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I Types of text data

* Literature: fiction, nonfiction in multiple genres. * Question-answer sites
Online and digitized * Instructions (e.g. recipes, instruction
* News: online news, digitized newspapers manuals, online how-tos)
 News comments * Online and digitized encyclopedias
e Text content of webpages * Online and digitized textbooks
e Search result snippets  Scientific research articles
* Online product descriptions * Textual annotations for various data
* Reviews: online and digitized (e.g. biological experiment databases;
* Questionnaire answers RDF databases)
* Scripts and closed-caption tracks of movies * Laws
and TV * Court case records
e Scripts, closed-caption tracks, and other * Patents
transcripts of online video * Customer service records
* Social media discussion * Service records, e.g. patient records
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I Topic Models - Idea

* Represent document content as bags of words

* Two-step process per word:
“choose what to talk about” (a topic), then

* Basic example: Latent Dirichlet Allocation
* Nonparametric version: Hierarchical Dirichlet Process topic model

* Deep hierarchies: Tree-structured Hierarchical Dirichlet Process, Author Tree-
structured Hierarchical Dirichlet Process
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I Topic Models - Graphical representation

Repeat for each document

Repeat for each word

The word
Is picked
from typical
words in
that topic

Each
topic has a
particular

mix of

words
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I Latent Dirichlet Allocation - Mathematics

Latent Dirichlet Allocation (for machine
learning: David Blei, Andrew Ng, Michael
Jordan, JMLR 2003):

very popular probabilistic model for underlying
themes in text data collections
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I Latent Dirichlet Allocation - Mathematics

Generative process: Latent Dirichlet Allocation (for machine
For each topicz =1, ..., K: let there be a learning: David Blei, Andrew Ng, Michael
distribution of words p(w|z; ) Jordan, JMLR 2003): .

very popular probabilistic model for underlying
For each documentd =1, ..., M: themes in text data collections

1. Choose the number of words
N ,~ Poisson( &)

2. Choose proportions of topics in
this document: @~ Dirichlet( )

3.Foreachwordn=1,...,N:
1. Choose a topic z~ Multinomial (0)
2. w from p(wl|z; )
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I Latent Dirichlet Allocation - Mathematics

Generative process: Likelihood of data:

For each topicz =1, ..., K: let there be a

distribution of words p(w|z; f8) H f p 0,|c) H Z p(z,|0,)p(wilzs;B) do,
For each documentd =1, ..., M: n=1z,=1

For each word in the document
1. Choose the number of words

N ,~ Poisson( &)

2. Choose proportions of topics in
this document: @~ Dirichlet( )

3. Foreachwordn=1,..., N:

For each document

1. Choose a topic z~ Multinomial (0)
2. w from p(wl|z; )
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I Latent Dirichlet Allocation - Mathematics
Generative process: Likelihood of data:
For each topicz =1, ..., K: let there be a
distribution of words p(wlz;/a’) H f p d|0‘ H Z p zn|9 de|Zdn ,.ﬁ) do,
For each documentd =1, ..., M: n=1 CE

1. Choose the number of words
N ,~ Poisson( &)

2. Choose proportions of topics in
this document: @~ Dirichlet( )

3.Foreachwordn=1,...,N:
1. Choose a topic z~ Multinomial (0)
2. w from p(wl|z; )

For each word in the document
For each document

Parameters to be optimized:

o, p, (and &)

Optimization:
Variational Bayes: approximate posterior
distributions of parameters

Gibbs sampling: draw samples from the posterior
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I Latent Dirichlet Allocation - results

* For each document: topic proportions
e.g. [Topicl: 0.2, Topic2: 0.4, Topic3: 0.3, Topic4: 0.1]

* For each topic: word distribution, e.g.

Topicl: Topic2:

visualization 0.15 graph 0.16
plot 0.13 edge 0.15
graph 0.11 node 0.13
algorithm 0.10 vertex 0.11
method 0.09 layout 0.10
view 0.08 drawing 0.09
Interface 0.08 crossing 0.09
Interaction 0.07 marker 0.07
experiment 0.06 bundle 0.04
layout 0.05 link 0.03
overview 0.05 diagram 0.02
user 0.03 adjacency 0.01
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I Nonparametric topic models: Hierarchical Dirichlet Process

 Latent Dirichlet Allocation assumes the number of topics is
known and fixed.

* Nonparametric modeling by Dirichlet processes insteads learns
the needed number of topics from the data.

* A”Dirichlet process” (DP) is a prior over multinomial distributions
with varying numbers of (topic) possibilities with no upper limit.

* Each sample from a DP is a distribution with some finite number
of possibilities.

