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Motivating Example

Query: Drugs with the active substance Simvastatin:

o Name of possible drug targets,
o Chemical formula of a drug,

o Side effects, and

o Disease Name

SELECT DISTINCT ?drug ?disName ?drugformula ?sename

WHERE {
?drug dailymed:activelngredient dailymed:Simvastatin .
@ "drug dailymed:genericDrug ?dbdrug .
© 7drug dailymed:possibleDiseaseTarget ?disease .
«» 7drug owl:sameAs ?sadrug .
@ “disease rdfs:label ?disName
> 7sadrug  sider:sideEffect ?seffect .
cw ?seffect  sider:sideEffectName ?sename .
@ 7dbdrug  drugbank:chemicalFormula ?drugformula
}
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Motivating Example- Available Data Sources ‘

; 3 Genomic

s COSMIC

Catalogue Of Somati Mutations In Cancer

éol DB BioSample
®
Wreo cto el biobank’ OMIM —
ata ifying Biology

.
.
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0 a l’ ro . “l& m) National Cancer Institute
. National Human Genome Research Institute

Pl.lbmed.gov
Data
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ChEBI
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Motivating Example- Data Sources in

Heterogeneous Formats

BML

G|

__________________________________________________________________________________________



| < TIB
Data Evolution.... ’

Schema
Changes

Changes in Data
Source
Performance
and Availability

Entity
Changes, e.g.,
Completeness

Data Distribution
Changes
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Impacting Data Complexity Dimensions ‘




Query Over Heterogeneous Data Sources

e Query: Drugs with the active substance Simvastatin:

@]
@)
@)
(@)

Name of possible drug targets,
Chemical formula of a drug,
Side effects, and

Disease Name

SELECT DISTINCT ?drug ?disName ?drugformula ?sename
WHERE {

?drug dailymed:activelngredient dailymed:Simvastatin .
@ "drug dailymed:genericDrug ?dbdrug .
© 7drug dailymed:possibleDiseaseTarget ?disease .
«» 7drug owl:sameAs ?sadrug .
@ “disease rdfs:label ?disName
i) 7sadrug  sider:sideEffect ?seffect .
?seffect  sider:sideEffectName ?sename .
@ 7dbdrug  drugbank:chemicalFormula ?drugformula

Dailymed Diseasome SIDER DrugBank

TIB
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TIB

Interoperability Issues During Query Processing

DAILYMED J5s ONJIASAELSISINS
dailymed:798  rdf:type dailymed:drugs ; .
dailymed:activelngredient dming:Simvastatin . diseaseID": " 319",
I:sameAs sider:54454 "name": "Diabetes mellitus",
OV\{' . : ) "associatedGene": ["ACE", "ABCC8", "TCF1l"]
dailymed:genericDrug drugbapk:DB00641 ; oA
dailymed:possibleDiseaseTarget dijeasoms319, "diseaseID": " 2839n,
diseasome: 9, "name": "Kaposi sarcoma, susceptibility to,
diseasome:217 148000™,
"associatedGene": ["IL6", "IFNB2", "BSF2"]

CRUGBANK]

-

5 accNum DrugName | formula pubChemid
rug - - id ffects.
DB00641 simvastatin | Cus'as 54454 Is)jugeIETJ MI.eSc IDSSiZZ;EfffectName
DB00295 Morphlne C17H19N03 5288826 54454,COOO98_06,C0nSt|patlon
54454,C0236071,Throat tightness
Drug Target Drug Target 54454,C0156404,Menstruation irregular
- DB00641 631 191,C0012833,Dizziness
DB00641 1882 191,C0232487, Abdominal discomfort
DB00295 7683 191,C1956346,Coronary artery disease
T . ID Name Gene UniprotID drug names.csv
arge —
631 | 3-hydroxy-3-methylglutaryl-co | HMGCR | P04035 ID,DrugName
enzyme A reductase 54454,simvastatin
1882 | Ras-related C3 botulinum RAC1 P63000 191,adenosine
toxin substrate 1
7683 Mu-type opioid receptor OPRM1 P35372
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Query Over Heterogeneous Data Sources

e Query: Drugs with the active substance Simvastatin:

o Name of possible drug targets,
o Chemical formula of a drug,
O
O

Side effects, and rTTTTTTTTTTToooTmmomoooooooooees !
Disease Name . Query must be |
SELECT DISTINCT ?drug ?disName ?drugformula ?sename i evaluated agamSt i
WHERE { . heterogeneous
?drug dailymed:activelngredient dailymed:Simvastatin . ! h :
@ "drug dailymed:genericDrug ?dbdrug . i sources, that !
© 7drug dailymed:possibleDiseaseTarget ?disease . potentially suffer of '
«» "drug owl:sameAs ?sadrug . ! } . :
P disease rdfs:label ?disName quallty issues, and !
> 7sadrug  sider:sideEffect ?seffect . ! : '
cw) 7seffect  sider:sideEffectName ?sename . evolve over time !
@ 7dbdrug  drugbank:chemicalFormula ?drugformula T

