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UND VISUAL ANALYTICS
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computing

*Menschen mussen standig Aufgaben losen:

= \Wie verbreiten sich Krankheiten?

= \Welche Medikamente wirken
fur eine Krankheit?

» Wie bekdmpft man eine Finanzkrise?

» Wie sind Spezies evolutionar verwandt?

= \Welche Hackerattacktaktiken werden
wie haufig angewandt?

» Wie bewegen sich Spieler auf dem
Fussballfeld?
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CATGACGTCGCGGACAACCCAGARTTGTCTTRAGCGATGAT AMGATC TAACCTCAC TGOCGOAGGAGRETEATAL
CTGGGGC TTTACTGATGTCATACCGTCTTGCACGAOGATAGAA TOAC G TGCCCGTGTCTGCTTGCCTCGARGEA

L 0 I ¥ d . ‘ \ I b
L] TTTTET Bt v o
TR f;:?g;“ufuc-\ccvc&.amcucccaaanmv oA AT A TARGATE T AN CAE T GCCSOABAAGRETERTAC
CGATAMAATTCARE Tac. CTOSBGCTTTACTGATGTCATACCGTC T TGCACGGGIAT AGAATGACGGT GLCCGTGTCTGCT TRCCTCGARGEA
o eTotaraTToraTas ATTTTCTGARAGTTACAGACTTCOATTARAAAGATCRAL TOCOEGTGOACCCO0AGAGACAT GEGTSATAGTEA
[ ATCCAMGCGOCCGLTAL gé‘"(fuc-\ccn:sn.aatcucccaaanmkngauc;rw:vucnv:vaA(U(acmc\uvcuvctcanc

AGCCCAGTCGCAAGGGTI GGOGCTTTACTGATGTCATACCGTCT TGCACGGGGATAGAA TGACGGT GCCCGTATCTGC T TGCC TCGAAGCA

mrun«.r‘cucreuc\ e ATTTTCTGARAGT TACAGACTTCGATTAAARAGATC GGGCCEGGAGAGACATGCATOATAGTCA

2 mm b
TOGCGTTERaCRCGT A o MY T T T £ GO RRAL AACCCAGAAT TG TEAL TGCCGUGGRALGE TCATAC
;im:gf\;:;g;;:[:;«..m,gﬁ“‘ GG T T AL TGAT TCATACCA T T TOLACGGSiA TAGAA TOAC SO TECLCOTOTC TG T GEL TCGARGEA

A et s ATTTTCTGARAG T TACAGACT TCGAT TAAARAGATCOGAC TOCGEGTGGGCCCGIAGAGACATGATIGTAGTCA
TCTCRTECATARGEATE ABACA agccc, LTI T EATEACETCOEGRALAACEEAGAATTaTC T T AAGATCTAACCTCACTGCCROGRGAGACTCATAC
TECGLGTGATCGTCAGT TA ¢.,n,.,, e CTGGGGCTTTACTGATGTCATACCGTCT THCACGEGGAT AGAA TGACGGT GCECGTATCTGE T TRCC TOGAAGEA
scsaaTICSETACAGT O TG T T T TGARAGT TACAGACTTCGAT T AR AAAGAT COGAL TEOGCGTGOALCCCOAGAGACATGCATSATAGTCA

cou 1128 c.ac-ﬂ oo LT T GACETCRCGRACARCCCAGAAT TATE TTGAGE GATGAT ARGATCTAACE TCAL TRCCGOALGAGAETEATAC
CemngeaTTGTAGY o6 (W‘mc;ucz“"a,iﬁﬂl“ CTGGGGCTTTACTGATGTCAT ACCRTC T T GLACGGGGAT AGAA TGACGGT GLCCGTGTCTGCT TGECTCGAAGEA
AGGTGCGACATGORGCE oot GACAG) T T ATTTTCTGARAGT TACAGACTTCGATTAAARAGATCGRAL TOLGEGTGOGCCEGOAGAGACATGLATSATAGTCA
TRTTTAARTTAGGATGE AMMETE yeregy TO0C0 ATCoM Tryye S gt ST

Lo cCAtAC aaacas T Tas AT AT G GaAC AACECAGARTTGTC T TGAGCGAT GG TARGATC TAACCTCAL TGCC GOGUBACAC TCATAC
AGCTGACHCOGARGRGT! LC0ncy T A TAY G Gac 1T AL TGATGTCATACCGTE 1 TGCACGAGGAT AGAATGACCGT GEE CGTGTCTGCT TG0C TCGARGEA
CITAGTTOGORTOCTA S PrTis tcgq,v'nm...m. AT TCOAT TAAAAAGATCOAAE TORGoaT R0 CE ACAGALATSCE THG TABTER

TRGATCLGAGTCAG ADCTE! T A AL GTCGCAGAC ARCECAGAR T TGTC T TGAGCGATGAT ARGATC T AACE TCAL TGCCGRAGGAGECTCATAC
SEENGEAL o T ToATOTCATACC G T TOCACSa04A TAGAATEACSOT GCLCOTaTC T TOLC TEGAASER
AGticeregaTcetoan SheA T YT T CAAAG T TACAGACT TCGA T TAAAAAGAT OGO TG CET BAECE COAGAGACATECETEGTACTEA
craTTaTCCATCCGAC LI AGCT! 2oL TET ‘C--‘C-N_.“cc."'"‘fucaccvca\.aatcuccc-saanm'-."Ga\r.cm‘w:'ucnv:vaA(U(-!cmc\avr.urrcrcanc
COGETETGEATETTAAL! CTTAG TGCGEK gnmes coaTa

4T GGGGCTTTAC TGATGTCATACCGTC T TGCACGAGIA T AGAA TGACGGT GEECGTGTCTGC T TGEC TCGAAGCA
ACTAAGTTATCCAGATE: ABSAX cacacy 17 K‘(Wmcaumm’"*"((

ACTAMGTIATCEAGATC Ty, SACACL 177, L00S) sacam o ST T TTACAGACTTC AT TALARAGATC GRAC TOCOEGTOO0CCEOAGAGACATLCATERTAGTER
R ReTaTICACGA aam SGOETE it ADCTG iy ae TETE0) atacas ”:::‘ ST CGLGRACAMCLCAGAAT TG TCTTGAGCGATGATAAGATCT AACL T CAL TGCCEUABEMBOE TEATAC
OTATOax A5 3 STTAY oo 1O ‘cmcq.,n,.,ﬁﬁ CTOGGGCTTTACTGATGTCATACCGTC T TGCACGGGGAT AGRATGACGGT GCCCGTATCTGC TTGCCTCGAAGCA

el OGN CACL GOt GC
Ll T 1 GACAG) ,.vmcv;...cm A GACTTCGATT AR ARAGATCAAACTGLGECTORRCCECIAGACACATGERTEETAGTCA
GETATTATTAGEAACAL: CTATE S gm“mAAchY"(;"ﬂ"“ir(cm P e A e e oS ey Y e

- a s = .
iy GrGTTaGCTCGGGeANG STAGE] cagere 4EllEl TETSE anaca T A aT e EREAT A ECALART ST TGAGECAT AT ARGATE T AACETCAE TOLEOLAREACEETCATAC
GECTRETCCTGTTCCGG A2a0nt ACTA -t.mmc"ﬂc AGGTG _(W‘mCJ\H%.,",.,SE T I GGGGCTTT ACTGATGTCATACCGTC T TGCACGAGGAT AGAATGACGGT GLCCGTGTCTGC TTGECTCGAAGEA
n-_uaum,:carrnwm( ST frarmy oM E‘“ T GACAG] 1eer o SO TGy Ty T TGARAG T TACAGACTTCGAT T A AAAGAT COGAL TEOGCGT GOACCCCOAGAGACATGCATSATAGTCA
= SoanTCcEaTaGECA £rETL CTAGE orn 11T aneTms i e T A T CGe AL ARCECAGART TETC T TGAGEGAT GATARGAT LT AACET CAE TGLCOBSBRMGRETCATAC

caaTal C

Taten G 6T T T A A G AT ACC G TC T GCACGaaA LAATaAC oG CCTTCTUCT TG TCLAAGCA
e oAttt conam s AT Shoact ] AL T T T TCTGARAGTTACAGACT TCaATT AAAAAGA TCGRACTGOGE G TOGRCCECIAGAGACATGERTEETAGTCA
 ccec ST .G.,f“‘“‘“‘cc.m 166 Lacas i T T ACaTE AT OEATAACCCAGART T T T TGAGEGATGATAAGATCTAALE TCAL TGELBUAUGACEETCATAC
TEETG TaTAn CTTAGH

Ay Gaack GG TTACTGATGTCATACCGTC TTGCACGGOGAT AUAA TUACGOTGCCCOTATCTGCT TGCCTOGANGCA
caTeal ], CACACK T pres

Gl
i ToG

a1 AEA ] GACAGY T g o TG LT TTTCTGARAGTTACAGACTTCGATTAAARAGATCOGAE TOLGEGTGOGCEGIAGAGACATGCATIGTAGTCA

faay TaGG) ATCTGE vy fpigs TETE6Y .;acm“‘“‘Hnrccacuutnc:n T AbLBEAATAGY T BCBEARCETTAEACETEARTTCEEAARETCGEAAGA

Toe m“EEW CTang HO4E e TBCEC! ¢ g, AvCCC T AaA AN A TG TG AR TAGGTCACGT T TATGTGARKTAGAGGLAARCCGAC TCCCAAAT

cotou forA% GaTaTt AGGAGE cpcact 47017 ACOSG Gacagy S4TTA! TCTATGATA TTATAACK AGGTTAARTGACTCTTCTATCTTATGGTG

cocoa STETH Cracer s, ATCTGE m,m:alcr.u_,(;‘ O T CC AACLOLLCOETAATTCTGT TETGT TAAT T TCAT AR C AATACTCACATCACATTAGATCAAGEATECEEE

AGAL

€OCE gocad 1 agaccs ACTO! ccanne T EEE AGACAL e AGTC e AMGGGTCTECTGCTGTTGTCGACGEC T EATGTTACTCL TRGAATCTACE TGECCTECCCTEACE
Tee ratan A L AT AT o ST A G A A A TG 4G TATACATCAC T CGGACETAGAG TG CATEGACTaGE TACTCACT
S AT aree [T aaacTy A TOOOGGT TCRACGEG TAGT TGAGT GLGA TAACCCAACORGTGCAAGT AGCAMGAAGACC TACE TGGGTCACCTT
Cocra & ABCTE A4S ] A CAACCTAMC T AATAGTCTCTARCAOOGARTTACE T T TACCAGTCTCATGLC TCCARTATATCTBEACCEETT

< ceakad Els
ETand 4345 CTTADS oo TOCE! c‘cuvcuuclxcca‘xcua:rAr_ccrc'lc.nc:ur(ccuacccc:cc((cr.‘.crccr.;cncr.cvcnvnc
T TGTTT ey A T, e GACATAGAGAGCTA T IGTGTART TCAGGE TCAGEAT TCATCACCTTTCC TGT TG TGAATAT TGTGC TARTGCA
T etgere AT “m“m.«ucv TETEGTECGTAMCGATE TAGGGGGCAMAACCGAATATCCGTATTCTCATCCTACGGGTCCACAATGAGARAGTCC
o ABACCY ooy, SO £ GG TCATCG TEAGT TARGTF ARAT TAATTCAGGE TR G TARACTTGTAGTGAGE TAAGAR TCACAATE
(;mn“-““c ca c<¢';;‘f§-(wm T ACAGATGAACTGAAT T TATACACGGACAAC TEATCGCCCAT T TGRGCGTGRCACCHEAGATCR
AT GTGTH £ 1o CTAT 6 AAAGTGGCAGATTAGGAGTGLTTGATEAGSTTAGCAGET GGACTGTATCCAACAGCGEATCAAACT TCAATA

