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Mining integrated data sources using
LAILAPS

Dr. Matthias Lange, IPK Gatersleben, Germany [‘hlPK

IPK - Leibniz Institute of Plant Genetics and Crop Plant Research

over 70 years tradition
“Magdeburger Borde”

very fruitful soil

source of the breeding industry in
Germany

total staff: 550

scientists: 200

(10 Bioinformaticians)

30 research groups

Bioinformatic Research Topics
+ data management & information

retrieval
* sequence-, network- & image-
analysis

Instructor:
Dr. Matthias Lange
(ORCID 0000-0002-4316-078)

. wenGEIT IPK
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Aims
» Training of Novel Technology Platform

» Get Feedback and Requirements for
Sustainable Service

Scope

» Basic Concepts of Information Retrieval
* LAILAPS Modules for Integrative IR

* Trait driven IR

» Personalized Ranking

* Embed into Custom Web Sites

- -
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Life Science Application for Information Retrieval and
Q Lightweight API for Portable Search Engines

« Integrative search over distributed
data resources

» Information retrieval corpus over
genome knowledge bases

» Link trait to genome and -omics
resources

* Full text search and personalized
relevance ranking

-
trand§E] ol
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A

THE BLANT SCIENCE SEARCH ENGINE

Indexed Fact | Genome Databases
Databases

Not Indexed
Fact Databases

tran:
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LBl & npytaps maeed s 2 = © | @ LALAFS - Indeved Ditabases * |

Ontologies

Ontolo
Controllad vocabulaty to describe each irait a3 a ditingushable feature, charactenistic. quaity or phel
o g ¢ matu indhidus

@
Primarily derwed from NCEI Taxcnomy, this toonomy ontokogy Scuses on the Poscess (Gramineas) family
| of plant tasenomy only.

Dama = NCH Tawsnomry @
Serasncast The Taoonamy Database it 8 curatid classiSeaton Snd namandaturs 1o/ 3l of e srganisms n the puble
sogquence databanes
. gy (P @ Contralled vocabulary | g¥) It describes plars anatomy and morphology and
Postiet stages of devaloprmnt for all plants
Drpsl Plugn + Gano Ontology (T0) @

The Gens Ontolgy project is & major besinformatics initiaters with the aim of standardizng the representation
of gane and gens product attributes across speces and datsbases

Protein Sequence Databases

» Plam@

Alarge collection of protem famdie s, e3ch represented by mulipe sequence algnmens and hidden Markoy
madals (HMMS)

« UniProtkB'Swiss-Prot @
The UniPrat Kncwiedgat
protaing, with accurate
records.

- UNPTOWBT EMEL @

UnProtkisTEMBL comtains high qualty computationally analyzed records that are enniched wih automatic

annotation and dassification
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The Garlic and Shaliot Cobection hosted at the K comprises germplasm of 540 accessions in tntal. The web
and

apphication of the Garlc and Shaot Core Collection is the of passport and
wvsisation data
N * on Sy Gawrseban @ -
GERSN allows 15 ratrieve iformation from the German fodaral axsity cobsction
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tran
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Information Retrieval

* ... Information retrieval is the activity of
obtaining information resources relevant to
an information need from a collection of
information resources ..."

Decision

Synthesis

Summary
Knowledge
Analysis
. Information
Organize

Collect Facts

Wl Lapciyraki 2211

} [ pLANTY PK
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Information Retrieval Components

1. Linguistic
— text/data dec0m905|t|on Hefershtiras Ao
— language processing Zplucip .t?litstgm
e l-renetal oc
— synonyms, homonyms :
2. Indexing

— efficient search in content
3. Presentation

— intuitive user interface

— related entries (,page like this")

— query suggestion (,did you mean®)
4. Relevance estimation

— feature extraction

— ranking functions

— pertinence (subjective user relevance profiles)

- -
trandgulY
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Crawling % =

 Extraction %
o flat files, SQL, REST

¢ Transformation
e parse, encoding

¢ Loading
e excerpts, keywords, synonyms

Indexing

e compile/split into documents
¢ tokenization
* words, substances, IDs
¢ Inverted Index
* unique tokens ->
documents

-
tmnd’?-'
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Exercise | — Inverse Text Index

e ETL of UniProt Documents

— each participant separately:

» select one document from
/exercise_1/uniprot_document.txt (paste URL into
Web browser)

» create reverse text index of first CC and OS line
« order index alphabetically

* find matching documents

— all participants:

* how much documents match to
late blight potato?