Dailymed Diseasome SIDER DrugBank
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Agenda

1. Data Integration Systems
2. Adaptive SPARQL Query Engines
3. Hybrid SPARQL Query Engines
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Leibniz
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| e 1IB
Data Integration Systems ‘

A data integration system DIS=<0,S,M>:
« O is a set of general concepts in a general schema (virtual)
« Sis asetof {S1,..,Sn} of data sources

 Mis a set of mappings between sources in S and general
concepts in O

cf. Lenzerini 2002
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Data Integration Systems

s T TS TS T TSI T TS T--=-~~~~=~"=~==="===7=====~ N
4 | N
/ Data Integration : Data Integration N
II System ! System |
I : :
| I :
| I :
|
Wrapper Wrapper Wrapper ! 1
Heterogeneous : | :
| I :
| I |
| I .
I |
________________________ I
l | |
: Data Integration : Data Integration |
|
: System : System :
| I :
Homogeneous | : !
\ I
I
|
|

Distributed Centralized
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<& TIB
Data Integration Systems ‘

Data Integration Data Integration
System System

Heterogeneous Wrapper Wrapper wrapper E ]

* Data Integration * Data Integration
System System
Homogeneous / 1 \ l
Distributed Centralized



y e 1IB
Query Rewriting Problem ‘

Query Rewriting Problem (QRP):
e A query Q is a conjunctive query

Data Integration over predicates in O

System e Find a conjunctive query Q’
expressed in sources in S based on
rules in M, such that

Wrapper Wrapper Wrapper

o Evaluation of Q' produces only
- - - answers of Q
o Evaluation of Q" produces all

the answers of Q given the
sources in S

' Theorem [Levy et al. 1995]

' To check if there is a valid rewriting Q’ of Q with at
most the same number of goals as Q is an

. NP-complete problem.

____________________________________________________________________________________
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< T1B
Challenges for Query Processing ’

Given a query Q in a formal language, i.e., SPARQL

Identify the relevant data sources for Q (Source Selection)

Decompose Q into subqueries on relevant data sources (Query Decomposition)
Plan evaluation of subqueries against relevant data sources (Query Planning)
Merge data collected from relevant data sources (Query Execution)

: Relevant data sources for Q: minimal set of sources S
: from a federation of source F such that the answer of
1 evaluating Q in S is the same than evaluating Qin F

15

Page 15



TIB
Federated SPARQL Query Engines ‘

— Web-access interfaces
= #LD (unpredictable behavior) that allow for

Data Integration querying RDF data:
System e SPARQL Endpoints: respect
/ l \ SPARQL protocal, i.e., any
SPARQL query
- - - e Linked Data Fragments: limited
\ | query capabilities, i.e., only one
| triple pattern

Federation of RDF Data Sources

. Challenges: Query processing is impacted by different

. parameters, e.g., query capabilities, data fragmentation, i
. dataset size and connectivity, query selectivity, and '
. current conditions of the Web-access interfaces

____________________________________________________________________________________________
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Federated Query Engine

SPARQL Query Q
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TIB

Federated SPARQL Query Engines

Extensions

/LILAC[S] FEDRA{G]\

Fed-DESATUR|[3]

Data Integration
System

<L
N N

DAW[9] MULDER[10]
HIBISCUS[15]

UA FedX[4]

Linked Data in
a Federation

ANAPSID[1]
q SPLENDID [3]
H#LD

[7] o=

Network of Linke@

Data Eddies
(nLDE) [2]

Ontario [14] akrou 151
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Required Solutions to Support Evolution

@ Knowledge @ Source Evolution

Incompleteness

Selecting the sources

according to their current
conditions and availability

Querying Evolving Data

O,

Knowledge
Evolution

@

Environment
Evolution

@ Data Evolution
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TIB

Required Solutions to Support Evolution

@ Knowledge @ Source Evolution

Incompleteness Selecting the sources

according to their current
conditions and availability

Querying Evolving Data

O,

Knowledge
Evolution

@

Environment
Evolution

Executing queries
according to current
conditions of the
environment

@ Data Evolution

Page 20



g TIB
Adaptive SPARQL Query Engines ‘

Adapt to Source and Environment Evolution:
Misestimated or missing statistics.
Unexpected correlations.
Unpredictable costs.
Dynamically changing data, workload, and source availability.
Changes at rates at which tuples arrive from sources
* Initial Delays.
« Slow Delivery.
« Bursty Arrivals.