C((‘-"anm‘ AGCT cagoTd ALLTe; AGCT G GTFGTAR TG TETAAEE L CCTLAACAGT GO GOCLAT BT TG LT AGTALANCETTELCEETTE
TEETE 16TaGS gopars A5 TAM ygga @;c'z"g‘mnvmw&:ucmu- AT TAGCC TGOCCTATATCEC TTGEACACGTTCATAAGAGGGCTETACAGCGCEGC

"

ST gaaamc SR CTITI Er, T T AR TTAGGATOE COACCLCATEA T TGTARCTGTA TG TTCATAGATATTTC TTCAGGAST AATAGCGACA
eeca ETCTL ST Codd ATCTE deeraucacaciices CAACAAT AL TTCTACTATLACCCCLE TOAACOAC LT T T TOCAAGAALE ARCTOS
T A T 4TI CaTCC T AN aT AT EAGOCCEAGTCATATCATASATCAGGCATEAGARACCRACATEGABTCTA
catau | 1T AT €A ACCAGTTCTARACARCTTCATTCETATACTGTAGET, GEATETECTACAT

Cocen TAGGT

Gect
TGETG Torag, AAA0K LeTanc
CETEA poaate 6”_" TarT

ATCTGGATCCGAGTCAGARAT ACGAGT TAATGCARAT TTACGTAGACCGGTGAAAMCACGTGECATGEGTTGEGT

AGACCGTAGT CAGAAG TG TGOCGEHE TAT TEGTACCAAMC LG TGRAGT ATACAGAATTGCTCT TCTACGACGT A
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. Teeret SCCTH yuagacTar ATTATCGLOATCOTCTAGA
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T AT A A YO T AGEOET T CEAL T TGAGEGALTAAACATCAACAAKTGEGTETACT

AGTAGGCAATTACAACCTOCTTCAGATCACTOOTTAATCAGEGATCTCTTCATAMGATTATACTTG,
OCEUACOCBACAGCTET TLANGGGGELGATTT 1T GGACT TCACATACGLT AGANT T TAMAGRGTETCTTAL
TGLTGEGGECTGEAGGEACECE TAGAAL TTGECGECTALTTGTCTEAGTC TAATAACGEGEGAAGE!
CGTGACCTTAAG T GCAGAGCGAGTGATGAA T TGOGACGCTAATATGGATGAA TAGAGACT TATATCATCAGSG
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Strategle 1 = VISU&|ISIerung visual & analytic

computing

AT GG T G A A DA G AAT TG T T T GAGC AT LT AR GATCTASCC TCAC TGO GRGLGARGITCATAL

CTGGRGCTTTACTGATGTCATACCGTC T TGCACGGGGATAGAATGACGATGLCCOTGTCTGCTTROCT OGAAGL A

ATTTTCTGAAAG T TACAT &7 TTraa TTa & &4 & & T & T T e AR S AP & TEr TR TArTE &

TTTTTCCACETETE A SATEACE TG GGA LA CAGAATTGTC T TGAGCGATGAT AAGATC TASCC TCAC TGOCGRGGGAGLTCATAL
ECATAAAATTCAACT AL CTOGEOC TTTACTGATGTCATACCGTCTTECACGGGIATAGAATGACGATGCCCATGTCTRCTTGECTCGAAGEA
COCTGGGETGTTCT AT 5;. AT T AT TAC A A TTC AT TAARA A A TOCCAC TG AT CRC OO COACACACATOCCTCATAGTCA
;"'CCA#E.I:GE"EG:T#A' T A G TG T ARG A T ARG GG AA TG T T TG GaGA GG T TACAGC T TCAATTCOCARAGLT COC ARGA
AGCCCALTCOCAAGLGT) SEATARAA T TCAAC TACTGGT TTCRGCC TAATAGGTCACGT TTTATGTGALATAGAGGGGAACCOGLTOCCANAT
EETTAAGEAGTETEATE CoC TEOGTGT TCTATGATAAGTOCTGCTTTATAACACGRGGCGGT TAGGT TAAATGACTCTTCTATCT TATGATG
TOGEGGT TEGGEGCGT A AT ARG G TAAT T TG T T TG TAAT T TCATAC CAATACTCACATCACAT TAGAT CAARGCGATCOCCG
M:IM_La ACC TA M:' TAAT A1 AEC A T e A A G T T T e T T TG T O CAC G T AT G T TAC TCCTECAATCTACCTRCCCTCC CLTCACE
CAATGATATOCOCCACA o T TARG GG TaT AT CGAC AT G AGGTAT AL ATCGGE TOGGACCTACAGTGGTCRATCGACTGGETACTRLLT
CACACTACACACCTATT) 1 -0CGhT TCRGLGLGTAGT TEALTGLGATAMCLLAACLGLTGLCAAGTAGLALGALGACC TACCTGLLTCACCTT
TETERTECETAACCATE: AEACAACCTAACTAATAGTCTC TARCGGGGEAAT TACCT TTACCAGTCTCATGOCTOCAATATATC TRCACCGITT
TEEEEETEATERTEAGT CARTGATATOGCCACAGAAASTAGGGTCTCAGGTATCGCATACGCCACGECCGAET COCAGCTACGE TCAGGAT
ACGGGTTCGCTACAGAT SACAGTAGA A TAT TG CTAAT TCACCCTCACCATTCATCCACCTTTCCTETTATCAATATTGTCC TAATGCA
AAAGTOGCAGATTAGGA! T T T G T AR A T T G GG G AR A A LA AT AT LG T AT T T CA T CTACG GG TOCAC AL T GAGARAGTOL
CCAAACCCTTETACTGS TECaCGTGATCATCAGT TAMGT TAAAT TAAT TEAGHE TACGGTARAC T TGTAGTGAGE TAAGAA T CACGRGAATL
ACETECEAS ATEAAAEs, ACGEGTTCGCTACAGATGAACTGAAT TTATACACGGACAACTCATOGCCCATTTGGGCGTGRGCACCGCAGATCA
AT A AT TAGCACTECTTGATCAGGT TAGCAGGTCRACTOTATOC AACAGORCATCARACTTCAATARAT
AT Ta T AT ea T TAA G A O TRAAC A TR GO ATCA T TAGC AT ACTACAAC L TTCOLCCTTG
AT R A A TG A T T A TG T AT AT T TR AC AL T T AATARGAGGOGC TC T ACAGCGOTGT
T T AT T AGGs T A AT AT T e T AR TET AT T TCATAGATAT T TCTTCAGGAGT AAT AGCGAL A
ATCTOOATEEEALTE A SECTRACACGCARGLGTCAACAATAATTTCTACTATCACCCCGC TRAACGAC TGTCTTTGCAAGAACCAAC TGGG
ACACCGTAGTCACRAGT! TTAGAT TG T CCTAACGTAGTCAGGGCCCAGTCATATCATAGAT CAGGCATGAGAAACCGACGTCGAGTCTA
ACGAGCTCGGETOCC AR CACACCAGT TG AR A AAC T TOAT TG TATAC TOTAGC TACCGLAAGEATCTCCTACATCAARGACTACTCRG0G
CTATTATCCATECGAAD ATE T BoA TECGA G TCAGARA T ACGAGT TAAT G ARATTTACG TAGACCGGTCAAKACACGTRECATRGRTTROGT
CRGCTCTGoATCTTAAC A eAC G T A T A GG TG T GO GC TAT TG T ACCGAAC GG TGRAGTATACAGAATTGLTCTTCTACGALGTA
ACTAACTTATECAEATE, AEGa G T GG T OO CAATGCACGCCARARAAGGAATARAGTATTCAAACTGLGLATGGTCCCTOLGOCGGTGGCA
CTETTTCAMGEECTETG T AT TAT AT O GAACGT TRAACCTACTTECTOGGC T TATGCTGTCCTCAACAGTATOGCT TATGAATLGLATG
~ ﬁﬁl:-,Tl..T > M_;r..i'a.ﬁi_'n T T GCATCT TAA GO A AT T T TAAT T CACC AT CAC CCATC L CTTTCCTCLC TOTAC AATGACT
;AacA;waCc,Tafcsﬁ.n{TaAﬂ'TarﬁCaGAT{AnGn1rTﬂanfiﬂaﬁEiﬂrn'nafn!h1ﬂTGA£'iAA£Cr(n2m|£maarﬂfaﬂaﬂAa
OTATTATTAGCAkAr = ToT T T ARG TCTaC T T TG TATCAC TCAA TATAT TEAGACCAGACAAG T GRCARAATT TOGTROGCLTLTL
ETETTeSCTros Ao aks T TAGETATTCACGCAACCGTCGTAACATGCACTAAGGATAACTAGCGCCAGOGGGGCATACTAGGTCCCGGAGET
GLCTRCTCCTGT TCCGm A AT A O TAT AT T T TGO A GGG CAC A AT A Ao T TACCACACAATTATCCOGATCATC TAGK
T|:.,T AGAAA TA :ca&;; g SETATTATTAGCARGACAATARAGCACATTCCACAGACACTTAT TAGAATTCAACARACACGATCATATCATGOG
CCAATCOGCACTAGEE A 1o Taae T Caa G ARG T L GAA G TG CARLAGAT T CGCCATGRAALCGTCTARTCL TRT TAGLGT GT AL
CCCGACGGACAGETE FeC TR TEC TG T TECOGaTACCAT AGATAGAC TGAGAT TEOGTCALALAAT TROGGLGAALA TAGAGLGGL TCCT
?G:1leanTf|nuﬂf TaTAGAAAT A CAGA ToGGAA T T TAAGC G T TTCCAC TATC TEAGEGAC TAAACATCAACAAATGCGTC TACT
i:r,:l:i]ai:.l'lT 1‘&&#]‘ f"G;'.-l:: AR TG AGT AL AA T TAC AR TG T TCAGA T AL TRGT TAAT CAGGGATGTCTTCATAAGAT TATACTTG
) ) O A G A A T T T ARG GG G CGAT TT T TGOAC T TCAGATAC G TAGAAT TTARAGGLTCTC TTACACT
T T e GG TG A GGG A O T A AR T TG CTACT T T TCAG T TAA T AAC G OGO GAAGC LG TRG GG A
CGTEACE T T AL T G A GAGCGAG TGl TG A T T TGGaACGE TAATATGOETRaATAGRGAC T TATATCATC AGEG

TTTTTAAATTAGGA TGS
AGCTGACACGLAAGGGTI
CTTAGATTCGCGTCCTA:
CACACGAGTTGTARALA

Visualization > Wissen
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Strategie 1 - Visualisierung ﬁ&onowc

computing

X Y X Y X Y X Y
10,0 8.04 100 9.14 10,0  7.46 8.0 6.58 N =11
8.0 695 8.0 8.14 8.0 6.77 8.0 5.76 mean of X's = 9.0
13.0 7.58 13.0 8.74 13.0 12.74 80 77 mean of Y’s = 7.5
9.0 8.81 9.0 8.77 9.0 7.11 8.0 8.84 equation of regression line: Y = 3+0.5X
110 8.33 11.0 9.26 11.0 7.81 8.0 847 standard error of estimate of slope = 0.118
' 140 9.9 140 8.10 14.0 8.84 8.0 7.04 B t =424 o
6.0 724 6.0 6.13 6.0 6.08 8.0 525 sum of squares X - X = 110.0
40 426 40 310 4.0 5.39 19.0 12,50 regression sum of squares = 27.50
12.0 10.84 120 913 12.0 8.15 8.0 5.56 residual sum of squares of Y = 13.75
7.0 4.82 7.0 7.26 7.0 642 8.0 79 correlation coefficient = .82
50 5.68 50 4.74 50 573 8.0 6.89 rz2 = .67

Visualization > Wissen
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Strategie 1 - Visualisierung

visual & analytic
computing

10 |

111

10

20

II

IV

Wissen >
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Strategie 1 - Visualisierung visual & analytic

computing

= Warum nutzen wir Visualisierung — jenseits von “shiny graphics”?

