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Arnoyopeleton 1 avtiypagr, anotixeucT xot Slovour| Tne Tapolcag epyastag, eEoho-
XAHEOU 1) TUAHATOS AUTHC, Yiot EUTopX6 oxord. Emtpénetan 1 avatinwor, artodrixeu-
O™} %0l BLOYOUT) YLl GXOTO U1 XEEDOOKOTUXO, EXTIUDEUTIXAC 1) EPELYNTIXNSC PUONC, LTO
NV TeolUnoVeon var avapépeTol 1) TNYT) TROEAEUOTIC Xol VAOLXTNEELTAL TO TOEOY U VUL
Epwtriuata mou agopoly 1 yeron TN epyasias Yo XEpO0OXOTIXO OXOTO TEETEL Vo
amevdivovton mpog Tov ouyypapéa. O andel xo To CUUTERAOHUATA TOU TERLEYO-
VTOL OE QUTO TO €YYEAUPO EXPEALOUV TOV CUYYQEUPEN Xou BEV TEETEL VoL EpUNVELVEl OTL
avTimpocwneLouy Tig entlonueg Véoeg tou Edvixod Metodfiou Hohuteyvelou.
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H o0yypovn tdon otov topéa Tng unyavixnic wdinong xou tng e€opuing dedouévwy
odnyel oTNY avdyxn yia XoAOTERES EMBOCELS OTA TEOBAAUATH AVOAUTIXAC ENEEEQY -
olag dueone emxowvwviog (OLAP scenarios). Ot cuyfotixéc Bdoec dedopévwy amo-
VxeuoNeC xoTd Ypouu T Xt xatd oTHAT), xaddg xou oL BAcEL YedpmY, OEV UTopoLY Va
v TATOXELWOLY IXOVOTIONTIXE OTIC ANMAUTHOELS TWV TEOBANUATOV oUTGY.

Yy epyaota auth) YeAeTdue TN dour xou TN Acttovpyla tne GQ-Fast wac Bdone
oedouévey Bactouévng oe deixtec. H GQ-Fast gtidytnxe yia var avtamoxpiveton o€ i
XATNY0plol EPWTNUATWY TOU 0VOUALOUUE “EpWTAUNTA CUCYETIOEWY”, Tot oTolol oy O-
AoUVTOL UE TNV AVIAUGCT] YRAPOY GE YOoTBa BEVTEIXWY BOUMOY XS XaL 0TOV EAEYYO
NC TEOGBacLUOTNTAC HETAUED DlAPOPMY XOUBWY. LUYXEVTRWVEL T TAEOVEXTHUOTA TNG
opYdvwone xotd othkn (column organizing), tng SeixtodéTNONG XU TNG cuunieong
OEBOUEVOV, EVE XATACKEVALEL UE EEUTVO TEOTO TUVOXES YELTVIOOTC YIol VOL LOVTEAOTIOL-
foel To dedouéva mou g divovtar. To W6ldtepo yopaxnEloTid Tng elvon 1 e€orywy
mnyolou xodixa oe C4++ Yoo xdie éva amd tor epwTAUaTa Tou emthlel. To epwThuoTa
T elvor TOAD onuavTixd Yo TNV emihuoT TEOBANUATLY avoAuTixrg eneepyaoiag
dueong emxowwviag (OLAP scenarios).

Y1oy0¢ pag etvan va tepLypdoupe Tic AelToupYixég EMEXTACELS oL Tpoc¥Ecoue oTN
GQ-Fast , xaddc xou Tic eQoappoyég mou auTég €youy otny e£Opulrn BedoUEVwY GTN
Buotatpw Bihioypaglo. o to oxond autd yenoiuomoodue 1 Bdor SeB0UEVKY Tou
exdoTixoL oixouv PubMed, enelepydlovtag to Bedouéva Tne o epaplolovTag oE oauTd
Lo oudda amd epwtidata SQL o ontola emoTEEPOLY YOI EEELYNTIXT TATEOGORIA
UE TEOTO CUPWE TO amod0TXG antd TG SLULUTIXEC PEVOBOUC TOU €YOUNE YOl VO TNV
avoxohOpoupe. Topodétouue avahuTind TelpauaTixd dedOYEVa ECTIMOUEVA OE GAAY-
AETUOPUC TIXE EPWTAUATO TTOU ATAUTOVY Toy UTATY AMOXQELOT) AVAPOELXA UE TIS ETLOOCELS
¢ GQ-Fast évavtt tng Bdone PostgreSQL, 6tav dheg ot Bdoeic elvan poptwuéveg otn
RAM 10U 50xac TX00 GUC THUATOG.

Emdewcvbouye Ti¢ Topamdve ETEXTACELS HEGW EVOS YRapo) TERBAAAOVTOS YeHoT
(User Interface) mou oyedldooye xot VAOTOMNGUUE Yio TOV QUANOUETENTY Lo TOU. MTO
TepBdAlov auto, epapuolovton dusoa ol duvatotnteg tng GQ-Fast yia tny taydtatn
aVEXTNOT TANEOYOELWY CYeTXd pe TNy Blolatew PiBAoypapio xadog xou 1 anote-
AECUATIXY ATELXOVIOY| TOUC.

AéEeic Khewdid  SQL, Relationship Queries, GQ-Fast, OLAP, C++, PubMed, Knowl-
edge Discovery, Biomedical literature, Graph Discovery, Graph Exploration



Abstract

Recent developments in the fields of Knowledge Discovery and Data Mining lead to
the need for greater perfomance in Online Analytical Processing (OLAP) scenarios. Con-
ventional databases (row stores, column stores and graph databases) are unable to meet
the expectations of modern OLAP scenarios.

We follow and extend the work on GQ-Fast , which is an indexed database that roughly
corresponds to efficient encoding of annotated adjacency lists that combines salient fea-
tures of column-based organization, indexing and compression. GQ-Fast is designed to
execute a family of SQL queries which we call relationship queries. These queries in-
volving aggregation, join, semi join, intersection and selection are a wide superset of
fixed length graph reachability queries and of tree pattern queries. We present real-world
OLAP scenarios, where efficient relationship queries are needed. For that purpose, we
use the Biomedical Datasets of PubMed[]and SemMed Pl

GQ-Fast uses a bottom-up fully pipelined query execution model, which enables (a) ag-
gressive compression (e.g., compressed bitmaps and Huffman) and (b) avoids intermedi-
ate results that consist of row IDs (which are typical in column databases). GQ-Fast com-
piles query plans into executable C++ source code. Besides achieving runtime efficiency,
GQ-Fast also reduces main memory requirements because, unlike column databases, GQ-
Fast selectively allows dense forms of compression including heavy-weight compressions,
which do not support random access.

Our aim is to contribute to the original work of GQ-Fast by adding new features and by
re-designing some of its core functionalities. Through the modifications that we propose
we are able to expand the set of supported queries and also improve runtime efficiency.
These additions allow as to accelerate new and more complex queries for PubMed’s
OLAP dashboard, offering useful scientific insight in the processing of information in
the Biomedical field. Our experiments show how GQ-Fast outperforms PostgreSQL by
24 orders of magnitude.

We present the efficiency of GQ-Fast through a Demo Browser Application that we
designed. In the User Interface of our application, we utilize GQ-Fast’s functionalitites in
order to retrieve and process useful information concerning Biomedical Literature.

Keywords SQL, Relationship Queries, GQ-Fast, OLAP, C++, PubMed, Knowledge
Discovery, Biomedical literature, Graph Exploration

"PubMed comprises more than 30 million citations for biomedical literature from MEDLINE,
life science journals, and online books.
Zhttps://skr3.nlm.nih.gov/SemMed/
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Kegdhoo 1

Eioorywy

1.1 Kivnteo

H olyypovn tdon yio amodrxeuon xa ollonoinon 6Ao xou YeyollTEpOu &YXOU
OedOUEVLY, EBWE Yo AOYOUS OTwe 1) €6pLEN BESOUEVLY Xxou 1 avalTnon Yvmorng,
odnyel oTNV avdyxn YLt xahOTERES EMBOGELS 5T TPOBAYUaTA avohuTixNg enedepyaoiag
dueonc emxowvmviac (OLAP scenarios).

H avalAtnon yvoone oe medio onwe 1 Blotatpu BiAoypagpia araitel, cuyxexpl-
péva, TN BeATioTOoNOINCT TNG EXTENEOTC EPWTNUATLY avohuTiX g enelepyaciog Tave
ot PBihoypapixolc yYpdpoug, 6Twe o yedpog Yvwone tne PubMed mou yenoiwonolo-
Ope oty epyocio auTY.

Xopaxtneio Txd ototyela autol 1o eldoug TV YEdPwY civon 6Tl oL x6ufol xon ol
OXUES TOUG UTORPOVY VAL avamapao THJoUY ¢ TAELBES TUVAXWY GE €VOL OYECLOXO Oy
wag Bdong dedouévmv. Awaxpivouue toug Tivoxeg autolg oe U0 xaTnyopleg: Toug
nivaxec Ovtothtwy (Entity tables) xouw toug Xuoyeticewv (Relationship tables), axo-
houdovtag To poviého Oviothtov-Lucyetioewy and 1 Yewpio twv Bdoswy dedo-
HEVOV.

Méow tng eméxtaong xa aélonolnong Twyv duvatotitwy tng GQ-Fast , xatopdwmvou-
UE VO EXTEAECOUPE EPWTARATO AVUALTIXNG ETEEEPYATIAC TOAD YRTYORX, ETUTEENOVTOG
EMOPEVWS T XATACKEVT| EVOC GUC THUNTOC IOV ETUTEETEL TNV GUECT) IAANAETOpCT EVOS
YeNoTn pe plor pmnyov ovalATNomg Xot AVOAUTIXAC TUEOUGAoNS YENOWNG ERELVNTIXAC
Tneogoplag. Eva onuavtind clvolo amd Tic BuvatdTnTeg aUTES ToPOUCLAlETaL OTO
BOXWACTIXG TERIBAANOY YN OTN IOV OVaTTUEAUE.



Kegdiao 2

[Teprypapr) Tou PubMed Schema

H Bdon dedopévewv PubMed odnyel oe éva oyeotoxd oyfua mou tanptdler oaxpBog
0TI TOEATAVE TEPLYROPT TOU BDOUUE Yiot EVay YRA(PO YVOONG PE OVTOTNTES (XOU-
Bouc) xau cuoyetioels (oxpés). Av xar to mporypatixd oyfua tne Pdong dedopévev
mou e&dyouvpe and to 6edopéva tne PubMed etvon mohlh clvideto, oto onueio auto
rapardéTouye Eva amhomoinNuévo oy fua To ontolo apxel Yo TI¢ Aettoupyieg Tou mopou-
oldlOVUE OTN CLUVEYELXL X EYEL WS OTOYO T1 BIEUXOAUYGT) TOU oVOLY VWO TY).

Author Doc
PK D l— PK D <
ame Title
DA DD
FK | Doc L FK | Doc
L— FK | Author FK | Disease

Disease Substance
» PK D —> PK D
Name Name
DS

FK
FK

Doc

Substance

Yynuo 2.1: To (amronomnuévo) oyhfue e Pdone PubMed.

Y10 oyfua [2.] Sxpivoupe:

1. Touc ITivaxec Ovtothtwy:

(a) Author
(b) Doc
(c) Disease

(d) Substance

2. Touc Ilivaxeg Yuoyetioewy:

(a) DA (Document - Authors)
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(b) DD (Document - Diseases)

(c) DS (Document - Substances)

Yuvohxd, to 29 exotoypdpla dptpa TOU QEUNOZEVOLVTOL GTOUC OLOXOULOTES TNG
PubMed, pall pe toug cuyypagelc xou Toug aUTOVOUOLS Gpous (ac¥éveles 1 Y-
xéc ouoiec), amoteholy g oviétnTeS Tou oyfuatoc yac. Tic ovidtnres ouvdéouy
CUYXEXPWEVEC GUOYETIOEIC TTIOU (QaivovTaL GTO Oy AU

1. Document - Authors: xd&ie eyypapr autod Tou Tivaxo AvVaTAELE TA Uilal AVTLO TOL-
ylo evog ouyypapéa ue Eva EMCTAROVIXG GEUpo.

2. Document - Diseases: xde eyypagpy| auto) ToU Tivoxa avamopio Té Uiar avTlo ToL-
ylo petol evog dpdpou xan Wiag aoVEVELNS GTNY OTola VOPERETIL.

3. Document - Substance: xdie eyypopr auTo) TOU TVOXA AVAUTUPLOTY Lol OV TL-
ototyto YeTal VO dpipou xat Ulag YNuLxig ouclag oTNnY omolo avapEpETaL.

Ye xdmota onpelo Tne gpyactag, yio ueyallTEEN anAdTnTa, ol mivaxeg Disease xou
Substance avtixoiotavton and tov mvoxa Term (o omolog nepiéyer OAn v opohoyio
¢ PubMed ywplc vo Soxpiver avdueoa oe ac¥évelee xon ynuxéc ovoteg). Xe outh
TNV nepinTwor, ol mivoxeg DD xow DS avtixadictavton and tov mivoxa DT o onolog
Tepléyel OAec Tig ouoyeTioelc uetal documents xou terms.

[I&ve oToug Tapamdve TVUXES UTOROVUE VoL GYEDLACOUUE TOAMY EVOLAPEROVTA EQPW-

TAUXTA CUGYETIONG, XU aXEIBOC AUTO XAVOUPE OTNYV ETOUEVT] EVOTNTO OTIOU TUEOUGCL-
4CoupE AMOTEAECUOTA OO TEAYHOTIXY) OVAAUGT) xou ETeEepyacior SEBOUEVWY.

11



Kegdhoo 3
(Demo UI)

Yy evotnto auth Taeouctdloude T BuvaToTNTeG Tou Tpocécaue ot GQ-Fast
HECL TNS EPOPUOYNS TOUC GE €Val BOXUAC TG GOGTNUA TTOU oV TOEUE Yiol TO (PUANO-
uetent totol. To chotnuo autd emteénet TNy avalHTnon TANEOPORLKY PECA Amd TOV
Yedpo yvwone tne PubMed, xadde xou tny anexédvion tng {nroluevne TAnpogoplag
UE TEOTIOU TOL BIEUXONDOVEL TNV AVAAUGCY| TNC.

Yuyxexpuéva, TapadETOVUE GTIYILOTUTIO OnO TIC OLAPOPES BUVATOTNTEC TOU GU-
OTAUNTOS UG OYETIXG UE TNV avallHTNOT TATNROPORLOY OYETXG UE XATOLOV GUYYQROPED,
o€ ouvduaoud () dyi) e xdmoto acVévera 1 ynuxh ovola.

3.1  Ewoyoyn Ytoyelwv yioo Avalhtnon xor Autoyotn
YUUTAYpWOT)
H apywr) oellda mou BAEnel o ypriotng 6ty avolyel TV eQopuoyT, olvetar oTny

ewova [31E

Profiling Page for Authors

Different combinations of inputs (name, disease, substance) will result to personalized visualizations

Author Name: Disease: Substances: Year: Search

Yo 3.1 Apywery oeida tne epopuoyc poc. PubMed.

O emixevipwlolue oTn TEPINTWOT YeNOoNG OTOU 0 YENCTNG EVOLUPERETOL YLal TNV
oVaXGALT TANEOPORLDY OYETIXA UE évay ouyYpapéd. TN @opua avaldTnong tng
EXOVOG UTIAEYEL AELToupYid AUTOUITNG CUUTAYWONS 1 ontola eCoptdton and T GQ-
Fast vty tayOtntd tne. o cuyxexpipéva, yia xdide TAxTeo Tou tatdel o yenotng
xotd TN ouuTAApwaoT evig Tediou, emAéyeTton (avdhoya PE TIC ElHBOUC TKV UTOROLTLY
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TediwY) To xaTdhAnho epdTNPN (EpMTNUA cuoYETIoNG Yot TN Pdon dedouévmv tne
PubMed) mou npénet vo exteheotel. [a va elvon 1o alotnua ebyenoTto, eivat amopaitnto
vo aglomoindel 1 GQ-Fast oavti yia plo oupBatinn Bdor dedoyévmy.

Profiling Page for Authors

Different combinations of inputs (name, disease, substance) will result to personalized visualizations

Author Name: | Trich Disease: Substances: Year: Search

Trichopoulou Antonial®®?
Trichopoulos D37
Trichopoulos Dimitrios8?)
Trichopoulou A2%5)
Triche T J120)
Triche Elizabeth W(®)
Triche Timothy J7%
Trichet Valérie*

T\nyl

Triche

TRICHEREAU RZY

Yyfua 3.2: Alota Autocomplete ye mdoavd aroteréopota yio To nedio Author.

Yy emxéva Broxpivoupe to e€hc:
1. O yphotne ouunifpwoe oto nedio “Author Name” to mpdiepa “Trichopoul”.

2. H eqopuoym pog (péow tou API ou yenowonotel) éotethe altnuo avtiotpopng
avalATnong pe To ahpapriuntind meddeua mou E8woe 0 YeNoTNe ot évay dla-
YEPLOTH AeELXOU TIOU €YOUUE XUTAOXEVAOEL YLal VO ATAVTE GE AUTOU TOou eidoug
TOL EPOTHUOTAL

3. Amdvinomn oto avwtépw altnuo etvon plor AloTol UE OVOUATO CUYYRUPEWY TOU
Eexwvdve e to mpdveua tou yerotn. H Aota auth elvar tavounuévn oyt ah-
Qofnuxd, ahhd Bdoel eVOC BEXTN ONUAVTIXOTNTAG. XTY) TEOXEWEVT TEQITTWOT)
OTOL BV €Y0UV GUUTANPEWUEL dhAa Tedla TN POPUIC, O BEXTNG ONUAVTIXOTNTAS
yioe évay ouyypapéa eival amAdg o apldudg TwV ONUOCIEVCEWY TOU EYEL XAVEL.

Eméyovtag and 1 Aota tov emduuntd ouyypapéa, TROYWEAUE OTT CUUTAHPKOOT
evOc dhhou bpou, OTne To Tedlo Tne aolévelas, TPOXVTTEL 1 EdvaL

Yy véa exova (3.3) daxpivoupe ta e&hc:
1. O yphotng ouunifipwoe to medlo “Disease” ue to npdieua “neopl”.

13



Profiling Page for Authors

Different combinations of inputs (name, disease, substance) will result to personalized visualizations

Author Name: | Trichopoulou Antonia Disease: | neopl Substances: Year: Search
Neoplasms'¢%)
Neoplasms, Glandular and Epithelial! 1%
Neoplasm Invasiveness'®
Neoplasm(®!
Neoplasia, Cervical Intr aep\’(heha\""‘
Neoplasm Recurrence, Local !
Neaoplasms, Second Primary!?

Neoplasms, Unknown Primary‘?)

Yyfua 3.3: Alota Autocomplete pe mioavd anoteréoyarta v To nedio Disease,
otav To medto Author eivon fon cuuTAnE®UEVO.

2. 'Onwe xau mponyoupéves, epopuoyn poc (péow tou API mou yenowomolel)
€otethe aftnua avtioTpopng avaliTnong ue to aAgopriuntixd tedveua Tou E5w-
o€ 0 YPNOTNG.

3. Emnedr| to nedio author etvon cuumAnewuévo, 1 Moo Ue T AMOTEAECUATA ATO TNV
avtiotpogn avalrtnon oto Aedixd Twv acteveldy, diveton, pall ue Tov emhey-
uévo ouyypagéa, otn GQ-Fast yia va exteheotel To xatdAANAo gpd TN TOL Vot
umohoyloel Toug Seixteg onuavTIXdTNTAG. Xe auTh TN Tepintwon, deixtng on-
HovTIXOTNTOG Yo xde acvévela etvan to TARdog Twv epgavicewy Tng ot dptpo
Tou emAeyuévou ouyypagéa. Ilapadétoupe o SQL t0 gpwtnua cUCYETIONG
TOL ETULOTEEPEL Tol AmoTEAEOUATA PE TOV {NTOVUEVO BE(XTYN ONUOVTIXOTNTOC:

SQL yia t0 gpdtNua mou emoteépel Ty Autocomplete Alota yio Tic ac¥éveiee.

SELECT d.Name, COUNT(*)
FROM DD dd
JOIN Disease d ON dd.Disease = d.Id
JOIN DA da ON dd.Doc = da.Doc
JOIN Author auth ON da.Author = auth.Id
WHERE LOWER(d.Name) LIKE 'neopla%'
AND LOWER (auth.NAME) LIKE LOWER(' Trichopoulou Antonia%")
GROUP BY sd.Id
ORDER BY COUNT DESC

Me 6ha ta amopaitnTo gupethpla yiar TNV adénon tne anddoone tne PostgreSQL
UAOTIOUNUEVOL X0 YEYCLLOTOUNUEVAL:

* Y11 PostgreSQL to mopomdve epwtnua extereiton oe: 4,742 ms.