Page 21



e [IB
Adaptivity in Federated Query Processing ‘

Query Engines able to:

e Change their behavior by learning the behavior of data
providers

e Receive and exploit information from the environment

e Use up-to-date information to change their behavior

e Keep iterating over time to adapt their behavior based on
the environment conditions

Page 22



Existing Federated SPARQL Query Engines
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Adaptive Source Selection

Adaptive Query Processing

TIB

Identification of Relevant
Sources Based on Current
Conditions

Query Decomposition Based on
Current Conditions

Adaptive Operators, e.g.,
GJoin[1], SMJoin [13]

Adaptive Query Engines, e.g.,
Networks of Linked Data
Eddies|[2]
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TIB
Existing Federated SPARQL Query Engines ‘

Identification of Relevant
Sources Based on Current
Conditions

Query Decomposition Based on
Current Conditions

Adaptive Operators, e.g.,
GJoin[1], SMJoin [13]
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Adaptive Query Processing

Adaptive Source Selection

Adaptive Query Engines, e.g.,
Networks of Linked Data
Eddies|[2]

Only adaptivity to changes in the
~environment is addressed!!

e Page24
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% TIB
Adaptivity During Source Selection ‘

Coarse-Grained Fine-Grained
Adaptivity Adaptivity

No Adaptivity

LILAC FEDRA ANAPSID SPLENDID

Fed-DESATUR

% FedX
Linked Data in
a Federation

DAW MULDER
HIBISCUS

Semafrow

________________________________________________________________________________________________

Source Selection techniques that allow for identifying the sources that can be
used to answer a query based on the current conditions of the sources



% TIB
Adaptivity During Query Execution ‘

Fine-Grained

No Adaptivity Adaptivity

Car TT]
Semarow

A FedX
eB sosaan SPLENDID ANAPSID

Network of
DAW HIBISCUS Linked Data

Eddies (nLDE)

/LILAC —FEDRA

MULDER

Implement physical operators and query processing techniques to adjust
. query schedulers to the conditions of the sources and the network ! Fed-DESATUR

. J

26
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| & [IB
Evaluation ‘

Dataset: DBpedia 2015 (HDT on top of TPF server), 837M triples
Benchmark 1: 14 high-selective queries (<1000 int. res.)
Benchmark 2: Four low-selective queries (>1000 int. res.)

Metrics:

« Execution Time, ms

« Completeness over time, %
Compared tools:

o TPF: triple pattern fragment server [7]
e nLDE: network of Linked Data Eddies [2]
e SMdJoin: multi-way join operator for SPARQL [13]

Page 27



Benchmark 1: High Selective Queries ‘

[IsMJdoin [InLoE TPF

600~ o
£ w00- : i
£ g
r- ——1 - M [ —te
8 l Il m m
s
g 200-
w
e
O-

01 02 Q3 04 Q5 Q6 Q7 Q8 Q3 Q0 Qi1 Q12 Q13 Q4

An adaptive approach like SMJoin outperforms other approaches in
. high-selective queries that produce small number of intermediate results ;
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Benchmark 2: Low Selective Queries ‘

& DS e SMioin & 0LDE e EMJoin
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. -~
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g *SMJoin yields the first answer at about the same time as nLDE
' «SMJoin has to process more intermediate results

: *Q2: results are yielded but all intermediate tuples have to be processed



Benchmark 2: Low Selective Queries a

Q3 Q4

@ nlL.DE & SMoe

Complateness
-
»
Completeness, %

' 2 08 04 P 15 "8 21
Time, sac Time, sec

_______________________________________________________________________________________________________

*SMJoin yields the first answer at about the same time as nLDE
. «SMJoin has to process more intermediate results

Page 30



TIB

Required Solutions to Support Evolution

@ Knowledge @ Source Evolution

Incompleteness Selecting the sources

according to their current
conditions and availability

Querying Evolving Data

O,

Knowledge
Evolution

@

Environment
Evolution

Executing queries
according to current
conditions of the
environment

@ Data Evolution

Considering the status of the
data, e.g., completeness, during
the execution of the query

Page 31



<& TIB
Data Integration Systems ‘

* Data Integration Data Integration
System System
Heterogeneous Wrapper Wrapper Wrapper E j
Data Integration Data Integration
System System
Homogeneous / 1 \ l
Distributed Centralized



TIB

Hybrid Federated Query Engines

SPARQL Query Q SPARQL Query Q

Query Optimizer Query Optimizer

Hybrid Execution Strategies
over Heterogeneous Sources

Kemele M. Endris, Philipp D. Rohde, Maria-Esther Vidal, Séren Auer: Ontario: Federated Query Processing Against a Semantic Data Lake.
DEXA (1) 2019 Page 33



Experimental Setup

‘ TIB

e Benchmark:
o Life Science Linked Open Data (LSLOD)[15]

o 10 RDF Data Source _Chebi  KEGG .
Affymetrix ® ° . Drugbank
. . [ J ®
o 10 Simple Queries o ® e
Diseasesome ;
= UNION, OPTIONAL, DISTINCT g2*/%%%, R
o ® °
. .7’ N ® o o
m 3-8 triple patterns '...".. o ) NN
\ TCGA-A >
m 2 -4 star-shaped sub-queries .
DailyMed oil [} ®
Medicare Cider
#triples #subjects #predicates #objects RDF file size
96.10 M 8.32 M 742 27.47 M 16.0 GB