Es geht nicht (nur) darum, Daten auf den Bildschirm zu bekommen

Gute Visualisierung hilft beim Denken

‘> Visualization> Wissen >

SS 2020 | Seminar Visual Analytics o



Strategie 1 — Interaktive Visualisierung ﬁs‘mwc

computing

* “Visual Support makes us smarter.” (Stuart Card)
= Mit den Daten arbeiten, statt sie zu konsumieren

South Africa

SS 2020 | Seminar Visual Analytics 10



Funktionen von Visualisierung ﬁ&onowc

computing

= Visualisierung wird genutzt, um bekanntes Wissen zu kommunizieren

> Wissen >> Visualization>
» Geforscht wird an Visualisierungen

= . mit denen neues Wissen entdeckt wird

» ... mit denen existierendes Wissen uberpruft wird

Wissen >

SS 2020 | Seminar Visual Analytics 11



visual & analytic

Strategie 2 — Data Mining
computing
= Suche nach Mustern in grof3en und komplexen Datenmengen
12
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Zusammenfassung VAC

visual & analytic
computing

» Informationsvisualisierung

+ effektives Verstehen der Daten - Skaliert nicht fur grol3e/komplexe Daten
+ einfach zu erzeugen - Besser fiir offene Fragen
+ ,macht Spass*

-> Visualization> Wissen >

= Data-Mining

+ suche komplexer Muster - Schwierig zu interpretieren
+ funktioniert gut fiir groRe Datenmengen - Schwierig durchzufihren

-> Data Mining > Wissen >

SS 2020 | Seminar Visual Analytics 13



VISU3.| An a|ytICS w&onolytic

computing

» “Visual Analytics combines automated analysis techniques with interactive visualization for an
effective understanding, reasoning and decision making on the basis of very large and
complex data sets.” [Keim et al. 2008]

» “Science of analytical reasoning facilitated by interactive visual interfaces.”
[Thomas & Cook, 2005]

‘> Visualization >> Wissen >
N

S S v >> v >

SS 2020 | Seminar Visual Analytics 14



Requirements for Visual Analytics Solutions

visual & analytic
computing

Create solutions fitting to
the question at hand

Large & Complex Data
X
Exploratory Tasks
X

For the User

Interaktive
Visualisierung
als zentrales
Komponent!

Analytics

.

Visual

J

15



Interaktive Visualisierung: Herausforderung &Q&mwc

computing

= Visualisierung sollte Daten gut lesbar und interpretierbar darstellen

» |_eider nicht jede Visualisierung ist geeignet

Visualization of Corona Virus Epidemic in China

Coronavirus in China: 24th February 2020
Coronavirus in China: 24th February 2020

Mumber of cases per 100,000

SS 2020 | Seminar Visual Analytics
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Interaktive Visualisierung: Herausforderung \AC

visual & analytic
computing

= Visualisierung sollte Daten gut lesbar und interpretierbar darstellen

= |_eider nicht jede Visualisierung ist geeignet

Contact network

Zachary's karate club
34 nodes and 78 edges

17 17



Interaktive Visualisierung: Herausforderung

Veompatng T
= Visualisierung sollte Daten gut lesbar und interpretierbar darstellen
= |_eider nicht jede Visualisierung ist geeignet

» Grol3e Daten bendtigen Interaktion
Contact network

W

—’-4'-5\-\—
= NN —— ) = b

TR

A N

4158 person collaboration network
18
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computing

ZIELE DES SEMINARS
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Ziele des Seminars \A&CM

computing

Lernen, mit wissenschaftlicher
Literatur zu arbeiten

= /U lesen & verstehen
» Zusammenzufassen

= Prasentieren
= schriftlich
= mundlich

WS 2020/21 | Tatiana von Landesberger 20



Welche Typen von Papers gibt es in Visual Analytics? \,\i@&mw

computing

: : = Evaluation
= Algorithmus-Technik

: » Bewertung und Vergleich von Techniken
» Fokus auf Verbesserung technischer Aspekte J J

: : . : » Was sind die Ergebnisse?
= Was wird gemacht? Wie funktioniert es? Was ist J

daran besser? = \WWelche Technik ist wann die Beste und wann?
= Anwendung

= Existierende Techniken werden auf bestimmte Aufgabe = Design Studie

hin umgesetzt _ . : : :
= Visualisierungsdesigns, die an spezielle Daten

= Was sind die Anforderungen? Wie wird die Technik und Anfragen entwickelt werden

genutzt? L : :
= Wie hangen Anforderungen, Designoptionen und

Kriterien zusammen
= System

= Verbindung von mehreren Techniken zur Lésung einer = Uberblick/Survey

komplexen Aufgabe o _
= Zusammenfassung von publizieren Arbeiten zu

= Wie sind die Anforderungen? Wie ist der Aufbau des einem Thema und deren Einordnung
Systems?
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Ziele des Seminars

visual & analytic
computing

*|_ernen welche (interaktive) Visualisierungstechniken
= Existieren fur gegebene Daten, Aufgaben und Nutzer
= Geeignet sind
»\Was sind Vor- und Nachteile von Visualisierungstechniken

*|_ernen wie man Visualisierungstechniken evaluiert

Im Studium:
FUr Bachelor/Master/Seminararbeiten

Im Berufsleben:

Fur Projekte und Arbeit
Berichte
(Kunden/Firmen)Prasentationen
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computing

= Schreiben und Prasentieren

Im Studium:
FUr Bachelor/Master/Seminararbeiten

Im Berufsleben:

Fur Projekte und Arbeit
Berichte
(Kunden/Firmen)Prasentationen
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Paper Uber Neue Interaktive Visualisierungstechniken

visual & analytic
computing

Ziel: Entwicklung von neuen Techniken
Fragen an das Paper, die beantwortet werden sollen:

* Welche Techniken wurden entwickelt?
= Wie funktionieren diese Techniken? Was ist an der Technik besser?
= Gibt es weitere/ahnliche Papers die diese/ahnliche Techniken vorstellen?
* Wie ist die Technik aufgebaut?
= \Was sind die Anforderungen an die Technik?
= Wie ist die Technik aufgebaut? Wie funktioniert sie?
*\Was sind die Ergebnisse?
= \Wie wurde Ergebnis evaluiert?
= Wo kann man die Technik anwenden?
» Eigene Kritik/Meinung aussern
» Was ist an den Ansatzen gut oder schlecht? Woran kdnnte man weiterforschen?
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Paper Uber Design Studie von Interaktiven Visualisierungstechniken V'?FM

computing

Ziel: Entwicklung von neuen Techniken in einem iterativen Design Prozess
Fragen an das Paper, die beantwortet werden sollen:

» Welche Technik wurde entwickelt?
= Wie funktionieren diese Techniken? Woflr werden diese Techniken angewandt?
= Gibt es weitere/ahnliche Papers die diese/ahnliche Techniken vorstellen?
* Wie wurde vorgegangen?
= Welche Anforderungen/Kriterien werden verwendet?
= Welche Schritte wurden gemacht?

*\Was sind die Ergebnisse?
= \Was ist das finale Design?
= \Wie wurde Ergebnis evaluiert?
= Wo kann man die Technik anwenden?
» Eigene Kritik/Meinung aussern
» Was ist an den Ansatzen gut oder schlecht? Woran kdnnte man weiterforschen?
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Paper Uber Evaluation von Visualisierungstechniken

visual & analytic
computing

Ziel: Bewertung und Vergleich von Techniken
Fragen an das Paper, die beantwortet werden sollen:

* Welche Techniken wurden bewertet?
» Wie funktionieren diese Techniken?
= \Warum Auswahl dieser Techniken? Wofir werden diese Techniken angewandt?
= Gibt es weitere/ahnliche Papers die diese/ahnliche Techniken evaluieren?
* Wie wurde die Bewertung durchgefuhrt?
» Welches Setup wurde angewandt?
= \Welche Kriterien wurden verwendet?
*\Was sind die Ergebnisse?
= Welche Technik ist wann die beste?
= Kann man die Ergebnisse generalisieren?
» Eigene Kritik/Meinung aussern
» Was ist an den Ansatzen gut oder schlecht? Woran kdnnte man weiterforschen?
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HOW TO READ A SCIENTIFIC PAPER
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Suchen
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How to Read Academic Papers

(without losing your mind)

P »l o) 008/3:13

How To Read an Academic Paper

https://youtu.be/SKxm2HF -kO
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Evaluation: Beispielpaper
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Welche Techniken wurden

ewertet?

= \WWarum Auswahl dieser Techniken?

= \Woflur werden diese Techniken
angewandt?

= Gibt es weitere/ahnliche Papers die
diese/ahnliche Techniken evaluieren?

= Wie sind diese Techniken gebaut?

EUROVIS 2020/ C. Garth, A. Kerren, and G. E. Marai Short Paper

Width-Scale Bar Charts for Data with Large Value Range

M. Hohn'2©, M. Wunderlich'2®, K. Ba]lweg' ©, T.von Landesberger' 23@

!'TU Darmstadt. Germany
*HiGHmed Use Case Infection Control Konsortium, Darmstadt, Germany
3Karlsruhe Institute of Technology, Germany

1. bk e ou |

(a) Linear (LIN) (b) Logarithmic (LOG) (c) Scale-stack (SSB) (d) Magnitude marker (OMM) () Width-scale (WSB)
Figure 1: A single dara ser with large value range using four relared design and our width-scale bar charr.

i
Data sets with large value range are difficult to visualize with traditional linear bar charts. Usually, a logarithmic scale is
used in these cases. However, the logarithmic scale suffers from non-linearity. Recenily, scale-stack bar charts and magnitude
markers, improve the readability of values. However, they have other disadvantages such as various scales or several objects
Sor visualizing one value. We propose the width-scale bar chart that uses width, height and color to cover a large value range

within one linear scale. A quantitative user study shows advantages of our design — especially for reading values.

1. Introduction

Large value ranges appear often in various data. Examples include
population count of various countries [Eur20]. Each data set con-
tains several values. Using scientific notation (v = m x 10°) this ex-
ample contains values with differences in their exponents between
four and eight. We consider this "data with large value ranges’.

‘When data with large value ranges are visualized for their ex-
ploration, the major tasks are for reading values, comparing values,
determining ratios of values, identifying extrema, sorting values or
determining trends in the data [TM04, AES05]. The common vi-
sualization method is a bar chart with linear (LIN) (Fig. la) or
logarithmic (LOG) (Fig. 1b) scale. LOG scale [Tuk77] can dis-
play larger value ranges more accurately, but increases difficulties
in reading exact values due to its non-linearity [HSBW 13]. There-
fore, recently two special approaches, i.e., scale-stack bar charis
(SSB) (Fig. Ic) and erder of magnitude markers (OMM) (Fig. 1d),
have been proposed. They improve the readability of values, but re-
quire several scales (SSB) or multiple encoding of values (OMM).
Thus, reading values is potentially more difficult.

‘We present a novel approach to visualize data with large value
ranges: the widih-scale bar chart (WSB). With our new technique,
bars can be arranged into one single scale (in contrast to SSB) by
one bar object (in contrast to OMM). We compared our approach
with LIN and LOG bar charts as well as the SSB and the OMM

(@ 2020 The Autho
Eurographics Proce

ings (€) 2020 The Eurographics Association

designs in an empirical user study. The results show, that our new
design performs significantly better for reading values than all other
designs and has comparable performance to the best design for de-
termining ratios, sorting and find extrema.