* In DP topic modeling, you don’t need to actually sample the
distributions: it Is enough to be able to decide which word came
from which topic

 "Blackwell-McQueen urn”, "stick-breaking process”, "Chinese
restaurant process”: different representations for the data
generation process
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I HDP topic model inference

serving serving
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Topic 4
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I HDP topic model inference

serving serving
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Topic 4
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I HDP topic model inference
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I HDP topic model inference

serving serving
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I HDP topic model inference
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I HDP topic model inference
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I Extension to deep hierarchies: THDP

* THDP (Alam etal, Infinite menu (kitchen) '
DCAI 2018) extends 0
the nonparametric ji \ \\ \
Inference to deep Main delivery station N D
hierarchies like multi- (root Sectimn)

level conversation f,
forums /_/
— TN

Delivery
== |station
—_|(section)

I-H. -
wanters

Picture from: H. Alam, J. Peltonen, J. Nummenmaa, and K. Jarvelin. Tree-structured Hierarchical Dirichlet Process. In proceedings of DCAI 2018, Springer, 2018.
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I Extension to deep hierarchies and authors: ATHDP

* ATHDP (Alam et al., DS N | (08 (08 (o9
2018) also models Infinite menu (kitchen) NG
contribution of different |
authors Main delivery station

(root section)

Delivery
.« |Station
(section)

\\ .
waiters

- B

/7
customers Restaurant tables

\

Picture from: H. Alam, J. Peltonen, J. Nummenmaa & K. Jarvelin. Author Tree-structured Hierarchical Dirichlet Process. In proceedings of DS 2018, Springer, 2018.
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I THDP topic model - results

* Number of active topics

* For each discussion area and document: topic proportions
e.g. [Topicl: 0.2, Topic2: 0.4, Topic3: 0.3, Topic4: 0.1]

* For each topic: word distribution, e.g.

Topicl: Topic2:
visualization 0.15 graph 0.16
plot 0.13 edge 0.15
graph 0.11 node 0.13
algorithm 0.10 vertex 0.11
method 0.09 layout 0.10
view 0.08 drawing 0.09
interface 0.08 crossing 0.09
interaction 0.07 marker  0.07
experiment  0.06 bundle 0.04
layout 0.05 link 0.03
overview 0.05 diagram 0.02
user 0.03 adjacency 0.01
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Datasst: speaches / Analysis: 1dal50topics / Topic: health care | Add to Favorites

I Topic model visualization

B Topic Browser SIATS A |
: Metric Name Value Average {across topics) Tople name: |nestn cars
TO p I C B rOWS e r 9 Mumber of tokens: 7349 3753.95

. Mumber of types: 384 355,35 SIMILAR TOPICS
(Gardner et al. 2010): lﬂ—-— e o i s

sorts/filters topics e.g. | sy 2 Word Exmopy: 601 7.02 53 consdrugs 063
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Picture from: M.J. Gardner, J. Lutes, J. Lund, J. Hansen, D. Walker, E. Ringger, and K. Seppi. The Topic Browser: An Interactive Tool for Brovvsmg Toplc I\/Iodels In'NIPS vvorkshop on challenges of data V|sual|£at|on 2010.
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I Topic model visualization

ﬂpedla T i:s {film, series, show} Stanley Kubrick
Relative P ce of Toplcs H:I
o—— ——
1928 — Mareh 7, 1999) was an
The X-Files Amarican film director, writer,
dueer, and phowgrapher whe
evach b md in England chri:g miest of the
Stanley Kubrick last four decades of his career,
et Kubrick was neted for the
serupulous care with which he
Mystery Sclence Theater 3000 chese his subjects. his slow methed
of working, the variety of genres he
e 2 worked in, his technical
Dactor YWhe perfectionism, and his reclusivensss
about his films and persanal life. He
Sam Peckinpah

worked far beyond the confines of
the Hallywood system, maintaining
almost complets anistic eantrol

and making mevies according to his

Married... with Children
History of film

Basic navigator \/ I
(Chaney and Blei {theory, work, human} sm

2012): shows reled documents

* topic prevalences, g e
* main words per topic,
* prominent documents

Existentialism is a term applied
w the waork of a number of [%th
and 20th-century philosophars
who, despite profound doctrinal
differences,[' 2] generally held dhat
the focus of philosophical thought
should be to deal with the
conditions of existence of the
individual persen and his er her

|mmanuel Kant

Philesophy of mathematics

e e emotions, actions, responsibilites,
. Free will d thoughts. 1] The aarly 19th
per topic, and a0 it Ldy
. . . Kierkegaard, pasthumously
* similar topics Prchouninh e s 4
) Charles Peirce existentialism. P mainmined thae
the individual is solely responsible
Existentialism

far giving his or her own life

Picture from: A.J.B. Chaney and D.M. Blei. Visualizing Topic Models. In AAAI Conference on Weblogs and Social Media, 2012.
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I Topic model visualization

Similarity to "Turing Machines"