15] A. Hasnain, Q. Mehmood, S. Sana e Zainab, M. Saleem, C. Warren, D. Zehra, S. Decker, and D.
Rebholz-Schuhmann. Biofed: federated query processing over life sciences linked open data. Journal of

Biomedical Semantics, 8(1):13, Mar 2017. b
age 34



< TIB
Data Preparation Pipeline ’

RDE2TSV > Mapplng.s + > Normallzgtlon +
SQL Script Indexing
One NT file per RDF Class e Generate RML mappings from e Normalization by hand
Transform NT files to the data collected during e 3NF
TSV files RDF2TSV e Indexes
Single-value predicates o one file per RDF Class o primary keys
o main file of RDF Class e SQL script for creating the o candidate keys
Multi-value predicates relational tables e Foreign key constraints
o separate file for each o one file per data set
multi-value predicate o dataisloaded from TSV
with LOAD DATA INFILE
command

Page 35



< TIB
Experimental Setup ‘

Experimental Configuration

e 23 Docker containers

o 10 RDF sources (Virtuoso 6.01.3127) !

o 10 RDB sources (MySQL 5.7) !

o Three engines (FedX, MULDER, '
Ontario)

e Metrics:

o Execution time: Time elapsed
between query submission and
retrieval of last answer

o Cardinality: Number of answers
produced by the engine

o Completeness: Percentage of
answers returned w.r.t the ground truth

o  Throughput: number of answers
produced per second

o dief@t [15]: Continuous efficiency at
time t |

m Area-under-the-curve of the !
answer traces |

[15] Maribel Acosta, Maria-Esther Vidal, York Sure-Vetter: Diefficiency Metrics: Measuring the Continuous
Efficiency of Query Processing Approaches. International Semantic Web Conference, 2017
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Experimental Setup

Experimental Configuration

e 23 Docker containers

o 10 RDF sources (Virtuoso 6.01.3127)

o 10 RDB sources (MySQL 5.7)

o Three engines (FedX, MULDER,
Ontario)

e Metrics:

o Execution time: Time elapsed
between query submission and
retrieval of last answer

o Cardinality: Number of answers
produced by the engine

o Completeness: Percentage of
answers returned w.r.t the ground truth

o Throughput: number of answers
produced per second

o dief@t [15]: Continuous efficiency at
time t
m Area-under-the-curve of the
answer traces

Cl: Star-shaped subqueries with no !
instantiations or filter clauses '

| Cll: Star-shaped subqueries with no

| instantiations or filter clauses, and defined
over an RDF class implemented by joining
several relational tables in a data lake

CIll: Star-shaped subqueries with
instanstiations in object variables

CIV: Star-shaped subqueries with

. instantiations or filter clauses, and defined
. over an RDF class implemented by joining
. several relational tables in a data lake

________________________________________________________

[15] Maribel Acosta, Maria-Esther Vidal, York Sure-Vetter: Diefficiency Metrics: Measuring the Continuous
Efficiency of Query Processing Approaches. International Semantic Web Conference, 2017
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Exp I: Impact of Star-shaped Groups

. TIB

Goal: Evaluate the impact of different subqueries--star-shaped groups
(SSQs)-- on the performance of a query engine.

6x10°1-
°©
o
= 4x1071-
(0]
£
+ 3x10°1-
(@]
]
n
2x10°1-
~ o~ o~ ~ I'jf
= © o © )
(@7 QO o Oy O
O
] A & A Q]

0
Star-shaped groups

Exec time (log)

RDB scans a relation or a set of relations,
. while an RDF engine scans over all data. Thus,
i RDB engines outperform RDF engines

____________________________________________________________

cill
101'E
100-;
107 c& cIv CIV

m o~ m ~N
~ < m w
s § § 8
9 ] 3 9
Star-shaped groups

5507 1

RDB only has indexes on primary keys, while

i an RDF engine has indexes over combinations
» of subject, predicate, and object. Thus, RDF

. engines outperform RDB engines |



Exp ll: Impact of Considering Heterogeneity

Goal: Performance of Ontario engine over RDF data sources and the
overhead introduced while considering heterogeneity

TIB

BN Ontario-RDF . EEE Ontario-RDF
- BN MULDER B MULDER
; s FedX B FedX
° >
O
= 101__ 8 100-—
0] E 0] :
£ E
+ )
O O
Q) .
X 100- o
a : & ,
1071 -
1071+ )
% 2 2 = B . ; ) 5 :
0 n 0 o o o o o o o
)] " 0 n w0 n )]
Query Query

______________________________________________________________________________

Ontario pays the price of considering heterogeneous data
sources. Ontario outperforms both FedX and MULDER by
generating efficient plans and using optimization rules tailored
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Exec time (log)

Exp lll: Impact of Heterogeneity ’

Goal: Performance of Ontario over heterogeneous sources, i.e.,
RDF and RDB

10 -

fuy
o
ey

10° -

Exec time (log)

o
—
o
0

100 -
| B - . - - —. ‘
- L . . . . . : , , ,
— m n O [ee] ()] N < ~
o o o
s & & & & 3 7 Z Z

Query Query

Il RDF [ RDF+RDB Il RDF [ RDF+RDB

__________________________________________________________________

Characteristics of the queries impact on the
performance of the federated query engine. Ontario
is able to identify according to the data source
implementations which is the most effective plan.