2. Related Work

In addition to LIN and LOG design, Isenberg et al. [IBDF11] pre-
sented a technique where the x-axis can be locally transformed to
show adequately dense data. Their evaluation showed that trans-
formation of y-axis performs better than transformation of x-axis.
One option is to use cut-off bars or scale break [CM86]. Recent
techniques use the normalized scientific notation m x 10° where
1<m<l0andecZ

Scale-stack bar charts [HSBW13] use several scales to represent
the values - one scale for every distinct exponent e. Within each
scale the mantissa m is represented linearly (see Fig. Ic).

Order of magnitude markers [BDJ14] use different elements to vi-
sualize the mantissa m and the exponent e. The mantissa is dis-
played as a thin colored bar with height of m in front of a thicker
gray bar represent the exponent ¢. Both elements are displayed us-
ing a linear scale from 0 to 10.

3. Visualization Method

Our new visual approach is the so-called width-scale bar chart
(Fig. 2). This design is inspired by the scientific notation of num-

WS 2020/21 | Tatiana von Landesberger
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(a) Linear (LIN) (b) Logarithmic (LOG) (c) Scale-stack (SSB) (d) Magnitude marker (OMM) (€) Width-scale (WSB)

Figure 1: A single data set with large value range using four related design and our width-scale bar chart.

Abstract

Data sets with large value range are difficult 1o visualize with traditional linear bar charts. Usually, a logarithmic scale is
used in these cases. However, the logarithmic scale suffers from non-linearity. Recently, scale-stack bar charts and magnitude
markers, improve the readability of values. However, they have other disadvantages such as various scales or several objects
Sor visualizing one value. We propose the width-scale bar chart that uses width, height and color to cover a large value range
within one linear scale. A quantitative user study shows advantages of our design — especially for reading values.

L. Introduction

Large value ranges appear often in various data. Examples include
population count of various countries [Eur20]. Each data set con-
tains several values. Using scientific notation (v = m x 10°) this ex-
ample contains values with differences in their exponents between
four and eight. We consider this "data with large value ranges’.

designs in an empirical user study. The results show, that our new
design performs significantly better for reading values than all other
designs and has comparable performance to the best design for de-
termining ratios, sorting and find extrema.

2. Related Work

When data with large value ranges are visualized for their ex-
ploration, the major tasks are for reading values, comparing values,
determining ratios of values, identifying extrema, sorting values or
determining trends in the data [TM04, AES05]. The common vi-
sualization method is a bar chart with linear (LIN) (Fig. la) or
logarithmic (LOG) (Fig. 1b) scale. LOG scale [Tuk77] can dis-
play larger value ranges more accurately, but increases difficulties
in reading exact values due to its non-linearity [HSBW 13]. There-
fore, recently two special approaches, i.e., scale-stack bar charts
(SSB) (Fig. Ic) and order of magnitude markers (OMM) (Fig. 1d),
have been proposed. They improve the readability of values, but re-
quire several scales (SSB) or multiple encoding of values (OMM).
Thus, reading values is potentially more difficult.

We present a novel approach to visualize data with large value
ranges: the width-scale bar chart (WSB). With our new technique,
bars can be arranged into one single scale (in contrast to SSB) by
one bar object (in contrast to OMM). We compared our approach
with LIN and LOG bar charts as well as the SSB and the OMM

(@ 2020 The Authorish
Eurvgraphics Proceedings () 2020 The Eumgraphics Association

In addition to LIN and LOG design, Isenberg et al. [IBDF11] pre-
sented a technique where the x-axis can be locally transformed to
show adequately dense data. Their evaluation showed that trans-
formation of y-axis performs better than transformation of x-axis.
One option is to use cut-off bars or scale break [CM86]. Recent
techniques use the normalized scientific notation m x 10° where
I1<m<Il0andecZ.

Scale-stack bar charts [HSBW13] use several scales to represent
the values - one scale for every distinct exponent e. Within each
scale the mantissa m is represented linearly (see Fig. lc).

Order of magnitude markers [BDJ14] use different elements to vi-
sualize the mantissa m and the exponent ¢. The mantissa is dis-
played as a thin colored bar with height of m in front of a thicker
gray bar represent the exponent ¢. Both elements are displayed us-
ing a linear scale from 0 to 10.

3. Visualization Method

Our new visual approach is the so-called width-scale bar chart
(Fig. 2). This design is inspired by the scientific notation of num-
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(a) Linear (LIN) (b) Logarithmic (LOG) (c) Scale-stack (SSB) (d) Magnitude marker (OMM) (€) Width-scale (WSB)

Figure 1: A single data set with large value range using four related design and our width-scale bar chart.

Width-Scale Bar Charts for Data with Large Value Range

Abstract

Data sets with large value range are difficult 1o visualize with traditional linear bar charts. Usually, a logarithmic scale is
used in these cases. However, the logarithmic scale suffers from non-linearity. Recently, scale-stack bar charts and magnitude
markers, improve the readability of values. However, they have other disadvantages such as various scales or several objects
Sor visualizing one value. We propose the width-scale bar chart that uses width, height and color to cover a large value range
within one linear scale. A quantitative user study shows advantages of our design — especially for reading values.

= Gibt es weitere/ahnliche Papers die
diese/ahnliche Techniken evaluieren?

= Wie sind diese Techniken gebaut?

L. Introduction

Large value ranges appear often in various data. Examples include
population count of various countries [Eur20]. Each data set con-
tains several values. Using scientific notation (v = m x 10°) this ex-
ample contains values with differences in their exponents between

When data with large value ranges are visualized for their e;
ploration, the major tasks are for reading valu mparing values,
determining ratios of values, identifying extrema, sorting values or
determining trends in the data [TM04, AES05]. The common vi-
sualization method is a bar chart with linear (LIN) (Fig. la) or
logarithmic (LOG) (Fig. 1b) scale. LOG scale [Tuk77] can dis-
play larger value ranges more accurately, but increases difficulties
in reading exact values due to its non-linearity [HSBW 13]. There-
fore, recently two special approaches, i.e., scale-stack bar charts
(SSB) (Fig. Ic) and order of magnitude markers (OMM) (Fig. 1d),
have been proposed. They improve the readability of values, but re-
quire several scales (SSB) or multiple encoding of values (OMM).
Thus, reading values is potentially more difficult.

We present a novel approach to visualize data with large value
ranges: the width-scale bar chart (WSB). With our new technique,
bars can be arranged into one single scale (in contrast to SSB) by
one bar object (in contrast to OMM). We compared our approach
with LIN and LOG bar charts as well as the SSB and the OMM

(@ 2020 The Authorish
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designs in an empirical user study. The results show, that our new
design performs significantly better for reading values than all other
designs and has comparable performance to the best design for de-
termining ratios, sorting and find extrema.

2. Related Work

In addition to LIN and LOG design, Isenberg et al. [IBDF11] pre-
nted a technique where the x-axis can be locally transformed to
Sow adequately dense data. Their evaluation showed that trans-
rmation of y-axis performs better than transformation of x-axis.
e option is to use cut-off bars or scale break [CM86]. Recent
ichniques use the normalized scientific notation m x 10° where
[<m< l0ande € Z.

fale-stack bar charts [HSBW13] use several scales to represent
e values - one scale for every distinct exponent . Within each
Male the mantissa m is represented linearly (see Fig. lc).

Irder of magnitude markers [BDJ14] use different elements to vi-
SWalize the mantissa m and the exponent ¢. The mantissa is dis-

‘ ayed as a thin colored bar with height of m in front of a thicker
&l

ray bar represent the exponent ¢. Both elements are displayed us-
ing a linear scale from 0 to 10.

3. Visualization Method

Our new visual approach is the so-called width-scale bar chart
(Fig. 2). This design is inspired by the scientific notation of num-
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(a) Linear (LIN) (b) Logarithmic (LOG) (¢) Scale-stack (SSB) (d) Magnitude marker (OMM)  (¢) Width-scale (WSB)
Figure 1: A single data set with large value range using four related design and our width-scale bar chart.

Abstract

Data sets with large value range are difficult 1o visualize with traditional linear bar charts. Usually, a logarithmic scale is
used in these cases. However, the logarithmic scale suffers from non-linearity. Recently, scale-stack bar charts and magnitude
markers, improve the readability of values. However, they have other disadvantages such as various scales or several objects
Sor visualizing one value. We propose the width-scale bar chart that uses width, height and color to cover a large value range
within one linear scale. A quantitative user study shows advantages of our design — especially for reading values.

L. Introduction

Large value ranges appear often in various data. Examples include
population count of various countries [Eur20]. Each data set con-
tains several values. Using scientific notation (v = m x 10°) this ex-
ample contains values with differences in their exponents between
four and eight. We consider this "data with large value ranges’.

When data with large value ranges are visualized for their ex-
ploration, the major tasks are for reading values, comparing values,
determining ratios of values, identifying extrema, sorting values or
determining trends in the data [TM04, AES05]. The common vi-
sualization method is a bar chart with linear (LIN) (Fig. la) or
logarithmic (LOG) (Fig. 1b) scale. LOG scale [Tuk77] can dis-
play larger value ranges more accurately, but increases difficulties
in reading exact values due to its non-linearity [HSBW 13]. There-
fore, recently two special approaches, i.e., scale-stack bar charts
(SSB) (Fig. Ic) and order of magnitude markers (OMM) (Fig. 1d),
have been proposed. They improve the readability of values, but re-
quire several scales (SSB) or multiple encoding of values (OMM).
Thus, reading values is potentially more difficult.

We present a novel approach to visualize data with large value
ranges: the width-scale bar chart (WSB). With our new technique,
bars can be arranged into one single scale (in contrast to SSB) by
one bar object (in contrast to OMM). We compared our approach
with LIN and LOG bar charts as well as the SSB and the OMM

(@ 2020 The Authorish
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designs in an empirical user study. The results show, that our new
design performs significantly better for reading values than all other
designs and has comparable performance to the best design for de-
termiai . i

. Related Work

In addition to LIN and LOG design, Isenberg et al. [IBDF11] pre-
sented a technique where the x-axis can be locally transformed to
show adequately dense data. Their evaluation showed that trans-
formation of y-axis performs better than transformation of x-axis.
One option is to use cut-off bars or scale break [CM86]. Recent
techniques use the normalized scientific notation m x 10° where
I1<m<Il0andecZ.

Scale-stack bar charts [HSBW13] use several scales to represent
the values - one scale for every distinct exponent e. Within each
scale the mantissa m is represented linearly (see Fig. lc).

Order of magnitude markers [BDJ14] use different elements to vi-
sualize the mantissa m and the exponent ¢. The mantissa is dis-
played as a thin colored bar with height of m in front of a thicker

gray bar represent the exponent ¢. Both elements are displayed us-
Ni2 2 linear scale from 0 to 10.

J

3. Visualization Method

Our new visual approach is the so-called width-scale bar chart
(Fig. 2). This design is inspired by the scientific notation of num-
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(a) Linear (LIN) (b) Logarithmic (LOG) (¢) Scale-stack (SSB) (d) Magnitude marker (OMM)  (¢) Width-scale (WSB)
Figure 1: A single data set with large value range using four related design and our width-scale bar chart.