* Y1n GQ-Fast to mapandvew epdtnuo exteieiton oe: 432 ms.

14



3.2 Ilepoyn Twv Anoteleoudtmy

And n oty Tou cuumAnedveTon Eva TEdio, auToUaTo ERPoVI{OVTOL XoU Ol TVOXES
TWYV ATOTEAECUATOV OO BLAPOEI YEHOWO EQWTAUNTA CUCYETIONS. LUYHEXQWEVA, UE
T0 oL eMAEYINXE a6 TN Mo To AUTOPATNE CUUTAHEWONS 1 oLYYpeaéac “Trichopoulou
Antonia”, epgavileton 1 exéva

Profiling Page for Authors

Di di

Author Name:  Trichopoiilou Antonia Distase:  Disese Substances: | Substances. Year:  vear Search

Result Section

Frequent Co-Authors Similar Authors
Flloame Assodations 5 i Smitaty Counter 2
Trichopoulou Antonia 609 Wang Wei. 281146
Tumina Rosario az Znang i 279168
Riboll Elio 418 Liwel 216087
Boeing Heiner 413 UYan 210831
Overvad kam 05 Wangsing 109490
Tienneland Anne as2 m 186138
< > N < > :
Diseases Substances
Cancer 482 ‘Aleohols 97
‘Cancers 482 Biomarkers 7%
Diseanes 104 Hormnes 7
Death m Hormone
‘Cancer, Breast &6 Proteins 3%
Breast Cancer 66 Biomarkers, Tumor 35
‘Substance 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
‘Alcohols
Antibodies

Biological Products
Biomarkers

Blomarkers, Tumor
Carbonydrates

Coffee

Contraceptives, Oral
Dietary Fiber

DNA

Estrogens

Fats

Fatty Acids

Folic Adid

Gonadal Steroid Hormones
Hormanes

Indicators and Reagents
Insulin

Insulin-Like Growth Factor |
Iron

Lipids

Nucleotides

Nutrients

Protelns

Receptors, Estrogen
Receptors, Progesterone
Sex Harmone-Binding Globulin
Tea

Testosterone

Vitamin D

Eyfuor 3.4: Tehnr| YeAlda tng Egopuoyric 6mou o yenotng €yel cupmhne®oel
o edlar Tou emiuuel xon eupoavilovial To ATOTEAEOUATAL.
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Yy smévoc Brémouye téooeplc mivaxeg xou €vo Heat Map. Ilo cuyxexpuuéva:

1. Frequent Co-Authors: ITpdxeiton yia Toug cuyypagelc Ue Toug omoloug €xel Gu-
vepyoaoTel mo ouyvd o cuyypagéac tou mediou Author Name. To epdtnua
GUOYETIONG OV EXTEAELTOL VLot TNV ToRXYWYT auTtoL Tou Tivoxa, o SQL, eivon
T0 e&hc:

SELECT Name, COUNT(*)
FROM Author auth JOIN DA da ON auth.Id = da.Author
JOIN DA da2 ON da.Article = da2.Article
JOIN Author auth2 ON da2.Author = auth2.Author
WHERE auth.Name = 'Trichopoulou Antonia'

GROUP BY auth2.1d
ORDER BY count DESC LIMIT 100

2. Similar Authors: Agopd Toug cuyYpaeic TOL €youV Yenoylomohoet (o€ PeYo-
Notepo mAHYoC eugavicewv) opoloyia tnv onolo yenowwonotel o emAeyuévog
ouyypagéag oTic dnpoactedoelc Tou. To oyetind epdtnua oe SQL etvon o e€n¢:

SELECT auth2.NAME, COUNT(*)
FROM Author auth JOIN DA da ON auth.Id = da.Author
JOIN DT a2s1 ON da.Doc = a2sl.Doc
JOIN DT a2s2 ON a2sl.Term = a2s2.Term
JOIN DA da2 ON a2s2.Doc = da2.Doc
JOIN Author auth2 ON da2.Author = auth2.1d
WHERE auth.NAME = 'Trichopoulou Antonia'

GROUP BY auth2.NAME
ORDER BY count DESC LIMIT 100

*Ynueiwon: €56 avtl twv mvdxwy Substance, Disease xar DD, DS, ypnotpo-
TOLUUE TO ATAOTOLNUEVO Gy OTOU UTdEy oLV Wovo ol mivaxeg Term xou DT
(Document-Term). Auté 1o oyeotoxé oyfiua goiveton oty eova [4.1]

3. Diseases: Ta nepieyoueva auToU TOU Tivoa E€oRTWVTAL Ao To TES{OL TNG POPUIC
avalAtnong mou €youy cuuminewdel. 3t yevixr teplntwon mou €yel emeyel
HOVO TO GVOUN EVOS CLYYRPEN, TOTE 1) TANpoopia Tou eugavileton apopd Tig
ac¥éveleg mou eppavilovTon To LY VA oTa devpa ToU EV AOYw CUYYEIPE. e
SQL, 10 oyetxd epwtnua cucyétiong elvon to eEAC:

SELECT d.Name, COUNT(*)

FROM Disease d JOIN DS ds on d.Id = ds.Disease
JOIN DA da on ds.Doc = da.Doc

JOIN Author auth on auth.Id = da.Author
WHERE authors.name = 'Trichopoulou Antonia'

GROUP BY d.Id
ORDER BY count desc LIMIT 100;

4. Substances: To mepieyoueva autol Tou Tivoxo e€aPTOVTUL and Tol TEdi TNS
popuoc avalATnong mou €youy cuuTAnewiel. TN Yevixn Teplntwon mou €yel
emheyel uOVO TO dvoud EVOC CUYYPUPEN, TOTE 1) TANEOGOpla TOL eupaviCEToL
apopd Tic ao¥éveleg Tou euavilovtal To cuyvd oTa dpvpa Tou €V AGYL CLY-
yeagéa. Xe SQL, 1o oyetnd epdTNU CUCYETIONS Elvon TO eENG:
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SELECT s.Name, COUNT(*)

FROM Substance s JOIN DS ds on s.Id = ds.Substance
JOIN DA sa on ds.Doc = da.Doc

JOIN Author auth on auth.Id = da.Author

WHERE auth.name = 'Trichopoulou Antonia'
GROUP BY s.Id

ORDER BY count desc LIMIT 100;

5. Heat Map: Yto Heat Map cugavilovtar ta cuyvoTtERa CUBCTAVCES TIOU EUPA-
vilovtal oTIC ONUOCLEVTELS TOU EMAEYUEVOU GUYYEUPEN Yia T TEAEUTOdA XL
yeovia. O ypowuatiopds xdde xehol (néoo évtovo elvar To ypwua o) eup-
téton and T olyxpelon Tou aptiunTikol Tou epLeyouévou (TAdoc epgavioewy
TOU €XAOTOTE 6POU OE BNUOCLEVCELS TNG AvTioToL NG Yeovide Tou opllouv ol
oThkeS Tou Tivoxa) pE Tov péco 6po e othine. Xe SQL, o epwtnua and to
omolo mpoxUTToLY oL TAneogopicc Tou Heat Map elvor to e&€¥¢:

SELECT d.Name, year, COUNT(*)
FROM Disease d JOIN DD dd on d.Id = dd.Disease
JOIN DA da on ds.Doc = da.Doc
JOIN Author auth on auth.Id = da.Author
JOIN Doc dc on da.Doc = dc.Id
WHERE auth.Name = 'Trichopoulou Antonia' AND dc.Year > 2000

GROUP BY d.Name, dc.Year
ORDER BY count desc LIMIT 100

Ewayoyn woag Actévelag: Xenowonololue ) @opua avaltnong, teoctétoviog
Tov 6po “Neoplasms” oto medlo Disease. AuTOUOTO, EVNUELWVOVTOL Ol TIVOXES TV
ATMOTEREOUATOV Xou oLYXEXEWEVEL oL Tiivaxeg Substances (3.5) o Diseases (3.6)).

Avdhoya Ue TIC TYWES TOU ELGAYEL 0 YENOTNS 0T QoOEUa avalHTNONG, TA EPOTHLOTA
Tou TEEmeL vau Teédel pa Bdom dedopévwy oe SQL umopel va yivouv mohl yeovoPopea,
(MO TWOVTAS AMAYOREUTIXT TN YEHoT Wog oudfatixAc Bdong 6edopévmy vyl TNy uU-
TooTAREN auTAC TNE egapuoyrc. Xenowonowvtag ) GQ-Fast , xatopldvouue va
UTOAOY{COUUE X0 VoL EUPAVIGOUUE OAEC TIC TUPATAVL TANROYOpRiES ot AiydTERO amd 1
deutepoheTTO, CemepvmvTag €Tol oe TayUTnTa TN PostgreSQL €we xou 10 gopéc.
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Substances

Substance
Alcohols
Biomarkers
Nutrients
Indicators
Nutrient

Olive Oil

Mal Niliva

Counter

15

Yyuar 3.5: O mivaxag ue Tig oyeTiég yNUixég ouoleg, UETA TNV avavEwoT) TNg
oeMidog eCoutiog TG mpooUxng Tou 6pou “neoplasms” 6To GYETXG TEDIO TNG

popuac avalHTnomne.

Diseases

Disease

Neoplasms

Cancer

Cancers

Death

Cardiovascular Diseases

Diseases

Counter

65

63

63

18

18

17

11 v

Yyfuo 3.6: O mivaxog pe i oyeTinéc aoVEVELES, UETA TNV AVAVEWOT) TNG Ot-
Adag e€outiag g mpoo¥rxng Tou dpou “neoplasms” oTo oyeTind TEdiO TNG

popuag avalHTnomng.
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Kegdhoo 4

Teyvoloyiod Troladpo

[Mahawdtepa, to cuothpata Avolutixre Enelepyaoioac twv Aedopévewy (Online An-
alytical Processing — OLAP) aneudivoviav oe SQL epwthuata ndve oe xOBouc de-
Bopévwy, N TAneoopiol TwV omolwv opyavohveTtow o oyfua Actépa (Star schema)
7 Xwovovipddac (Snowflake schema) [7,[28]. To tekeutaior ypdvia woTt6C0, ToPATH-
polVTAL TOAEG TEQITTAOOELS TEOPBANUATWY OTOU Ta BEBOUEVI OPYUVOVOVTUL GE EVAY
Yedpo, omwe tar dixtua aodevelny xou papudxwy ) [16L17] ta xowvwvind dixtua [30].
M véar yewid naxétov Luyxptuxic Ilpotunonoinone (Benchmarks), 6nwe to Mi-
crosoft Academic Graph (MAG) Benchmark xo to Berkeley Big Data Benchmark [26]]
[24]], xadioTo0V Cagr| TN SLdxplon AVIUECH GTA OEBOUEVA IOV AVATUEIC TUVTOL UE T1)
Hop®Y| Yedpou xo Twv xVPwv 6edopévmy. To cuyxexpuévo Taxéta BEBOUEVHDV ol
CUYXELTIXAC TpoTuToToNoNG, XM xat TOMAG dhAa, avixouv GT1n XATNyoplo TwY
<Typed Graphs>, dnAadn ot xéufol xou oL oxuég Tou oyeTol Yedpou oyetilovta ue
TUTOUC BEBOPEVMVY TOU Elval X TWV TEOTERWY Yvwotol. H avdyxr yio SQL epwthuota
AVOAUTIXTE PUOTG T8VL OE TETOLOUC YRAPOUS QUEAVETOL CUVEYMS. XAROXTNEIOTIXO
ToEABELYUa TETOOL TROPBAAUATOC anoTeAel 1) €0peaT cUOYETILOUEVWY ACVEVELDY O
€va BixTuo acVevelnv-gapudxwy. Ot cupBatixég teyvoroyieg Twv OLAP cuctrudtony
0ev umopolV VoL BLIYEIPLOTOLY amOBOTIXE TG OMOUTACELS TOU TEPLYPAPOUUE OLOTL OEV
€youv Behtiotomoinlel OoTe Vo avoxahOTTOUY HOVOTIATIOL UETAED TWY OVTIOTATWY EVOS
Yedpou [8,9].

H Ynuaoctio tou Xyruoatog  T'a vo peretAcouue ta ouo thuato OLAP tou e&unnpe-
ToUV SQL epwthuata Tdvew G YEdPous, TEETEL VO ORICOUUE TNV AVATUQRJC TUOT) TOV
<typed graphs> (yvooTtdv xat wg Yedgpwy e oyfua) oe pla Bdon dedopévemv SQL. O
AOUPOL %ol Ol AXPES AUTWY TWV YRAPNUITWY UTOROLY Vo avamapao Tadoly ¢ TAELIOES
TWVAXWY GE Eva OYECLaxd Oy AU pLoc Bdong dedouévmy. Katnyoplomoolue toug mivo-
xe¢ auTolg og BVo xatnyopieg: mivoxeg OvrtotAtwy (Entity tables) xou Yuoyeticewy
(Relationship tables), axohovdwvtag to poviého Oviothtwy-Yuoyetioewy and tn Ve-
wpela Twv Bdoewy dedopévmy. Evolapepduaote xuplng Yo Tivaxeg Suadixwmy GYECEWY.
Kdie nivaxac ovtotitwy €yel éva mpomTebov xAedl, eved xdide mivoxag cuoyeTioEwY
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Entity tables

Author Doc Term
— ID ID ID
Name Title Name

Relationship tables

DA DT
Doc Doc
Author Term
Fre
(a) Schema

Yyfua 4.1: Tlepotalpew amhonoinon tng Bdong PubMed. Avti tou dioywetouol
UETAED AGVEVELDY XOL YUY OUCLOY, ETAEYOUNE VoL XPAUTHOOUUE OGAOUC TOUG
6pouc (MeSH Terms) oe évay nivoxo Term. Moall ye 1o oyfua tne Bdong (o)
olvetar xar o avtioTolyog Yedpog (B) Kdélde nivaxoc ovtotitwy avtiotoryet
o€ évay T0mo xOuPwy, eve xdlde Tivoxag cucyEtiong avtioTolyel o Evay TUTOo
oY (ou cuVBEoLY B0 xopPouc) [21].

otord€tel BVo eEwTepind *AEWLd Tor omolar Belyvouy e TEWTEVOV XAEWl EVOC Thvoxa
ovtottwv. Eva typed graph mpoxinter avtiotoryiCovtag xdie nivaxo oviotitwy o
€vol 6UVOAO xOuPwv, xou xdle mivaxa cuoyetioewy oe éva alvolo axuody yetald 500
xOouBwyv. o topdderypo, oto LyAua 1 (o) Sraxpivovion peptxol mivoxes oviothtoy
xou cuoyetioewy and ) Bdon dedopévewv tne PubMed xau oto yAua 1 (B) goiveton
o oyetwxog “typed graph”. Ou mheddeg tou nivaxa cuoyétione DT avanopio tovton we
oxpéc uetol evog Document (mhetddo/ovtétnto Tou mivaxa ovtothtey Doc) xou evée
Term (mhewddo/ovtdTnta Tou nivoxo ovtotitwy Term).

EeowtAuata Yuoyetiong  Ilpdxetton yior pior ooyévela epotnudtwy to onola xa-
ANOTTOUY TOAAEG avdyxeg avohuTixig enelepyaciag oe BeBOPEVA YRUPTUATWY KoL, ETIL-
npoc¥étne, emdéyovial Bertiotonoinom mou ayyilel oxouo xan TdEelc ueyEédoug xo-
ANotepn ToyUTnTa extéheonc. ‘Eva epdtnuo cuoyétiong, ouolaotixd extelel Sldoylon
evog “typed graph”, mporypotomoldvTag tapdAAnia €vor alvoho and Aettoupyieg. H
Odoylon Eexwvd amd TIC EVOPXTAPLEG OVIOTNTEG XOL XATUANYEL OTIC OVIOTNTEG TEPUO-
Tilopoy (61O Pe ToV 6p0 OVIOTNTES AVAPEROUUCTE TAVTOYPOVA X OE TAEWEOES EVHC
mivaal OVTOTATOY 0AAG o o€ xouPBous Tou Yedpou). Avenionua, évo epGTNUA GU-
oyétiong anoteieiton and Tl oTddIAL:

1. Trohoyiopog Evopxthipuwy Ovtothtwy (Context Computation) : ovaryvoplor -
VOG GUVOAOU OVTOTATWY TOU IXAVOTOL00Y XATOLL XQLTHELA TOU BIVEL O YeHoTNS.

2. IThofynomn otov I'pdgo (Path Navigation) : Ilepuiynomn tou ypdgou, Eextvavtog
Amo TG EVOPXTNPIEC OVIOTNTEC TOU TRONYOUUEVOL BAUNTOC %ot axoAoLImVTAS
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Tic oxpéc mou optlouy ol oyectoxol Tivaxes 6Tav e@apuélovTon AELTOVEYIES GU-
VEVOWOTC.

3. Yuvadpoion twv Awdpounyv (Path Aggregation) : H onuacio twv oviotitwy
TEQUATIONOU UETAUPEALETOL WG UETELXT 1) OTOlo TEOXOTTEL OO TNV EQPUPUOYT| CU-
Vo poLo TIXWY CUVIPTACEMY GTOL YVREIoUATa TwV 0VTOTATWY (TAELddec-xouPol)
oL GUVOVTHINXAY %AT TN BLACYIOT TOU EXACTOTE UOVOTUTION GTOV YEAPO.

To péen (1) xou (3) etvon mpoowpetind. Ta epwtiuata cuoyetioewy €youy Wialtepn
o&la oty avdAuoT yedpny (graph analytics) xou GUVAVTOVTOL TOAD GUY VA GE EQEUVT-
Tixd meoPAuoTa. Evo yopoxTnelo Tind EpMTNUA GUCYETIONG 0TO OTol0 ATAVTYEL TO
ocUotnua mou Va TeplyedPouue ot cuvEyel, elvar To e€Ac: évag yehotng avalntd
€yyeaga d; mou elvon Topouola Ye Eva 6oUEY Eyypapo dy TOU ExEl TEMTEVOV XAELDL
(ID) d*P otov yedwo yvaorne e PubMed. Exgpdlouye tnv opotdtnto petofl 8o
OTIOLOVONTOTE €Y YRAPWY WS TO TARYOC TV dpwv (terms) mou elvor xowol xot ot 80O
€yypaga, onhady) To TAdoc twv povoratiwy ye xouBouc Doc — Term — Doc, ta
omola Eextvoly amd To €YYo dy XAl XATIAYOLY OE XATOLO €YYEUpO d;.

Query SD (Similar Documents).

SELECT dt2.Doc, COUNT(*) AS similarity
FROM DT dt1 JOIN DT dt2 ON dtl.Term = dt2.Term

WHERE dt1.Doc = dfP
GROUP BY dt2.Doc

To epwtnua SD etvor éva amhoé epwtnua cucyétiong To onolo daoy(lel Tov Ypdpo
yvoone tne PubMed xon eapuoéler pla cuvadpolo i cuvdetnon utohoyiopod Tou
mARdouC TV SlpopeTixy povoratwy  [21]. Xt ouvéyewr Yo Tapouctdoouye o
cUVUETA o AMAUTNTIXG EpTHUTA cuoyeTioewy. Eivon d0oxolo va anaviniel anodo-
TIXG OXOUT] X0 AUTO TO AMAG EQMOTNUA cUoYETIONG e€antiog Tou peyédoug Tou Yedpou
¢ PubMed: mepinou 30 exatoupdpla xOuol xou €vor SIGEXATOUMURLO AXUES YE AEXETH
YVwplopato 6TIC TAEWIOES Tou Toug avTioTolyolyv. Aodeione tng avaAutixic @oong
TWV EEWTNUATOY cuoyeTicewy, ol column-oriented Bdoeic dedOPEVLVY elvor TOAD O
anodoTixég and Tic Bdoelg row-stores xou graph databases. Axourn xou t6TE, OUwC, N
emtevyVelon enldoon BeV AVTATOXPIVETAL OTIC ATMAUTACEL TV EPOTNUATWY Tou Yivo-
vow Lovtavd oe dladpaotixég egopuoyéc. To epdtnua SD ypeeidleton 61.6 xon 19.17
OeuTEPONETTA Yia Vo exTEAEC TEL, avtioTolya, ot column-oriented Bdoeic Bedouévmy
Monet DB xou Vertica, v yur otn Bdon PostgreSQL (row-stores) ypeidleton 741.2
deutepdienta o ot Bdon dedouévmv yia yedpouc Neodj 49.3 deutepdienta [21]-
oty Oheg ol Bdoelc BEBOPEVLY TEEYOLY OTY AMOXAEIG TG oTn uvAun RAM. Ou e-
TUWOOGELS AUTEC YELPOTEPELOUY TOAY OTOY TOL LOVOTIATIL GUVEVGWOTNC €Y 0UY UEYOADTERO
UA%og %o oL GLVAIEOLG TIXES CUVIRTHCELS YENOUOTOL0Y TOMAES oo TIG WBLOTNTES O
OVOXTOVTOL XATE UHAXOS TV LOVOTIOTIWV, 1) 0XOUOL XL OTUY OL EVIPXTHPIEC OVTIOTNTES
TepLYpdpovIaL amd TIC WLOTNTEC TOUG avTl TOU TEMTEVOVTOS XAEWDIOU TOU GYETXOU
Tivoxa OVTOTATOV.
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1 Byte-aligned Compressed Bltmap > Huffman Encoding

élookup offset array fragment byte array lookup offset arrayfragment byte array

DT.Doc DT.Term DT. Fre DT.Term DT.Doc DT.Fre!