) [ pLANTY IPK
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causing microorganism late blight or potato blight disease \[.l, “ ’

late bliht potato estimated hits 0
blight estimated hits 49
et estimated hits 2

Query late late  late pathogen late blight  late blight
Suggestion:  blight phytophthora caused phytophthora

‘ - A Filter found synonyms:
¥ SOLANUM TUBERQSUM(54)

¥ POTATOES(0)
EE=HE
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s am

» Popularity
— number of links, “Like it”,

* Rules (=)
— keywords, document structure =) =)

* Text statistics

— TF/IDF dﬁfm,;

t iate.
. .. . plurlpotent
— Cosine similarity = e _SJESm
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Indexing Query iillimi

» term frequency x inverse document frequency (TF-IDF)

Document 1

TF(‘example’, D2) = 3 _ :
IDF (‘example’) = log (2/1) = 0.30
TF-IDF=3*log2=0.9 |

TF(this’, D2) = 1
IDF (‘this’) = log (2/2) = 0
TF-IDF=1*log 0 =0

1. Document 2 is specific for

example R e el et

2. Document 2 is not specific for
“this”

October 13-14, 2014 transPLANT Training Workshop: Lesson — “Mining integrated data sources

Exercise Il — TF-IDF ranking

e compute the most relevant UniProt entry
for combination of search terms “blight”
‘tomato”

— use documents D of Exercise |

— count number matching documents

— count matches per document

— compute TF-IDF(blight,D)*TF-IDF(tomato,D)
— which is the most relevant UniProt entry?

-
randJRT
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Connect to the LAILAPS Server

- & ] (@ wanes - semen gy

LAILAPS G200 Rl slarex

Welcome to LAILAPS
itegratien search saging for plae genomics. dota

Tomitiale a cross datubase search for genaric data. please enter a keyword query into the tet bax. Some query examples

1. wrarch for a ot wariey low nitesgen
2 weareh lor sal-strassed barky gane ON0Q sa Bemm
3 1ONOME SRRER fO FALS 1 290 MRE IS BTE g W71

Fease note! By dedaut_faceted search is ieducing search results i those which has deect gonome annotations If you b to see moe

= Productive:

A
i

o] Web site: http://lailaps.ipk-gatersleben.de
- Application: http://pgrc.ipk-gatersleben.de/lailaps

Ta
B
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LAILAPS Modules — Home Page

login roles:
« guest (predefined personal ranking profile)
manager (personal ranking)

admin (control, ranking, configuration, user,

« estimated hits for
entire query
e

Search in

trans-National Infrastructire for Plant Genomic Science

conjunctive keywords: late blight
« phrase search: “late blight”
« Wildcard search: plant*

T~ AlLAPS e

« spelling correction
« word before cursor
« estimated hits

« index and link statistics

. wenGEIT IPK
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LAILAPS Modules — Result Page

« suggested queries
« click to search

link to found fact
Resuls 18 ¥m * Sscores, source

esazs. Rechame. Ful !Whon excerpt
FEATURE TA3L| |, DESCRYF!

PROTHEE NE-ARE k1

download result

« select indexed facts

linked annotations in
genome databases
(green direkt; orange: indirect)

annotation evidence
R~

« select linked

genome databases

« direct or indirect

L[5 POTATOES(

irve late Dhght sesisiance protein hody

Cfiax: Bechame FullsPuc) oD R1AL.
FEATURE TASLE DATACHAN 1 1305 Putiis bt BigM 1 3i1ace pistien: oemwwnmam munm v
PRI NI-ARC e

t
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LAILAPS MOduIeS - FaCt Browseraterelevance \

(used for training)
« predicted score
(by page interaction

« original record from
fact database

s Data Browser and Fesdback System

o

« related facts

mast | |Foma
- o mert Feedhack  Halp videe
Function PR o

Confers resiance to late blight (Fiwtophthora infestans) races camying the avindence gene Avrl.
Rt arce proeins guard the plart agaimst pathogens that contan an sppoprate svidece poten
via an indrect inberaction with this avindence protein. That tripges 3 defense sy stem including the
hyperserstive nesponse, which restricts the pathogen gromth.
GO - Molecular function '
AL® Bindng g sasead interirs
ATP BINSNg o Sasrme Uniiveteion