__________________________________________________________________
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Exp IV: Measuring Continuous Efficiency ‘

Goal: Performance of Ontario in producing continuous answers.

SQ1 SQ3 SQ5

(FFFp-1 @ RDF aFFPr1 @ RDF (FFRr1 @ RDF
© RDF+RDB ©® RDF+RDB ©® RDF+RDB

Characteristics of the queries |
. impact on the performance of :
: the federated query engine. ;
Ontario is able to identify

according to the data source

. implementations which is the
 most effective plan. | SQ6 SQ8 SQ9

dief@t

(TFFF)*-1 ® RDF (TFFF)A-1 ® RDF (TFFR)A-1 ® RDF
® RDF+RDB ® RDF+RDB © RDF+RDB

dief@t

Queries composed of SSQs in Cl or ClI Higher is Better!

Page 41



Exp IV: Measuring Continuous Efficiency ‘

Goal: Performance of Ontario in producing continuous answers.

Characterlstlcs of the queries | sSQ2 sQ4 sQ7 sQ10
| |mpact on the performance of :
. the federated query engine. 5 R A S RoraR0s TS Rornos I -

i Ontario is able to identify !
+ according to the data source P auanens
. implementations which is the i
most effective plan.

Queries composed of SSQs in Clll or CIV Higher is Better!
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iasis:associated a . Tl B
Data \ ’

Evolution
. iasis:LungCancerMarker
a
iasis:associated sis:stage
iasis:CYFRA-21-1 @
igsis:limit
iasis:associated
a

iasis:stage

a
a jasis:associated
:d3

>

iasis:BioMarker )
a
a jasis:limit

jasis:associated

iasis:CEA > :d4 \
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& TIB
Data Changes.... ’

Lung Cancer Biomarkers?

PREFIX iasis:<http://iasis/vocab/> ' L
SELECT ?id ?stage 2limit i1asis:CYFRA-21-1 iasis:Il iasis:50

WHERE {

?bm a iasis:LungCancerBiomarker_ - iasis:CYFRA-21-1 iasis:lll iasis:70
?bm iasis:associated ?obs . o
iasis:NSE

?bm iasis:limit ?limit . iasis:lll iasis:70
?bm iasis:stage ?stage o j
?id iasis:associated ?bm .

}

Page 44


http://iasis/vocab/

iasis:associated

iasis:CYFRA-21-1

jasis:associated

jasis:associated
N :d3

i a |
: | iasis:limit
| | a
i iasis:associatedI
. . N :d4 ¢
\ 1asis:CEA e
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g TIB
Data Changes.... ’

Lung Cancer Biomarkers?

PREFIX iasis:<http://iasis/vocab/> / . \
SELECT distinct ?id lasis:CYFRA-21-1
WHERE {

?bm a iasis:LungCancerBiomarker .

?id iasis:associated ?bm . i sis:NSE
1asSIsS:
Y

kiasis:CA-lZS /

iasis:CEA
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http://iasis/vocab/

/ jasis:associated

iasis:associated

iasis:CYFRA-21-1

jasis:associated

-

iasis:stage

iasis:BioMarker

iasis: iated
iasis:associate i -d3 l\
a‘

jasis:limit

___________________________________________________________
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Data and Knowledge Evolution

s T TTTTTTT T e L ~
4 | N
Data Integration : Data Integration N
System | System \
: [
| | |
| I :
|
Wrapper Wrapper Wrapper ! 1
Heterogeneous : | :
| I :
| [ !
| I .
I |
________________________ I
l | |
: Data Integration : Data Integration |
| System | System :
|

I : :
Homogeneous | : !

|

I

|

|

Distributed Centralized
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TIB

Hybrid Federated Query Engines

SPARQL Query Q SPARQL Query Q

Query Optimizer

Query Optimizer

Hybrid Execution Strategies
Crowd Microtask Manager

s -

- 00
o RaR
e

SPARQL Crowd

49

M. Acosta, E. Simperl, F. FIoéck, M.-E. Vidal: HARE: A Hybrid SPARQL Enhancing answer completeness of SPARQL queries via crowdsourcing.
J. Web Sem. 45: 41-62 (2017)
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Hybrid Query Processing

Lung Cancer Biomarkers?

PREFIX iasis:<http://iasis/vocab/>
SELECT ?id ?stage ?limit
WHERE {

?bm a iasis:LungCancerBiomarker .

?bm iasis:associated ?0bs .
?bm iasis:limit ?limit .

