 ZI70 %
21 20|no curated with synonyms 5% 0,1 0,05 0,001 76% 0% 0% 24% 0%
22 20(no curated with synonyms 5% 0,2 0,05 0,001 71% 0% 0% 29% 0%
23 20(no curated with synonyms 5% 0,15 0,05 0,001 V7 0% 0% 28% 0%
24 20(no curated with synonyms 5% 0,1 0,05 0,01 72% 0% 0% 28% 0%
18 © 2018 Deep SEARCH 9 GmbH (—:b



Website Classification

Problem

® \We cannot find an exhaustive set of representative negative examples

® Therefore, we need to use 1-class SVM

® But TF IDF is not suitable for 1-class classification because it penalizes terms
that appear in many documents

ep SEARCH 9

® |nstead use Hadamard Product, which reinforces such terms?)

1) See One-class document classification via Neural Networks, Larry Manevitz, Malik Yousef, 2007

)

O
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% tfi.sc tft.sc tfisc.tfe;sc

£ tfeiasc, tfe,11sc tfei 15 thtigsc

O _ scale 01
2 . [0;1]
% tfe, sc, tfi, sc tfe sc, tht,.sc
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a Web Semantics

Venture Portals

~

https://deepsearchnine.com

Focused Crawlers |f

Collect company names and URLs of
websites from many different sources

]
crunchbase

e.g. 700.000 companies

listed on Crunchbase

v

o B,
70.000 company ’
websites are of interest

Master SEARCHCORPUS®
* ca. 100.000 websites

* Millions of web pages,
* Documents
e PDFs,

Classification and
targeting based on
Machine Learning

Ontologies

SEARCHCORPORA
e Start-ups

* Competitors

* Regulatory

* New technology

Tagging with custom ontologies to
build problem specific faceted
semantic search engines.

ntelligence

Competitive |

ca.1TB
content

there are many more...
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Sparse Training Data Classification &3y

Normalized Input SVM

Thesaurus based input data normalization can optimize SVM classification with sparse training data:

® Normalize input with manually curated thesaurus,
® Use Hadamard product to generate feature vectors

sC,
EE sC,
“ee ﬂ SCm
EE

4 N

Normalize
with optimized
Thesaurus

® Scale

e Then classify

https://deepsearchnine.co
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SC, SC, SC, SCr,
t tfi sc, tfi sc,
t tfisc,
t3
t,

21

4 I
Calculate HP,
scale,
classify
\ %
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