.,.-l'r'{""j 5 : . y =
5116 o — Fat1.Fre \5\ 528 if '
; 7 "‘x\:s\ i

p, i

P

117 S? =

Index IDT .Doc Index IDT .Term

7

Yy 4.2: Hopdderypa Tunudtov xo tne enelepyaoiog Toug yia TNy extéhe-
on tou gpwThUatog SD. To TUAUUTO: T 7ermO poc=116 DT %A T pre0 poc=116 DT
xwoxomoolvton ue Bit-Aligned Compressed Array xon Kwdwonoinon Huffman,
avticTolya.

GQ-Fast H GQ-Fast anodnxelet xou enelepydleton pbvo deixteg — dev aoyoleltan
UE TNV ayr) TANEOQOpia TwV AOYIX®Y TVEXwWY. O BLayElplo TS TOU GUC TAUATOS EXEL
™ Suvartdtnta v opTtdaoet wa oyéon R(CY, Cy, ..., Cp) xon vo dnh@oeL ta eupeThpta
TOL TEETEL VO XATACHEVAGTOVY Yol xdle TpwTelwy 1) e€wtepind xhewi C, yenoiuo-
TOLWVTAS UTO TO XAeWl wg medlo eupetnplonoinong. ¢ anotéhecua 1 GQ-Fast Ja
dnutovpynoet o evpeThpta Zr.c. £10 Ly fua 9.2 Sroxpivovta ot 600 deixtec ZpT . Doc
%ot ZDT Term TOU AVTIOTOLYOUV 0T V0 e€mtepind xhetdid tou mivaxa DT. H Siadixo-
olo NG xaTaoxELNC XAl yenoonoione Twv evpetneiwy e GQ-Fast meplypdpeton
OVOAUTIXG OTO XEPGNOLO

Katd tnv extéheon), o enclepyaotrc cpwtnudtony e GQ-Fast do yenowonoioet
T0 oyeTixd gUpETAPLO xoTd TNV avalTnoT (tne Tpofolfc Twv) TAEWdwY e oyéong
R mou éyouv tny wwotnta C = c. TNo mapdderyua, 0 €upethplo ZpT.Doc UTOPEL Vo
yenotporomdel yio va Beedoly ot bpol tou oyetilovtar ye to €yypapo 116 (dnhadt
v e@appooTel 1 axdroudn cuvdptnon e oyeotaxic dAYEBEOC: (TTermODoc=116DT),
1 vt va Beetolv ta Lebym 6pou xaw cuyvoTntog nou oyetilovion Ue To €yypopo 116,
( TTerm, FreODoc=116DT).

Eocwrtepind, éva eupetrpto tne GQ-Fast €yet 800 oxéhn: évay nivaxa avalhtnong
xan éva ovoho amd tpfuate.  Mnopolue vo Yewphioouue, ywplc PAIBN g yevi-
xotnTog, 6Tt n C1 elvon n oThAN Tou avtioTolyel 6To medio evpetnplonoinong. Tote,
v xde othdn Cj € {Ca,...,Cp} xan yioo xdde tun t € Cp undpyel éva turuo
7,00, =t(R), 10 omolo Biotnpel TNV apyx| oEd TwY TWOV TG avTloTolyNe TAEL-
ddoc. Xto Myrfuo TO TUAUY TTermODoc=116DT (pe nepieydueva 28, 66, xhm.) xau

22



T0 TUAUA TRreODoc=116DT (Ue mepLeySuUEVa 6, 3, XATT.) TEPLEYOLY TIC THIES TWV GpLV
X0l TV CLYVOTATWY, avtloTolya, yio To €yypapo pe ID 116.

[N var pewnoet T xatavdhwon yweou oto cuotnua, 1 GQ-Fast urnopel va cuumiéoet
autdvopa xde Ypoavouo. H wbiaitepn mopatienon niow and 1 cupnieon twv Ypou-
oudTwY, elval 0Tl OTAV €val EPWTNHA CUCYETIONG AmoxTd TedoPaon ot €va Ypaloua,
umopolue va elpacte olyoupol Tt Gha Tor dedouéva Tou Yo yenowonondoly o, xot’
EMEXTUOT), OEV UTAEYEL ovdryxT yia Tuyaio mpoonéhaon (Random Access) oe xdmoto
Ypodoua - YEYOVOC TOU EMUTEETEL T1 XWOIXOTOINCT TwV VeauoUdTwy Ye UeYdro Badud
oupnieong, 6w n xwdwonoinon Huffman. Yo onuceio autéd onueidvouyue 611 0 uéye-
Yog evic ouvndiopévou Ypadopotog eivar oyeTxd uxped (oe olYXplon Ye T oYETXY
oThAN) xou uropel vo yweéoet atny L1 ¥, otn yewpdtepn nepintwor, otny L2 nepioyn
e npoowpvic uvhune (Cache). H anoxwdwonoinon enopévoe dev emPBpadivel tny
exTENEDT) UE TOMNATAES avopopég ot uviun RAM.

Aodeiong plag Twrg 1 omolo avapépeton o Wla OTAAN Lot TNV omtola UTdEYEL EU-
PETAPLO, 0 OYeTIXO Tivaxag avalATnong meEnel va Sldétel Evay Belxtn yia To xdie
oxeTxd Ypavoua, woll ye to uéyedog tou Ypadopatoc. Evag mivoxac avalAtnong
umopel var XoToXeVOO TEL U TOMNOUG TPOTOUE (T.y. UE EVOV TVaXO XAUTUXEQUATIOUO-
0). H GQ-Fast xdvel owovopio yhpou xot Ypbvou xataoxeudlovTos Toug TVIXES
avalATNONS WS YEAUUUXOUE TIVOXES TTOU YeNOHOTOOVY TNV LTOVEST, TOU TUXVOU ava-
YVweloTixoL xhedol (dense ID assumption), GOU@@VOL UE TNV OTOLOL TOL VLY VWELO TIX
(IDs) evée mivoxa ovtotitwv etvor Sladoytxol axépatot, Eextvoviag and to 0. Bdoet
auTAC TG unodeong, Ao Ta Ypadouata Tou (Blou TUTOLU UToEOLY Vo xaToywen oLy
dladoyixd oe évav mivaxa wg e€Rc: évag Tivaxag ovalATNong Yo Evol EUPETHELO TTAvVe
oto medio R.Cy ebvan évac dodidotatoc nivaxac I ¢, veyédouc v X (n — 1), 6mou v
10 TAY00g TV povadixwy Twov oty oThAn R.Cy xaw n 1o mAfdog twv otnhev ot
oyéon R. H dietiuvon exxivnong evog tpiuatocmo; ooy =¢ (R) anodnxedetu otn ¥éon
Tr.c, [t]][J — 1] xon to péyedde tou unohoyileton Bdoet tne opyixic Stebuvone xon Tou
EMOUEVOL TUAUATOC.

Enelepyaocia Epwtnudtov  H GQ-Fast tpéyet amoxelo tixd mévw oe deixtes, yen-
OLUOTIOLWVTAS APYLTEXTOVIXT] CWAAVWOTNE ot Aoyixi| bottom-up yia vo amo@iyel To
HEYAAhO U€yeog TV EVOLIUECWY anoTeAEoUdTwY. Emnpdoleta, eniotoatedel tia yev-
VATEL CH4 (OOXAL YL TOL TAGVAL EXTEAECTIC TWOV EQOTNUATWY.

Xopax TNELGTIXG TTUEABELYUO TWV TOQUTAVE ATOTEAEL O XMBLXOE TOL TUPAYETOL Vi TO
epodtnue SD, to omnolo yenotuonotel tov tivaxa DT ye tic othrec Document (0n othiin)
xou Term (1n othAAn). Ltic ypoupéc 2-4 n GQ-Fast ypnowponotel to eupetploZpT . Doc
YLor voL BpeL TO TUAUO TTermODoc=116 (DT +—dt1) tne otiing Terms, Eexwvidvtog amd
Véon Ipr.Doc [116][1] pe uéyeVoc laer Term - H GQ-Fast anoxwmdonolel to tphue otov
(10N oplopévo) mivaxar Ader Term XU ETMOTEEPEL TO TARYOC TWV OTOLYEIWVNAL Term -
Y ouvéyea (yveoppée 5-9), yioa xdde term ID vgg1 Term € Adtl Term , | GQ-Fast
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Generated Code: O x®owxag oc C++ mou mapdyetan yio To Query SD

1 R+ 0
2 -thl.Terrn < IDT.DOC[116][1]
3 ldtl.Term — IDT.DOC[116 + 1][1] — fdtl.Term

Adtl.Ternh Ndt1.Term < deCOdeBB(]:dtl.Termu ldtl.Term)
for i + O to Ndtl. Term — 1 do

=

5
6 Vdt1l. Term € Adtl.Term [2]
7 fdt2.Doc — IDT.Term [Udtl.Term] [0]
8 ldtZ.Doc A IDT.Term [Udtl.Term + 1] [O] — fdtQ.Doc
9 | Adi2.Doc; Ndi2.0oc < decode BB(Fus2 poc; lat2.Doc)
10 for j < 0 to ng2.poc — 1 do
1 L Vat2.Doc < Adt2.Doc[J]
R[UdtQ.Doc] < 7Q[UdtzDoc] + 1

13 return R

YENOWOTOLEL TO EVPETAPLO DT Term YL VA Ppel Tor TpAuato Tou Tivoxa AoguUUEVTS
Tdt2.DocOdt2. Term=v4t1. Term (DTHdtz) EexvmvTag and ™m ’BéGT} IDT. Term [Udtl.Term] [0}
(BA. . To TuAoTo TOU TEOXVTTOLY ATOXMOXOTOLVVTAL GTOV Tvaxo Adt2 Doc -
Téhog, n GQ-Fast ehéyyel oha ta tunuate Tou mivaxa Documents yio var eviuepnoet
tov mivoxor R (ypoppée 11-12), o omolog mepiéyet tn tehn| T (amotéleoya tou
epwTAUaToC) Yo xde €yypagpo (Document).
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Kegdhowo 5

[Teploptopol tne Apyunc "Exdoonc
e GQ-Fast

[Mopd 0 peydhn toybtnTa extéleong, n apywt| éxdoor tne GQ-Fast didete me-
CLOPLOUEVES AELTOVRY(EC Xou, XoT’ EMEXTACT), OEV UTOPOUGE VoL UTOGTNRIEEL TO GUVOAO
TWV EPWTNUATOY TOU YEElOUACTE (OOTE VA QTIGEOVUE EQPUPUOYES OTWE AUTH TOU
avantOiope Topandvw. TTo cuyxexpéva, To epwTAUATH TOU HTay BuVATO Vo enedep-
yoaotel Oev umopovoay va yenowonooLy toug 6poug “IN” o “HAVING” tng SQL,
eved 0 1 cuvixn Tou 6pou “WHERE” 8ev unopoloe vo mepléyel Tdvew ond Evay
OLapopeTIXd mivaxa.

[InyY) Twv meploploumy autey NTav 1 apyttextovix Tne GQ-Fast . Avalutixdtepa,
éva epdTNUA SQL TeEnel opynd Vo UETOCY NUATIOTEL OE BEVTEIXT] LORPT| OYECLAXNC
ShyeBpoc (rapadelypato autic TS Lopgrc ebvor To RQNAE| OEVTOO TWV TEWTOTUTILY
EPWTNUATOY TOU BITUTMVOUE apybTepa 0Ty epyaoia, 6mwe To oyfual6.1]). Axolo-
Owg, éva vrnompdypopua e GQ-Fast mou ovopdletar RQNA Normalizer gpovtilel
va Bedtiotonotioet 1o RQNA 6€vTpo BAoel X3mowwy XavovemY Tou €YOUUE XTUGKEUIOEL
(mapbpola ye tn Aettovpyior TV optimizers towv Bdocwy dedouévwy). XTn cUVEYEL,
1 OEVTEWXT LOPPT| METAOY NUATICETOL OE PUOLXA TAGVAL, To OTIolol AMOTEAOVVTOL O Uil
MoTo (QUOLXWY TEAEGTWY oL oTtoloL apYOTERA AVTIoTOLYLOVTOL UE CUYXEXPUIEVOL XOou-
pdtior amd xddwar C++ (péow evée unonpoypdupatoc touv Aéyetar Code Generator,
TEPLOGOTERES TANPOYORIES OYETWXE UE TOV alyopriuo e Bradaciog oTov olyopLd-
wo: [3). Ovurdpyovrec puoot teheotéc dev umopolv va teptypdouy Tig amapaltnTeg
eVEPYELES Ylal Eva GUVIETO EPWTNHA CUCYETIONG, OTWS TA EPWTHUNTA TOU SOXUUC TIXOU
UG TAUOTOS TIOL TIEPLY PAPUE TUPATAVE.

Xoplc va enextadolye oe Aemtopépelee Tne Aettovpylag ¥ Tng vAomolnchc Toug,
QVUPEPOUUE CLUVOTITIXA TOUC PUOIXOUE TEAEOTES TNg apy i €xdoong tng GQ-Fast :

'H ypoppoatind tiow and tic exgppdoeic RQNA goiveton 6to oyfuo
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Selection Operator

Join & Semi Join Operator

Threading Operator

» Aggregation Operator

Hepioodtepec AeMTOPERELES Yol T DoY) X0 TN AELTOUYIA TWV PUOLXW TEAECTWYV TNG

GQ-Fast Bploxovtow otny evotnta

Join Operator O teheotric cuvévwong petoppdletar TpaxTixd and To PUod TAGVO
extéleong w¢ uio dout| enavdindne (for loop) mdve oTic TYES xdmota YeTOBANTAS Tou
Eyel yivel dldéotun o ®AmMOl0 TEONYOLUUEVO GTAOLO TOU QUGLIXOU TAGVOL amd Evay
drhov tereoty| (Select, Project). Eneidr) o tehindg x®dxag mou tapdyeTton anoTeAelton
OUCLAOTIXG a6 Bladoyxd pwlacuévoug Pedyoug, dev urtootneiletar 1 Onapln evog
teheoth) emhoyrg (Select) uetd and xdmoto Join. YUVETKOC, GE XATOLO EQOTNUO HUVATL
Vo UTdpyel Wovo évag teleoThc Select xan, enopéveme, emTEENETUL 0 XAYOpPIOUOS TV
WOV (U€ow hoyix®v ouvinxdv) wévo oe évav mivoxo tne Bdone. Autd onuaivet
OLCLICTIXG OTL VOl EPWTNHUA OTWE TO TAUPAXYTL OEV UTOREL Vo amarvTriet:

Query SDY (Similar Documents in a specific Year). To epdtnua SDY Aettoupyel
oxpBOC OTwe o epd TN SD Tou Blatunwooue vwpeltepa, Ue T Slopopd OTL 0 YeNoTng
xadopllel molo ypovid meénel vo €youv dnupooteudel Tar dpdpa TV ATOTENEOUATWY
(péow e TopAmdve TOEUUETEO).

SELECT dt2.Doc, COUNT(*) AS similarity

FROM DT dt1

JOIN DT dt2 ON dtl1.Term = dt2.Term
JOIN Doc d AS d ON dt2.Doc = d.Id

WHERE dt1.Doc = d{P’ AND d.year = yearg
GROUP BY dt2.Doc
ORDER BY similarity DESC

HHohuvnudtwon: O guoixdg tekeathc mou diédete n GQ-Fast yia va eiodyel 670
puoixd Thdvo multi-threaded xouxa (Threading Operator) AToy XATOUGHEVACUEVOS UE
TETOLO TPOTO WOTE 1) UETABAUOT A LOVOVNUATIX OE TOAUVNUATIXT EXTEAECT) VoL ETL-
TEEMETOL WOVO PETA To evapxThpto Selection (Selection Operator). Autdc o neploploudg
elvor TOA) GNUAVTIXGS Yol TIC ETUBOCELS TWV EQWTNUATWY, WOTOGO BEV EMNEEACEL TIg
ouvatétnteg e GQ-Fast .

Egapupoyy Aoyixdv Exgedocwv:  Evag and toug Baoixois teptoptopois, Aoy n
EMNAEUYN €VOC TENEOTH TOU ETUTEENEL TNV EQUPUOYT WS AOYIXTE CUVIXNG oVaUESH
ota oLdoyxd Join Operators Tou QuUGIXO) TAdVOL. XaEUXTNELOTIXG TUEABELYUA EVOS
EpWTAUNTOC Tou ypeewdleton TN duvatotnTa auth elvar 1 mepinTtworn tTou SDY otav
Uéhoupe va amoxheloovye and tov mivaxa dt2 xdmolo cuyxexpwévo Term (ondte Vo
npocVétoue oto Where clause : AND dt2.Term !=Id;).
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Kegdhowo 6

Néot Puowxol TeleoTéc

To Pooixdtepo pépoc TV ahhaywy otn dour xau tn Asttoupyia tng GQ-Fast [o-
olletar mdvew otn Tpocxn Twy tehect@y: Hash Join Operator & On-The-Fly Select
Operator. ITopoxdtey avahboupe Toug TEAEGTEC AUTOVC Xou BIVOUUE TORUBELY AT TRV
OUVITOTATWY TEOGPEQOLV.

6.1 O Tekeotric Hash Join

Méypr twpa, éva RQNA 8évtpo emitpendtay va €yel uévo évay Selection Operator,
o omolog Bploxeton VIO 0TO «AUPLOTEPOTERO PUANOY Tou Bévtpou. Me tov Hash
Join Operator emitpénouvye tnv Onapsn xou dAAwY Selection Operators. H Aoy niow
anéd auTy TNV duvatotnTa etvor 1) €€Xc: To RQNA subtree mou mepiéyel tov Selection
Operator ywpiletar and t0 undhoino d€vipo xou umohoyiletar Eeywpelotd. O¢touye
¢ plla og autd To UTEdEVTEO Tov Teheotr) Hash Map Operator mou @Tidope xou
ovclaoTixd utohoyilel ta tuples mou mEéneL Vo GUUPETEYOUY GTO Join UE To aploTERD
un6deEVTEO Tou xevtpol RQNA Sévtpou, xou tor anodnxeder oe éva Hash Map (o
UTOAOYIOUOC aUTOS YivETOL TEOTOU EEXVAOEL 1) EXTEAEDT] TOU XLl BEVTPOL oL €TOL
AOveton To TEOBANUA Vo Yivouy 6hot autol ol utohoyiopol péca ota pwitacuéva for
loops tou xuplwe RQNA &évtpou).

Arnotéheopo tou Hash Join Operator eivar 1 untoothpiln epwtnudtwy 6twe to SDY
ToL TEPLYpdPopE TopANdVE. XTO oYU napouctdlouue to RQNA 8évtpo, v
oaxohoudel 1 MoTta e TO QUOIXO TAGVO EXTEAEOTC.

SELECTION OPERATOR (DY) - d.Year
JOIN OPERATOR (DY) - Dummy join for Selection
HASHMAP OPERATOR (DY) - key:d.Doc

SELECTION OPERATOR (SD) - dt1.Doc

JOIN OPERATOR (SD) - Dummy join for Selection
THREADING OPERATOR (SD)

JOIN OPERATOR (SD) - dt1.Term = dt2.Term

HASH JOIN OPERATOR (SDY) - dt1.Doc = d.Doc in HashMap
AGGREGATION OPERATOR (SD) - dt2.Doc; Count(¥)
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Aggregation ; dt2.Doc; Count(*)

Join : di1.Term = di2. Term

Project : dt1.Term

Hash Join : dt2 Doc = d.Doc

Select: di1.Doc = user_parameter_doc Project : d.Doc, d.Year

Project : dt2. Doc, dt2. Term /

Rename ; di2 eq DT Select: d.Year = user_parameter_year

Rename : di1 eq DT /

Rename . d eq Doc

Yyfua 6.1: To dévtpo RQNA tou epwthuatog SDY.

Eneiot] n extéheon tou guowo) TAdvou Yo xdde UTOdEVTEO Tou TepLEyEL Selection
Operator Sioywpeileton and to xevipxé RQNA Tree, elvor onuavtixd va umdpyet Wi
Aertoupyior Tou avaryvepilel TOlEC UETABANTES TOU «YWEICUEVOUY TAGVOU EXTEAEOTG
TEEMEL Vo <ETPLOCOUVY xou vor amoUnxeutel 1 T Toug oe xatdAinio Hash Map.
[ t0 AoYo autod, avdueoa oto otddia tou Physical Planner xau tou Code Generator
npoc¥éoaue tov Hash Table Virtualizer, évo unompdypoupa mou xdvel axpBos auty
™ BoUAELd, eved ppovtilel va Biver povadixd (exovind) ovouato 6T UETOPBANTES o
uetapépel oto Hash Map xdie unddevtpou mou eviyvetan ue 1o xupiwe RQNA Tree ye
Hash Join, ®ote vo unv undipyouv cuYxpoUGEL OVOUAT®WY GTO TEAOG.