_ 0.0 0.1 02 03 04 05 06 07 08 09
* Topic Explorer ! | | ! | | ' | ! | !
(Murdock and TURING MACHINES
: o Computabiity and Complejity
AI Ie n ’ AAAI 15) " — Computation in Physical Systems
orders documentS the church-Turing Thesis
by similarity to o Quantum Compuing L]
selected | Nom-welfounded Sgt Ther - - -
] Semantic Cnmeptn.ﬂnrn* I 40 TDPIGS ordered by P{ T | turing-machine )
document_or toplc Connectionism I
shows topic - The Chinese Room Argumgnt 1 | | Topic 3:
d |Str| bUtIOn |n - Quantum Loﬂ M set, theory, theorem, |, one, numbers,
documentS - ThehhdernHlsturyqum+n1g
- Recursive Functions |
| The Language nfi_llm 1
- Animal Cognition

Teleological Theories of Mental Content
Algebra .
The Philosophy ¢f Computer Science

Picture from: J. Murdock and C. Allen. Visualization Techniques for Topic Model Checking. In AAAI'15, AAAI, 2015.
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I Topic model visualization

Hiérarchie
(Smith et al.
2014):

* splits each
topic into
subtopics
using synthetic
documents.

 Shown in a
sunburst chart.

e User can click
to zoom In to a
topic and its
subtopics.

PLANE
CRASH

crashed

ocean
failure
years
hapgened
water
|ke
did

Pictures from: A. Smith, T. Hawes, and M. Myers. Interactive Visualization for Hierarchical Topic Models. Workshop on Interactive Language Learning, Visualization, and Interfaces, 2014.
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Termite
(Chuang et
al., 2012):
term vs topic
matrices
with seriation

Picture from: J.
Chuang, C.D. Manning
J. Heer. Termite:
Visualization
Techniques for
Assessing Textual
Topic Models. In
AVI'12, ACM, 2012.
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Reprasentative Documents

A Comparisan of the Readabllity of Graphs Using MNode-Link and Matrix-Based Aepresentations
Mahammad Ghoniern  lean-Daniel Fekeate  Philippe Castagliola

Lising Multilevel Call Matrices in Large Softwane Projacts
Frenk wan Ham

Improving the Readability of Clustered Sodal Netwarks using Node Duglication
Mathalle Henary Anastasia Bezerianas Jean-Daniel Fekete

MatnxExplorer: a Pual-Represantation System to Explore Social Networks
Mathalle Heary Jean-Daniel Fekete

HodeTrix: a Hybrid Visuvalization of Soclal Networks

Mathalle Heary lean-Daniel Fekate  Michaal 1, Mcuffin

The nead oo wisuallze large sodial networks is growing a3 hardware capabilitias make analyzing large mebworis faasibla
and mamy now data sets become aveilable, Unfortunately, the visualizations in existing systems do not sabsfactorly
resolve the basic dilemma of Meing readable both for tha global structure of the network and also for detailed analysis
of lacal communities. Ta address this problem, we present NodeTrix, a hybrid representation for netwarks that
combines the advantages of two traditional represantations: node-link diagrams are vsad to show tha global structure
ol & network, while arbitrary portions of the network can be shown as adjgosncy matrices to batter suppart the
analysis of communities. A key contribuion is o set of interaction technigues. These allow analysts to creete o
MadeTrx visualization by dragging selections to and from node-link and matrix forms, and to flexioly manipulate the
MadeTrix representation to explore the dataset and create meaningful summary visualizations of their fndings.
Finally, we present a case study applying ModeTrx to the analysis of the Infovis 2004 coauthorship datasat to
illustrete the capabilities of MNodeTrix as both an exgloration ool and an effective means of commumicating resulis.

Visualizing Causal Semantics wsing Animations
Mivedita B. Kadaba Pourang P. Irasi  Jason Labpe

Balancing Systematic and Flexible Exploration of Social Networks
fudam Perer Ben Shneidermen

Sodal network analyss (SMA) has emerged as a pewerful methed for understanding the iImportance of relationships in
networks. However, interadive expioration of nelworks is currently challenging because: (1} iU is difficult ta Mnd
patterm= and comprehand the strectune of networks with many nodes and links, and (2] coment systems ane often a2
rmiedbay of statlisrical methrads and overaheiming visual output which leaves many analysis unoertain about how to
explare in an orderdy manner, This results in exploration that is largely opportunistic. Qur contributbons are technigues
ta hedp structwal analysts undarstand soclal netwaorks more affectively. Wea present Soccialfcicon, a system that usas
EtkrEute rﬂl‘lkir'l':'l arnd coordinated views o hEIp Fo-Sp- !.'r'SEEI‘ﬂ B'.iI:E"'pI EXAMIAE Aumerous SHNA messures. Lisers can I:-:I
flexibly iterate through visualizations of measures to galn an cvarview, filber nodes, and find outllers, {2} aggregate
networks using link structure, find cobesive subgroups, and Tocus on communities of interest, and [3) untangle
networks by viewing different link bypes separetely, or find pattems across different link types using a matrix
overviaw, For each cperation, a stable node [ayout Is maimtained In tha network visualization s users can make
compan=ans. Sadalaction offers analysts a strategy beyond oppartunism, 8 it provides systematic, yet flexible,
techniques for explonng soclal networks.