« linked annotations in
genome databases
(same as result page)

GO - Blological process © =
ANt D IVDRrenstive (EROMSE & Couwm: Unirnon 5 “ o®

Conpiete GO anotaton

Keyworas - Blologeal process
Wypursnative nesponse, Pl ddense

Frofem namas ! Recommended name:
Putative late blight reslstance protein homolog R1B-13

Gene armes ' Name: R1B-13

Atyrn s prce:
i (o e mns

Tow s 20 000
AL G 8.

tran:
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LAILAPS Modules — Related Facts & Cross Ref.

s Eoht 2psisiance o

AT ET
FEATLRE TAdLE CATAD 141 Py
iy FRE18D Lty

winPrs PRI Lot

Saanch et 000 JOMCADR 4TI
Search resailts for ‘scaiold_B0342T 1" [ i o X
. g v P

Shcuing 1 e oursd i et Pl
S

e
P maren Corvan
Dt . et S P T £V A T
E3eu Farm 2 o0
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LAILAPS: Direct & and Indirect 3® Links

ASFR_HORVU Reviewed: SOBAA°  (Score:90.8%  Source: uniprot_sprot)
REFERENCE TITLE: Primary structure of a barley-grain aspartic proteinase. A plant, ORGANISM SPECIES: Hordeum vulgare (Barley).;

optimss 3 links PlantsDB 73 links EnsemblPlants & links
OptVIC14047 T evid.: Nia AKITB0S3 ** evid: NA GLYMA19GA1320 ** avid.: NiA
Optiv1S33811 2 evid: NA AK3I72593 * svid: NA Solyc1g101240.2 * avid: NiA
MLOC 547681 °* evid: NA GLYMAITGO1500 ¥ evid.: NiA
MLOC_B8194.1 % evid: NiA GLYMADZGO0S10 * evid. NiA
MLOC_13170.1 5* evid: WA CHLREDRAFT_115900 ¥* evid.: NiA
ASPR HORVU Reviewed: S08AA.  (Scors: 90.8%  Source: uniprot_sprot) ASPR_HORYU Revievied, 506 A7 (Score. 80.8%  Source: uniprol_sprof)
REFERENCE TITLE Primary structure of a barley-grain aspartic proteinase. A plan REFERENCE TITLE Primary structure of a barley-grain aspartic proteinase. A plant;
optimas 3 inks PlantsDB 73 ks optimas 3 links. FlantsDB 73 links
OptiV1C14047 = evid.: NiA AKITB053 ** evid: NiA Optiv1C14047 2 evid: NIA AK376053 - evid: NUA
T S ASPR_HORVU--» PFO0026 <--AK376053

ASPR_HORVU--» OptivV1C14047

OptiviC14047 | | ASPR_HORWU "* PF00026 }« AK376053 |

ASPR_HORVU Q

{IEI’I
-
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LAILAPS Modules — Do

e ———
[

wnload Search Result
i

| [ o [ 0
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Connect to the LAILAPS Training Server

Last Pubdshed: 201.£.00-18

Welcome to LAILAPS

for daa [

What & LALAPS? W

derea -
Datatases Training:
Referend &
Geronsc

Resources

s o Web site:
st Application:

http://lailaps-training.ipk-gatersleben.de
http://lailaps-training.ipk-gatersleben.de/lailaps/

Poetiet

Dngpal Pugn

— Searchin
Taks

‘rans-Natonal Infrastruciure for Plant Genomic Saence
Poster

tran:
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LAILAPS Modules — Personalized Ranking

——— [o—
+ login: userO@local ... user49@local
. user49 )

T

@yourranking
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Exercise Il — IR using LAILAPS

¢ plant material: find material in German germplasm collection

— material from IPK genbank information system:
potato phureja

— material from IPK genbank information system by characterisation:
garlic white stripes

— geo location of genbank donors:
tomato netherlands

¢ traits: download all transcript positions at EnsemblPlant genomes with direct
annotation to:

— potato late blight disease
— potato starch content
— potato virus resistance
* metabolic activity: find metabolic facts and for starch synthesis in potato
— which pathways are involved (use BioModels and MetaCrop database)
e query own traits