Abstract

Data sets with large value range are difficult 1o visualize with traditional linear bar charts. Usually, a logarithmic scale is
used in these cases. However, the logarithmic scale suffers from non-linearity. Recently, scale-stack bar charts and magnitude
markers, improve the readability of values. However, they have other disadvantages such as various scales or several objects
Sor visualizing one value. We propose the width-scale bar chart that uses width, height and color to cover a large value range
within one linear scale. A quantitative user study shows advantages of our design — especially for reading values.

-[Wie sind diese Techniken gebaut?

L. Introduction

Large value ranges appear often in various data. Examples include
population count of various countries [Eur20]. Each data set con-
tains several values. Using scientific notation (v = m x 10°) this ex-
ample contains values with differences in their exponents between
four and eight. We consider this "data with large value ranges’.

When data with large value ranges are visualized for their ex-
ploration, the major tasks are for reading values, comparing values.
determining ratios of values, identifying extrema, sorting values o
determining trends in the data [TM04, AES05]. The common viH
sualization method is a bar chart with linear (LIN) (Fig. la) o
logarithmic (LOG) (Fig. 1b) scale. LOG scale [Tuk77] can dis
play larger value ranges more accurately, but increases difficulties
in reading exact values due to its non-linearity [HSBW 13]. There-
fore, recently two special approaches, i.e., scale-stack bar charts
(SSB) (Fig. Ic) and order of magnitude markers (OMM) (Fig. 1d)
have been proposed. They improve the readability of values, but re
quire several scales (SSB) or multiple encoding of values (OMM)

designs in an empirical user study. The results show, that our new
design performs significantly better for reading values than all other
designs and has comparable performance to the best design for de-
termining ratios, sorting and find extrema.

In addition to LIN and LOG design, Isenberg et al. [IBDF11] pre- \
sented a technique where the x-axis can be locally transformed to
show adequately dense data. Their evaluation showed that trans-
formation of y-axis performs better than transformation of x-axis.
One option is to use cut-off bars or scale break [CM86]. Recent
techniques use the normalized scientific notation m x 10° where
I1<m<Il0andecZ.

Scale-stack bar charts [HSBW13] use several scales to represent
the values - one scale for every distinct exponent e. Within each
scale the mantissa m is represented linearly (see Fig. lc).

Order of magnitude markers [BDJ14] use different elements to vi-
sualize the mantissa m and the exponent ¢. The mantissa is dis-
played as a thin colored bar with height of m in front of a thicker

Thus, reading values is potentially more difficult.

We present a novel approach to visualize data with large value
ranges: the width-scale bar chart (WSB). With our new technique,
bars can be arranged into one single scale (in contrast to SSB) by
one bar object (in contrast to OMM). We compared our approach
with LIN and LOG bar charts as well as the SSB and the OMM
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gray bar represent the exponent ¢. Both elements are displayed us-
lno a linear scale from 0 to 10.

3. Visualization Method

Our new visual approach is the so-called width-scale bar chart
(Fig. 2). This design is inspired by the scientific notation of num-
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Figure 2: Width-scale bar chart. Example data as used in the study.

bers. Similar to the recent approaches [HSBW 13, BDJ 14], we split
each value v into two parts to gain a tuple of mantissa m and
exponent € so that v = m x 10°. As visual variables, we choose
width, height and celor due to the importance ranking by Bertin
[Ber83, Car03]. The mantissa is linearly mapped to the height. The
exponent is mapped to both the width of the bar and the color to fa-
cilitate readability. This assumption is based on [Rot16, HBFOS],
who propose to conjunct two visual variables to strengthen the
graphic encoding of one attribute. Furthermore, the perception of
the width is supported by the perceived brightness of the color
[Few(9, Brel5], i.e. a large value is darker than a small one. We
chose an orange-yellow palette as it takes advantage of the fact that
the human visual system has maximum sensitivity to luminance
changes for the orange-yellow hue [LH92]. Additionaly, it is suit-
able for color blind people [FFM " 13]. With this setting all values
can be displayed with one scale from 0 to 10.

4. Evaluation

LIN and LOG designs are common designs for bar charts to visual-
ize data [HSBW13] whereas SSB [HSBW13] and OMM [BDJ14]
specifically address the visualization of data with large value range
in bar charts. Therefore, we decided to make all these four and our
new design — the WSB— subijects of our user study.

’ Data To cover the same range as in comparable studies [HSBW13, ‘

BDJ14], all data were created as m x 10° with | < m < 10 and
0 < ¢ < 4. The values within one data set were equally distributed
within m and e so there were two values for every exponent in the
set. In total we created 24 data sets.

Tasks In accordance with comparable studies concerning bar
charts and data with large value range [HSBW13,BDJ14], we use
these four tasks:

Task Value: read the value

more, these tasks are important tasks for exploration in vi-
sualization [TM04, AES05].

Task Sort is an extention of the exrtema taks used in previ-
ous studies [HSBW 13, BDJ14], so the participants have to sort the

whole data set. This has the advantage that not only the detection
of smallest or largest value can be evaluated, but also creation of
a sorted sequence. Rario task differs from Value task. It asks for
a multiplier of values rather than the value itself. Thus, the cor-
rect answer can be given in some cases without reading the values.
For example, the ratio of 10 between 600 and 6.000 can be seen in
OMM solely by difference in gray bar length (see Fig. 1d).

Experimental Setting A total of 136 participants (97 male, 29
female and 10 prefer not to say) took part in the smdy. The age
distribution was from under 20 up to over 60, but the majority of
the participants were between 20 and 30 years old (64%). We fil-
tered out 21 participants, who did not answer the golden standard
question correctly that checked for attention in the online study. In
total, the distribution of the participants was as follows - filtered
ones in parentheses: LIN 26 (2), LOG 25 (3), SSB 26 (4), OMM 22
(3). WSB 37 (9). A power analysis by Cohen [Cohl13]. performed
with the R package [Hor20] pwr, supports the significance of these
group sizes.

Procedure The study was set up with SoSei Survey [SoS03]. There
was one ask per page and the participants had to click the next but-
ton manually, so the given answer and the used time per task and
participant could be stored. The visualizations had a resolution of
1000 x 520 px. Because the study was online, we are not able to
control the display size, the brightness and contrast but we recom-
mended a 13" or larger computer screen to take part in the study.

To achieve a processing time of 10-15 minutes the study itself
was conducted as a between-subject study [CGK12]. This deci-
sion was based on our pilot study. Each participant had to solve
each task for six times with different data sets so overall there were
1|design| x 4[rasks] x 6[repetitions] = 24 tasks per participant.

The participants were recruited by advertising in lectures and
online newsletters and word of mouth. In total, the recruiting phase
was between Feb 2018 and Dec 2018. The participants were ran-
domly assigned to one of the designs. We had a training phase in-
troducing the study interface, explaining the visual design, to fa-
miliarize with the tasks. Each kind of task had to be solve once
with direct feedback on the correctness. After all tasks the partici-
pants were asked to give feedback. The whole study is presented in
supplementary material.

4.1. Analysis

For comparison with previous studies, we measure error (inaccu-
racy) and response times. These were logged in the system.

Log-Error In extension to the comparable studies of Hlawatsch et
al. [HSBW13] and Borgo et al. [BDJ 14], we decided to use the log-
arithmic error, as it indicates whether, if the given answer is wrong,
it is too high or too low and if there is a mantissa error, an exponent
error or both.

Hlawatsch et al. [HSBW 13] use ¢ = |1 — 27| as error. This tells us
if a given answer is near to the correct answer or not. The drawback
of this method is, that e; = |1 — 1/10] and &2 = |1 — 100/1000| re-
sult in the same error value () = e2 = 0.9) whereas the absolute
error is quite different (9 resp. 900).
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Figure 2: Width-scale bar chart. Example data as used in the study.

bers. Similar to the recent approaches [HSBW 13, BDJ 14], we split
each value v into two parts to gain a tuple of mantissa m and
exponent € so that v = m x 10°. As visual variables, we choose
width, height and celor due to the importance ranking by Bertin
[Ber83, Car03]. The mantissa is linearly mapped to the height. The
exponent is mapped to both the width of the bar and the color to fa-
cilitate readability. This assumption is based on [Rot16, HBFOS],
who propose to conjunct two visual variables to strengthen the
graphic encoding of one attribute. Furthermore, the perception of
the width is supported by the perceived brightness of the color
[Few(9, Brel5], i.e. a large value is darker than a small one. We
chose an orange-yellow palette as it takes advantage of the fact that
the human visual system has maximum sensitivity to luminance
changes for the orange-yellow hue [LH92]. Additionaly, it is suit-
able for color blind people [FFM ™ 13]. With this setting all values
can be displayed with one scale from 0 to 10.

4. Evaluation

LIN and LOG designs are common designs for bar charts to visual-
ize data [HSBW13] whereas SSB [HSBW13] and OMM [BDJ14]
specifically address the visualization of data with large value range
in bar charts. Therefore, we decided to make all these four and our
new design — the WSB- subjects of our user study.

Data To cover the same range as in comparable studies [HSBW13,
BDJ14], all data were created as m x 10° with | < m < 10 and
0 < ¢ < 4. The values within one data set were equally distributed
within m and e so there were two values for every exponent in the
set. In total we created 24 data sets.

Tasks In accordance with comparable studies concerning bar
charts and data with large value range [HSBW13,BDJ14], we use
these four tasks:

o Task Value: read the value

o Task Sort: sort all values in ascending order

e Task Rario: determine the ratio of two values

o Task Trend: identify the trend in the data from the choice of lin-
ear, a logarithmic or an exponential, or none

Furthermore, these tasks are important tasks for exploration in vi-
sualization [TM04, AES05].

Task Sort is an extention of the exrtema taks used in previ-
ous studies [HSBW 13, BDJ14], so the participants have to sort the

whole data set. This has the advantage that not only the detection
of smallest or largest value can be evaluated, but also creation of
a sorted sequence. Rario task differs from Value task. It asks for
a multiplier of values rather than the value itself. Thus, the cor-
rect answer can be given in some cases without reading the values.
For example, the ratio of 10 between 600 and 6.000 can be seen in
OMM solely by difference in gray bar length (see Fig. 1d).

' Experimental Setting A total of 136 participants (97 male, 29 ‘

‘ group sizes.

female and 10 prefer not to say) took part in the smdy. The age
distribution was from under 20 up to over 60, but the majority of
the participants were between 20 and 30 years old (64%). We fil-
tered out 21 participants, who did not answer the golden standard
question correctly that checked for attention in the online study. In
total, the distribution of the participants was as follows - filtered
ones in parentheses: LIN 26 (2), LOG 25 (3), SSB 26 (4), OMM 22
(3). WSB 37 (9). A power analysis by Cohen [Cohl13]. performed
with the R package [Hor20] pwr, supports the significance of these

Procedure The study was set up with SoSei Survey [SoS03]. There
was one ask per page and the participants had to click the next but-
ton manually, so the given answer and the used time per task and
participant could be stored. The visualizations had a resolution of
1000 x 520 px. Because the study was online, we are not able to
control the display size, the brightness and contrast but we recom-
mended a 13" or larger computer screen to take part in the study.

To achieve a processing time of 10-15 minutes the study itself
was conducted as a between-subject study [CGK12]. This deci-
sion was based on our pilot study. Each participant had to solve
each task for six times with different data sets so overall there were
1|design| x 4[rasks] x 6[repetitions] = 24 tasks per participant.

The participants were recruited by advertising in lectures and
online newsletters and word of mouth. In total, the recruiting phase
was between Feb 2018 and Dec 2018. The participants were ran-
domly assigned to one of the designs. We had a training phase
troducing the study interface, explaining the visual design, to fa-
miliarize with the tasks. Each kind of task had to be solve once
with direct feedback on the correctness. After all tasks the partici-
pants were asked to give feedback. The whole study is presented in
supplementary material.