® o -

Causality visualization Using Animated Growing Polygons
Miklas Elmgeist  Philippas Tsigas

Spicytodes: Radial Layout Autharng for the General Public

Michael Douma  Greegorz Liglerks Owidiu Ancuta Pavel Gritsal  Sean Liu



I Topic model visualization

Group-in-a-box
layout for topic
models (Smith
etal., 2014):

boxes organized

by connectivity

(most connected

In center),
graph per topic
shows term co-
occurrence

Picture from: A. Smith, J.
Chuang, Y. Hu, J. Boyd-
Graber, L. Findlater.
Concurrent Visualization of
Relationships between Words
and Topics in Topic Models. In
Workshop on Interactive
Language Learning,
Visualization, and Interfaces,
2014.
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I Topic model visualization

&
% ¥ comp.sys.ibm_po hardware

 Probabilistic COMp.08.ms—windows.misc _
Latent Semantic _
Visualization comp windows X
(lIwata et al., |
KDD’08): topic
model extended to
have document

sci.electranics

comp.graphics

. O tal«.policics.misc ﬂ 22$Lhzirsar|;1hics
an d tO p I C O %Y o + COMp.0s. Ms-windows.misc
. . rec.autos + comp.sys.ibm.pc.hardware
CO O rd I n ate S , to p I C tal<.policics.guns . Ez ;iijir:argizlardware
p ro b ab i I Iti eS . F&TT_‘ soc.religion.christian N :ﬁ;ﬁam
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d e p e n d O n 1 D' ) ) . rec.sport.baseball
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& | i, i vt
C I OS e n e SS Of SELEREEE Italh.religiun.misc 0 zz:_z;zgtmnics
< soi.med

d O C U m e nt I rec.sport.nockey @' s::i-sp?c:g -
coordinate to topic sl poiics s

& | rec.spurt.l:laseball| o talk. politics. mideast

cordinate. * - nretgon e

Picture from: T. Iwata, T. Yamada, N. Ueda. Probabillistic Latent Semantic Visualization: Topic Model for Visualizing Documents. In KDD’08, ACM, 2008.
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tenleikkaus

Posti Chat Alennuskoodit

Suomiza4 yrityk Opastus

Keskustelu24 = Muoti ja kauneus = Miesten muoti = Farkkuhaalarit

Farkkuhaalarit

Haalarirakkaus
7372004 18:24

. Keskustele

Tuo hauska ja ihana vaate tai joidenkin mielestd vihattu vaate eli
farkkulappuhaalarit. Nykyisin en&3 nikee harvojen naisten ja varsinkaan miesten
paslla farkkuhaalareita. Itse olen n. 30 v. nainen ja pidén joskus p3allani

ﬂ Luetuimpia

i et 5 mista loytaa skinny- malliset farkk
farkkuhaalareita. Nyt onnistuin bongaamaan miehen p3all3 siniset farkkuhaalarit mistd 16ytad skinny- malliset farkkuh...
lauantaina 19.7.2014 Siljan Symphony laivalla Tukholman risteilylld ja kuin sattumaa
niin samaisen miehen huomasin tiistaina illalla 22.7.2014 Helsingissa Linnanmaella

farkkuhaalareissa kdvelemassa.

sukkahousut olis paremmat kun hi...
Sukkahousut olis varmasti mukavam...

Mies ja kolmosella alkava kengann

Taytyy kylla todeta, ettd ihastuin tdhan mieheen farkkuhaalareissaan. Han naytti Ok Eohtaltaveretns Michibiode..

aikas s66tilta ja hauskalta mieheltd. Ehké h&n asuu kenties paikaupunkiseudulla. Jos
tdm3 mies tunnistaa itsens3 néistd paikoista, niin voisi laittaa télle palstalle viestis,
jos nakisimme toisemme ja tietysti farkkuhaalareissa.

Duffelitakki suomesta
Onko kukaan ndhnyt jossakin likkees..

Toiveisin ndkevéni enemménkin samanhenkisid ihmisié seké naisia ettd miehis
farkkuhaalarit pdalla ja samalla voitaisiin kokoontua johonkin farkkuhaalareissa.

o
pinkit kireat nahkahousut, nap..

Farkkuhaalarit on kivat ja rennot pitas paalla sekd ihanat miestenkin p&alla.