Mol ye tov Hash Join Operator, avantO&aue xat tov Hash Semi Join Operator, ye
v Bl Aoy mou urtdpyel oty SQL t660 o Join 660 xou o Semi Join tekeoTrC.

‘Evac apyttextovinds TEpLoplopog, elvar 6TL 6Ty UAOToINoT Yag Sev EMTEENOVTOL
pwhioouévo Hash Join Operators. Edv évag x6ufoc tou RQNA Tree €yet tn mpdén tng
ouvévwong (Join), xar apydTERA ovary vweloTel auTy N medén w¢ éva Hash Join, téte
0EV ETUTEETETOL VoL YiveL To {010 xou o€ xdmotov xouBo-tawdl autol Tou xoufou.

6.2 O Tekeotric On-The-Fly-Select

O tekeotrc autdc umopel var TopeUSAAAETOL OE OTOLOONTOTE ONUEID TWV PUOIXWY
TAGVV xan vou eladyet o Aoy cuvinxn (Yo tov xoddxa oe C++ autd petappdleto
o pa dout) emhoyhc). Me tov teheots| autd netuyaivoupe 800 TEdypoTo:
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* Emtpénovton mopomdve amd pio hoyxés cuvihixeg oto @uaxd mAdvo. Méypl
TedTIvVOG, uovo o Selection Operator unoothple TNV Onapn hoynhAc cuvIAxNg
xaL 6ev YvoTay va yenotponoindel Topd povo oTny opyY| TOU QUOLXOU TAGYOU.
Axéua o pe tov Hash Join Operator, dev elvon mpaxtind vo daywpeileton €va
xoupdtt and To RQNA Tree xau vo emiotpateleton €vor ohdxhneo Hash Map yio
va etooy Vel po amAr) cuvirnn eréyyou. Enlong, oe avtiVeon e tov Selection
Operator, 1 hoywr cuviixn unopel vo eivoan 660 cLVIeT elvar omolad|ToTe
ouvirxn oc SQL.

* Aivouye 1 duvatotnta otov RQNA Normalizer va tontoVethoel tn hoyixr) cuv-
0fxn tou RQNA 8évtpou otn Bértiotn (yio T0 Quoxd mhdvo) déorn. Autd
onuadver 6Tt 1 GQ-Fast Yo avayvopioel Tic petofAntéc mou epgavilovion ot
Aoy ouvixn xou Yo peovticel OoTE 1) cUVITXY Vo UTEL AUECWS HETA TOV
0pLoUS OAWV TV PETUBANTOV QUTWY 0ToV XWdxa TG C++.

ITio %t MEELYPAPOUNE UEXETE XoUVOURYLN EPWTAATO CUCYETIONS OTA OOl UTTOPEL
va egapuoctel o On-The-Fly-Select Operator. Yto onuelo autd, avapépOuUe EVOEIXTL-
x4 v e€f¢ mep(nTwon mou Yo UTopolcE Vo YeEldoTEL: €0Tw OTL 6To pnTnua SDY
Yéhouue va mpooécouue Wla Aoyixry cuvirxn Tou cLVBUALEL PE XATOLO TEOTO TG
petafhntéc: dt2.Term xou d.Year. e outh tn nepintwon (unopel vo unv mpoxOntel
XATOLO AOYLXO EQOTNUO ETOL VIOl ToL OEOOUEVA TTOU EYOUUE, WO TOCO UAG EVOLUPEREL 1)
eV TAeUpd T amodtnong) etvon omopaitnroc o On-The-Fly-Select Operator xou
udhiotar meEnel va eloay Vel auéone xdtw and tnyv pilla tou RQNA 8évtpou (Aggrega-
tion Operator).

X obyypeovn, homdy, wopey tne, n GQ-Fast Siodétel toug e€nc Quoxolc tehe-
oTéc:

1. Selection Operator

2. Join & Semi Join Operator

3. Hash Join & Hash Semi Join Operators
4. Hash Map Operator

5. Threading Operator

6. Aggregation Operator
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Kegdiato 7
Nea Epwtruota 2uoyetionc

Ye auTh TNV eVOTNTA TUEOUGLALOUUE UEPXE EpOTAUATA GUGYETIONG TOU OYEDIACOUE
OOTE APEVOS VoL ETUOEXVVOLY TN SUUPONY) TwV enextdoewy tne GQ-Fast xou agetépou
VoL ETIGTEEPOUV YENOUT ERELVNTIXY TANPOYOpia o TAVES avAYXES EVOS YPNOTT TOU
uehetd tn Buolatpury BBhoypapia.  Avti va daywetlouye tic oyéoelc Substances
xawDiseases, yio o emoueva epoTAdaTa Yewpolue tn oyéorn Terms, n onolo tepléyel
OANOUC TOUG GEOUC TIOL UTdPYOLY oTo cVOoTNUA YVvworne tne PubMed.

To mo anhd gpdtnua To omolo yenowornolel Tov Hash Join Operator €yel 1\on Slo-
Tunwdel nopandvew: mpdxerton Yo To SDY. Axohouvdolv mo civieta epwTHdaTo TOU
oLy VA anoutoly Tr Sldoyxy) YeNon TOV VE®Y TEAECTOV péoa amd cLVIETA AoYLxd
mhdva. 2tor 6évtea RQNA nou mopardétoupe pall Ue To EQWTAUNTA, ONUELDIVOUUE UE
dotpo toug tehectég JOIN ol omolol xatd tny enelepyasia Tou epwTAUaTOg Yo ovTL-
otoylo oy Ue tov teheo T Hash Join Operator (xou 6yt tou cupBatixol Index Based
Join).

7.1 ATY

To epwtnuo ATY (Author’s Terms in a specific Year) emotpégel Toug 6poUC oL OTO-
foL LTdEYOLY GTIC BNUOGCIEUCELS EVOC GUYXEXPWEVOU CUYYRUPEN OE Uid GCUYXEXPWIEVT
xeovid. Elcodo, hoindy, Tou epwTAHATOE anoTeAolV To TEOTEVOV XAEWL TOU GUYYEO-
e xou évag aprdudg mou avtioTolyel oto emduunto €tog. Iopadétoupe to cpwdTNUA
oe SQL:

Query ATY (Author’s Terms in a specific Year).

SELECT dtl.term, COUNT (*) As similarity

FROM DA dal JOIN Doc d1 ON dal.doc = dl.article
JOIN DT dt1 ON dal.article = dtl.doc

WHERE dal.author = author'id AND d1l.year = year
GROUP BY dtl.term

ORDER BY similarity DESC
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Aggregation : dt1.Term; Count(™)

Join ; dat1.Doc=di1.Doc

*Join : da1.Doc=d1.Doc Project : di1 Doc, di1 Term

/

Project : dai1.Doc Rename : DT eq dt1
Project . d1.Doc, d1.Year

Select : dai.Author=
author0

Select : d1.Year = user_parameter_year

Rename : daleq DA /

Rename : d1 eq Doc

Yyfuo 7.1: To dévtpo RQNA tou epwthuatog ATY.

To avtiotoryo RQNA Tree tou ATY @aiveton 6T0 oy EVG TO QUOXO TAAVO
elvon o €€

SELECTION'OPERATOR (DY) - d1.Year
HASHMAP OPERATOR (DY) - Will be replaced with HashMap

SELECTION'OPERATOR (AT) - dal.Author

HASHJOIN OPERATOR (ATY) - dal.doc = d1.Doc in HashMap
THREADING OPERATOR (AT)

JOIN'OPERATOR (AT) - dal.Doc = dt1.Doc
AGGREGATION'OPERATOR (AT) - dt1.Term; Count(*)

7.2 DAY

To epidtnua DAY (similar Documents of an Author per Year) emictpégel to nAfdog
v dpdpwv, To ontola oyetilovtar Ye éva cuyxexpévo dpdpo (1N opoldtTnta UTOAO-
yileton 6w xou 010 gpd TN SD) — Yy évay ouyypapéa avd étoc. Tlapadétouue to
gpwtnua o SQL:

Query ATY (Author’s Terms in a specific Year).

SELECT d.year, Count(*)
FROM DA da JOIN Doc d ON da.article = d.article
WHERE da.author = author’id AND da.article IN

SELECT dt2.article
FROM DT dt1 JOIN DT dt2
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Aggregation : d.Year;, Count(*)

*Semi Join : di2.Doc = da.Doc

Join: da.Doc = d.Doc Join: di1.Term = dt2. Term
Project: da.Doc Project: d.Doc, d.Year
Project: dt1.Term Project. dt2 Term, dt2.Doc
Select: da.Author = author0 Rename: d eq Document
Select di1.Doc = docO Rename: di2 eq DT

Rename: da eq DA
Rename: di1 eq DT

Yyfua 7.2: To dévtpo RQNA tou cpwtruatoc DAY.

ON dtl.term = dt2.term
WHERE dtl.doc = document'®

)
GROUP BY d.year

To avtiotoyo RQNA Tree tou DAY goiveton oto oyfua [7.2] evéd 0 guoxé Thévo
elvor To e&€¥¢:

SELECTION'OPERATOR - dt1.Doc = doc0
THREADING OPERATOR
JOIN'OPERATOR - dt1.Term = dt2.Term
HASHMAP OPERATOR - dt2.Doc as key

SELECTION'OPERATOR -da.Author = author0
THREADING OPERATOR

JOIN'OPERATOR -da.Doc = d.Doc

(HASH) JOIN'OPERATOR -d.Doc = dt2.Doc
AGGREGATION'OPERATOR -d.Year; Count(*)

7.3 A2X

To epdtnua A2X eetdlel ) nepintwon eloaywyNg TOAATAGY TYWOV ot évav Se-
lection Operator. Aéyetan w¢ elcodo dVo apriuoie mou cuyfoiiCouv ypovohoylo xou
500 (avory veploTixd xhetdid amd) Terms. Emotpépel toug ouyypogeic tou ypnotponol-
oY TOUG 6POUC AUTONE OE dEvpa Tar oTtolol SNUOGIELTNXAY OE uio amd Tic BUo doveloeg
xeoviée (n ouvadpolotinr) cuvdptnon urtohoyilel o Thdog autdy Twv dpdpwv). Ta
€yypaga Tou TEpEYoUV xat Toug dU0 bpoug Gpoug (terms) TN ELo6d0U, TEOCUETPO-
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Aggregation : da1.Author, Count(*)

*Join : d1.Doc = dt1.Doc

/\WGHDOC

Join : d1.Doc = da1.Doc

Project : d1.Doc Project : da1.Doc, da1.Author Select: di1,Term =termID_1 OR termID_2

Select: d1.Year =yearlD_1 ORyearlD_2 Rename: daleqDA Rename : dt1 eq DT

Rename : d1 eq Document

Yo 7.3: To dévtpo RQNA Tou epwthuatog A2X.

Ovtan 8o Qopéc oTo cuvteheo T xdde cuyypagéa. Tapatétoupe To cpwTnua A2X ot
SQL:

Query A2X.

SELECT da.author, COUNT(*) AS similarity
FROM Doc d JOIN DA da ON d.article = da.article
JOIN DT dt ON da.article = dt.article
WHERE (d.Year =year1 OR d.year =years)

AND (dt.Term =term; OR dt.Term = terms)
GROUP BY da.author

To avtiotoryo RQNA Tree tou A2X gaiveton 6T0 oy fua EVG TO QUOXO TAGVO
elvon to €€hc:

SELECTION'OPERATOR - dtl.Term = terml OR term2
HASHMAP OPERATOR - dt1.Doc as key

SELECTION'OPERATOR -d1.Year = yearl OR year2
THREADING OPERATOR

JOIN'OPERATOR -d1.Doc = dal.Doc

(HASH) JOIN'OPERATOR -d1.Doc = dt1.Doc
AGGREGATION'OPERATOR -dal.Author; Count(*)

74 ST

X16)0¢ TOU GUYXEXPWEVOL EpnTAUNTOS elvon va Bpel Tapouota Terms: dlvetan €va
term, ol €M TEEPOVTOL AUTA TOU GUVUTHEYOLY To oLy Vd wall Tou o Gha Ta dpvpa
¢ PubMed. To gpwtnua autd dev yernowonolel xdmoov and Toug TEAEGTESC TOU
npoocéoaue ot GQ-Fast , wotdo0 elvon WadTepa GNUAVTIXG VLo TO BOXWACTIXG TE-
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Aggregation ; dt2 Term; Count(*}

Join ; dt1.Doc = dt2.Doc

//

Project : di1.Doc Project : dt2 Doc, dt2. Term

Select : dt1.Term =term_1 Rename : di2 eq DT

Fename: di1eqDT

Yyfuo 7.4: To dévipo RQNA Tou gpwthuatog ST.

eYBdAAOY YENOTN TOU TUEOUGIACUUE, *oMG TUPUAAXYES TOU YENOWOTOW UMY Yidl
Toug mivoxeg Diseases xat Substances Twv anoTeAeoUdTOY.

Query ST (Similar Terms).

SELECT dt2.Term, COUNT(*)
FROM DT dtl
JOIN DT dt2 ON dtl1.Doc = dt2.Doc
WHERE dtl.Term = term;
GROUP BY dt2.Term
ORDER BY count DESC

To avtiotoryo RQNA Tree tou ST gaiveton oto oyfua
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Kegdhoo 8

[Tewpauatind Arotelcoporta

Ye aut) TNV eVOTNTA TUPUUETOUNE Tol DEQOUEVA XAl TA ATOTEAECUATA AT PEPLXES
AVTITPOOWTEVTIXES DOXLUES TV EPWTNUATWY TOU SIATUTWOOHE TURATAVE. LNUELDVOU-
ue ot wg Terms Yewprooue pévo tn oyéon Substances and to Datamart Schema
tng PostgreSQL.

‘Oleg oL doxyéc €yvay oe @opntd umohoyioth pe emelepyacty Intel Core i7 -
7700HQ (256 KB L1 cache, IMB L2 cache xou 6MB L3 cache). Kpatrinxav pévo
oL ypbvol tne deltepnc extéheonc xdde mopadeiypartoc (apopd tn PostgreSQL cdhote
o Oedopéva var Bploxovton 1on ot RAM). TN xdde epddtnuo mou étpele otn Post-
greSQL, ppovticoye OOTE Vol UTEEYOLY XL VoL YENOLLOTOLOUVTOL OAOL ToL EVPETHPLOL TTOU
UToEoUV Vo BEATUOCOLY TOV YpOVO EXTEAECT.

Aedopévo and PubMed (ypnoyomou{dnxay Ohec ot eTOTNUOVIXES ONUOCLEVOELS o
70 1996 %ou Yetd):

* Articles : 14319018
* Document-Term tuples : 56533389

* Document-Author tuples : 70198290

Y10 oyfua (QOVOVTOL OL YPOVIXESG DLAPORES OTAY EXTEAECOUE TOL EQWTAHATA TOU
napovctdoope otn GQ-Fast xou otn PostgreSQL.

[apovoidlouye eniong tov mivoxa UE TOUG YPOVOUC EXTEAECTC TWV EQWTN-
udtwv tou Demo User Interface mou napoucidooye mponyoupévens, yia ) GQ-Fast
xan Yoo T PostgreSQL. Ynueihvoupe 6t v T mepintwon tou Author’s Autocom-
plete mipaue To ceVdplo 6ToL Eyel NON emheyel pio acVévela, xon avtioTolyo yior T
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Execution Time (in miliseconds)

ATY DAY AZX ST

Yyfua 8.1: Xdyxplon twv yeovixwy emdoceny g GQ-Fast xau tng Post-
greSQL.

B GQ-Fast
B Postgresal

shY

nepintwon tou Disease’s Autocomplete Yewpriooue To ceVdplo 6Tou €xel NdN emheyel
EVog CUYYPAPENS.

Acedoyuéva mou yenowonotiinxay and tn Bdon dedopévwy PubMed yio tov mivoxa
Tou Demo:

* Articles : 29137786
* Document-Substances tuples : 101010816
* Document-Diseases tuples : 53253398

* Document-Authors tuples : 114339706
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Mivaxag 8.1: Yuyxevtpwtind Ilivaxoc ye toug ypdvoug extéleone twv GQ-
Fast & PostgreSQL ylo T epwTAUNTA GUCYETIONG TOU YEeNnolUTotinxay ot
OOXULAOTIXT) EQUPUOYT| QUALOUETENTH TOU avamTOLoUE.

Query GQ-Fast (ms) | PostgrSQL (ms)
Author’s Autocomplete | 2288 24596

Disease’s Autocomplete | 432 4742

Frequent Co-Authors 40 216

Similar Authors 64412 1260000
Diseases 360 8350

Substances 448 17675

Heat Map 76 100
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Chapter 9

Introduction

The focus of past OLAP systems was on SQL queries on data cubes, whose data is mod-
eled as star/snowflake SQL schemas [[7,28]. However, in recent years, an avalanche of
graph data emerged, such as disease-drug networks (chem/bio-informatics) [|16,|17]] and
social networks (Web) [30]]. A new generation of benchmarks, such as the Microsoft Aca-
demic Graph (MAG) Benchmark [26] and the Berkeley Big Data Benchmark [24] make
clear the distinction of these data from data cubes (such as the old TPC-H benchmark).
The particular data sets and benchmarks, as well as many others, are essentially typed
graphs, i.e., graphs where vertices and edges are associated with types known in advance.
There is an increasing demand to perform analytic SQL queries over such graphs; e.g.,
discovering related diseases in a disease-drug network graph. Traditional, SQL OLAP
technologies do not handle such demands well because they are not sufficiently optimized
for finding paths among entities [8}9].

Schema. Towards SQL-based OLAP on graphs, we first define the representation of typed
graphs (also known as graphs with schema, e.g., [14]]) in an SQL database. The nodes and
edges of a typed graph are represented as tuples of relational tables. We classify the ta-
bles into two categories: Entity tables and Relationship tables, following the database E/R
model [[13]]. We focus on binary relationships. Each entity table has a primary key column,
called the ID column, while each relationship table has two foreign key columns pointing
to ID columns of entity table Hence, the tuples comprise a typed graph [[29}32]]: Each
entity table corresponds to a type of vertices, while each relationship table corresponds to
a type of edges. Columns in entity tables and relationship tables correspond to attributes
of vertices and edges, respectively. For example, consider the premier public biomedical
database PubMe(ﬂ Figure a) shows its schema, and Figure b) presents a corre-
sponding typed graph. The tuples of the relationship table DT stand for edges from a
document tuple/entity/node to a term tuple/entity/node.

'In order to capture many-to-one relationships efficiently, we also allow entity tables
to have foreign keys [[13[]. We neglect this possibility, as it does not essentially change any
consideration.

Zhttp://www.ncbi.nlm.nih.gov/pubmed
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Author Doc Disease Substance
PK D le—, PK ID < » PK D —»| PK ID
Entity Tables
Name Title Name Name
DA DD DS
Relationship FK | Doc L Itk [ poc FK | Doc
Tables
— FK | Author FK | Disease FK | Substance —
Frequency Frequency

(a) Schema.

Substances

e
Biomarkers) -,

Authors

Diseases

Documents

(b) Graph.

Figure 9.1: PubMed Schema and Corresponding Graph. Each entity table cor-
responds to a type of vertices, while each relationship table corresponds to edges
linking corresponding types of vertices.

Relationship Queries. We identify a class of queries, called relationship queries, which
cover many analytics needs on graph data and, in addition, they are amenable to orders-
of-magnitude speed optimization. Informally, a relationship query contains three steps:
(i) Context Computation: The context is a collection of entities whose properties satisfy
the user given conditions; we call these entities “source entities”. At least one condition
concerning one entity table is required. However, multiple conditions concerning different
entity tables are allowed. (ii) Graph Discovery: Depending on the relationship query and
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the user given conditions, we discern two types of navigation and processing in the graph:

* Graph Navigation: Navigation from source entities to target entities via joins over
relationship tables. Essentially, a sequence of Joins can create a Spanning Tree
of the Subgraph of the discovered entities. In the most simple case where there
are only consecutive Joins and each one is based on a key that it’s predecessor
introduced, we can think of the total operation as navigating through a path of the
PubMed Graph.