_w g "a"m IPK
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Portlet Embedding

- FIy T — ) R
BARLEX
The Barley Genome Explorer

[ e e i e e e e

loctober 13-14, 2014 transPLANT Training Workshop: Lesson — “Mining integrated data sources using LAILAPS'
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Plugin LAILAPS search as service into own Web sites

i e |

frves L APS traﬁm
= T " Quases GG [
»z,v \ s
i 1 ™
f . 1 e .
Homeum THSewm  Cnae Zea  Sclanum Brassca  Belm  Arabiopaim Medicago
VPR BRatvum sare mEE RORORAN NEpUS gang A  Funcaiule
MSIECIOP i3 8 SENCESH TSN SUTMATTEY. DA INGANIICN ECUl mAEDMC PATWEYS IN SISp PN 8
;

nowo

Embed LAILAPS — Copy HTML Template

LAILAPS Portlet

Ly |
Ths ol eruabies 1 et LALAPS inks 8 ety we e &, Jpwan gt ieriry peove B
¢ any piace ;e vt

Quaaps  GEID|

Use the Portlet

e HTAAL soure

JReFS N ———
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Embed LAILAPS — Design Custom Web Page

R =

ey w pagre e
<o o prtet codde. Nete: pleie specdl e full path o e e >

< et prvascrpe” e e Snbege k- paereben de'chens badapaportie "> sorp>
<beads

<o st e poeser >

<irody oubiad="ew bape_por]
trpetlalse, bkight ke

et g _si . ool |
<A1 =My Pervoral Wb s - W

i Favorines = Ry
d-dmprbimacordl] gy gy g e el
g b T st 18 Downicads
<pi= The mivson. o my web e B Recert Places
<oty o

i librares
- 3 Documents ]

& Matie - =

i Pictuees 3

H videss ,J E

8 Computer | il

& Lecs k10 i

8 langel (ifderiph -

File pame:  my_web_page
Seve 3 trpe: | Tt Document

S o] [ ome

. ek P LANT) IPK
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Embed LAILAPS — Open in Web Browser

(o e et B £~ 8] 3 oy et poge

| My Personal Web site - Welcome

My Personal Web site - Welcome
b i st 7% 1 s e b v g e

| The missicn oy wet site o 13 prvvide oo
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. e P LANTY Elark
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Exercise IV — LAILAPS Portlet

e Create an custom HTML file and include
LAILAPS search for PubMed Cross
references

wan BT
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Lessons Learned

» Concepts of IR to interpret
search engine results

) ntioni B P\:\QP'::;‘(
* Smart querying ‘:r,,‘—o e
» Apply LAILAPS as integrated IR

environment for plant genomics

* Train the LAILAPS Ranking
System

 Embed LAILAPS into custom
Web sites

- m
trangg¥!
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S ?
? ?
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Summary

Efficient and effective information retrieval in life sciences is one of the most pressing
challenge in bioinformatics. The incredible growth of life science databases to a vast net-
work of interconnected information systems is to the same extent a big challenge and a
great chance for life science research. The knowledge found in the Web, in particular in
life-science databases, are a valuable major resource. In order to bring it to the scientist
desktop, it is essential to have well performing search engines. Thereby, not the response
time nor the number of results is important. The most crucial factor for millions of query
results is the relevance ranking.

In this paper, we present a feature model for relevance ranking in life science databases
and its implementation in the LAILAPS search engine. Motivated by the observation of
user behavior during their inspection of search engine result, we condensed a set of 9
relevance discriminating features. These features are intuitively used by scientists, who
briefly screen database entries for potential relevance. The features are both sufficient to
estimate the potential relevance, and efficiently quantifiable.

The derivation of a relevance prediction function that computes the relevance from this
features constitutes a regression problem. To solve this problem, we used artificial neural
networks that have been trained with a reference set of relevant database entries for 19
protein queries.