E-kontakti.fi

Mitd mieltd muut olette farkkuhaalareista?

-

Laittakaa kommenttia, niin voitaisiin keskustella farkkuhaalareista.

Jaa limianna

25v.Pohjanmaa 31 v.Uwimaa  206v.Uussimas

KIRIOITA VASTAUS

46 Vastausta

i ’
40v.Uusimas 4@ v.Uuimas 38 v Pirkanmas
LOYDA SEURAA
TOSITARKOITUKSELLA!
Haen naista: 25-30v, 40-54vy, 55-y
Haen miesté: 25-39v, 30-58v, 55+,

asdsda
3.8.2014 109

itse mies ja kdytdn farkkuhaalareita. on shortsihaalareita ja ihan pitkdlahkeisia
farkkuhaalareita.

Jaa limianna
USAA KOMMENTTI
epaselvas
e Nyt voi yrityksesi nakya
onesko farkkuhaalariketju tdmé on? thssa! Alkaen 199€/kk
Kommentoi Jaa limianna

1 VASTAUS:

’ Pitkat housut
4.8.2014 17:57

Ei pysy endd laskuissa mukana, mutta farkkuhaalarit ndyttéisi olevan suosittu
aihe. Farkkuhaalarit on jes housut

Kommentoi lainaten Jaa timianna

UISAA KOMMENTTI

Haalaritkyllls
Enpés ole bongaamasi mies mutta vaatekaapistani |6ytyy neljat lappuhaalarit :)

Vaikka eivit ole kovin muodissa nykyisin, niin kyll& ne yllani ndkyy. Milloin
missikin., Ostareilla, ystivien luona vierailessa, joskus jopa baarissa.
Jonkinmoinen fetissi noihin, siksipd innoissaan néista :)

Kommentoi Jaa limianna

3 VASTAUSTA
! Lappupoksy
10.8.2014 231
Useammat farkkulappuhaalarit minulta 18ytyy ja vaimolla on muutamat myds.
lhan huippu housut miehille. Sopii my&s naisille, jos ovat naisellista mallia.
Kommentoi lainaten laa limianna
henkseliman
! .8 2014 O
Lappupbksy kirjoitti

Nayts lisaa



* PIHVI: interactive system for visualizing and exploring a large
hierarchical text corpus of online forum postings.

 The main view shows a large-scale scatter plot, created by flexible nonlinear
dimensionality reduction based on text contents of the postings.

* We couple it with a coloring optimized to represent the forum hierarchy by a second
dimensionality reduction.

Pictures from: J. Peltonen, Z. Lin, K. Jarvelin, J. Nummenmaa. PIHVI: Online Forum Posting Analysis with Interactive Hierarchical Visualization. In ESIDA 2018.
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PIHVI interface

Pictures from: J. ' '
Peltonen, Z. Lin, @ threads and (® thread information panel

K. Jarvelin, J. 3 cbh sections panel
Nummenmaa. e
PIHVI: Online
Forum Posting
Analysis with o
Interactive W 3 the thumbnail view of
Hierarchical : the thread hierarchy

Visualization. In : e
ESIDA 2018. (the section-filtering panel)
(=

(@ the thumbnail
of the map

™ ..,

Five linked views

1. Content-based map = Interactive scatter plot of the thread collection, created by dimensionality reduction.
Threads organized by content similarity: similar threads are shown nearby

3. Section hierarchy graph: Colors represent section similarity, nearby sections have similar colors.
Colors linked to content plot.




Iam parﬁclpantm confirm

Section

Filtering content by section

(R

The sections selected in the filter
are highlighted in the scatter plot

+ Luonnonuskonnat
« Politiikka

« Yhieiskunta

« lisenaisyyspuolue
+ Uskonnot ja uskomukset
+ Horoskoopit ja astrologia
+ Vanhoillislestadiolaisuus
« Perussuomalaiset

« Koraani

« Ennustukset

+ Uuslestadiolaisuus

The information panel
is showing the names of
the highlighted sections

« Oinas —

- Harka

« Selvanako ja ennustaminen
* Kaksoset
+ Rapu

+ Neitsyt

« Leijona

« Vaaka

+ Skorpioni
+ Jousimies
« Kauris
« Vesimies

- Kalat

* Lestadiolaisuus
+ Tarot-tulkinnat
« Kiinalaiset horoskoopit
« Luterilaisuus

« Unien tulkinta

« Tarot

+ Astrologia

« Katolilaisuus

- Ufot

« Parapsykologia

+ Kummittelu

+ New age

« Jumala

« Kdyhien Asialla

« Horoskoopit

+ Rajatieto

«+ Adventismi

« Eduskuntavaalit 2015

« Yleista rajatiedosta

« Tarot

I am participant m confirm

Section Thread

» 3% vuotiaan kuulo (Lasten

sairaudet)

« Aivastus rikkoi korvan? (Kuulo)
« AlvosyBpa(?) (Syopa)

« Asuuko (Pori)

+ Hampaiden tulo/Korvatulehdus

Ooon

The zoomed-in content map
shows threads in a smaller area

(Yleisia vauvoisia)

« KORVAKYNTTILA?