» Path Convergence: We could say that each family of entities (entity table) defines
the start of a navigation process of (a). At some point, a Join operation will connect
two different Spanning Trees through a common entity table; a process we call
convergence. Different Spanning Trees (or, in the simplest case, paths) can coexist,
however, all of them must eventually converge into one that leads to a final type
of target entities (entity table) that may or may not take part in an Aggregation
function of the following Aggregation step. A Spanning Tree that is defined by
a sequence of Joins can work as a filtering process by limiting the valid entities
(by allowing only those that it has discovered) of the Spanning Tree (or Navigation
Path) that it is converged into

(iii) Aggregation: The importance of the target entities is computed by applying aggre-
gation functions over attributes collected along the navigation paths, which are accessed
in the first step. The first and third steps are optional. Relationship queries are common
in graph analytics. For example, all the queries evaluated in [[22] are relationship queries.
We illustrate a relationship query on the PubMed schema, which will serve as one of the
running examples.

Schema Convention For the following example queries, we can think of the entity
table Term to either be the entity table of Substances, or the entity table of Diseases, or
the Union of those tables. Accordingly, the relationship table DT (Document-Term), can
be the relationship table of DS, or the relationship table of DD, or the Union of those
tables.

Query SD (Similar Documents). Assume a user wants to find documents d; that are
similar to a given document dy with ID d}” in the PubMed graph. Similarity between
documents dg and d; is measured by the number of terms associated to both of them, i.e.,
the number of paths with type Doc — Term — Doc that start at dy and end at d;.
SELECT dt2.Doc, COUNT(*) AS similarity

FROM DT dt1 JOIN DT dt2 ON dt1.Term = dt2.Term

WHERE dt1.Doc = dlP
GROUP BY dt2.Doc

3Choosing the final Spanning Tree (or, in the simplest case, Navigation Path) that contains the
entity on which Aggregation is based, is done arbitrarily and does not change the qualitative nature
of a relationship query. However, this is an important decision for the efficiency of the physical
evaluation of the query.
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The Query SD is a simple relationship query: It navigates via typed paths Doc —
Term — Doc and then aggregates the number of paths reaching each target. More com-
plex (and performance-challenging) relationship queries are presented in Section [I0]

It is challenging to answer even this simple query efficiently, due to the large size
of the graph: thirty million vertices and one billion edges with several attributes. Given
the analytical nature of relationship queries, column-oriented database systems are much
more efficient than row-stores and graph database systems. [2//3}/1527]]. Nevertheless, the
obtained performance is often insufficient for online queries and interactive applications.
Query SD takes 61.6 and 19.17 seconds on the column databases MonetDB [|15]] and Ver-
tica [19]], 741.2 seconds on the row database PostgreSQL, and 49.3 seconds on the graph
database Neo4j, even though we fully cached the data in main memory in all the cases.
Performance gets far worse when the join paths are longer, the aggregations involve many
attributes of the paths or the source entities themselves are specified by their properties
and connections, rather than their IDs.

To improve the performance, we propose an index-only fully pipelined database called
GQ-Fast. GQ-Fast answers Query SD in 1.068 seconds. As the queries become more
complex, its performance ratio to the other systems widens. Moreover, GQ-Fast generally
requires less memory.

GQ-Fast achieves such superior performance by employing a code generator to pro-
duce efficient fully pipelined source code running upon a new compressed fragment-based
index, as outlined in the following paragraphs.

Database Structure. A GQ-Fast database physically stores only indices — it does not store
the logical tables. Generally, the administrator may load a relation R(C4, Cs, ..., C,,) and
specify that for each ID or foreign key attribute C' a respective index should be built, using
C as the indexed column. In response, GQ-Fast will make an index Zp ¢ for each such
attribute. Figure [9.2]shows the two indices Zpg poc and Zps Substance that correspond to
the two foreign keys of the table DS. During runtime, the GQ-Fast query processor will
use the index to find (projections of) tuples of R that have a given C' = ¢ value. For
example, the index Zps poc can be used to find the terms associated to document 116 (i.e.,
TSubstanceODoc=1161DS) or to find the term/frequency pairs associated to document 116
(ie., TTerm, Fre0Doc=116D5).

Internally, a GQ-Fast index has two components: a lookup table and a set of frag-
ments. Let us say, w.l.o.g., that (1 is the indexed column. Then for each column
C; € {Cy,...,Cy} and for each value ¢ € Cy there is a fragment 7¢, 0, =¢(R), which
retains the original order of the values. In Figure the fragment TrermODoc=116DS
(with contents 28, 66, etc.) and the fragment mge0poc=116DS (With contents 6, 3, etc.)
provide the substances and frequencies associated to document 116, respectively.

To reduce space costs, GQ-Fast compresses individual fragments. The key observa-
tion behind compressing fragments is that when a relationship query accesses a fragment,
all of its data will be used. There is no need for random access within the fragment. Based
on this, GQ-Fast allows very compressed encodings of each individual fragment, such as
Huffman encoding. Note that the typical fragment is relatively small (compared to the
column) and can typically fit in the L1 cache or, at least, in the L2 cache. Hence, its
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1 Byte-aligned Compressed Bltmap > Huffman Encoding
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5116 o — Fat1.Fre {\ g if '
f 7 __?\ i

p, i

P

117 S? =

Index IDT .Doc Index IDT .Term

Figure 9.2: Example of Fragments and Query Processing for Query SD. Frag-
ments T 7erm0 poe—=116 DT and 7 g0 poc—116 DT are encoded with bit-aligned com-
pressed array and Huffman encoding.

decoding is not penalized with multiple random access to the RAM.

Given a value for the indexed column, the lookup table must be able to provide a
pointer to the respective fragment, along with the size of each fragment. A lookup table
can be built in many known ways; e.g., as a hash table. GQ-Fast saves space and response
time by building lookup tables as offset arrays that utilize the dense ID assumption, ac-
cording to which the IDs of an entity table are consecutive integers, starting from 0. Under
this assumption, all fragments of the same type are listed consecutively in an array: A GQ-
Fast lookup table for an index on R.C] is a two-dimensional array Zg ¢, of size vx(n—1),
where v is the number of unique values in R.C; and n is the number of columns in R.
The starting address of the fragment 7¢;0c,=¢(R) is stored in Zg ¢, [t][j — 1] and its size
can be calculated using the starting address of the next fragment.

Query Processing. GQ-Fast query plans run exclusively on indices. They employ a
bottom-up pipelined execution model, illustrated next, to avoid large intermediate results.
In addition, GQ-Fast employs a C++ code generator for query plans.

As an example, consider the generated code for Query SD, which uses table DT
with columns Document (0" column) and Term (1*' column). In Lines 2—4, GQ-Fast
uses index ZpT poc to find the Terms’ fragment mrerm0Doc=116 (DT +— dtl) starting
at position Zpr poc [116][1] with size 41 Term- GQ-Fast decodes the fragment into the
(preallocated) array Agt1.Term and returns the number of elements ngs1 Term. Afterwards
(Lines 5-9), for each term ID vg41 Term € Adt1.Term,» GQ-Fast uses index ZpT. Term tO
find the Documents fragment 74¢2 DocOdt2. Term=vaq; e, (D1 —> dt2) starting at position
offset ZpT Term [Vdt1. Term][0] (see Figure . GQ-Fast decodes the identified fragments
into Agq¢2.poc. Finally, GQ-Fast scans all Documents fragments to update the array R
(Lines 11-12), which holds the counts per document.

Notice that (1) GQ-Fast can afford to have 'R be an array (as opposed to a hash
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Generated Code: Generated code for Query SD

1 R+ 0

2 thl.Term A IDT.DOC[116][1]

3 ldtl.Term A IDT‘DOC[]‘]‘G + 1][1] - JT;dtl.Term
Adtl.Terma Ndtl.Term € deCOdeBB<fdt1.Term7 ldtl.Term)
5 for 7 < 0 to ngi1 Term — 1 dO

6 Va1 Term <— Adt1Term [7]

7 Fat2.00c <= DT Term|Vdt1. Term ] [0]

8

9

I

ZdtZ.Doc <~ IDT.Term [Udtl.Term + 1] [0] - ‘thQ.Doc
Adt2.Doc, Mdt2.Doc deCOd@BB(]:dtzDoc, ldt2.Doc)
10 for j < 0 to ngi2.poc — 1 do

11 Vdt2.Doc < Adt2.Doc[j]
R[UdtQ.Doc] — R[UdtQ.Doc] + 1

13 return R

table) because of the dense ID assumption; (2) The execution is pipelined in a sense that
it iterates over the fragments and their elements. The memory footprint is small as it is
dictated by the max. size of fragments and not of the overall column size.
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Chapter 10

Data Schema and Queries

10.1 Data Schema

We classify relational tables in GQ-Fast in two categories according to the entities and
the relationships of the E/R model [13]]: entity tables (e.g., Author in Figure a)) and
relationship tables (e.g., DS, DA). Each entity table IE has an ID (primary key) attribute
and several attributes M7, ..., M,,. Each tuple ¢ € IE corresponds to a real-life entity.
A relationship table R has two foreign key attributes I and F5 referencing the IDs of
respective entity tablesﬂ i.e., F1 ~» IE;.ID and F5 ~~ 9.1 D, where ~~ is reference. The
combination (f1, fo) € F; x Fy is unique. A relationship table may also have measure
attributes My, ..., M,, (e.g., DT .Fre).

E/R — Graph. Mapping E/R schemas to graph models is a well-studied topic [5,29].
We use the following two steps to map our schema to a typed graph [14]: (i) Each entity
table (M1, ..., M,) refers to a type of vertices V, and each entity ¢t € IE refers to one
vertex v € V. The attributes My, ..., M, in the entity table are mapped to properties of
vertices; and (ii) each relationship table R(F}, Fy, My, ..., M, ) refers to edges IE crossing
two types of vertices V1 x Va, where V; and V; are translated from entities I£; and IEq
and F1 ~ El.ID and FQ ~ EQ.ID.

Graph — Relational Schema with Entities and Relationships. Mapping a graph to a
relational schema has been studied for several years [[10,31]. We first show how to convert
a typed graph to our E/R schema, then describe general graphs. Mapping a typed graph
to our schema has the following two steps: First, store vertices of the same type into one
entity table. Each attribute of the vertices becomes one column in the table. Second, store
edges that have the same type into the same relationship table. Edges of the same type
have source (resp. target) nodes that have the same type.

GQ-Fast supports SQL schemas. It classifies tables into entity tables E1, ..., E,, and
relationship tables Ry, . .., R,. The naming relates to the well-known E/R schema design
technique [13]]. Intuitively, entity tables correspond to entities of the E/R design, whereas
the relationship tables correspond to many-to-many relationships.

'In this paper, we focus on relationship tables with two foreign keys.
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Entity tables have to follow a single convention: Each GQ-Fast entity table must
have an integer primary key (aka ID) attribute. In practice, this convention does not limit
generality, since database schema designers often follow it. This convention is also rec-
ommended when translating an E/R design into a schema [[13]]. In our examples, the ID
attributes are always named ID.

In the general case, each relationship table R(F, ..., Fy, My, ..., My) has d foreign
key attributes I, . . ., Fz, where each foreign key F; refers to the ID of an entity £;. The
intuition, according to E/R design, is that the foreign key F; corresponds to the connection
between the many-to-many relationship (that corresponds to the relationship table R) and
the entity E;. To make this connection clear in our examples, the foreign key attribute
F; has the same name as the entity F;. E.g., in the PubMed example, the Substance
foreign key of the DS table points to the ID of the Substance table. The relationship
table may also have k attributes M7y, . .., M that are not foreign keys. They correspond
to the attributes of the many-to-many relationship in the E/R design. We call M, ..., My
measure attributes. For example, the Fre attribute of the DS table is a measure attribute.
As is typical in E/R-based schema design, a one-to-many relationship between entities
does not have a corresponding relationship table. Instead, it is captured by including a
foreign key attribute to the entity table corresponding to the entity on the “many” side of
the relationship. For example, the entity table Doc has a Journal foreign key attribute,
which captures the many-to-one relationship between documents and journals.

10.2 Relationship Queries

As explained in [9] a relationship query proceeds in three steps: (i) Context Selection:
Defining the “source” entities from which graph discovery will start. (ii) Graph Discovery
To reach target entities from the context, queries ‘“navigate” between entities via join
operations; and (iii) Relevance Computation: The relevance between each target entity
and the context is computed by applying aggregation functions over measure attributes
collected in the second step.

In its algebraic form, a relationship query involves o (selection), 7w (projection), X
(join), x (semi-join) operators and an optional v (aggregation) at the end, and must satisfy
the follow restrictions: (i) join and semijoin conditions are equalities between (primary
or foreign) key attributes and (ii) aggregations group-by on a primary key or foreign key.
The set of relationship queries includes graph reachability (path finding) queries, where
the edges are defined by foreign keys. More generally, it includes tree pattern queries,
followed by aggregation. The first restriction does not narrow down the scope of relation-
ship query applications as it only requires that navigation on a graph should be performed
via connected edges, which is a natural requirement for graph navigation. The second
restriction allows GQ-Fast to use an array to maintain the aggregation results instead of
using a map.

Example Queries. We now illustrate a number of relationship queries using the datasets
of some GQ-Fast applications: PubMed and SemMedDB. These queries were used in our
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experiments and are implemented in our interactive demo system.

Even though the definition of relationship queries includes a larger set of queries, we
focus on these queries, because they illustrate accurately the use cases for which GQ-Fast
was designed and achieves the best speedup compared to other database systems: queries
with long join paths involving many-to-many relationships. In the following examples,
we use F; — FEj5 to visualize a join from table E; to table £ and Og to visualize an
intersection on table E.

Example Queries in PubMed

FSD (Frequency-Time-aware Document Similarity). Query FSD computes time-aware
and frequency-aware cosine similarity. The cosine similarity is computed as follows:
Each document d is associated with a vector ¢ = [t¢,... t%], where n is the number
of terms across all documents. The cosine similarity between two documents z and y is
definedas >, tftiyﬂ In contrast to Query SD in the Introduction, Query FSD raises
the similarity degree of documents that are chronologically close. The navigation path of
Query FSD can be visualized as d1 — dt1 — dt2 — d2.

SUM(dt1.Fre * dt2.Fre)
SELECT dt2.Doc, abs(dl.Year-d2.Year)+1

FROM (((Doc d1 JOIN DT dt1 ON d1.ID = dt1.Doc)
JOIN DT dt2 ON dtl.Term = dt2.Term)
JOIN Doc d2 ON d2.ID = dt2.Doc)
WHERE d1.ID = dfP
GROUP BY dt2.Doc

AD (Authors’ Discovery). Query AD finds the authors who published papers that per-
tain to the terms identified by t{. ... t!P (e.g., authors that published papers related to
the terms “neoplasms” and “statins”) and counts the number of papers per author. The
navigation path of Query AD can be visualized as Og—da.

SELECT da.Author, COUNT(*)

FROM DA da
WHERE da.Doc IN

(SELECT dt.Doc FROM DT dt WHERE dt.Term = t{P)
INTERSECT

INTERSECT
(SELECT dt.Doc FROM DT dt WHERE dt.Term = t/P)
GROUP BY da.Author

FAD (Co-Occurring Terms Discovery). Query FAD is similar to Query AD. It finds
other terms that co-occur in documents about terms identified by t1°, ... t/P along with
the number of occurrences (e.g., terms that co-occur in documents about “neoplasms”
and “statins” and how often). The navigation path of Query FAD can be visualized as
Odt-)dtl.

n practice, the queries also normalize for the sizes of t* and ¥ and, in later examples,
the sizes of measures. The examples exclude the normalization since they do not present
any important additional aspect to the exhibited query pattern.
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SELECT dt1.Term, Sum(dt1.Fre)
FROM DT dt1
WHERE dt1.Doc IN

(SELECT dt.Doc FROM DT dt1 WHERE dt1.Term = tIP)
INTERSECT

INTERSECT

(SELECT dt.Doc FROM DT dtn WHERE dtn.Term = t/P)
GROUP BY dtl.Term

AS (Author Similarity). Query AS finds the authors whose publications relate to the
Mesh terms in the publications of a given author, identified by the id a’”. The navigation

path of Query AS can be visualized as dal—dt1—dt2—d—da2.
SELECT da2.Author, COUNT(*)
FROM (((DA dal JOIN DT dt1 ON dal.Doc=dt1.Doc)

JOIN DT dt2 ON dtl.Term = dt2.Term)

JOIN Doc d ON dt2.Doc=d.ID)
JOIN DA da2 ON dt2.Doc=da2.Doc

WHERE dal.Author = a/P

Furthermore, we could evaluate each discovered author through a weight/similarity
score: first we compute the similarity of the publications using the cosine of the term

frequencies and then weigh recent publications heavier.
SELECT da2.Author,SUM(dt1.Fre x dt2.Fre)/(2017-d.Year)
FROM (((DA dal JOIN DT dt1 ON dal.Doc=dt1.Doc)

JOIN DT dt2 ON dt1.Term = dt2.Term)

JOIN Doc d ON dt2.Doc=d.ID)
JOIN DA da2 ON dt2.Doc=da2.Doc

WHERE dal.Author = afP

SDY (Similar Documents in a specific Year). Query SDY is similar to query SD; Their
only difference is that in query SDY, a parameter yearq limits the result documents to the
user’s specified year of publishing .The navigation path of Query SDY can be visualized
as two paths : (i) P, = dt1—dt2, and (ii) P, = d—dt2. Path P, converges into P; at
dt2.

SELECT dt2.Doc, COUNT(*) AS similarity
FROM DT dtl
JOIN DT dt2 ON dtl.Term = dt2.Term
JOIN Doc d AS d ON dt2.Doc = d.Id

WHERE dt1.Doc = diP AND d.year = yearo
GROUP BY dt2.Doc
ORDER BY similarity DESC

ATY (Author’s Terms in a specific Year). Query ATY finds the terms of an author
that appear on that author’s publications of a specific year. The wieight of each terms
is measured by its number of occurrences. The navigation path of Query ATY can be
visualized as two paths : (i) P; = dal—dt1, and (ii) P, = d1—dal; P> essentially filters
the tuples of dal, so that only docments published in yearg are allowed in the graph
discovery . Path P converges into P; at dal.

SELECT dtl.term, COUNT (*) As similarity
FROM DA dal JOIN Doc d1 ON dal.doc = dl.article
JOIN DT dt1 ON dal.article = dtl.doc
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WHERE dal.author = author;y AND dl.year = year
GROUP BY dtl.term
ORDER BY similarity DESC

DAY (similar Documents of an Author per Year). Query DAY calculates the number
of articles of a given author ( author;y), per year, that are similar (share at least one term)
with a specific article document;q . The navigation path of Query DAY can be visualized
as two paths : (i) P, = da—d, and (ii) P, = dt1—dt2—d. Path P, converges into P; at
d.

SELECT d.year, Count(*)
FROM DA da JOIN Doc d ON da.article = d.article
WHERE da.author = author;q; AND da.article IN

SELECT dt2.article

FROM DT dt1 JOIN DT dt2
ON dtl.term = dt2.term
WHERE dtl.doc = document’id

)
GROUP BY d.year

A2X (Authors that used certain terms in documents published in specific years).
Query A2X displays the ability of the Selection Operator to support multiple selection
values. It recieves as input two integers donoting the preffered years, and two terms.
Query A2X returns the authors that used one or both of those terms in articles that were
published in one of the given years. A similarity counter is computed for each author,
depending of the number of articles; articles that contain both of the given terms are
counted twice for the similarity counter. The navigation path of Query A2X can be
visualized as two paths : (i) P, = d—da—dt, and (ii)) P» = dt—dt (P only identifies
valid entities of documents that contain the selected terms. Path P, converges into P; at
dt.

SELECT da.Author, COUNT(*) AS similarity

FROM Doc d JOIN DA da ON d.Doc = da.Doc

JOIN DT dt ON da.Doc = dt.Doc

WHERE (d.Year =year; OR d.year =years)
AND (dt.Term =term; OR dt.Term = terms)

GROUP BY da.author

Example Queries in SemMedDB

CS (Concept Similarity). As a use case of Knowledge.Bio, Query CS finds the concepts
that are most relevant to a given concept, e.g., “Atropine”, where c¢'? is the concept ID of
“Atropine”. The navigation path of Query CS can be visualized as c1 — pl — s1 — s2
— p2 — c2.

SELECT ¢2.CID, COUNT(*)
FROM CS c2, PA p2, SP s2
WHERE s2.PID = p2.PID
AND p2.CSID = ¢2.CSID AND s2.SID IN
(SELECT s1.SID
FROM CS cl, PA pl, Sp sl
WHERE s1.PID = pl1.PID AND pl1.CSID = ¢1.CSID
AND c1.CID = c¢P)
GROUP BY CID
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Concecpt Semtype Predication Sentence
CID CSID PID SID
Name Name Predicate PMID
CS PA J SP
CID PID SID
CSID CSID PID

CS(CID, CSID) : Concept_Semtype(concept_id, concept_semtype_id)
PA(PID, CSID) : Predication_Argument(predication_id, concept_semtype_id)

SP(SID, PID)

Figure 10.1: SemMedDB Database Schema. CS, PA and SP are relationship

tables, whereas the others are entity tables.