Supporting a flexible text index and a simple data import format, this concepts are imple-
mented in the LAILAPS search engine. It can easily be used both as search engine for
comprehensive integrated life science databases and for small in-house project databases.
LAILAPS is publicly available for SWISSPROT data at

http://1ailaps.ipk-gatersl eben. de

1 Introduction

"Finding information inhe WWW is not much of a challenge. Just head for Google or Entrez
and get the related web page or database entry.” This issue can be heard frequently talking
to biologists, who search information about a certain biological obdctHowever, finding
reliable information abat the function of a protein or seeking the protein that is involved in a
certain activity in the cell cycle, is much more challenging. One has the choice of about 1,100
life science databases and billions of database rec@td&yen if one reduces the number of
databases and recordsngs database integration systems and powerful query systems, there
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are still too many esults for a simple query likedr gi nase” - an enzyme inelved in the
urea cycle. As shown in Figurk one gets 6739 hits in NCBI Entrez Protein databases, 2610
in Uniprot, and 568 in KEEG GENES (data from December 2009).
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Figure 1: Search Ergines in Life Science — the screenshots show examples of populaasch en-
gines, to investigate protein function: Google, Entrez, UniProt and KEGG.

Intuitively, the first choice are web search engines. Web site ranking techniques order query
hits by relevance. But, trying to apply ranking methods that were developed to rank natural
language text or WWW-sites to life science content and databases is questi@jadi®r]
example, the top rankedoogle hit for 'ar gi nase” is a Wikipedia page. This is because the
page is referenced by a high number of web-pages or Google assigned a manual defined priority
rank. Here, the hypothesis i&:high hyperlink in-degree of a page means high popularity and
high popularity means high relevance

In order to find scientific relevant database entries, scientists need strong scientific evidence
in relation to the specific research field. A dentist has other relevance criteria than a plant
biologist or a patent agent. The intuitive and commonly used way at the scientist’s desktop is
guery refinement. Criteria like who published, in which journal, for which organism, evidence
scores, surrounding keywords etc. matter. Even complete search guides, e.g. for dentists were
published f].

Other ranking algoritims use Term Frequency - Inverse Document Frequency (TF-IDF) as
ranking criteria. Apache-Lucehés a popular implementation of this concept and is frequently

http://1 ucene. apache. org

Wageningen Workshop transPLANT 2014 Page 131 of 168



used in bioinformatts, like LuceGene from the GMOD projed][ which is used for the EBI
'google’ like search frotend EBeye. The TF-IDF approach works well, but misses the semantic
context between the database entries and the query.

Another approach is the probabilistic relevancy ranki@lg \vhereby probabilistic values for
the relevance of databaBelds and word combinations have to be predefined. In combination
with a user feedback system, the probabilistic approach shows promising ranking performance

[7]

Semantic search enginesaumethods from natural language processing and dictionaries to pre-
dict the semantic most similar database entries. Such conceptual search strategies, implemented
in GoPubMed 8] or ProMiner P], are frequently used algorithms in text mining projects.

The combination and absiction of the mentioned relevance indicators motivated the devel-
opment of a feature model for life science databases, a user feedback system and a machine
learning ranking engine. In the next sections we present the LAILAPS system as method for
relevance ranking in life science databasé®.[In particular, we present the used ranking con-

cept, the used feature meldits implementation as neural network and ranking benchmarks.

2 LAILAPS Method for Relevance Ranking

Nearly every search engine, including LAILAPS, incorporates a scoring or ranking function

to calculate a relevance for an entry. The central LAILAPS hypothesis is that the relevance
score is context-dependent and the absolute rank position can be determined by sorting the
relative scores. We apply information theory and postulate that the relevance of a database
entry depends on two factors: @sntentand itsinterpretationby the search engine user. For the

first factor we found that the relevance decision is based on a small number of core properties
of the content. These core properties are used to deduce a feature model that expresses all
important properties of a database entry as feature vector. The factor user interpretation is
realized by LAILAPS in form of a feedback system and hand curated reference sets of relevant
rated database entries. Both factors are used for the scoring algorithm. The algorithm uses
artificial neural networks as method to estimate the relevance score of a database entry based
on these factors.