4.1. Analysis

For comparison with previous studies, we measure error (inaccu-
racy) and response times. These were logged in the system.

Log-Error In extension to the comparable studies of Hlawatsch et
al. [HSBW13] and Borgo et al. [BDJ 14], we decided to use the log-
arithmic error, as it indicates whether, if the given answer is wrong,
it is too high or too low and if there is a mantissa error, an exponent
error or both.

Hlawatsch et al. [HSBW 13] use ¢ = |1 — 27| as error. This tells us
if a given answer is near to the correct answer or not. The drawback
of this method is, that ¢y = |1 — 1/10| and ez = |1 — 100/ 1000| re-
sult in the same error value () = e2 = 0.9) whereas the absolute
error is quite different (9 resp. 900).
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Figure 2: Width-scale bar chart. Example data as used in the study.

bers. Similar to the recent approaches [HSBW 13, BDJ 14], we split
each value v into two parts to gain a tuple of mantissa m and
exponent € so that v = m x 10°. As visual variables, we choose
width, height and celor due to the importance ranking by Bertin
[Ber83, Car03]. The mantissa is linearly mapped to the height. The
exponent is mapped to both the width of the bar and the color to fa-
cilitate readability. This assumption is based on [Rot16, HBFOS],
who propose to conjunct two visual variables to strengthen the
graphic encoding of one attribute. Furthermore, the perception of
the width is supported by the perceived brightness of the color
[Few(9, Brel5], i.e. a large value is darker than a small one. We
chose an orange-yellow palette as it takes advantage of the fact that
the human visual system has maximum sensitivity to luminance
changes for the orange-yellow hue [LH92]. Additionaly, it is suit-
able for color blind people [FFM " 13]. With this setting all values
can be displayed with one scale from 0 to 10.

4. Evaluation

LIN and LOG designs are common designs for bar charts to visual-
ize data [HSBW13] whereas SSB [HSBW13] and OMM [BDJ14]
specifically address the visualization of data with large value range
in bar charts. Therefore, we decided to make all these four and our
new design — the WSB- subjects of our user study.

Data To cover the same range as in comparable studies [HSBW13,
BDJ14], all data were created as m x 10° with | < m < 10 and
0 < ¢ < 4. The values within one data set were equally distributed
within m and e so there were two values for every exponent in the
set. In total we created 24 data sets.

Tasks In accordance with comparable studies concerning bar
charts and data with large value range [HSBW13,BDJ14], we use
these four tasks:

o Task Value: read the value

o Task Sort: sort all values in ascending order

e Task Rario: determine the ratio of two values

o Task Trend: identify the trend in the data from the choice of lin-
ear, a logarithmic or an exponential, or none

Furthermore, these tasks are important tasks for exploration in vi-
sualization [TM04, AES05].

Task Sort is an extention of the exrtema taks used in previ-
ous studies [HSBW 13, BDJ14], so the participants have to sort the

whole data set. This has the advantage that not only the detection
of smallest or largest value can be evaluated, but also creation of
a sorted sequence. Rario task differs from Value task. It asks for
a multiplier of values rather than the value itself. Thus, the cor-
rect answer can be given in some cases without reading the values.
For example, the ratio of 10 between 600 and 6.000 can be seen in
OMM solely by difference in gray bar length (see Fig. 1d).

Experimental Setting A total of 136 participants (97 male, 29
female and 10 prefer not to say) took part in the smdy. The age
distribution was from under 20 up to over 60, but the majority of
the participants were between 20 and 30 years old (64%). We fil-
tered out 21 participants, who did not answer the golden standard
question correctly that checked for attention in the online study. In
total, the distribution of the participants was as follows - filtered
ones in parentheses: LIN 26 (2), LOG 25 (3), SSB 26 (4), OMM 22
(3). WSB 37 (9). A power analysis by Cohen [Cohl13]. performed
with the R package [Hor20] pwr, supports the significance of these
grous

Procedure The study was set up with SoSei Survey [SoS03]. There
was one ask per page and the participants had to click the next but-
ton manually, so the given answer and the used time per task and
participant could be stored. The visualizations had a resolution of
1000 x 520 px. Because the study was online, we are not able to
control the display size, the brightness and contrast but we recom-
mended a 13" or larger computer screen to take part in the study.

To achieve a processing time of 10-15 minutes the study itself
was conducted as a between-subject study [CGK12]. This deci-
sion was based on our pilot study. Each participant had to solve
each task for six times with different data sets so overall there were
1|design| x 4[rasks] x 6[repetitions] = 24 tasks per participant.

The participants were recruited by advertising in lectures and
online newsletters and word of mouth. In total, the recruiting phase
was between Feb 2018 and Dec 2018. The participants were ran-
domly assigned to one of the designs. We had a training phase in-
troducing the study interface, explaining the visual design, to fa-
miliarize with the tasks. Each kind of task had to be solve once
with direct feedback on the correctness. After all tasks the partici-
pants were asked to give feedback. The whole study is presented in
supplementary material.

4.1. Analysis

For comparison with previous studies, we measure error (inaccu-
racy) and response times. These were logged in the system.

Log-Error In extension to the comparable studies of Hlawatsch et
al. [HSBW13] and Borgo et al. [BDJ 14], we decided to use the log-
arithmic error, as it indicates whether, if the given answer is wrong,
it is too high or too low and if there is a mantissa error, an exponent
error or both.

Hlawatsch et al. [HSBW 13] use ¢ = |1 — 27| as error. This tells us
if a given answer is near to the correct answer or not. The drawback
of this method is, that e; = |1 — 1/10] and &2 = |1 — 100/1000| re-
sult in the same error value () = e2 = 0.9) whereas the absolute
error is quite different (9 resp. 900).
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Figure 2: Width-scale bar chart. Example data as used in the study.

bers. Similar to the recent approaches [HSBW 13, BDJ 14], we split
each value v into two parts to gain a tuple of mantissa m and
exponent € so that v = m x 10°. As visual variables, we choose
width, height and celor due to the importance ranking by Bertin
[Ber83, Car03]. The mantissa is linearly mapped to the height. The
exponent is mapped to both the width of the bar and the color to fa-
cilitate readability. This assumption is based on [Rot16, HBFOS],
who propose to conjunct two visual variables to strengthen the
graphic encoding of one attribute. Furthermore, the perception of
the width is supported by the perceived brightness of the color
[Few(9, Brel5], i.e. a large value is darker than a small one. We
chose an orange-yellow palette as it takes advantage of the fact that
the human visual system has maximum sensitivity to luminance
changes for the orange-yellow hue [LH92]. Additionaly, it is suit-
able for color blind people [FFM " 13]. With this setting all values
can be displayed with one scale from 0 to 10.

4. Evaluation

LIN and LOG designs are common designs for bar charts to visual-
ize data [HSBW13] whereas SSB [HSBW13] and OMM [BDJ14]
specifically address the visualization of data with large value range
in bar charts. Therefore, we decided to make all these four and our
new design — the WSB- subjects of our user study.

Data To cover the same range as in comparable studies [HSBW13,
BDJ14], all data were created as m x 10° with | < m < 10 and
0 < ¢ < 4. The values within one data set were equally distributed
within m and e so there were two values for every exponent in the
set. In total we created 24 data sets.

Tasks In accordance with comparable studies concerning bar
charts and data with large value range [HSBW13,BDJ14], we use
these four tasks:

o Task Value: read the value

o Task Sort: sort all values in ascending order

e Task Rario: determine the ratio of two values

o Task Trend: identify the trend in the data from the choice of lin-
ear, a logarithmic or an exponential, or none

Furthermore, these tasks are important tasks for exploration in vi-
sualization [TM04, AES05].

Task Sort is an extention of the exrtema taks used in previ-
ous studies [HSBW 13, BDJ14], so the participants have to sort the

\_

whole data set. This has the advantage that not only the detection
of smallest or largest value can be evaluated, but also creation of
a sorted sequence. Rario task differs from Value task. It asks for
a multiplier of values rather than the value itself. Thus, the cor-
rect answer can be given in some cases without reading the values.
For example, the ratio of 10 between 600 and 6.000 can be seen in
OMM solely by difference in gray bar length (see Fig. 1d).

Experimental Setting A total of 136 participants (97 male, 29
female and 10 prefer not to say) took part in the smdy. The age
distribution was from under 20 up to over 60, but the majority of
the participants were between 20 and 30 years old (64%). We fil-
tered out 21 participants, who did not answer the golden standard
question correctly that checked for attention in the online study. In
total, the distribution of the participants was as follows - filtered
ones in parentheses: LIN 26 (2), LOG 25 (3), SSB 26 (4), OMM 22
(3). WSB 37 (9). A power analysis by Cohen [Cohl13]. performed
with the R package [Hor20] pwr, supports the significance of these
group sizes.

Procedure The study was set up with SoSei Survey [SoS03]. There
was one ask per page and the participants had to click the next but-
ton manually, so the given answer and the used time per task and
participant could be stored. The visualizations had a resolution of
1000 x 520 px. Because the study was online, we are not able to
control the display size, the brightness and contrast but we recom-
mended a 13" or larger computer screen to take part in the study.

To achieve a processing time of 10-15 minutes the study itself
was conducted as a between-subject study [CGK12]. This deci-
sion was based on our pilot study. Each participant had to solve
each task for six times with different data sets so overall there were
1|design| x 4[rasks] x 6[repetitions] = 24 tasks per participant.

The participants were recruited by advertising in lectures and
online newsletters and word of mouth. In total, the recruiting phase
was between Feb 2018 and Dec 2018. The participants were ran-
domly assigned to one of the designs. We had a training phase in-
troducing the study interface, explaining the visual design, to fa-
miliarize with the tasks. Each kind of task had to be solve once
with direct feedback on the correctness. After all tasks the partici-
pants were asked to give feedback. The whole study is presented in

4.1. Analysis

For comparison with previous studies, we measure error (inaccu-
racy) and response times. These were logged in the system.

Log-Error In extension to the comparable studies of Hlawatsch et
al. [HSBW13] and Borgo et al. [BDJ 14], we decided to use the log-
arithmic error, as it indicates whether, if the given answer is wrong,
it is too high or too low and if there is a mantissa error, an exponent
error or both.