——————————————————————————————————————————————————————————————————————————————————————

GQ-Fast Query Processor

Figure 10.2: Architecture of Relationship Query Processing in GQ-Fast. The
GQ-Fast Loader produces the GQ-Fast database and metadata, and the GQ-Fast

: Sentence_Predication(sentence_id, predication_id)

Original database

Metadata

Algebra | relational RONA |RQNA Physical-plan | physical Code
Translator [ algebra Normalizer | expression Producer plan Generator |
_______92<PE‘25_5J9[‘____?____T ___________________________ K
Rewriting .
Rules . loading commands
» & Statistics
Scripts | Database || Dictionary [-datd» GO-Fast
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GQ-Fast database

Query Processor generates code answering a given relationship query.
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The running time of this query on an Amazon Relational Database Service (Amazon
RDS) with MySQL was 25 minutes. GQ-Fast reduced the running time for that query to
less than 1 second [21]].

10.3 Further Examples

Relationship queries can be found in a variety of applications. Some examples are outlined
in the following list.

Potential Virus Discovery in Network Security [12,|18[]: Consider a database docu-
menting virus infections in a computer network with tables for “virus” entities, “host IP”
entities, and virus instance - host IP relationships. To discover potential virus infections
for a host who has reported a virus s, a relationship query first selects the set of hosts
associated with s, and then retrieves and aggregates all the virus infections know for these
hosts. The viruses with the high scores might also hide in the host computer.

Friend Suggestion in Social Networks [25]]: Consider a database with “user” entities,
“tweet” entities, and a relationship associating tweets with users. For example, the rela-
tionship captures the information that a user read or shared a tweet. To provide friend
suggestions for a given user u, a relationship query first discovers his/her tweets, then
returns a sorted list of users based on their association with the discovered tweets.
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Chapter 11

User Stories (Demo Ul)

Utilizing GQ-Fast’s runtime efficiency, we designed an interactive user interface (Demo
UI) for searching and browsing PubMed’s data. In the following demonstration, we ex-
plore various pieces of information about authors in the biomedical field. More specifi-
cally, through a search form with autocomplete support, we select a specific author and,
optionally, choose a substance and/or a disease. After doing so, a result section appears,
showing the results of the relationship queries that correspond to the search form’s selec-
tions.

In the following sections we present images from out demonstrative application, along
with explanations about their content and the relationship queries that were conscripted.

11.1 Search Form

Initially, our interface consists of the following input form of the picture|11.1

Profiling Page for Authors
Different combinations of inputs (name, disease, substance) will result to personalized visualizations

Author Name: Disease: Substances: Year: Search

Figure 11.1: Search Form of our Demo User Interface

We focus on the use case where the user is interested in discovering knowledge about
an author. In the search form above, there is an autocomplete utility for the fields: Author
Name, Disease and Substance. Depending on the user’s input in each of these fields,
as well as the existing content of the other fields, our application decides on a specific
relationship query that runs on PubMed data and returns the autocomplete list. In order for
the autocomplete utility to be interactive, the application depends on GQ-Fast’s runtime
efficiency for the autocomplete queries.
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The autocomplete function is based on the Reverse Index Manager (a sub application
of GQ-Fast). The Reverse Index Manager utilizes the Trie data structure to create Tree-
based indexes for PubMed’s Authors, Diseases and Substances. Its role is to answer
inverse search queries, where a prefix string of a field is given, and the result must be a
list of all of the index’s strings that begin with the given prefix, along with an importance
counter. There are two types of importance metrics:

* Non-contextual Importance: The number of occurrences of a PubMed entity (i.e.
the number of published papers is the non-contextual importance for an author).

* Contextual Importance: The number of occurrences of a PubMed entity, on account
with other restrictions that result from the input data of the rest of the fields of the
search form. For example: If the Disease field contains the term “neoplasms”,
then the importance counter of the autocomplete list’s of authors is the number of
published documents of each author that contain the term “neoplasms”.

Profiling Page for Authors
Different combinations of inputs (name, disease, substance) will result to personalized visualizations
Author Name:  Trich Disease: Substances: Year: Search
Trichopoulou Antonia/®®%)
Trichopoulos D#%7
Trichopoulos Dimitrios(35®
Trichopoulou AZ0%)
Triche T (22
Triche Elizabeth W78
Triche Timothy )7
Trichet Valérie!®!
Triche T12)

TRICHEREAU R

Figure 11.2: Autocomplete List for Authors that automatically generates after
user’s input.

In the imagd11.2] we observe the following:

* The user filled the field “Author Name” with the prefix: “Trich”.

e Our application (through its API) sends a reverse search request with the user’s
prefix string to GQ-Fast’s Reverse Index Manager.

* The reply from the Reverse Index Manager consists of a sorted list containing tu-
ples of author names and their importance counter. The list is sorted on the impor-
tance counter, and in this case where none of the other form fields is filled, we can
see each author’s non-contextual importance (the number of published documents).
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After selecting an author from the autocomplete list, the user proceeds to typing into
the Disease field (image [IT.3).

Profiling Page for Authors
Different combinations of inputs (name, disease, substance) will result to personalized visualizations
Author Name: | Trichopoulou Antonia Disease: neopl Substances: Year: Search
Neoplasms!®s)
Neoplasms, Glandular and Epithelial'*?
Neoplasm Invasiveness(®!
Neoplasm®®
Neoplasia, Cervical Intraepithelial !
Neoplasm Recurrence, Local'¥
Neoplasms, Second Primary‘

Neaoplasms, Unknown Primary(Y

Figure 11.3: Autocomplete List for Diseases that automatically generates after
user’s input.

In the image [TT.3]observe the following:
* The user filled the field “Disease” with the prefix: “neopl”.

* Again, our application sends an inverse index search requests to the Reverse Index
Manager with the prefix string “neopl”.

* ince the Author field is already filled, the autocomplete list with the results is sorted
on the counter of contextual importance. This means that the Reverse Index Man-
ager, after discovering the disease names that begin with the user’s prefix, run the
appropriate GQ-Fast query that returned the number of occurrences of each disease
to the selected author’s publications. The corresponding SQL query for this utility
is the following:

SELECT Name, COUNT(*)

FROM DD dd

JOIN Disease d ON dd.Disease = d.Id

JOIN DA da ON dd.Doc = da.Doc

JOIN authors auth ON da.Author = auth.Id

WHERE LOWER(Name) LIKE 'neopla%' AND LOWER (auth.Name) LIKE <
LOWER(" Trichopoulou Antonia%")

GROUP BY d.Id

ORDER BY COUNT DESC

* PostgreSQL computes the above query in: 4,742 ms

* GQ-Fast computes the above query in: 432 ms
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11.2 Result Section

Right after a selection from the autocomplete list of a field of the search form, the
result section is automatically loaded. This section contains tables that result from vari-
ous relationship queries that correspond to the user’s input. Specifically for our example
where the selected author is “Trichopoulou Antonia” and the selected disease is the term
“neoplasms” (while all the other fields are left empty), the result is the image[T1.4]

Profiling Page for Authors

o ai

Author Name: | Trichopaulou Antoria Disease: | Disease Substances: | Subetances Year:  Vear Search

Result Section

Frequent Co-Authors Similar Authors
fing

f— Aocations R P— E— 2
TrichopoulosAntonia o0 r— 21146

P—— a7 Zhangwei 279706

Riboli Elio: 418 wel 216087

Boeing Heliner 413 iYan 210831

Overvad i s Wang ing 189490

Tioneeland Arne a2 e 186138

Diseases Substances

Discase: Counter Y substance Counter ]
Cancer 482 Alcohols 97

Cancers. 482 Biomarkers 79

Diseaces 104 Hormones

Deatn - Hormone 77

Cancer, Breast 66 Proteins 29

Breast Cancer 66 Biomarkers, Tumer 35
‘Substance: 2010 2011 2012 2013 2014 2015 2016 27 2018 2019

Alcohols
Antibodies

Biological Products
Biomarkers

Biomarkers, Tumor
Carbohydrates

Coffee

Contraceptives, Oral
Dietary Fiber

DNA

Estrogens

Fats

Fatty Acids

Folic Ackd

Gonadal Stercid Hormones
Hormanes

Indicators and Reagents
Insulin

Insulin-Like Growt Factar |
Iran

Lipids

Nucleotides

Nutrients

Proteins

Receptors, Estrogen
Recentors, Progesterone
Sex Hormone-Binding Globulin
Tea

Testosterone

Vitarrin D

Figure 11.4: Screen with result tables according to the user’s total input.
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We can see 4 tables and a Heat Map. In greater detail:

1. Frequent Co-Authors: The authors that are the most often collaborators of the
selected author on PubMed’s publications. The SQL for this table’s relationship
query is the following:

SELECT Name, COUNT(*)
FROM Author auth JOIN DA da ON auth.Id = da.Author
JOIN DA da2 ON da.Article = da2.Article
JOIN Author auth2 ON da2.Author = auth2.Author
WHERE auth.Name = 'Trichopoulou Antonia'
GROUP BY auth2.Id
ORDER BY count DESC LIMIT 100

2. Similar Authors: Authors that have used the same terminology with the selected
author of the search form. The importance field of this table represents the number
of documents of an author that contain one or more terms that the selected author
has used. The corresponding SQL of the relationship query for this table is the
following:

SELECT auth2.NAME, COUNT(*)
FROM Author auth JOIN DA da ON auth.Id = da.Author
JOIN DT a2s1 ON da.Doc = a2sl.Doc
JOIN DT a2s2 ON a2sl.Term = a2s2.Term
JOIN DA da2 ON a2s2.Doc = da2.Doc
JOIN Author auth2 ON da2.Author = auth2.1d
WHERE auth.NAME = 'Trichopoulou Antonia'
GROUP BY auth2.NAME
ORDER BY count DESC LIMIT 100

3. Diseases: The contents of this table depend of the input in the fields of the search
form. In the general case where only an author has been selected and all the other
fields are empty, the information of the table represents the most common diseases
that appear in the selected author’s documents. The corresponding SQL of the
relationship query is the following:

SELECT d.Name, COUNT(*)

FROM Disease d JOIN DS ds on d.Id = ds.Disease
JOIN DA da on ds.Doc = da.Doc

JOIN Author auth on auth.Id = da.Author
WHERE authors.name = 'Trichopoulou Antonia'
GROUP BY d.Id

ORDER BY count desc LIMIT 100;

4. Substances: The contents of this table depend of the input in the fields of the search
form. In the general case where only an author has been selected and all the other
fields are empty, the information of the table represents the most common sub-
stances that appear in the selected author’s documents. The corresponding SQL of
the relationship query is the following:

SELECT s.Name, COUNT(*)

FROM Substance s JOIN DS ds on s.Id = ds.Substance
JOIN DA sa on ds.Doc = da.Doc

JOIN Author auth on auth.Id = da.Author

WHERE auth.name = 'Trichopoulou Antonia'
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GROUP BY s.Id
ORDER BY count desc LIMIT 100;

5. Heat Map: The Heat Map depicts the most common substances that appear in the
selected author’s documents in the last ten years. The intensity of the color of each
cell depends on the comparison of its content with the column’s mean. The SQL
of the corresponding relationship query for this table is the following:

SELECT d.Name, year, COUNT(*)
FROM Disease d JOIN DD dd on d.Id = dd.Disease
JOIN DA da on ds.Doc = da.Doc
JOIN Author auth on auth.Id = da.Author
JOIN Doc dc on da.Doc = dc.Id
WHERE auth.Name = 'Trichopoulou Antonia' AND dc.Year > 2000
GROUP BY d.Name, dc.Year
ORDER BY count desc LIMIT 100

At this point, our first use-case scenario is over. An interactive search form with auto-
complete support and intelligent representations in its autocomplete lists guides the user
while he enters the name of the author that he is interested in. Right after the author’s
selection and in less than a second, a result section appears with useful and case-specific
information. We extend the case scenario with the selection of a disease:

Through the search form, we type the word neoplasms in the “Disease” field (and select
the appropriate term from the autocomplete list). The result page is automatically updated.
The new result section differs from the previous one on the tables: Diseases (T1.5) and

Substances (11.6)).

11.3 Execution Time for Demo’s Queries

Depending on the user’s input(s) in the search form, the relationship queries that have
to run can be excessively time consuming for a conventional database, making the appli-
cation too slow for human-machine interaction. With GQ-Fast, the autocomplete lists and
the result tables are most often loaded in less than 1 second, outperforming PostgreSQL
by 1-3 orders of magnitude. Table compares GQ-Fast and PostgreSQL on all the
queries shown in the Demo User Interface

! Author’s autocomplete in the case where a disease term is already selected.
Disease’s autocomplete in the case where an author is already selected.
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Diseases

Disease Counter

Neoplasms 65

Cancer 63

Cancers 63

Death 18

Cardiovascular Diseases 18

Diseases 17

lbreer e Rearon 11 v

Figure 11.5: Updated Table of Diseases after user’s change in the content of the
search form.

Substances

Substance Counter A
Alcohols 15

Biomarkers 9

Nutrients 5

Indicators 5

Nutrient 5

Olive Oil 5

Ml Nliua A e

Figure 11.6: Updated Table of Substances after user’s change in the content of
the search form.
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Chapter 12

Architecture

Applications use GQ-Fast as an OLAP-oriented database that accompanies their original
transaction-oriented databases. Figure gives an overview of GQ-Fast’s architecture.
It has two parts: GQ-Fast Database Generation and GQ-Fast Query Processing.

GQ-Fast Database Generation. The GQ-Fast Loader receives loading commands, re-
trieves data from one or multiple relational databases, and creates GQ-Fast indices along
with relevant metadata, containing information about fragments and their encodings. This
phase is done offline. The schema of the GQ-Fast database has to follow certain con-
ventions (see Section [I0). GQ-Fast data is stored in main memory data structures (see
Section [13)).

When loading data into GQ-Fast, users should specify (i) the columns to be indexed,
upon which GQ-Fast builds lookup tables. Then, GQ-Fast organizes the values in other
columns as fragments; and (ii) an encoding method for each column excluding indexed
columns. Section [13]provides detailed guidelines for choosing proper encoding methods
for different columns.

GQ-Fast Query Processing. The GQ-Fast Query Processor receives an SQL query and
outputs its result. It consists of several subcomponents. The Algebra Translator trans-
lates an SQL query into a relational algebra expression, which is then transformed into
a Relationship Query Normalized Algebra (RQNA) expression (see Section [I4.1)) by the
RONA Normalizer using rewriting rules. Given an SQL query ¢ in its algebraic format, the
RQNA Normalizer applies the following rewriting rules to transform it into RQNA: (1)
push every possible selection and projection down to the corresponding tables; projections
are upon selections, (2) rewrite into a left-deep.

The RONA Normalizer also verifies whether an SQL query is a relationship query by
checking the restrictions according to metadata. Afterwards, the Physical-plan Producer
transforms the RQNA expression into a physical-level plan. The Code Generator con-
sumes the physical plan and metadata and produces C++ code, which is then compiled
and ran on the GQ-Fast index to get final results. GQ-Fast can also prepare a query state-
ment, and then execute it multiple times (as JDBC does), changing the parameters each
time.
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Chapter 13

GQ-Fast Index Structure

This section first presents the GQ-Fast index structure and analyzes different encoding
methods, then describes how to build indices for both entity and relationship tables. Fi-
nally, a discussion of how to support incremental updates is provided.

Consider a relationship table R(Dy, Do, My, ..., M,,). The GQ-Fast data structure
is optimized towards two goals: (i) rapidly evaluating m40p,—.(R), where A may be
any attribute D;, j # ¢ or M; and (ii) minimizing space by using compressed data struc-
tures. The most important mechanism towards compression is fragments that encode each
TA0D,=c(R) using techniques such as compressed bitmaps and Huffman encoding.

For each table of a graph database, GQ-Fast stores two indices Zr p, and Zp, D2
The only storage pertaining to R are these indices. The Zr p, index consists of a lookup
data structure on D; and fragments corresponding to the other attributes. Given an ID ¢
and an attribute A, a lookup table uses the data structure to return (i) a pointer to a byte
array that encodes the fragment w40 p,—.(R) and (ii) the size of the byte array, which is
required by the algorithms that decode fragments.

Index Structure. Given a relation R(C, Cy, Cs, ..., C},), assuming the indexed column is
C, GQ-Fast builds one index Zr ¢ (shown in Figure [I3.1) for R. A GQ-Fast index has
one lookup table for the indexed column C, and organizes values in columns C1, ..., Cy,
in fragments. We assume that |R| = h, consequently the column C' contains IDs in
the interval [0, — 1]. The lookup table Pc is a 2D array of size (h + 1) x n and
stores offsets into the respective fragments array designating the beginning of a fragment.
All fragments are stored consecutively and byte-aligned in one fragment byte array per
column. Specifically, P[t][m] stores the offset where fragment ¢, oc—¢(R) starts in
C,’s fragment byte array, where C,, is the (m + 1)-th column of R. If a value t € C
has no associated values in columns C1, ..., C,, then all fragments m.0c—¢(R) are empty.
The size of a fragment is defined implicitly as the difference between two consecutive
offsets, which is why the size of the first dimension of P is A 4+ 1. For further space
savings, offsets are encoded with the minimum number of bytes. In the following, we

'The administrator may elect to store only one of the two indices but then some queries will be
not be amenable to GQ-Fast’s efficient processing.

59



fragment byte array

for Cy

fragment
TC,0C=0

Tc,0c=tR
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fragment byte array
forCs, ....Chy

%

Figure 13.1: Index Zy . The lookup table P, stores offsets of fragments. Frag-

ments of different columns have different encodings.

present various encodings for fragments utilized in this paper.

Retrieve a fragment 7m0 r,—.(R). GQ-Fast first obtains an offset-arrays P = Zr g |[c]
by a random access, and its neighbour Ppeze = Zg g [c + 1]. Then GQ-Fast gets the
start address of the fragment Fr 4 = P[A] and its length =P [A] — Fr.a. If this
fragment is encoded by an encoding method E, GQ-Fast decodes it by using a macro
decodeE(Fpr a,l : Ag a,n)toproduce a decoded array A g _4 and the number of elements
n within it. In the following, we introduce encodings for fragments utilized in this paper.

Fragments Encoding Methods. In a GQ-Fast index Zp ¢ of relation R(C, C1, Cy, ..., Cy,),
all the values associated with ¢t € C in column C; are organized as a fragment ¢, 00— R.
GQ-Fast compresses fragments with different compression methods. GQ-Fast does not
have any restrictions on compression methods, as long as fragments can be decompressed
without accessing other fragments. It allows a wide range of encoding methods, including
those that do not support random access within a fragment. GQ-Fast currently uses the

following four methods for encoding single fragments.

» Uncompressed Array (UA): An uncompressed array stores the original numerical values
in their declared type.

* Bit-aligned Compressed Array (BCA): Assume a foreign key attribute points to the
IDs of an entity, which range from 0 to h — 1. Then each foreign key value needs

[logy h] bits. Consequently, a fragment m40p—.R with size n requires |

bytes (including alignment-induced padding).

n- [105,2 h) -I

* Byte-aligned Compressed Bitmap (BB): Given an array of values [v1, . .., v,], the equiv-
alent uncompressed bit vector is a sequence of bits, such that the bits at the positions
v1, ..., Uy are 1 and all other bits are 0. GQ-Fast uses the byte-aligned method to com-
press bit vectors [4]]. The first bit of a byte is a flag that declares whether (i) the next
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Uncompressed Array (UA) 32+ N - [logys D]
Bit-aligned Compressed Array (BCA) | 8- %
Byte-aligned Compressed Bitmap (BB) | N - (8 - [log;os 257 ])
Huffman 8- f%}

Table 13.1: Space Analysis of Encoding Methods

seven bits are part of a number that also uses consequent bytes or (ii) the remaining
seven bits actually represent the length number by themselves.

* Huffman-encoded Array (Huffman): GQ-Fast employs Huffman encoding with an array-
based encoding of the Huffman tree [|11,[20]] to avoid tree traversals (i.e., random access
on the heap). This can speed up decoding due to CPU L1/L2 caching effects.

13.1 Compression Quality Analysis

Table summarizes the space needed by each fragment. Assume that each fragment
contains N elements, the domain size of the column containing this fragment is D, Ep =
- Zi’;l p; log p; is the entropy of the column, and p; is the probability of occurrence of
element 7ﬂ In our experiments, GQ-Fast chooses an optimal encoding for each column
with minimal space cost by using the formulas in Table [13.1] where NV is set to be the
average fragment size on each column.

Different fragments of the same column may be most compactly encoded with dif-
ferent methods. For example, a fragment of more documents id’s of a term should be
encoded with BB, otherwise, it is less suitable to apply BCA. Though applying different
encodings for different fragments can achieve minimal space cost, the penalty is that we
need to remember the encoding method for each fragment, which increases the space cost.
To balance this trade-off, we apply the same encoding (the one with minimal space cost
for the fragment with average size) for fragments in the same column. Note that, frag-
ments in different columns still benefit from applying different encodings. And only one
encoding type is required to store for each column, which can be stored in the metadata.