2.1 LAILAPS Feature Model

A relevance scoring function for life science databases is highly dependent on the underlying
data. In contrast to full text data like PubMed or even traditional web sites, a database entry in
a life science database is

structured and split into blocks (e.g. attributes, entities),
enriched by metadata (e.g. name of an attribute, quality information),

a compressed excerpt of a fact and

W DR

a mix of scalar, pure values and natural language text (e.g. stoichiometric biochemical
reaction vs. function description).
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These propertieghd to the conclusion that classical ranking methods miss irmpbproperties

and are suboptimal for life science database entries. Consequently, we had to define our own
set of features that combines traditional and life science database specific ones. Motivated by
the observation of user behavior during search engine result inspection, we introduced a set of
9 featurest’, presented in tablgé. These features are intuitively used by scientists, who briefly
screen database eiefs for potential relevance. The features are both sufficient to estimate the
potential relevance, and efficiently quantifiable.

feature descriptin

F, attribute in whichattribute the query
term was found

I, database in which database the found
entry is included

F3 frequency the frequency of all query
terms in the entry and at-
tribute

F, cooccurrence express how close and in
which order the query terms
were found

Fs keyword gives information, if good or
bad keyword are present near
to the query terms

Fs organism to which organism the
database entry relates to

F; sequence length the length of the sequence de-
scribed by the database entry

Fy text position which portion of the attribute
is covered by the query term

Fy synonym gives information if the hit

was produced by an auto-
matic synonym expansion

Table 1: Overview of the LAILAPS feature set

2.2 LAILAPS Relevance Ranking

The starting point of a ranking process is the query. Here we define a query as a set of AND-
linked terms. Each term is a combination of alpha-numeric characters. Terms can be grouped
into phrases, by quotation marks. We restrict the logical join of terms and phrases to a conjunc-

tive form.

Q =1t NtaA\... Nty t, € term or phrase

(1)

The result of each query is a gef database entries, which include all query terms or phrases.

For these database entries, all attribute hits and related text positions are extracted:

Wageningen

find(Q) — {R} | R = (t,d,{(a,p)})

Workshop transPLANT 2014

(2)
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Where,t is the query termd is the database entry; @H(a,p)} is a set of attribute-position
pairs.

Based on the mentioned features, we define 9 feature funcfiens, that compute for each
elementr of the query result sel? a scalar scorev as element in the final feature vector
Q= (wy,...,wy):

scorep(r) = w | f e Fy, ... Fy (3)

The final step is a ranking function, which computes a relevance s¢mwm this 9-dimensional
feature vectof:

—

relevance()) — 7 4)

Because this function constitutes a regression problem, we chose a machine learning approach
to estimate this function. For a given vector of quantified features of a particular database
entry, a continous relevance score must be predicted. The focus of the relevance function is to
automatically learn to recognize complex patterns from the feature vectors and make intelligent
relevance predictions. Hence, we choose a machine learning approach to estimate the function
relevance(Q).

After we have predicted relevance scores, they can be ordered such as
71 < 79 = 7 IS less relevant than, (5)
The final relevance ranking is the order of all relevance scores:
(T1y ooy Tn) | YT 0 Ty < T (6)

As shown in figure2 those ranking tasks have te be executed for each query as sequential
workflow.

query
Q=t; A AL,

» || : query result
find: [ R = (t,d,{(a,p)}) J

using a text

index system
| | : entries feature scores
score: ((‘01 mg)

using features
FyoFq

relevance (... @) : [ relevance score ]

using a feed forward ¢

neural network
relevance ranking
rank: &> Ty.T,

sorting of
relevance scores

Figure 2: The LAILAPS Ranking Workflow

As mentioned before, the@fctionrelevance constitutes a regression problem. We have to map
a vector of 9 features to a scalar, continous relevance score. In particular, supervised method
perform well for text mining systemd4.f]. We found that artificial neural networks show best
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Figure 3: neural network for relevance ranking — the used neural network predict for a vector &
of 9 feature values the relevance of the database entry.

performance for our regression probleb2]. Using a set of reference data, we trained a feed-
forward neural networkvith 9 neurons at the input and 7-4 neuron architecture in the hidden
layer (see Figur®). In order to train the network, we split up the training data into 80% for
training and20% for testing and used 500 training epochs. These parameters were estimated
by minimizing the mean squared erkoover the training set:

1 n

€= —
ni3

(1] — 7;)? | n = size of trainingset, 7/ = manual scorer; = predicted score  (7)

In each epoch the change ofvas checked. After 500 epochs, no significant decrease was
found and the final mean square error W& [12].

The crucial step for th@eural network training is a set of true positive, manual evaluated
relevance rankings. Our industrial and academic partners provided a set of plant metabolic
gueries with 1089 manually relevance ranked database records (se&)lablas reference
ranking list was sepated into three confidence classes: high, medium and low. With these
data, a neural network for plant metabolism was trained.