Hlawatsch et al. [HSBW 13] use ¢ = |1 — 27| as error. This tells us
if a given answer is near to the correct answer or not. The drawback
of this method is, that e; = |1 — 1/10] and &2 = |1 — 100/1000| re-
sult in the same error value () = e2 = 0.9) whereas the absolute

error is quite different (9 resp. 900). )
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Borgo et al. [BDJ14] gave a 20% error tolerance to the correct WOrse.
value to decide on the answer’s correctness. This is done because Mean respone time: Our WSB design (u = 27.385) is significantly
the tasks Value and Rario involved estimation of an unknown value faster than all other designs. The LOG design (¢ = 30.61s) per-

and therefore answers contain uncertainty. The drawback is an in- forms second best similar to the LIN design (u = 30.92s) but with

] ]
. ) accurate error value, because an answer is only either correct or significance. Although the SSB design has low value error. it has
n not. the second longest response time (i = 33.50s). The OMM design

= 38.30s) has the highest times.
We define the error ey, = log( 221N ) where response is o ) has the haghest tmes

. - . the answer given by the participant and encoded is the correct an- Ratio The SSB design performs best for this task similar to the
. 7 swer, and call it b)lg-Errur, This Log-Error is used to evaluate task WSB design. The Kruskal-Wallis test showed a significant main
I I S W I S ! Value aqd task Ratio. For task Sort anf‘] task Trend we use a binary effect in both error (11 = 199.57,p < 2.2e—16 < 0.05) and time
error with rrue and false value resulting in an accuracy for these lll =81.76, p < 2.2e—16 < 0.05).
msgs, Subsequently, the accuracy value was lmmﬁ?rrned by L?alcu- Error values: The post-hoc Wilcoxon signed-rank test shows that
. . lating 1 — accuracy to get an error value and consistenly maintain SSB and WSB have lowest error rates (= 0.05 resp. 0.08) without
» Kann man die Ergebnisse e e e s
designs perfom significantly worse, but better than the LIN design
(2_ Results (u=031). )
- - Mean response time: The LIN design (u = 22.465) has best re-
? To perform our analysis we use a three-stage significant test for sponse ime while having the worst error value. The WSB (u =
e n e ra I I S I e re n each task. Since we could not assume that the data is normally dis- 26.895s) and the OMM design (i = 27.63s) have a similar response
g = tributed in general, we first perfom a Shapiro-Wilk test on the error time but with significant difference. The SSB (u = 34.285) and the
values. Due to the result of the Shapiro-Wilk test (not normally dis- LOG design { = 34.655) perform worst.
tributed for each individual task) as second stage of the analysis,
we used a Kruskal-Wallis test to determine statistical significance Trend The LIN and the SSB designs perform best for this task,
between the design. On the third stage as post-hoc analysis we used whereas the LOG and the OMM perfom worst. The WSB design
a Wilcoxon signed-rank test for pairwise comparison of designs for has average performance. The Kruskal-Wallis test showed a signif-
tasks for which significance was found. All tests were performed icant main effect in both m'mrv:ll =199.57.p < 2.2e—16 < 0.05)
with a standard significance level a = 0.05, which was adjusted and time (3* = 81.76,p < 2.2e— 16 < 0.05).
using a Bonferroni correction to @ = 0.003 for the post-hoc tests. Error values: The post-hoc Wilcoxon signed-rank test shows that
Fig. 3 shows the mean error rates and mean response time for all the LIN (u = 0.06) and the SSB (1 = 0.07) design perfom best with
tasks as well as p-values with pairwise significance. significance to the WSB design (g = 0.19). The OMM (u = 0.36)

and the LOG design (¢ = 0.36) preform significantly worse.
Mean response time: The LIN design (u = 7.99s) has the best re-
sponse time followed by the SSB design (u = 9.78s5). The WSB

Value Our WSB design performs best for both time and error. The
Kruskal-Wallis test showed a significant mean effect in both

——— : A D < design (u = 15.32s) requires twice as much time as the LIN design
2.2e—16 < 0.05). whereas the LOG (u = 20.955) resp. the OMM (g = 21.12s) design
Error values: The post-hoc Wilcoxon signed-rank test shows that require three times as much as time as the LIN design.

WSB bar charts (4 = 0.02) perform significantly better than all
other designs. The LOG design (¢ = 0.09) performs second best. . Extended Analysis and Results

This corresponds to Hlawatsch et al. [HSBW 3], but is in con- . . .
trast to Borgo et al. [BDJ14], where the LOG design performed For the extended analysis we defined error classes and investigate

worst. This can be due to the differences in error measurement the sign of the errors. This is possible due to the fine-graidend de-

scale between Hlawatsch and Borgo. The SSB (= 0.17) and LIN tail the Log-Error provides .

(12 = 0.18) designs perform similar and better than the OMM de- Error rypes: In addition to error size, we analyze the type of error
sign (u = 0.19). occurring for large values: whether the error was only in mantissa,
Mean response time: the WSB design has the fastest mean response only in cxponcnt or In both components. Tﬂblrﬂ I shows that LIN
time (¢ = 9.685), followed by OMM design (u = 10.18s), LIN and LOG designs have a larger amount of mantissa errors than SSB,

(1= 12.465) and SSB (i = 14.895). The LOG design takes the || OMM and WSB design. In the latter, the exponent error prevails.
longest (u = 18.285) and also has the largest standard deviation. lnteresllpg_ly. SSB design has on]__v exponent emrors, which mfiu:ated
that participants had problems with the subdivision of the different
scales.

Sign of errors The sign of errors shows, whether participants tend
to over- or underestimate the correct value. Table 2 shows under-
estimation of values for LOG and overestimation for SSB design.
There is no tendency for LIN, OMM and WSB, but more impor-
tantly the error rate is much lower for our design.

Sort The SSB design has very low errors similar to WSB design.
The Kruskal-Wallis test showed a significant main effect in both er-
ror (3 = 31.53, p < 2.4e—06 < 0.05) and time (x° = 52.12, p <
1.3e—10 < 0.05).

Error values: The post-hoc Wilcoxon signed-rank test shows no
significance between the two best designs: WSB and SSB. LOG
design has larger error (g = 0.03), however not significantly. LIN
(g =10.11) and OMM (u = 0.38) designs perform significantly

Free feedback from the participants confirms the numeric anal-
ysis. Four out of eight participants mentioned “problems to read
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Borgo et al. [BDJ14] gave a 20% error tolerance to the correct
value to decide on the answer’s correctness. This is done because
the tasks Value and Ratio involved estimation of an unknown value|
and therefore answers contain uncertainty. The drawback is an in-}
accurate error value, because an answer is only either correct orf
not.

We define the error e),, = log( %). where response is
the answer given by the participant and encoded is the correct an-}
swer, and call it Log-Error. This Log-Error is used to evaluate task}
Value and task Rario. For task Sort and task Trend we use a binaryj
error with rrue and false value resulting in an accuracy for these}
tasks. Subsequently, the accuracy value was transformed by calcu-}
lating 1 — accuracy to get an error value and consistenly maintaing
that smaller values represent better results.

4.2. Results

To perform our analysis we use a three-stage significant test for|
each task. Since we could not assume that the data is normally dis-}
tributed in general, we first perfom a Shapiro-Wilk test on the error|
values. Due to the result of the Shapiro-Wilk test (not normally dis-}
tributed for each individual task) as second stage of the analysis.
we used a Kruskal-Wallis test to determine statistical significance}
between the design. On the third stage as post-hoc analysis we use:
a Wilcoxon signed-rank test for pairwise comparison of designs fo
tasks for which significance was found. All tests were performe
with a standard significance level o = 0.05, which was adjuste:
using a Bonferroni correction to @ = 0.003 for the post-hoc tests,
Fig. 3 shows the mean error rates and mean response time for al
tasks, e i i

Value Our WSB design performs best for both time and error. Th
Kruskal-Wallis test showed a significant mean effect in both er-
ror ()° =82.24,p < 2.2e—16 < 0.05) and time (x* = 142.24, p <!
2.2e—16 < 0.05).

Error values: The post-hoc Wilcoxon signed-rank test shows that
WSB bar charts (4 = 0.02) perform significantly better than all
other designs. The LOG design (¢ = 0.09) performs second best.
This corresponds to Hlawatsch et al. [HSBW 3], but is in con-
trast to Borgo et al. [BDJ14], where the LOG design performed
worst. This can be due to the differences in error measurement
scale between Hlawatsch and Borgo. The SSB (u = 0.17) and LIN
(¢ = 0.18) designs perform similar and better than the OMM de-
sign (u=0.19).

Mean response time: the WSB design has the fastest mean response
time (¢ = 9.68s), followed by OMM design (u = 10.185), LIN
(¢ = 12.465) and SSB (4 = 14.89s). The LOG design takes the
longest (u = 18.28¢) and also has the largest standard deviation.

Sort The SSB design has very low errors similar to WSB design.
The Kruskal-Wallis test showed a significant main effect in both er-
ror (3 = 31.53, p < 2.4e—06 < 0.05) and time (x° = 52.12, p <
1.3e—10 < 0.05).

Error values: The post-hoc Wilcoxon signed-rank test shows no
significance between the two best designs: WSB and SSB. LOG
design has larger error (g = 0.03), however not significantly. LIN
(g =10.11) and OMM (u = 0.38) designs perform significantly

Mean respone time: Our WSB design (u = 27.385) is significantly
faster than all other designs. The LOG design (¢ = 30.61s) per-
forms second best similar to the LIN design (u = 30.92s) but with
significance. Although the SSB design has low value error. it has
the second longest response time (i = 33.50s). The OMM design
(¢ = 38.30s) has the highest times.

Ratio The SSB design performs best for this task similar to the
WSB design. The Kruskal-Wallis test showed a significant main
effect in both error (;(j = 199.57, p < 2.2e—16 < 0.05) and time
(> =81.76,p < 2.2¢—16 < 0.05).

Error values: The post-hoc Wilcoxon signed-rank test shows that
SSB and WSB have lowest error rates (g = 0.05 resp. 0.08) without
significant differences. The LOG (u = 0.10) and OMM (g = 0.20)
designs perfom significantly worse, but better than the LIN design
(u=031).

Mean response time: The LIN design (u = 22.465) has best re-
sponse time while having the worst error value. The WSB (u =
26.89s) and the OMM design (u = 27.63s) have a similar response
time but with significant difference. The SSB (1 = 34.285) and the
LOG design (u = 34.655) perform worst.

Trend The LIN and the SSB designs perform best for this task,
whereas the LOG and the OMM perfom worst. The WSB design
has average performance. The Kruskal-Wallis test showed a signif-
icant main effect in both m'mr{ll = 199.57. p < 2.2e—16 < 0.05)
and time (3* = 81.76,p < 2.2e— 16 < 0.05).

Error values: The post-hoc Wilcoxon signed-rank test shows that
the LIN (u = 0.06) and the SSB (1 = 0.07) design perfom best with
significance to the WSB design (g = 0.19). The OMM (u = 0.36)
and the LOG design (¢ = 0.36) preform significantly worse.

Mean response time: The LIN design (u = 7.99s) has the best re-
sponse time followed by the SSB design (u = 9.78s5). The WSB
design (u = 15.32s) requires twice as much time as the LIN design
whereas the LOG (u = 20.955) resp. the OMM (g = 21.12s) design
require three times as much as time as the LIN design.

ysis al s

For the extended analysis we defined error classes and investigate
the sign of the errors. This is possible due to the fine-graidend de-
tail the Log-Error provides.

Error rypes: In addition to error size, we analyze the type of error
occurring for large values: whether the error was only in mantissa,
only in exponent or in both components. Table 1 shows that LIN
and LOG designs have a larger amount of mantissa errors than SSB,
OMM and WSB design. In the latter, the exponent error prevails.
Interestingly, SSB design has only exponent errors, which indicated
that participants had problems with the subdivision of the different
scales.

Sign of errors The sign of errors shows, whether participants tend
to over- or underestimate the correct value. Table 2 shows under-
estimation of values for LOG and overestimation for SSB design.
There is no tendency for LIN, OMM and WSB, but more impor-
tantly the error rate is much lower for our design.

Free feedback from the participants confirms the numeric anal-
ysis. Four out of eight participants mentioned “problems to read

WS 2020/21 | Tatiana von Landesberger
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Evaluation: Beispielpaper

visual & analytic

compUtNg
=Was sind die Ergebnisse? g“““fj I i'“lm *I*ID
=\Wie wurden Ergebnisse bewertet? R, RE22L* i
=\Welche Technik ist wann die Beste? Ii' IIIID IIIID
» Kann man die Ergebnisse | 'D JNEEE- HoEE Ees

generalisieren?