(Luontaistuotteet)

« Karvaton korvantausta (Marsut)
« Korva paksuna (Noutajakoirat)

« Korva porraa {(Kuulo)

+ Korvakipua (Yleista terveydest)
« Korvakaytavavaivaa (Kuulo)

+ Korvan pitkaaik Iukossa oio (Kuuio)
« Korvaongelma (Kuoro ja laulu)

= Korvat lompseessa (Kuulo)

« Korvatipat / -voide (Kuulo)

» Korvatulehduksesta (Kuulo)

« Korvatulehdus (Kuulo)

» Korvavaivaa (Kuulo)

Zooming,
Selecting content by similarity,
Content details on demand

A popup showing
the thread title
and section name
of a thread

-

A popup showing the
lowest dominating section:

Kuinka tavallisia (Noutajakoiraty
Kutinaa ja kylmyytia (Kuulo)

+ Kuuloaistini (Ufot)
« Kuunnelkaa {ldols)
= Laakken anto koiralle???

of a group of threads

(Kaapidkoirat)

+ Masloidiitti (Kuulo)
- Minkalaiset oireet ovat hiivassa?

Pictures from: J. Peltonen, Z. Lin, K. Jarvelin, J. Nummenmaa. PIHVI:
Online Forum Posting Analysis with Interactive Hierarchical

The user has drawn a selection

(Koirien terveys)

« Minua lyétiin korvaan... (Kuulo)
« Onko.. (Yleista allergioista)
» SE WB800i Kuulokkeet paahan?

rectangle to inspect the threads inside it

Visualization. In ESIDA 2018.

(Sony Ericsson)

= Stronghold-villitys (Kissojen

terveys)

+ Stubb ja Jaatteenmaki sukua

(Kansallinen Kokoomus)

« Tinnituksesta (Kuulo)

« Valikorvan tulehdus (Kuulo)

« auttakaa (Kuulo)

» hakkasi hannan verilie (Yleista

Machine Learning Methods in
Visualization for Big Data 2020

A small blue square is
showing the location of the
zoomed-in area in the full plot

koirista)

+ hamaanatiacta ant s

The user has drawn a rectangle to select
a section subset and their ancestors

The information panel

is now showing relevant threads
Korva paksuna (Noutajakoirat)

Hei, huomasin juuri, etta 10 v.
olisi vetta korvalehden sisalla.

Kurjinta on, etta ioppakorvaiselia tuollainen jaa huomaamatta ja paasee pahenemaan turhaan.
Otusta on vaivannut jonkin aikaa korvatulehdus, muita sen saimme hoidettua.

Paljastui, etia se oli kaivellut tonttimme takalaidalla puupinon alla aika syvaa kuoppaa; olisiko saanut jonkin
tartunnan tai syopalaisen.

En oikein tieda, miten ottaisi selvaa kun koiralla ei ole koskaan ollut mitaan vaivaa

Koira on satuttanut korvaniehtensa, tai puistellut paataan rajusti, jolloin verisuoni Korvaniehden sisalia on
rikkoutunut ja veria on vuotanut korvaniehden sisaan(valiin). ERinlaakari leikkaa veren "pois" ja laitiaa fikit,
Jolioin korva paranee normaalin nakoisiksi. Paranee kylia itsekseenkin, mutta korvaniehdesta tulee yleensa
sykkyra, ns. kukkakaalikorva.

Tama iimi6 on tuttu joiliain luppiksilla_Kun luppa koravainen ravistaa paataan rajusti nin korva lehtien valissa
verisuonet katkeavat ja vuotavat verta korvan sisaan | illa nayttamassa
Kkorvaa.. elainiaakar "valuttaa® veren korvasta pois.

The section-filter-
ing panel is slightly
nudged so that it
does not block the
thread content



I Information retrieval

* Rank candidate documents by how well they match the query phrase.

e Language model approach:
* Query represents a fragment of a desired (ideal) document.
 Compute probability that each candidate document can produce the query.

ﬂjentity”

“Socialization”

* Unigram language model: each document is
a multinomial distribution (bag of keywords),
document score Is

‘Community

“Social networks”

N vocabutary
p (query|document )= H p(term|document

term=1

)count (term|query )

e More advanced models include sentence structure and
document connectedness Iin the ranking
e Interactive methods also include relevance feedback

Machine Learning Methods in

Visualization for Big Data 2020



I Interfaces for exploratory search

Flamenco

Facets: filters
items by a
metadata
attribute (Yee et
al. 2003)

Picture from: K.-P. Yee, K.
Swearingen, K. Li, and M.A.
Hearst. Faceted metadata for
Image search and browsing.
In ACM CHI 2003.