?bm iasis:stage ?stage

?id iasis:associated ?bm .

}

TIB

PREFIX iasis:<http://iasis/vocab/>
SELECT ?id
WHERE {

?bm a iasis:LungCancerBiomarker .

?bm iasis:associated ?obs .
?id iasis:associated ?bm .
?bm iasis:stage ?stage
}

PREFIX iasis:<http://iasis/vocab/>
SELECT ?limit
WHERE {
?bm iasis:limit ?limit .
?bm iasis:stage ?stage
?id iasis:associated ?bm .

Crowd

50
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http://iasis/vocab/
http://iasis/vocab/
http://iasis/vocab/

< T1B
HARE: A Hybrid Query Engine ’

e Completeness model to estimate dataset
completeness SPARQL Query Q

e Crowd knowledge bases to capture crowd
answers about missing data

e Query engine that combines knowledge in
knowledge bases and estimates from the
completeness model to decompose and Query Optimizer
plan sub-query execution

e Microtask manager that exploits metadata
to crowdsource subqueries as microtasks Hybrid Execution Strategies
and update the knowledge bases Crowd Microtask Manager
according to the crowd answers

00
e R

SPARQL

Crowd

M. Acosta, E. Simperl, F. Fléck, M.-E. Vidal: HARE: A Hybrid SPARQL Enhancing answer completeness of SPARQL queries via crowdssurcing.
J. Web Sem. 45: 41-62 (2017) Page 51



HARE Microtasks

Metadata is utilized by the
microtask manager to
automatically generate
well-described crowd tasks
Microtasks are submitted to
crowdsourcing platforms,
e.g., CrowdFlower or
Mechanical Turk

Answers collected from the
crowd are represented as
structured data

TIB

What is the value of the Marker CEA for Lung
Cancer Stage IlI?

Search in Google: Carcinoembryonic antigen

Short Description: Carcinoembryonic antigen (CEA) describes a set of highly related
glycoproteins involved in cell adhesion. CEA is normally produced in gastrointestinal
tissue during fetal development, but the production stops before birth. Therefore, CEA
is usually present only at very low levels in the blood of healthy adults. However, the
serum levels are raised in some types of cancer, which means that it can be used as a
tumor marker in clinical tests. Serum levels can also be elevated in heavy smokers.

Wikipedia Page: h

Picture: j;
\
\
B
\
b
({
Does the Marker CEA have a value for Lung Cancer Stage IlI?
Yes
No
| do not know
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Data is cura
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| 4 TIB
Experimental Study - Set Up a

* Benchmark: 50 queries against DBpedia (v. 2014).
- Ten queries in five different knowledge domains:
History, Life Sciences, Movies, Music, and Sports.
* Implementation details:

- HARE is implemented in Python 2.7.6,
- The crowd is reached via CrowdFlower.

* Crowdsourcing configuration:

- Four different RDF triples per task, 0.07 US$ per task.
- At least three judgments were collected per task.

* Total RDF triple patterns crowdsourced: 502
* Total answers collected from the crowd: 1,609
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Experimental Evaluation
Sports
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Experimental Evaluation

Life Sciencés

TIB
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Experimental Evaluation ‘

Precision Recall

Life .
. . . Life
Sports _Music_Sciences Movies Sports Music Sciences Movies Histo

Histor
Q1 (Mol)) 0.67 0.88 Q1 1.00 1.00
Q2 1.00 1.008N0Es[s 1.00 QY e 029
Q3 o) 0.89 0.79 067 Q3 100 1.00
Q4 0.55 (OO 096 Q4 1.00
Q5 0.86 (O[O 0.95 Q5 1.00K:]s 1. : .
Q6  0.69 1.00 1.00FNOE-EEENOEN 1.00 1.00 1. : 0.96
Q7 (o)) 0.63 O.71Nes 0.57 Q7 1.00 1.00 1. . 0.84
Q8 (Hels) 0.67 0.88 0.94 0.72 Q8 1.00 1.00 1. : 0.78
Q9 0.46 O.73uEEENMI (.64 Q9 1.00 1.00 1. : 0.92
Q10 0.92 0.49mEKEENIl 0.95 ON[R 1.00 1.00 1. : 0.98
[Avg 085 077 091 096 0.84) [Avg 0.98 0.91 1.00 0.95 0-95]

I The crowd exhibits heterogeneous performance within domains. |
I This supports the importance of HARE triple-based approach. |



Applications

’ TIB

IASIS E BIG||\edil( tics EE ' -
https://www.higmedilytics.eu/

http://project-iasis.eu/ https://qualichain-project.eu;
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Lessons Learned

_________________________________________________________________

e Hybrid data integration systems
allow for the adaptation of the

Data Integration system to the conditions of the data |

System
| sources
/ ‘ . o Hybrid data integration systems
Wrapper Wrapper Wrapper i enable the integration of

- - - heterogeneous data sources
. o Wisdom of the crowd can
| contribute the evolution of the
knowledge