Figure 3: The bar charts show the mean error rate (tap) and the mean response times (battom) for LIN, LOG, SSB, OMM and WSB for ail tasks. Error bars
show 95% confidence intervals, calculated with the R-Project [Hor20]. The color coding is done by using the RColorBrewer package [NBI4].
Lower values are benter. The tables show p-values. Pairwise significance is underlined. Upper rriangle shows ervor, lower triangle response time.

ermor type | lin log ssb omm wsh It means, our results are similar to the studies conducted during the
Mantissa 3529 2267 0.00 154 0.90
Exponent 221 0.00 17.95 923 135
Both 294 1.33 0.00 0.00 0.00

Table 1: Distribution of error types [%] for read value task. . Conclusion and Future Work

: We presented a new design approach to visualize data with large

lin log ssb ocom wib value range in bar charts. The empirical study with a comparable

e>0 17.65 467 17.95 462 135 methodology to previous studies, has shown that our WSB design
e<0 22.79 19.33 0.00 6.15 0.90

Table 2: Sign of error [%] for read value task.

small values™ concerning the LIN design. Several participants men-
tioned problems in the trend task with OMM, WSB and LOG
design, e.g., “T had difficulties estimating trends on logarithmic
scale”. The feedback indicated that the idea of the SSB design was
liked. However, “it is really complicated to compare values”. WSB
design is “interesting” and “sorting and reading values is very easy
with this design. Even with strongly varying orders of magnitude™
and “gets easy to use rather quickly”. Three out of 18 participants
wondered about the double encoding by color and width. For all
designs, participants suggested to show bars sorted.

In sum, this is our design ranking:

o Tusk Value: WSB < LOG < OMM = LIN ~ SSB
o Tusk Sort: SSB < WSB < LOG < OMM < LIN

« Tusk Ratio: SSB < WSB < LOG < OMM ~ LIN
 Tusk Trend: LIN < SSB < WSB < OMM =< LOG

improves the accuracy and time of value reading tasks. It has no sig-
nificant difference to the best performing designs for ratio and sort-
ing/extrema tasks and shows average performance for trend analy-
sis. Our design can be used for data in economics, e.g., gross do-
mestic product, or in medicine, e.g.. number of infected persons
across countries. Qur design can easily be extended to show data
with positive and negative values by using color, e.g.. blue and red.
In the future, we will address the participant’s feedback and inves-
tigate the influence of double encoding and value ordering in the
visual design. Furthermore, we have to investigate the scalability of
our WSB, both for the data sets, regarding the number of data and
the value range, and for displaying the WSB on smaller screens,
such as mobiles or smartwatches.

Acknowledgments The authors would like to thank all study par-
ticipants. This work was supported by the German Federal Ministry
of Education and Research (BMBF) within the framework of the
research and funding concepts of the Medical Informatics Initiative
(01ZZ1802B/HiGHmed).
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THEMEN
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Storylines

visual & analytic
computing

Storyline zeigt Verlauf einer Geschichte:
wer wann wo war und mit wem sich getroffen hat

Fragen:

GALLIMIMUS

\

Time

» Was sind die Kriterien fur gute Storylinevisualisierung?

» Welches Layout is wann geeignet?

Literatur: Arendt, Dustin, and Meg Pirrung. "The “y” of it Matters, Even for Storyline Visualization." 2017 VAST

| Seminar Visual Analytics
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B eweg un g S d aten visual &tqnolytic
computing
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(a) Bundled Flow Map (b) OD Map (c) MapTrix

= Visualisierung von Bewegungsdaten: Mobilitat, Tourismus, ...
Frage:
- Wie kann man Bewegungsdaten darstellen?

- Welche Darstellung zeigt Verteilungen besser?

- Literatur: Yang, Yalong, et al. "Many-to-many geographically-embedded flow visualisation: An
evaluation." IEEE transactions on visualization and computer graphics 23.1 (2016): 411-420.
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Interactive lenses v\iQ&onowc

computing

Position Visualization

Base

Mty Altered

orf@”fatmn , ,

Spatial selection
Cutside

Shape |:| Inside

Flg“re 3: Schematic dﬁ'PICTm” {.':’faﬂ interactive lens. Figure 2: A data plot with cluttered dots in the center, close to the mouse cursor A simple magnification lens provides a scaled
version of the pixels underlying the lens. In contrast, a fish-eye transformation can be used to distort dot positions to actually
untangle the clutter under the lens.

Lenses provide an alternative visual representation of a selected part of the data
Fragen:

» Welche Daten werden analysiert? Welche Linse wurde entwickelt?

= Wofilr wird die Linse benutzt? Was sind die Funktionen? Was ist die Anwendung?

Literatur: Kriiger, Robert, et al. "TrajectoryLenses—a set-based filtering and exploration technique for
long-term trajectory data." Computer Graphics Forum. Vol. 32. No. 3pt4. Oxford, UK: Blackwell
Publishing Ltd, 2013.

S.f.‘?e

(a) Regular visualization (b) Simple magnification (c) Fish-eye distortion

| Seminar Visual Analytics 45



Uncertainty visualization visual & analytic

computing

blur 4 grayscale

f‘v" 4‘;7 20 20

dashing sketchiness

(a) (S5) Rail network map. (b) (S6) Utility map.

Many datasets have incomplete or imprecise data. This so-called uncertainty needs to
be shown to the user

Fragen:
* Wie kann man Unsicherheit intuitiv darstellen?
»\Wann ist Sketchiness geeignet?

Literatur: Boukhelifa, Nadia, et al. "Evaluating sketchiness as a visual variable for the depiction of
gualitative uncertainty." IEEE Transactions on Visualization and Computer Graphics 18.12 (2012):
2769-2778..
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Visual Comparison v\iﬁ&onowc

computing

Where is the opposite relation? Which relation is there more of? What is the average relation?

e L L[deh L] | bhdebldbl ol ol

Individual Values

T —— T'J_'_l_n_'_l_._r | I |

Delta Values

Data need to be compared: how to facilitate comparison?

Fragen:

* Wie kann man Datenvergleich unterstitzen?

= \Wann ist direkte Datendarstellung und wann Ableitung geeignet?

Literatur: Nothelfer, Christine, and Steven Franconeri. "Measures of the benefit of direct encoding of
data deltas for data pair relation perception."” IEEE transactions on visualization and computer graphics
26.1 (2019): 311-320.
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Color Scales ﬁ&onowc

computing

Use of color for encoding data on maps

Fragen: Color Scales Perceptual Characteristics

= \Welche Farbskala sollte man
benutzen?

= Wie wirkt sich Wahl der Farbskala
auf Analyseergebnis aus?

Literatur: Dasgupta, Aritra, et al.

"The effect of color scales on climate
scientists' objective and subjective
performance in spatial data analysis tasks.'
IEEE transactions on visualization and

L* plot for Blue Scale
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G I ap h L ayO u t visual & analytic

computing

* Visualisierung von Graphen: Layouts

Frage:

- Wie kann man gute Layouts schnell erstellen?

- Wie wirkt sich Graph Layout auf Graphvisualisierung aus?

- Literatur: Kwon, Oh-Hyun, Tarik Crnovrsanin, and Kwan-Liu Ma. "What would a graph look like in
this layout? a machine learning approach to large graph visualization." IEEE TVCG 24.1 (2017): 478.
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Graphanimation

visual & analytic
computing

timeslice 0

timeslice 2

timeslice 4

timeslice 6

timeslice 8

Without Mental Map Preservation

* Visualisierung dynamischer Netzwerke

High Mental Map Preservati

Frage:

- Ist Animation oder statische Darstellung besser?
- Welche Rolle spielt menschliche Wahrnehmung & Cognition: Mentales Bild?

Literatur: Archambault, Daniel, Helen Purchase, and Bruno Pinaud. "Animation, small multiples,

and the effect of mental map preservation in dynamic graphs." IEEE transactions on visualization

and computer graphics 17.4 (2010): 539-552.
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Graph navigation in AR visual & analytic

computing

* Navigation in Graphen
Frage:
- Wie kann man Netzwerk explorieren in private/public Kontext?

Literatur: James, Raphaél, et al. "Personal+ Context navigation: combining AR and shared
displays in Network Path-following." arXiv preprint arXiv:2005.10612 (2020)..
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Stat| St' k %& analytic

computing
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* Visualisierung statistischer Verteilungen

Frage:

- Welche Darstellung zeigt Verteilungen besser?

- Welche Rolle spielt menschliche Wahrnehmung & Cognition?

Literatur: Correll, Michael, and Michael Gleicher. "Error bars considered harmful: Exploring

alternate encodings for mean and error." IEEE transactions on visualization and computer
graphics 20.12 (2014): 2142-2151.
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Ag g I’eg at| on visual & analytic

computing

T T b T T T T b T T b T T b T T
Seat 1 Sat 2 Sett Sat 2 Set 1 Sat 2 Setf St 2 Set 1 Sat 2 Seat 1 Sat 2

Daten werden haufig aggregiert/summarisiert, z.B. Mittelwert, Minimum.
Unklar ist was wurde wie aggregiert

Frage:

* Wie kann Animation diese visuelle Aggregation unterstltzen?

Literatur: Kim, Younghoon, Michael Correll, and Jeffrey Heer. "Designing Animated Transitions to
Convey Aggregate Operations." Computer Graphics Forum. Vol. 38. No. 3. 2019.
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Zusammenfassung der Themen

visual & analytic
computing

= Storylines
»Bewegungsdaten
*|nteractive lenses

» Uncertainty visualization
*Visual Comparison
*Color scales

=Gra
=Gra
=Gra

D
D

D

nlayout
nanimation

N navigation in AR

= Statistik
= Aggregation

WS 2020/21 | Tatiana von Landesberger
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computing

FORMALE SEMINARANFORDERUNGEN
UND ABLAUF
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Seminarergebnisse

visual & analytic
computing

= Schriftliche Ausarbeitung
= 4 Seiten Text + 1 Seite fur Referenzen
» Plagiat- und Literaturreferenzierungshinweise beachten
» Formatvorlage: https://tc.computer.org/vgtc/publications/journal/

= Titel = Thema; Autor = Bearbelter

» Prasentation
= Zeit: 20 Min. Prasentation plus ca. 20 Min. Diskussion

= Aktive Beteiligung an Diskussion
» Fragen zum Vortrag anderer Themen wahrend der Diskussion
» Teilnahme an Prasentationen ist verpflichtend.

56
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Bewertungskriterien: Prasentation v\iﬁ&mwc

computing

» Wiedergabe des Themas
» Verstandnis des Themas,
* [nhaltliche Verstandlichkeit des Vortrags

» Beantwortung der Fragen

» Prasentationsgute

= Zeitlimit eingehalten
» Klar & deutlich verstandlich: Sprache, Inhalt und design der Folien

» Gleiche Sprache (EN oder DE): Folien und gesprochenes Wort

o7



Bewertungskriterien: Schriftliche Ausarbeitung

visual & analytic
computing

= Inhaltlich:

= \Wurde die Literatur recheriert und richtig ausgewertet?

= Wurde Beitrag der Papers verstanden und in Kontext gesetzt?
= \Wurde eine eigene Bewertung vorgenommen?

= Struktur und Vollstandigkeit in Bezug auf die Aufgabenstellung

= Schrelbstil:
» _esbarkeit und Verstandlichkeit, Vorlage

» Graphiken lesbar und verstandlich
= Zitationen korrekt und vollstandig
* Eigene von fremden Meinungen getrennt

» Plagiarismusregeln eingehalten
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Organisation: Zeitplan \Asg:m

computing

* Anmeldung zum Seminar und zur Priafung/Abschluss
= Bitte die Regeln des IEF Uni Rostock folgen

» Themenauswahlverfahren und Zeitplan wird in der Auftaktveranstaltung Anfang
November bekanntgegeben

» Blocktermine fur Prasentationen: am Ende der Vorlesungszeit
* Abgabe der schriftlichen Ausarbeitung: vorlaufig bis 15.02.2021
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visual & analytic
computing

Mehr Informationen und Kontakt
https://vac.uni-rostock.de/

KONTAKT
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