2.3 LAILAPS Implementation

LAILAPS was developed as a 3-tier web application using Apache Tapestweb application-
framework, ORACLE asaabase backend and a JAVA-implemented ranking logic featured by

http://tapestry. apache. org
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Query Text Size Categry

Split-Up

(hi/me/lo)
industrial use case 1 20 6/4/10
"pinene synthase” 18 10/3/5
industrial use case 2 39 8/13/18
industrial use case 3 64 14/32/18
"gamma tocopherol methyltransferase” 38 21/9/8
"ent-kaurene synthase” 65 17/38/10
"chlorophyll synthase” 77 17/54/6
industrial use case 4 134 35/68/31
"cinnamyl-alcohol dehydrogenase” 214 45/36/133
industrial use case 5 17 3/4/10
"dihydrokaempferol 4-reductase” 65 9/29/27
"l-ascorbate peroxidase” 100 69/12/19
"morphine 6-dehydrogenase” 35 2/15/18
"zeaxanthin epoxidase” 51 21/2/28
"sgqualene monooxygenase” 84 24/30/30
"acetoacetyl-coa synthetase” 68 14/36/18

Table 2: Overview of the training data set.

the Java Object Oriented Neural Engine (JOONENe backend database stores the loaded life
science databases in artignattribute-value (EAV) L3] adapted database schema. This flex-
ible concept enables thmport of RFC-compatible CSV-formattédxports from life science
databases, whereas eaolwrcomprise a database record and its columns the fields.

For the imported databases, an inverse text index is computed and synonyms are loaded. In the
public available system, we provide protein synonyms extracted from UNIPROT/SWISSPROT
[14] and BRENDA [L5]. The ranking logic

1. computes all matched pibions per database entry,

2. extracts for each database entry an n-dimensional feature vector with 9 basis feature
classes and

3. predicts a relevance probability using user specific neural networks, which maps the fea-
ture vectors to the users specific relevance score.

Since the ranking profile is computed in context of the authenticated user, a valid user login is
recommended. Otherwise, a default context with a pre-trained neural network is used.

The relevance ordered query hits are assigned to the ranking profile and rendered by the mid-
dleware into a number of web pages (see Figiird he embedded feedback system provides a

tool for the user to rate threlevance of a particular database entry. The ratings are stored in the
database backend and used to accumulate user training data. The LAILAPS feedback system is

Shttp://ww. j oonewor | d. com
“http://tools.ietf.org/htm/rfc4180
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transparently endalded into the result browser. By opening the database detaierpAJAX
code is injected into the original data HTML presentation, which is for examplejded by

the SRS@EBI data retrieval system [16his code collects the user rating of the database
entry and tracks userteractions. This feedback is used to enrich the original training data in
the related ranking profile.

3 Results and Discussion

Searching scientific databases effectively necessitates the use of contemporary software to lo-
cate desired and meaningful information according to the users scientific or project priorities.
However, the combination of relevance ranking and life science data retrieval is still missing
in life science information systems. LAILAPS fills this gap and provides a search engine for
integrated or single instance life science databases in combination with an efficient ranking
system.

We have evaluated the relevance prediction using the standard measures for precissmall
Re and F; score:

TP TP _2*Pr>x<Re

Pr=gp7Fp "~ 7prrn' ' T BriRe

As mentioned, wédave wsed a curated reference set of plant metabolic queries. In order to de-
cide whether a database entry has been correctly ranked or not, we do not consider its concrete
ranking position. Because of combinatorial explosion, for human curators it is nearly impossi-
ble to find a correct relevance order among hundreds of database entries. Rather, the knowledge
quality of a certain database entry is crucial. Consequently, the database entries were classified
into three confidence classes: "HIGH”, "MEDIUM” and "LOW". The "HIGH"-class comprises

the top entries with proven and reliable knowledge. The class "MEDIUM” includes all those,
that could be interesting but are uncertain. The class "LOW” includes all data, that has insuf-
ficient knowledge value or bad quality indicators. For each query, those classes form sub sets
of a query resulf? such ask = Ry U Ry U Ry, whereasRy N Ry N Ry, = (. Each set forms

a continuous window in the list of results. E.g., for a query result of 100 database entries, the
window for Ry ranges from position 1-2@Q,, from position 21-80, and;, from 81-100.