_________________________________________________________________
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Required Solutions to Support Evolution

@ Source Evolution

@ Knowledge

Incompleteness

O,

Knowledge
Evolution
Considering the evolution
of the knowledge during
the execution of the query

Querying Evolving Data

Data Evolution

Considering the status of the
data, e.g., completeness, during
the execution of the query

TIB

Selecting the sources
according to their current
conditions and availability

@

Environment
Evolution
Executing queries
according to current

conditions of the
environment
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Required Solutions to Support Evolution

@ Knowledge @ Source Evolution

Incompleteness
Considering that unknown
facts may need to be

predicted during query

Selecting the sources
according to their current
conditions and availability

execution
Querying Evolving Data
Knowledge Environment
Evolution Evolution

Considering the evolution
of the knowledge during
the execution of the query

Executing queries
according to current
conditions of the
environment

@ Data Evolution

Considering the status of the
data, e.g., completeness, during
the execution of the query
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Knowledge Evolution

Aroney RS, Dermody Wd, V\Idenderfer P, Parsons P, McNitt K, Marangos PJ, NVhitacre MY, Ruddon RW, Wiernik PH,

Aisner |

Cancer Treatment Reports [01 Jun 1984, 68(6):859-866]

Type: Research Support, U.S. Gov't, P.H.S., Research Support, Non-U.S. Gov't, Journal Article

Abstract

To correlate serial biomarkers and disease activity in carcinoma of the lung, carcinoembryonic antigen (CEA),
neuron-specific enolase (NSE), adrenocorticotropic hormone (ACTH), C3-derived protein (C3DP-C), and LDH were
assayed in 43 patients with small cell lung carcinoma (SCLC) and in 20 patients with non-small cell lung cancer
(NSCLC) (15 with adenocarcinoma, three with squamous cell carcinoma, and two with mixed histology). Disease
status after treatment was rated as one of the following: complete response, partial response, minor regression,
stable disease, and progressive disease. Significant correlations between disease status and markers in SCLC
were found for CEA, NSE, LDH, and ACTH. In NSCLC, only CEA and LDH showed significant correlation. Marker-
marker correlations were significant in SCLC for CEA and NSE (P less than 0.05), CEA and LDH (P = 0.01), and NSE
and LDH (P less than 0.01); in NSCLC none were significant. None of the markers exhibited significant
correlations with specific metastatic sites. Certain biomarkers (CEA, NSE, and LDH in SCLC; CEA and LDH in
NSCLC) can be used alone or in combination to monitor disease activity but appear to be no more sensitive than
standard clinical investigational methods.
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Knowledge Evolution

Table 4. Comparative levels of lung cancer biomarkers in blood plasma of patients with non-small-cell
lung carcinoma (NSCLC) and small-cell lung carcinoma (SCLC) and healthy people.

Tumor-Associated

s NSCLC SCLC Normal
Protein
LDH 525.079 + 24.817 ng mL~ [134] | 209.880 + 161.322 ng mL ! [134] <245 ng mL~! [134]
CRP 25.079 + 24.817 ng mL~1 [134] 14.935 + 21.078 ng mL~! [134] <8 ng mL~! [134]
-1
51.493 + 77.529 ng mL~! [134] 5 0<5 - nf_’f‘{‘zg -
CEA 78.5 ng mL~! [23] 25.074 + 40.957 [134] ~ngm ~-y
> 100 ng mL-! [65] <209 ng mL
= & * 6.5 ng mL~! [66]
13.638 & 5.571 ng mL ™! [134]
>6.4ng mL~! [19] 62.972 + 63.012 [134] 15.7-17.1 ng mL~!
NSE 5-35 ng mL ™! 50.8 ng mL~! [61] 152 ng mL~!
17.95ng mL ! [61] 15-173 ng mL~! [23] 13ng mL~! [65]
0-170 ng mL~1! [23]
<33 ngmL~! [134]
_ 3.3 ng mL~! [35]
1
CYFRA21-1 12447 =15 814ngmlL. " [133] 6.418 + 9.567 ng mL~" [134] 3.3 ng mL~ [61,65]
81.7 ng mL™" [23] e
0.5ng mL™" [65]
20ng mL~1 [23]
0.22-3.79 ng mL~! [61] 1 1
SCCA 0.5-1.7 >2 ng mL—1 [135] 0.15ng mL~" [61] 1.5 ng mL~" [23]
TPS 0-3842ng mL~1[136] 12.5-773 ng mL~1 [23] 349 ng mL~1 UL-1 [23]
ProGRP <35 pg mL~! [22] >200 pg mL~! [22] <35 pg mL~! [22]

Zamay TN, Zamay GS, Kolovskaya OS, et al. Current and Prospective Protein Biomarkers of Lung
Cancer. Cancers. 2017;9(11):155. do0i:10.3390/cancers9110155.