Building GQ-Fast Indices. For an entity table E(ID, M, ..., M,,), GQ-Fast chooses
the ID column as the indexed column and creates one index Zg jp. Note that in an entity
table, a fragment contains only a single value.

For a relationship table R(Fy, Fa, My, ..., M,,) with two foreign keys F; and F5,
GQ-Fast chooses both F and F> as indexed columns, which means GQ-Fast builds two
indices Zg g, and g , according to different indexed columns. The reason is that a
relationship table refers to a collection of (potentially undirected) edges in graphs, and
it is necessary to provide an efficient way to obtain fragments for both source vertices
(in column F1) and destination vertices (in column F5). For scenarios where relationship

2We report the lower bound of the space needed by Huffman. The space needed by
Huffman is bounded by [8[ -Ep+D7, g N-EptNEDT) 53]
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tables have more than two foreign keys, say a > 2, to fully index all the foreign key
columns (if needed) GQ-Fast builds a indices, which may require a large amount of space.

Incremental Updates. GQ-Fast’s compact storage strategy (storing all the fragments of
the same attribute in one big fragment array and using offsets to refer to them) can signif-
icantly reduce space costs at the expense of incremental updates. To support incremental
updates, GQ-Fast could (i) store each fragment independently and (ii) maintain explicit
pointers for them. Theoretically, GQ-Fast will then require additional N (64 — [log, N')
bits, where N is the total number of distinct values in the indexed column.

As fragments may be encoded using Huffman encoding, it is challenging to maintain
the optimality of Huffman-encoded fragments after massive updates. Dynamic Huffman
encoding should be applied, which remains optimal as the weights change.
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Chapter 14

GQ-Fast Query Processing

The GQ-Fast Query Processor (Figure transforms a given query into an RQNA
expression, which is then transformed into a plan of physical operators (e.g., the plan in
Figure corresponds to the RQNA expression in Figure [14.2{e)), which is then used
together with metadata for C++ code generation. This section formally describes RQNA
expressions, presents physical operators and key intuitions in the translation of RQNA
expressions into plans, and describes how the GQ-Fast code generator translates plans
into code, essentially by mapping each physical operator to an efficient code snippet and
stitching these snippets together.

14.1 RQNA Expression

To efficiently answer relationship queries, GQ-Fast first translates them into RQNA
(Relationship Query Normalized Algebra) expressions (Figure[I4.T). In the simplest case,
an RQNA expression is a left-deep series of joins with a selection and aggregation: In
Line 6 the RQNA expression starts with a selection o.(T" +— v) of qualifying entities
— we call them the context entitieﬂ Subsequently, the RQNA expression performs a
series of left-deep joins (Line 3) that navigate to entities related to the qualifying entities.
Optionally, an RQNA expression may group-by the key attribute k£ (Line 1), followed by
multiple aggregations.

In more complex cases, an SQL query (as shown in later examples) may contain
nested queries using SQL’s IN syntax, where “IN” translates to semijoins (Line 7). Nested
queries are themselves relationship queries (Line 9) without aggregation or the result of
an intersection (Line 10). Figure shows the RQNA expressions for all the queries
evaluated in this paper.

(Lines 3.,4) allow for even more complex cases, where the RQNA expression is not left-
deep. This means that the joined operand is not just a selection operation on entities, but a

'The condition may be set to true, setting the context to all entities.
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Figure 14.1: Grammar Describing RQNA Expressions
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Figure 14.2:  Relational Algebra Expressions for Queries on Pub-
Med/SemMedDB

whole RQNA expression that lacks the Aggregation step. We can say that the X; i, —y.,
operation of (Line 3) defines a converging point for two Spanning Trees, based on the
Relationship Query definition of Chapter 0] For example, we can consider the Physical
Algebraic Plan of query A2X, as the following Lists of Physical Operators (evaluated in
the given order):

SELECTION'OPERATOR - dt1.Term = terml OR term2
HASHMAP OPERATOR - dt1.Doc as key

SELECTION'OPERATOR -dl1.Year = yearl OR year2
THREADING OPERATOR

JOIN'OPERATOR -d1.Doc = dal.Doc

(HASH) JOIN'OPERATOR -d1.Doc = dt1.Doc
AGGREGATION'OPERATOR -dal.Author; Count(*)

The selection operation that provides the context entities (Line 6), filters entities au-
tonomously, regardless of the attributes of other entities that they may be connected with
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during the step of Gragh Discovery (as defined in Relationship Query definition in: [9).
(Line 8) enables for mid-navigation filtering of sets of entities. More specifically, a Span-
ning Tree (or, in the simlest case, a path) of the graph that has been discovered due to
sequences of Joins, can be filtered as a whole with a logical expression c that contains
attributes from multiple entities of the Spanning Tree.

14.2 Physical Operators

This section explains the physical operators’ syntax and semantics, neglecting for now the

bottom-up pipelined execution aspects.

—1r.A1,..., 1. An . .
Fragment-based Join. The operator X .. ,, IR gL receives as input the result of

an expression L that produces a column B, generally among others. For each value b € B,
the operator uses the index Zp pr to retrieve (and decompress) the fragments 74,0, p/—p
(R~ r)fori=1,...,n. Intuitively, L would be the left operand of a conventional join
and R — r would be the right side. Conceptually, one may think that the fragments are
combined into a result table whose schema has the attributes Aq,..., A, (and also the
attributes of L). However, in reality, the decompressed fragments are not combined into
rows. In adherence to the late binding technique [ 1,[2] of column-oriented processing, the
ordering of the items in the fragments dictates how they can be combined into tuples. The

Y
X operator is useful for executing both selections and joins of the RQNA expressions:

* A projection/join combination T yysps(L) . Ay ... Ap (L xp—rp R~ r)where B is an
attribute of L and B’ is a foreign key of a relationship table R or B’ is the ID of an
—r.A1,..., 1. An
entity table R, translates to L X . p, ,, Irp.
* A projection/selection combination 7, o, ., 4,0y 5'=c(R — r), Where c is a constant
and B’ is a foreign key of a relationship table R or B’ is the ID of an entity table R,

—r.A1,..., 1. An
translates to {[B : |} Xp.p,,  Zgp. Essentially, GQ-Fast reduces the selection

into a join, by considering the left-hand-side argument to be a table with a single tuple
and a single attribute B, whose value is c.

—r.A1,..., 1. Ap o
Fragment-based Semijoin. The operator xp.p, ,, Tr.p' L operates similarly to the

fragment-based join but returns only attributes from (R +— r) if there is a matching
tuple in L. It is introduced in the plan when the RQNA expression has an expression
Tr Ay,...mAn (R — 1) X g—p g L). The operator maintains a lookup structure for values
from the B column of L; for each value b € B, the operator checks the lookup structure
to find out whether that particular value b was already received earlier. If L is relatively
large, it is best to use a boolean array, despite the fact that the query needs to initialize all
array elements to false. Otherwise, a hash set or a tree is preferable.

Hash Join. In Figure|14.1] (Line 4) defines a case where Fragment-based Join cannot be
applied, since the right operand does not define entities that can be accessed through frag-
ments, but a whole result table (with many attributes from different entities of a Spanning
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1
7da2.Author;SUM(dt1.Fre><dt2.Fre)/(2017—dy.Year)

_[daQ.Author
[><]dt2.Doc;DA,_>da2

\IDA.Author

— dy.Year
dt2.Doc;Doc—dy

I Doc.ID
sdt2.Doc,dt2.Fre

/thl.Term;DTn—nth

—dtl. Term,dtl.Fre IDT~T€7‘m
[X]dal.Doc;DTl—)dtl
T~ ZIbT.Doc

—dal.Doc
{[DAAUthOT 7 ]} I><|Author;DA»—)dal IDA.Author

Figure 14.3: Physical Algebraic Plan for Query AS

“Vd.Doc;Count(x)

—d.Doc
(H X dt2.Doc;Doc—d

— T~

—dt2.Doc Hd.Doc
X 441. Doc; DT —d#2 d
—sdtl.Doc \ —d.Year
T
{[DT.Doc : dy|} X Do DT s Doc.ID {[Doc.Year : yeary|} My car:Doc

Figure 14.4: Physical Algebraic Plan for Query SDY. The Hash Join Operator is
marked with (H).
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Vd.Y ear;Count(*)

—{}
(H) ~ d.Doc; DT +—dt2

— N

—d.Doc,d.Y ear

HdtQ.Doc
X da.Doc;Doc—d de2
—da.Doc \ —dt2.Doc

{[DAAuthOT : GUthOTO]} MAuthor;DA —da IDOC'ID thl.Term;DT —dt2

—dtl.Doc \
{[DT.Doc : dol} ™ poe.prsar Iprrerm

Figure 14.5: Physical Algebraic Plan for Query DAY. The Hash Semi Join Oper-
ator is marked with (H).

Vd.Y ear;Count(x)

Udt2~DOC>vthreshold

—dt2.Doc
(H) ~ d.Doc; DT +—dt2

— IS

—d.Doc,d.Y ear

HdtQ.Doc
X da.Doc;Doc—d dt2
—da.Doc \I —dt2.Doc
{[DA.Author : authorg|} Author;DA—sda DocID M g1 Perm; DT —dt2
—dtl.Doc \:Z
{[DTDOC : do]} MDOC;DTl—)dtl DT .Term

Figure 14.6: Physical Algebraic Plan for Query DAY with an On-The-Fly-Select
Operator right before the Aggregation. The Hash Semi Join Operator is marked
with (7). In this version of the DAY query, GQ-Fast recieves as input a threshold
value for the logical expression of the On-The-Fly-Select.
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Tree) of an RQNA sub-expression of a sequence of Fragment-based Joins. Hash Join Op-
—1r.AL,. T Ay
erator Xp.p, . L recieves as input the result of an RQNA expression L that produces

a column B, generally among others. For each value b € B, the operator retrieves the
result table of the right operand (an expression that can be a full RQNA query and, conse-
quently, may contain attributes from different combinations of entities) from a Hash Map
(which is created by the Hash Map Operator). The keys of the Hash Map are also one of
the attributes of the left operand on which the Join is based. For example, in query SDY,
the key of the Hash Map that needs to be used, is the attribute dt¢2.Doc. The values of the
Hash Map in this example consist of the attributes : d.Doc and d.Y ear ﬂ The branch of
the Hash Join that creates the Hash Map (the decision of wich play that role can be made
arbitrarily and is usually based on efficiency) is evaluated autonomously before the eval-
uation of the rest of the physical plans in GQ-Fast, since at the time of the application of

the Hash Map Operator, the whole Hash Map needs to be computed. Figure[T4.4]shows a
dt2.Doc
Physical Plan with a Hash Join ((H) Qd. Doc:Doc—d)5 the key of the corresponding Hash

Map is the attribute d.Doc, and the join operation checks wether dt2.Doc exists in the
Hash Map and, if it does, proceeds with a for loop for each set of values that are retrieved
from the Hash Map. In this case, no values are retrived (in fact, a Hash Set can be used
instead o a Hash Map) and therefore the Hash Join operator actually works as a filter in
this example.

—r. A, An . .
Hash Semi Join. Similarly to Semi Join, the X p.p, ,, L operator maintains a lookup

structure for values from the B column of L; for each value b € B, the operator checks the
lookup structure to find out whether that particular value b was already received earlier.
If it is the first encounter of b, the operator retrieves the values r. Ay, ..., r.A, from the
corresponding Hash Map exactly like Hash Join Operator does.

Hash Map Operator. Hash Join & Hash Semi Join operators basically seperate a branch
of the Join operation to be evaluated autonomously, as we describe above. Internally,
the Query Processor creates a new RQNA expression from that branch and instead of an
Aggregation, it places a Hash Map Operator (1, 1,) at the beginning of the list of the
Physical Plans. The attribute (which must be a primary or foreign eky of an entity) ry
is the key of the Hash Map, and L is the RQNA sub-expression that is evaluated to a set
of rows that populate the Hash Map. The Hash Map Operator is responsible for creating
and populating the Hash Map that will be utilized by the corresponding Hash Join or Hash
Semi Join. Figure shows a Hash Map operator (’Hg'D 9¢) that creates a Hash Map with
the attribute d.Doc as the key, and a set of lists of d.Doc values for each key. Figure[14.
shows a Hash Map operator (Hgié) 9¢) that creates a Hash Map with the attribute dt2. Doc
as the key, and and an empty set of values for each key.

On-The-Fly-Select. In (Line 8), a mid-expression filter is defined. On-The-Fly-Select op-
erator checks whether the logical expression of the selection (o) is true for the Spanning

2If we replace d.Doc with dt2. Doc in the Aggregation Operator then none of d’s attributes are
needed for the evaluation of the RQNA expression after the Join and we can ignore them. In this
case, instead of a Hash Map, a Hash Set can be used.
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Tree that has been discovered up to this point. If the logical expression is false, the Span-
ning Tree itself (as a mid-term result for the final aggregation) is discarded. Figure
shows a case where On-The-Fly-Select operator filters the valid nodes that are discovered

(Spanning Tree) based on the logical expression dt2.Doc > UthreshalaEI Also, in Figure
—dt2.Doc
14.6|the operator X ; poc. pr a2 does not retrieve an empty list from the Hash Map, but

the attribute dt2. Doc, since it is needed for the application of the On-The-Fly-Select.

Threading Operator. For performance purposes GQ-Fast uses the Threading Operator to
indicate to the Code Generator that the rest of the operators of the physical plan list must
be implemented in a multi-threaded environment. Optimally, the Threading Operator
should be incorporated in the Physical Plans by GQ-Fast’s Physical Plan Producer, after
dynamically evaluating the corresponding RQNA query and deciding the operator’s most
efficient usage (like the number of threads to be used and the right place in the physical
plan list At the moment, GQ-Fast automatically inserts a Threading Operator after the
Selection Operator (which is always the first operator) in a list of physical operators if
there is also a Join or Semi Join Operator present.

Aggregation. Recall, in relationship queries the single group-by attribute 7. D is the for-
eign key of a relationship table or the ID of an entity. In either case, the range of r. D is the
same as the range of the underlying entity ID. Consequently, the ¥ operator’s superscript
1 signifies the assumption that the domain of G is small enough to allow for the alloca-
tion of an array, whose size is the domain of r.D and each entry is a number, initialized
to zero. Every time a “tuple” from 7 is processed, this array is updated at r.D accord-
ingly. In addition, an array of booleans registers which values of r.D were actually found.

For example, the aggregation fyAuthor; SUM<<2 DTy e ng). ey Of the Query AS, as shown in
Figure [I4.3] initializes an array and a boolean register array with sizes of domain size of

Author.

14.3 Code Generator

The GQ-Fast code generator algorithm (Part 1: Algorithm [3| and Part 2: Algorithm
has two main components: to-be-emitted source code ( lines of the pseudocode that are
underlined with dashes); and control commands that determine which code pieces should
be emitted. The input of the code generator is (1) the physical plan and (2) GQ-Fast
metadata, which specifies the encoding of each fragment. The Code Generator has two
phases: (1) initialize necessary buffers (Lines 3-9); and (2) emit code pieces for each
physical operator (Algorithm of Physical Operators’ evaluation). More precisely, in the
first phase, the GQ-Fast code generator initializes an array R to store final aggregation

results and several boolean arrays for duplicate-checking in semijoin operations. In the
—r.Aq,..r.Ap .
second phase, it emits code for selection operators {[B : c|} Xp. g, Zr.p (Lines

3This is an example that presents the functionalities of GQ-Fast and is not necessarily useful
as an RQNA Query.
“In Chapter we discuss more about the potential of Threading Operator
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5-7 of Algorithm ). The getDecodeFragment macro emits code for (1) retrieving a
fragment (Lines 12—14) and (2) calling the corresponding decode macro (Lines 15-22);

. . . . . L —r.Aq,..r Ay
encoding information is obtained from metadata. For each join L X p.p, ,, Ir.p and

—r.Aq,..,r.Ap . .
semijoin L X p.p y, Ir.p operator (Lines 820 of Algorithm , the generator first

checks whether the previous operator operates on an entity table and the operated columns
are the same. In that case a for-loop can be avoided (Line 11). For a semijoin operator, one
more duplicate-checking step should be added (Line 16). The remaining steps (Lines 17-
20) of join/semijoin are identical to the selection operator. For each intersection operator

H;l F,,» the generator first identifies whether all the fragments are encoded with the
same bitmap encoding (metadata). If so (o« = 0), the generator emits code to perform
intersection directly on encoded fragments (Lines 36-40). For each Hash Join or Semi
Join operator, the Code Generator emits code that accesses the corresponding Hash Map
and retrieves the values that may be needed by following operators (Lines 22-23 for Hash
Join and 26-29 for Hash Semi Join). In the case of the On-The-Fly-Select o, an If clause
is inserted in the code with the logical expression defined by the operator (Line 33); the
logical expression may contain any attribute of entities discovered by operators up to this
point. Otherwise, it emits code to perform intersection on decoded fragments (Lines 42—
46). Then, the code generator either emits aggregation code pieces (Lines 48—50) for an
aggregation operator ’yiaD; a(s(Ar,..., An))? OF emits code for the creation of the appropriate
Hash Map (Line 31) ;this step cocnludes one of the lists of physical plans that is evaluated
autonomously).
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Algorithm 3: Code Generator

1
2

10
11
12
13
14
15
16

17
18

19
20

21
22

Input: a list of physical operators O and metadata M
Output: executable C++ code;

// Initialize arrays in global

Initialize an array R (|R| = |r.D|) for vv}.D;a(s(Al,...,An));

L —r.A1,..., 1. An
for each semijoin operator L X p.p, ., Ir p do

Run Algorithm for Evaluation of Physical Operators;
Macro getDecodedFragment(P,,r. A, ¢)
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Algorithm 4: Evaluation of Physical Operators

1 Input: a list of physical operators O and metadata M;
2 Output: executable C++ code;
// Produce code

3 for each physical operator o € O do
—r. Al A
ifo={[B:c]} xgpr,  ZIrp then

N n B

B . —r.Ap,.r Ap —r.Ap,.r Ap
elseifo=L Xpp ., Irpllo=L xg Tr.p then
/[Let o be the last Join or Semi operator of o

10 if 0.B = o/.B AND 0'.R is an entity table then

11 L vB = “ABU,BJ;

12 else
13 L for(ip = 0;ip < np;ip ++) {

15 ifo=1L xp " Iy p then

17 offset-array P, = Zp p/[vB];

18 for(each column 7. A;){

19 getDecodedFragment(P,,r.A;, vp);

20 1
. 1AL An
21 elseifo= Ly xpp ,, L5 then

22
23

. —r.Al,... T A
24 elseifo= L xg.p ., Lo then

25 if(BA[vp] = false) {
26

27
28
29

30
31

32
33

. =
34 elseifo=nN; ; then
35 if @ == 0 then

36
37
38
39
40

41

42
43
44
45
46

47 else if o = 'VTI.D;a(s(Al,..,,An)) then
48
49
50

n

1 Emit corresponding close braces;

72



Memory Requirements. Query execution requires 4 - |7.D| + "%, -|r;. B'| bytes, where
|r.D| is the domain size of r.D for an aggregation operator, k is the number of semijoin
operators, and |r;. B'| is the domain size of r;. B’ for the i™ semijoin operator.

Parallel Computing. GQ-Fast can use multiple cores/threads to perform parallel compu-
tation. The fact that in GQ-Fast (1) each fragment is independent of others, so GQ-Fast
can assign fragments to different threads; and (2) the query processing is more CPU-
bounded than memory-bounded especially when decompressing encoded fragments. We
would like to mention one important technical detail of how to handle two kinds of global
arrays, i.e., boolean arrays for each semijoin operation, and a numerical array for aggre-
gation operator. To guarantee the correctness of GQ-Fast, it applies spinlock [6] in each
array slot, which is more efficient than just using one spinlock on the entire boolean array.
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Chapter 15

Experimental Results

All of the following experiments were performed on a computer with an Intel Core
i7 - 7700HQ (256 KB L1 cache, IMB L2 cache and 6MB L3 cache) processor, 32GB
DDR4 RAM (2400 MHz) and a Samsung NVMe M.2 Hard Drive (970 Evo Plus), running
Ubuntu 18.04.3 for the GQ-Fast experiments and Windows 10 for the PostgreSQL experi-
ments. Generated C++ code was compiled with gcc++ 7.4.0, using -O3 optimization. For
PostgreSQL, we ensured that all the indexes that can boost the database’s efficiency were
implemented and utilized. For all our experiments in and we used GQ-Fast’s
Uncrompressed Array as the encoding method.

15.1 Example Relationship Queries

In this section we present the execution time (for representative inputs of the PubMed
data) of the relationship queries: SDY, ATY, DAY, A2X and ST.