Machine Learning Methods in

Rafine your search further within these These terms define your current seanch, Click the Xl 10 remove a term.
categores:
Media (group results) Location: Asia X start a new search

costume (3), drawing (2), — s
lithograph (1), woodcut (&), woven EI = “‘phhﬁj“ill at ,II 5 f T -ﬂl
object (2)

Location: all = Asia I
Afghanistan (1), China (4), China or

Saarch | & all tems © within current results

DL U TR b R ian L) 28 iterns (grouped by location) view ungrouped items
Russia (1), Turkey (3), i
Turkmenistan (1) Afghanistan ;

Date (group results)

17th century (3), 18th century (3),
18th century { 18), 20th century (3),
date ranges spanning multiple
centuries (7), date unknown (2)

Themes (group results)
music, writing, and sport (),

navtical { 1), religion (2) Girl's Ceremonia...
Objects (group resulis) - 2th century
clothing (s), food (1), furnishings (4),

timepieces (1) China 4

Mature (group resultts)

bodies of water (3), fish (1),
flowers {2}, geological
formations (7). heavens (a),
invertebrates and arthropods (1),
mammals (2), plant material (3),
trees (1)

; Emhmu:lm.-' Embroideary ;

Places and Spaces (group results) 4 boats on lake, ...
bridges (1), buildings (1), Anonymous
dwellings (1) post Workd War ll 15th cantury 16th century 15th cantury

Visualization for Big Data 2020



I Interfaces for exploratory search

Clusters:
documents In
clusters on a
map (Bonnel et
al. 2006)

Gty Viewer

CrrTr—

Chalglss e vosrg idddphane portatde cur ke pasa |
range st dACOLMTAT laE BRrnces Mohies Bar voim
BHaphone penable, WAP ol FDA, ., Bllemag Crangs

e oyt 63 o O
sl Torfail mobils ainlrageriss U Epleria
enireprises reseas w il conncakon haue 92t
abonnwmenin mabibes ...

Lo Ovainghe, aocusll, aciu, offras Orange, Drange
anbepriees, BME partsor. servieas, mehilos. a
plopok of OF ege, | w0 Rioh cBanl, on Mvar, .

i A e et b i
abllc Grange jous radks 5

Picture from: N. Bonnel, V. M—
Lemaire, A. Cotarmanac’H, A. cHakigrs b g e

Morin. Effective Organization -" m“““'mm
and Visualization of Web MLp:lTwaw, Dootahe netTonds. oc
Search Results. In e e
EuroIMSA'06, IASTED, 2006. ecrmn < rmmge:fan ddaran orange. b4

- Bl A AR EPR LI iR e sl E L e T W s LLETETE T Es v C T T 5

CHP AT T S L e T e o TR TR L andraprieas paErtaens el se
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I Interfaces

Jigsaw: interface
with views such
as document-
entity graphs
(Stasko et al.
2008)

Machine Learning Methods in

Visualization for Big Data 2020
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I Interfaces for exploratory search

Adaptive VIBE
(Ahn and
Brusilovsky
2013): interface
arranging
documents by
similarity to
reference points:
1) query terms,
2) terms from a
user model

Pictures from: J.-w. Ahn and
P. Brusilovsky. Adaptive
visualization for exploratory
information retrieval.
Information Processing and
Management 49:1139-1164,
2013.
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I SciNet: Dimensionality reduction for the search information space

Searching for information on the web is hard when you

don’t know the right words to use.

Knowing the right word
what concepts are out
relevant o

IS hard when you don’t know
ere, and what could be

Can we build a "radar” for relevant search concepts?
e Avoid guesswork o

- * |nteract with concepts to direct the search efficiently:

Machine Learning Methods in

Visualization for Big Data 2020



I SciNet: Dimensionality reduction for the search information space

— Current query: brain plasticity [ Clinical disorders of brain plasticity
keyWOf'dS - Concepts Time left 00:04:39 et Spuony M V Johnston (BRAIN & DEVELOPMENT, 2004-01-01)
plasticity glutamate learning and memory  signaling
d : —_ I non-synaptic plasticity transcription  rett syndrome epilepsy cognition
radius = reievance $ o° :. * o neurogenesis  brain plasticity injury synapse
(predicted frOm , (Signalngy  * .* o ':.. . neurofibromatosis  fragile x syndrome  hemispherectomy
d t t 't %‘ learming mental retardation  brain njury  development
ocument conten o ® posiron emission | e _® recovery
and relevance .-_ [_MI ®o \. - ': Clinical disorders of brain plasticity a...
* “ (hippocampus ) *
feedback on . (Teaming ) [] The plastic brain: Neoliberalism and the
ke or dS) K . neu_ronal self
yW e o @ ~early experience V Pitts-Taylor (HEALTH, 2010-01-01)
T » @ lifestyle nsk and health technology in healthcare theory
plasticity  brain plasticity aging
angles — e e .. ® - Neuroscience-based represencacions and p...