How can Knowledge Evolution help? ‘

Lung Cancer

Level of the Lung Cancer Biomarkers in
Tumor Marker

the patients with Lung Cancer?

----------- Patients

PREFIX iasis:<http://iasis/vocab/>
SELECT ?id ?date ?level
WHERE {
?bm a iasis:LungCancerBiomarker .
?bm iasis:associated ?0bs .
?bm iasis:limit ?limit .
?0bs iasis:level ?level .
?0obs iasis:date ?date .
?0bs iasis:patient ?id .
?id iasis:diagnostic iasis:LungCancer .
FILTER (?level > ?limit)
}
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How can Knowledge Evolution help? ‘

Lung Cancer

Level of the Lung Cancer Biomarkers in
Tumor Marker

the patients with Lung Cancer?

CEA
PREFIX iasis:<http://iasis/vocab/> A Q l
SELECT ?id ?date ?level

----------- Patients

WHERE { ‘
?bm a iasis:LungCancerBiomarker . s CYFRA21-1

?bm iasis:associated ?obs . ﬁ\ [Q l ]

?bm iasis:limit ?limit .
?0Dbs iasis:level ?level . o
?0bs iasis:date ?date . NSE
?0bs iasis:patient ?id .
?id iasis:diagnostic iasis:LungCancer .

FILTER (?level > ?limit)
}

Page 65


http://iasis/vocab/

How can Knowledge Evolution help? ‘

Lung Cancer

Level of the Lung Cancer Biomarkers in
Tumor Marker

the patients with Lung Cancer?

----------- Patients

PREFIX iasis:<http://iasis/vocab/>
SELECT ?id ?date ?level
WHERE {
?bm a iasis:LungCancerBiomarker .
?bm iasis:associated ?0bs .
?bm iasis:limit ?limit .
?0bs iasis:level ?level .
?0obs iasis:date ?date .
?0bs iasis:patient ?id .
?id iasis:diagnostic iasis:LungCancer .
FILTER (?level > ?limit)
}

EMPTY
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SPARQL Query Q SPARQL Query Q

Future Hybrid Federated Query Engines

Query Optimizer Query Optimizer
Hybrid Execution Strategies Hybrid Execution Strategies
Crowd Microtask Manager Microtask Manager for Experts
00 00
o RaR o RaR
=< =<
] SPARQL Crowd ] SPARQL Experts
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Knowledge Completeness Evolution ’

Biomarkers associated with Brain Metastasis

e Ki-67 expression

e |ow caspase-3 expression

e high vascular endothelial growth factor C expression,
and low E-cadherin expression
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Knowledge Completeness Evolution ,

Biomarkers associated with Brain Metastasis

e Ki-67 expression

e |ow caspase-3 expression

e high vascular endothelial growth factor C expression,
and low E-cadherin expression

Prediction Process

__________________________________________________________________________________________________

éPrediction methods to determine “similar
‘cancers” associated with the same biomarkers

e Non-small cell lung cancer (NSCLC)
. o Breast cancer
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Examples of Predictions....

Drug-Drug Interactions Adverse Drug Events

Drug Side-Effect Interactions Adverse Drug Reactions

Drug-Target Interactions Drug Effectiveness

Disease Biomarkers Disease Early Detection

Disease Mutations Disease Early Detection and Drug Effectiveness
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Future Hybrid Federated Engines

SPARQL Query Q

‘ TIB

SPARQL Query Q

Source Selection & Query Decomposition

Query Optimizer

Hybrid Execution Strategies
Microtask Manager for Experts

L

=4 RaR
=
] sParoL Experts

Query Optimizer

! 00
: Ef‘ Crows
R & Experts
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Data Integration Systems ’

Data Integration Data Integration
System System
" — — — F- - i
Data Integration Data Integration
System System
Homogeneous ‘ \ l
~ -
%A I I <t
—a SPARQL SPARQL SPARQL

K Distributed Centralized /

Existing Approaches have focused on adaptive techniques to
. support SPARQL Query Processing over RDF Data Sources
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Data Integration Systems

Heterogeneous

Homogeneous

~S~_—T
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Data Integration
System
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Data Integration
System

SPARQL

Data Integration

System
A
L
%4 I«
Distributed

~S T

a
@
o«

SPARQL

Data Integration
System

|
<

SPARQL

o o e e e e T M M M e e e e e e e G e e e mmm M e e e

Future Approaches require to be focused on techniques to
. support data and knowledge evolution of RDF Data Sources
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Future Hybrid Query Engines

00

Knowledge Curation RRR

Crowd based techniques able
to exploit “specialized
knowledge” to complete RDF
data sources.

RDF Data Sources

| oo
i
Adaptive
techniques able to adjust query
execution schedulers to current
conditions of the data sources.

query processing

4

AN

Knowledge Prediction

Knowledge discovery
techniques able to “predict
unknown facts” to complete
RDF data sources..

00

Data Curation QRR

Crowd based techniques able
to exploit “public domain”
knowledge to complete RDF data
sources.
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