In order to evaluate the LAILAPS rankings, we have to compare a list of relevance ordered
database entries with the confidence classes of the reference set. We can’t compare absolute
ranking positions, because the elements in the confidence classes have no order. But we can
say in which range (window) of rank positions a LAILAPS ranked entry should be, to fall into

a certain confidence class. This consideration is used to define the true positives (TP), false
positives (FP) and false negatives (FN):

For example, for one use case the curators sorted 20 entries into the class "HIGH”. 18 of the
top 20 LAILAPS ranked result are in the winday; . In this case, the precision@% =0.9.

Because all dabase etries of the reference set were found by LAILAPS, the recaltdés=
100%. This is because the text indexing is the basis for matching query terms. The text index
uses a tokenizer, that decomposes text into words. LAILAPS use the same text decomposition

5Asynchronous Jageript and XML
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error type LAILAPS benchmark seantics
true positive (TP) | the rank position isn the same window as in the reference set
false positive (FP) | the rank position isn a different window as in the reference set
false negative (FN) the database entry waot found by LAILAPS

Table 3: Definition of evaluation error types.

rules and the same datakasas the reference retrieval systems. Furthermore, no synonym
expansion of query terms was used. Thus, the hits of the reference systems could be reproduced
by LAILAPS and no false negative hits exit.

The overall benchmarking result of 16 queries is shown in Fi§uiehe average recall, preci-
sion andF; values are shown imable4.

confidence class precision| recall | F;
"HIGH” 62% 100% | 76
"M EDIUM” | "HIGH” 81% | 100% | 90

Table 4: Evaluation of LAILAPS relevance ranking results.

In average we achieve a bt precision than existing search engin@s Training and bench-
mark data for the non-indurial use cases are available by request to the authors.

The training data were collected in the application scenario of plant research and queries for
protein functions. In order to bring LAILAPS to a broad community, we provide a public in-
stallation of the LAILAPS search engine. This will help to improve performance and to include
more user domain specific ranking profiles. Because of limited database and project resources,
the public, non-commercial version is restricted to SWISSPROT data. A comprehensive set of
databases is available for registered users on request to the authors.

LAILAPS combines a clean, powerful and easy to use human computer interface with a ma-
chine learning based, context sensitive ranking system. It comprises a search engine with a self
trained neural network ranking system, which brings a new quality and determinism into the
scientific knowledge exploration.

4 Conclusion

In this paper, we presented a feature model for relevance ranking in life science databases.
The presented concept is to learn ranking pattern from the ranking behaviour of scientist, who
make use of data retrieval systems. We combined user ranking profiles, a reference set of
relevant database entries for 19 protein queries as training set to a ranking model. Queries are
formulated as simple keyword lists and will be expanded by synonyms. The model is used to
extract per database entry a feature vector. Using supervised machine learning approach, we
were able to predict a user specific relevance score per feature vector. We found a feed forward
neural network as best performing method for the regression problem of ranking in life science
databases.

Supporting a flexible text index and a simple data import format, this concepts are implemented
in the LAILAPS search engine. It can easily be used both as search engine for comprehensive
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integrated life sience databases and for small in-house project databases.adpierg knowl-

edge as training data for a predefined neural network or using users own relevance training
sets, a reliable relevance ranking of database hits has been implemented. LAILAPS is public
available for SWISSPROT datalatt p: / /1 ai | aps. i pk- gat er sl eben. de
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Figure 4: LAILAPS v iew of an example query session — The four browser windows represiethe
common query workflow of LAILAPS. Start screen with an optional login to load a customized
ranking profile (I). The query might be specified as a single word, combination of words delimited
by a whitespace or quoted phrases. The ranked query result is presented as a list of relevance
sorted database accessions (II), with a short hit description, the evidence value, the hyper link to
the original data source and a link to the scoring statistics in window (l11). The exploration of hits

is supported by a detail browser and feedback system (V). The original data is extracted from the
original source and displayed. The user have to be aware that LAILAPS is querying the original
data from the SRS system, which installed at the EBIt{t t p: / / srs. ebi . ac. uk). Thus, some
outdated accession mayesult in broken links. In this page, the user might rank the relevance of
the hit for later training of the user ranking profile.
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Figure 5: LAILAPS rec all for use case queries
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