Dataset Our dataset consists of all of PubMed’s data from 1996 up to September of
2019. The table DS (Document Substances) is used as the Table DT for the execution of
the relationship queries. More specifically, our dataset includes:

L]

Articles : 14319018

Authors : 13589207
* Document-Term tuples : 56533389

* Document-Author tuples : 70198290

The execution times are presented in the Table: and figure contains the
corresponding graph with logarithmic scale.
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Table 15.1: Summary Table with Example Queries’ execution times for GQ-Fast
& PostgreSQL.

Query | GQ-Fast (ms) | PostgrSQL (ms)
SDY 723 2777

ATY 13 48

DAY 47 70

A2X 479 4270

ST 448 17675

Execution Time (in miliseconds)

ATY DAY A2X ST

Figure 15.1: Comparison of execution times between GQ-Fast and PostgreSQL
for the relationship queries: SDY, ATY, DAY, A2X and ST in logarithmic scale.

B GQ-Fast
B PostgresqL

Shy
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Table 15.2: Summary Table with Demo Queries’ execution times for GQ-Fast &
PostgreSQL.

Query GQ-Fast (ms) | PostgrSQL (ms)
Author’s Autocomplete | 2288 24596

Disease’s Autocomplete | 432 4742

Frequent Co-Authors 40 216

Similar Authors 64412 1260000
Diseases 360 8350

Substances 448 17675

Heat Map 76 100

15.2 Demo User Interface

In this section we present the execution time of the queries that where utilized in order
to compute the data tables and autocomplete lists of the example scenario in section

Dataset Our dataset consists of all of PubMed’s data up to September of 2019.

e Articles : 29137786

Authors : 16345241
* Document-Substances tuples : 101010816
* Document-Diseases tuples : 53253398

* Document-Authors tuples : 114339706

The execution times are presented in the Table: [15.2] and figure [I5.2] contains the
corresponding graph with logarithmic scale.

15.3 Space and Runtime Efficiency of Different En-
coding Methods

In this section we present the execution time for some of PubMed’s queries, along
with the Index sizes for different encoding methods that were tested in our system. More
specifically, Table shows the execution time for the encoding methods : Uncom-
pressed Array (UA), Huffman-encoded Array (HU), Bit-aligned Compressed Array (BCA)
and Byte-aligned Compressed Bitmap (BB). Table[I5.4]shows the size of each Index from
PubMed’s data for the same encoding methods. The dataset for this section is the same
with Section and we chose the tables Substances and DS to take the place of Terms
and DT.
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Execution Time in Miliseconds
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Figure 15.2: Comparison of execution times between GQ-Fast and PostgreSQL
for the queries behind the Demo User Interface in logarithmic scale.

Table 15.3: Execution Time for GQ-Fast Queries for different encoding methods
(Uncompressed Array, Huffman-encoded Array, Bit-aligned Compressed Array
and Byte-aligned Compressed Bitmap).

Query | UA (ms) | HU (ms) | BCA (ms) | BB (ms)
SD 89 174 79 83

SDY 227 444 217 221
ATY 9 496 9 10

DAY 112 348 109 108
A2X 127 2596 97 122

ST 4 30 3 4
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Table 15.4: Index Size for PubMed’s Data Set for different Encoding Methods
(Uncompressed Array, Huffman-encoded Array, Bit-aligned Compressed Array
and Byte-aligned Compressed Bitmap).

Query UA HU BCA BB Fragments
DT.Term: 1.5GB | 1.2GB | 680MB | 1.5GB | 247421
DT.Doc: 1.2GB | 14GB | 1.3GB | 1.8GB | 18060121
Doc.ID: 1.0GB | 1.0GB | 12GB |12GB | 29137786
Doc.Year: 1.2GB | 615MB | 408 MB | 660 MB | 219

DA Doc: 1.8GB | 1.5BG | 1.6GB | 1.8 GB | 28510300
DA.Author: | 20BG | 1.5GB | 1.3GB | 1.6 GB | 16345237
Total Space: | 8.7GB | 72GB | 6.44GB | 8.56 GB | -

We can see in Table[I5.3|that the compression methods of Bit-aligned Compressed Ar-
ray (BCA) and Byte-aligned Compressed Bitmap (BB), provide slightly better runtime
efficienct than the Uncompressed Array (UAﬂ At the same time, the Bit-aligned Com-
pressed Array (BCA) saves approximately 26% of space according to Table [I5.4, On
the other hand, Huffman-encoded Array (HU) results in much greater execution times for
GQ-Fast’s queries. We believe that this happens because the compression methods fails
to provide small enough framgents to the processor in order to fit them in the L1 or L2
cache.

Larger datasets than the one we used would result in even greater differences between the
encoding methods
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Chapter 16

Future Work

In the future we will try to investigate methods to incorporate the creation and position-
ing of the Threading Operator in the Physical Planner of GQ-Fast. More specifically, we
aim to dynamically calculate the optimal number of occurrences for the Threading opera-
tor and where is it best to place it inside the list of physical plans (of each autonomously
evaluated RQNA sub-query).

More specifically, a Threading Operator notifies the Code Generator to execute the
operators that succeed the Treading Operator with multiple threads. If more Threading
Operators appear later in the same list of physical operators, then each thread will have to
generate and control multiple threads for the remaining physical operators. The process
of deciding the right places for Threading Operators inside the physical plans is highly
complex, but can also prove excessively beneficial for the efficiency of GQ-Fast .

An RQNA Query may consist of various autonomous branches that are distinguished
as the right child of a Hash Join or Hash Semi Join parent node. In this case, the branch can
be considered as an autonomous RQNA sub-query, and will be executed separately. GQ-
Fast should analyze the sub-query and apply the optimal number (and in the right place)
of Threading Operators dynamically, by taking into account other autonomous RQNA
sub-queries that may exist in the original query and that may be able to run in parallel. If,
for example, GQ-Fast runs on an processor with 8 cores, and an RQNA query contains
3 Hash Join branches that can be autonomously executed in parallel, then there are 42
different ways to distribute the cores to the queries. Our aim is for an efficient way for
GQ-Fast to analyze and distribute processing cores to each autonomous part of an RQNA
query in order to achieve even better performance.

Also, we will design more complex and scientifically interesting queries in order to
better process data sets like PubMed’s graph and, subsequently, better analyze, retrieve
and depict useful information for scientists and academics.
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Appendix A
Kinoeic tou Demo Ul cto Rest API

Yty egapuoyh Tou topoucidoaue oty evétnto 3] n epapuoyh guihopetents (front
end) o&womotel éva Resful API to onolo avanti&aye. Ye autd 10 TopdpTnua Topou-
odloupe ta Poaocixd endpoints Ta omola YENOWOTOACAUUE Yot TN TUEAYWOYT TWY 0-
TOTEAECUATWY TOU QUVOVTOL OTIS EIXOVEC OO TOL SOXUC TIXE CEVARLYL YPNOoNSG TNG
SpapuoY .

A’.1 Autocomplete feature

Thonowjoaye éva endpoint: baseURL/autocomplete oo onolo to front end yropet va
amooTéNheL éva dtdvuoya (vector) and tuéc/mopauétpous Twv pubmed entities: author,
substance, disease, year, €vo prefix string omé éva {ntoduevo dimension (entity tng
GQ-Fast ) xaddc xaw v emhoyy Tou cuyxexpyévou dimension and 0 GOVONO TV
mponyoluevwy Twov (m.y. author). To API extekel 1o xatdhhnho Case Analysis xou
Cntder and T GQ-Fast vo extehéoel:

* Inverse Index Search ndvew 6To avdotpogo eupeThplo Tou {ntoduevou dimension
Bdoel tou prefix string twv mapauéTewy. Av yla Topddelypa to {ntovuevo di-
mension eivon To author, xat to prefix string mou diveton meptéyet “Trichop”, tote
Yo yiver avalATnom yior Oha T OVOUATO CUYYRUPEWY ToL OTOloL EEXLVAVEL UE AUTO
To string.

* (IIpoaupeTind) e MEPINTWOT TOL LTEEYOUV UN XEVES TOPHUETEOL GTO Vector, -
xtehelton xatdhinho query otn GQ-Fast to omolo emiotpépel yio xde amotéhe-
ouo e avaliTnong évay apldud Tou yenoLoToleTo ¢ BEiXTNG ONUAVTIXOTY-
T (contextual importance) yior TNy Ta€vOUNoT TwV anoteheoudtwy otov front
end. Ye mepintwon nou dev exteAeoTel xdmolo query, xdUe Ty Tou ETC TEEPE-
TaL AmO TO €VEETAPLO CUVOOdELETAL amd €vay OelxTr non-contextual importance
ToL UTopEl va yenodorotniel yio TNV TagvounoT Twv anotehecudtwy. o mo-
eddEYUaL, €6V XATE TNV ovallATNOT YLl TO OVOUATOL CUYYRUPENY DiveTon o Wl
acVEVELD OTIC TUPUUETEOUS, TOTE O BEXTNG ONUAVTIXOTNTOG OTA ANOTEAEGUATOL
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Table A.1: Tlopductpot Tou baseURL/autocomplete endpoint.

Parameter Type
Search Dimension | String
Prefix String
Author (id) Int
Substance (id) Int
Disease (id) Int
Year Int

Table A.2: ITopduetpotl Tou {baseURL }table endpoint.

Parameter Type
Table Dimension | String
Author (id) Int
Substance (id) Int
Disease (id) Int
Year Int

ouuBohiler tn oyéon tou xde cuyypupéa Ye TN cuyxexpluévn aclévela (T.y.
TOOEC (POPES EYEL CUUTERIAISEL TNV acUEVELX EVAS CUYYRAUPENS OTIC ONUOOLE-
UoELC ToL).

H altnon da mpénet va mepiéyel oto body tou unvipatog mpog 1o API tic Tiég yia
o Tedior Tou mivoa: [ALT]

A’.2 Table Request feature

Thonowoaue €va endpoint: baseURL/table oto onolo to front end unopel va o-
oo TEMNEL €var Bdvuopa (vector) amd Téc/mapopétoove (m.y. author,g = 100,
disease;q = 200) poli pe éva {nroduevo dimension (m.y. authors | substances) yi
T0 omoilo ypewdleton TOV XatdAANAo Tivoxa dedouévewy. To molog Yo elvon autdg o
nivaxog mpoxdnTel and To avticTolyo case analysis mou yiveton otov back end (Rest
API). O mivoxag mou emoTeéPeTtal ¢ AnoTEAEOUA €ivol ETOWHOS Yo TAPOLGLNaT) OTOV
xenhotn xadae 1o API €yel ppovtioet va avTixatao THoeL Tic TWES xAedidy (I Ds) mou
emioteépel ) GQ-Fast ue to avtiotouya ovopata twv PubMed Entities.

H aitnomn Vo mpénel va nepiéyel oto body tou unvipatog mpog o API tic Tipée yia
o Tedior Tou mivoa: [A2]
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Table A.3: ITopdetpol Tou {baseURL theatmap endpoint.

Parameter Type
Heat Map Dimension 1 | String
Heat Map Dimension 2 | String

Author (id) Int
Substance (id) Int
Disease (id) Int
Year Int

A’.3 HeatMap Request feature

Thonowjoaue €éva endpoint: baseURL/table cto onolo to front end unopel vor o-
oo téMkel évor Bidvuoua (vector) omd Twéc/mopapétpous (my. authorig = 100,
disease;q = 200) poli pe 8o {nrovueva dimensions (m.y. authors xou substances)
yioe 10 omolo ypeetdleton Tov xotdhhnho mivaxo tonou Heat Map. To moiog Yo efvan
oUTOC O TVOXOC TIEOXVTTEL OO TO avTloTolyo case analysis mou yivetow otov back end
(API).

H aitnomn Yo meénel va mepiéyel oto body tou unvoupatoc tpog to API tic Téc yia
o edior Tou mivoror: [AL3]

A’4 Case Analysis

Yta API endpoints nou meprypdpoue, xdide xArorn mou yiveton oto API and tov QuA-
houetenTth Tepléyet éva ohvoho and mapouéteous. Avdhoya pe To moleg elvon awtol oL
TUEAUETEOL X0 TO TEPIEYOUEVO TOUC, TROXUTTEL XAl €V OLUPOPETIXG ATOTEAECUA TO
omofo npénel vo e Teédel Eva endpoint. Autd onuaiver 6TL to Rest API mou avantddo-
ue, meotoL exwvhoel va emxowvwvel ue tn GQ-Fast xau tn PostgreSQL mpoxeiévou
vor GUMEEEL xan Vo ETICTEEPEL TIC amavTACELS oL {NTYEL 1 ¥eNOTNG, TEETEL TEWTOL VoL
arogacicel moleg eivon aUTEG oL amavTAoES. AVIAOYA UE TO AMOTEAECUN AUTHS TNG
uerétne (dniadn tou Case Analysis), tpoxOnTeL €va EexmploTd GUVONO amd EpOTAWO-
To ouoyéTiong mou meénel vo Teéfouv ot GQ-Fast . T mopdderypo, edv xotd
x\on tou endpoint: baseURL/table dolcl w¢ {nroduevn dwdotaon: “Authors” xou 7
TapdueTeog “Substances” Oev elvon xevi| aAAd mepiéyel T Ty “Alcohols”, tote Ja
npénel vo exteheotel ot GQ-Fast éva epdtnua OToL EMGTEEPEL TOUC CUYYEAUYELS
TIOL €)Y 0LV YENOWOTOACEL TO Y NUxd oTotyelo “Alcohols” Tic nepilocdTepeS Popéc oTig
onuootedoel toug. Edv yiver Cavd 1 (Blar xhfon ahAd auth| T popd €xel ouunAnenmidet
xan To medlo Year, TOTE TO EpWTNUA TOU TEETEL Vo exTeEAec Tel Yo TpémeL Vo aoy oAnUel
UOVO UE TIC ONUOCLEVCELS TOU €YVaY OT1 BOVEICH YPOVId TEOXEWEVOL Va Beel TOUg
OYETIXOUE CLYYPUPE(C.

82



Bibliography

[1]

(2]

(3]

[4]
(5]

[6]

[7]

[8]

[9]

[10]

(11]

[12]

[13]

D. Abadi, P. A. Boncz, S. Harizopoulos, S. Idreos, and S. Madden. The design
and implementation of modern column-oriented database systems. Foundations and
Trends in Databases, 5(3):197-280, 2013.

D. J. Abadi, P. A. Boncz, and S. Harizopoulos. Column oriented database systems.
PVLDB, 2(2):1664-1665, 20009.

D. J. Abadi, S. R. Madden, and N. Hachem. Column-stores vs. row-stores: how
different are they really? In SIGMOD, pages 967-980, 2008.

G. Antoshenkov. Byte-aligned bitmap compression. In DCC, page 476, 1995.

S. Bordoloi and B. Kalita. Designing graph database models from existing relational
databases. IJCA, 74(1), 2013.

J. Catozzi and S. Rabinovici. Operating system extensions for the teradata parallel
VLDB. In VLDB, pages 679-682, 2001.

S. Chaudhuri and U. Dayal. An overview of data warehousing and OLAP technol-
ogy. ACM Sigmod record, 26(1):65-74, 1997.

C. Chen, X. Yan, F. Zhu, J. Han, and S. Y. Philip. Graph OLAP: a multi-dimensional
framework for graph data analysis. KAIS, 21(1):41-63, 2009.

C. Chen, X. Yan, F. Zhu, J. Han, and P. S. Yu. Graph OLAP: Towards online analyt-
ical processing on graphs. In ICDM, pages 103—112, 2008.

P. Chen. Entity-relationship modeling: historical events, future trends, and lessons
learned. In Software pioneers, pages 296-310. Springer, 2002.

K. Chung and J. Wu. Level-compressed huffman decoding. TCOM, 47(10):1455—
1457, 1999.

E. J. Franczek, J. T. Bretscher, and R. W. Bennett III. Computer virus screening
methods and systems, Nov. 16 1999. US Patent 5,987,610.

H. Garcia-Molina, J. D. Ullman, and J. Widom. Database Systems: The Complete
Book. Prentice Hall Press, Upper Saddle River, NJ, USA, 2 edition, 2008.

83



[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

V. Hristidis, Y. Papakonstantinou, and A. Balmin. Keyword proximity search on
XML graphs. In ICDE, pages 367-378. IEEE, 2003.

S. Idreos, F. Groffen, N. Nes, S. Manegold, K. S. Mullender, and M. L. Ker-
sten. MonetDB: Two decades of research in column-oriented database architectures.
DEBU, 35(1):40-45, 2012.

H. Kilicoglu, M. Fiszman, A. Rodriguez, D. Shin, A. Ripple, and T. C. Rind-
flesch. Semantic MEDLINE: a web application for managing the results of PubMed
searches. In SMBM, volume 2008, pages 69-76, 2008.

H. Kilicoglu, D. Shin, M. Fiszman, G. Rosemblat, and T. C. Rindflesch.
SemMedDB: a PubMed-scale repository of biomedical semantic predications.
Bioinformatics, 28(23):3158-3160, 2012.

J. Knight. Method and system for remote network security management, Apr. 28
2004. US Patent App. 10/834,443.

A. Lamb, M. Fuller, R. Varadarajan, N. Tran, B. Vandiver, L. Doshi, and C. Bear.
The Vertica analytic database: C-store 7 years later. VLDB, 5(12):1790-1801, 2012.

J. Li, H. Tseng, C. Lin, Y. Papakonstantinou, and S. Swanson. Hippogriffdb: Bal-
ancing I/O and GPU bandwidth in big data analytics. PVLDB, 9(14):1647-1658,
2016.

C. Lin, B. Mandel, Y. Papakonstantinou, and M. Springer. Fast in-memory sql ana-
lytics on typed graphs. Proc. VLDB Endow., 10(3):265-276, Nov. 2016.

H. Ma, B. Shao, Y. Xiao, L. J. Chen, and H. Wang. G-SQL: Fast query processing
via graph exploration. PVLDB, 9(12), 2016.

G. Navarro and N. Brisaboa. New bounds on D-ary optimal codes. Information
Processing Letters, 96(5):178-184, 2005.

A. Pavlo, E. Paulson, A. Rasin, D. J. Abadi, D. J. DeWitt, S. Madden, and M. Stone-
braker. A comparison of approaches to large-scale data analysis. In SIGMOD, pages
165-178. ACM, 2009.

M. Roth, A. Ben-David, D. Deutscher, G. Flysher, I. Horn, A. Leichtberg, N. Leiser,
Y. Matias, and R. Merom. Suggesting friends using the implicit social graph. In
ACM SIGKDD, pages 233-242, 2010.

A. Sinha, Z. Shen, Y. Song, H. Ma, D. Eide, B.-j. P. Hsu, and K. Wang. An overview
of Microsoft Academic Service (MAS) and applications. In WWW, pages 243-246.
ACM, 2015.

M. Stonebraker, D. J. Abadi, A. Batkin, X. Chen, M. Cherniack, M. Ferreira, E. Lau,
A. Lin, S. Madden, E. O’Neil, et al. C-store: a column-oriented DBMS. In VLDB,
pages 553-564, 2005.

84



[28] P. Vassiliadis and T. Sellis. A survey of logical models for OLAP databases. ACM
Sigmod Record, 28(4):64—69, 1999.

[29] D. W. Wardani and J. Kiing. Semantic mapping relational to graph model. In
IC3INA, pages 160-165. IEEE, 2014.

[30] F. Xia, Y.Li, C. Yu, H. Ma, and W. Qian. Bsma: A benchmark for analytical queries
over social media data. VLDB, 7(13):1573-1576, 2014.

[31] Z. Xu, S. Zhang, and Y. Dong. Mapping between relational database schema and
OWL ontology for deep annotation. In WI, pages 548-552. IEEE, 2006.

[32] S. Zhou. Exposing relational database as RDF. In /IS, volume 2, pages 237-240.
IEEE, 2010.

85



	
	

	  greekenglishPubMed Schema
	greekenglish(Demo UI)
	     µ µ
	  µ

	 ß
	µ     greekenglishGQ-Fast 
	  
	  greekenglishHash Join
	  greekenglishOn-The-Fly-Select

	 µ 
	greekenglishATY
	greekenglishDAY
	greekenglishA2X
	greekenglishST

	µ µ
	englishenglishIntroduction
	Data Schema and Queries
	Data Schema
	Relationship Queries
	Further Examples

	User Stories (Demo UI)
	Search Form
	Result Section
	Execution Time for Demo's Queries

	Architecture
	GQ-Fast Index Structure
	Compression Quality Analysis

	GQ-Fast Query Processing
	RQNA Expression
	Physical Operators
	Code Generator

	Experimental Results
	Example Relationship Queries
	Demo User Interface
	Space and Runtime Efficiency of Different Encoding Methods

	Future Work
	englishgreek  englishenglishDemo UI  englishenglishRest API
	greekenglishAutocomplete feature
	greekenglishTable Request feature
	greekenglishHeatMap Request feature
	greekenglishCase Analysis