(‘brain plasficity ) [ The plastic human brain

dimensionality N
0« °, L Jancke (RESTORATIVE NEUROLOGY AND

o (5EpSE)
: - nhibtory synapse
reduction result, L NEUROSCIENCE, 2009-01-01)
keywords that S ®
*

plasticity human aging

Conclusion=s Taken together, all studies ...

respond similarly to

feed back get Similar (aging ) — [] Stem cells in brain plasticity and repair

“human D A Peterson (CURRENT OPINION IN PHARMACOLOGY,
*
ang|eS - “Tong-term depression | ® 2002-01-01)
_ .'. : & plasticity neurogenesis  brain plasticity  injury
mauthner cell e D brain injury
References: ® : Findings over the past decade demonstract...

T. Ruotsalo, J. Peltonen, M.J. A. Eugster, D. Glowacka, P. Floreen, P. Myllymaki, G. Jacuccl, S. Kaski. Interactive Intent Modeling for Exploratory Search. ACM TOIS, 2018
J. Peltonen, K. Belorustceva, and T. Ruotsalo. Topic-Relevance Map: Visualization for Improving Search Result Comprehension. In Ul 2017.

T. Ruotsalo, J. Peltonen, M. Eugster, D. Glowacka, K. Konyushkova, K. Athukorala, I. Kosunen, A. Reijonen, P. Myllymaki, G. Jacucci, S. Kaski.

Directing Exploratory Search with Interactive Intent Modeling. In CIKM 2013.
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SciNet: Dimensionality reduction for the search information space

The user can give feedback by dragging concepts
towards the center

3d gestures (ignite! ) O MWilzards: S0 gesiure recognition 1or game piay inpu
Louis Kratz, Matthew Smith, Frank J. Leeé (Proceedings of the 2007 Conference on
Future Play, 2007-01-01)
gestures  hidden markov model interaction 3d gestures gesture recognition
accelerometer games

Gesture based input is an emerging techn...

() Feature Representations for the Recognition of 3D Emblematic

Gestures
J Richarz, G A Fink (HUMAN BEHAVIOR UNDERSTANDING, 2010-01-01)

3d dynamic gesture recogmtion = human-machine interaction smart rooms
time-senes analysis trajectory gestures interaction

In human-machine interaction, gestures p...

[ ]
(accelerometer) A gesture recognition system using 3D data
S Malassiotis, N Aifanti, M G Strinizis (FIRST INTERNATIONAL SYMPOSIUM ON 3D
“ ¥ DATA PROCESSING VISUALIZATION AND TRANSMISSION, 2002-01-01)

gestures  sign language gesture recognition classifier

In this paper a gesture recognition syst...

(games ) .5 Gesture as an important factor in 3D kinematic assessment of the knee
R Lavoie, M Laplante, N Duval, S Dore, JA de (KNEE SURGERY SPORTS
TRAUMATOLOGY ARTHROSCOPY, 2008-01-01)

— knee kinematics gesture knee-bend wvarability gestures

mgyﬂp Contradictions exist between studies of ...
ey
3d interaction n 0 lay issues in the design of ial 3D ures for video
™ John Payne, Paul Keir, Jocelyn Elgoyhen, Mairghread McLundie, Martin Naef,

Martyn Homer, Paul Anderson (Proceedings of ACM CHI 2006 Conference on Human
direct manipulating Factors in Computing Systems, 2006-01-01)
_ spatial interaction  virtual reality mapping gestures video games interaction
3d interaction  3d gestures games
We describe preliminary tests that form ...
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SciNet clearly improves

performance in exploratory

search:

* Users see more relevant
content during search

* Users direct search better
--> better essay answers

* Users comprehend the
search space better, in
information
comprehension
experiments
References: T. Ruotsalo, J. Peltonen, M.J. A. Eugster,
D. Glowacka, P. Floréen, P. Myllymaki, G. Jacucci, and
S. Kaski. Interactive Intent Modeling for Exploratory
Search. ACM Transactions on Information Systems,
36(4), article 44, October 2018.
J. Peltonen, J. Strahl, and P. Floreen. Negative
Relevance Feedback for Exploratory Search with
Visual Interactive Intent Modeling. In 1Ul 2017.
JuPeltonen; K. Belorustceva, and T. Ruotsalo. Topic-

Relevance Map: Visualization for Improving Search
Result Comprehension. In Ul 2017.
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