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Content and objectives

 We shall consider two classes of data structure: object-referenced
time series and space-referenced time series. These are data with 2
referrers: objects x time or places x time.

* Such complex data may be hard to analyse by purely interactive
visual techniques.

* Clustering is one of the computational tools that can help us to
analyse complex data.

* The lecture will introduce two major types of clustering: partition-
based and density-based. 1t will explain how each type of clustering
1s used in data analysis and how clustering results are investigated
using interactive visualisations.

* In the practical, you will try to apply the two types of clustering.



Complex data structures
and complex behaviours

Data with 2 or more referrers



Complex behaviour

* In case of 2 (or more) referrers, we need to analyse the behaviour of
the attributes over a complex reference set consisting of all available
combinations of values of the referrers.

* lLe., the behaviour of A over the Cartesian product R; x R, x ...

* Such a complex behaviour cannot be represented by a single image
and observed as a whole.

* To study and describe a complex behaviour, we need to decompose it
into slices and aspects
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Decomposing a complex behaviour

Data with 2 referential components: X xY > A (e.g., SxT —> A)

* The overall behaviour of A over the set X x Y:
By, v(A(X,y))

« Slices of the overall behaviour:
By(A(x,y) | x = const); By(A(x,y) | y = const)
* For a selected element from X, what 1s the behaviour of A over Y?

* For a selected element from Y, what 1s the behaviour of A over X?

» Aspects of the overall behaviour:

Bx(By(A(x,y))); By(Bx(A(x,y)))

« How are the behaviours of A over Y distributed over X?

» How are the behaviours of A over X distributed over Y?
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Decomposing a complex behaviour:
slices (illustrated for S xT — A, or A(s,t))

Overall behaviour: Bg (A(s,))
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Decomposing a complex behaviour: aspects
(illustrated for S xT — A, or A(s,t))

+ Time as a whole

N J

Space as a whole

Spatio-temporal

behaviour Bg ;(A(s,1)) Aspect 2: Bg(Br(A(s,1))

Spatial variation of the
temporal behaviour

Aspect 1: Bp(Bg(A(s,?))
Temporal variation of the
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Relationship between a complex behaviour

and 1ts aspects

* A complex behaviour includes its aspects, but is it true that a
complex behaviour is a sum (union) of its aspects?

® No! A toy counter-example: a [l B, ,(Ax.y))
o Ax,y): xe{l1,2,3}=X; ye{a,b,c}=Y; A(x,y) e{black, white} b
* By.w(A®XY)) # Bx(By(A(x,y))) L By(Bx(Ax,y))) c

.. , 1 2 3
» Aspects ~ projections of the overall behaviour

» Similar to 2D projections of the shape of a 3D object:
® The object shape is not a sum or union of its projections.

© But we can imagine (i.e., reconstruct) the shape in our mind by looking at the
projections.

—We can reconstruct the overall complex behaviour in our mind by
studying the aspectual behaviours
® It may be quite complex

© It 1s not always necessary — depends on the analysis goals.



Questions?

Complex data structures and complex
behaviours



Object- or space-referenced
time series

Data with 2 referrers:
 time
» set of objects or set of spatial locations



Object-referenced time series

 Referrers:

* O: set of objects
* T: time, 1.e., sequence of time moments or intervals, called time steps

+ One or more thematic* attributes A = function A(o,t)

* — spatial & — temporal

* Overall behaviour B (A(o,t)) : distribution of the attribute values
over the objects and time

» Aspect B,(B(A(o,t))): distribution of the temporal variations of A
over the set of objects

» Aspect B(By(A(o,t))): temporal variation of the distribution of A
over the set of objects



Space-referenced time series
(a.k.a. spatial time series)

* Referrers:
* S: set of spatial locations or spatial objects

* T: time, 1.e., sequence of time moments or intervals, called time steps

+ One or more thematic* attributes A = function A(s,t)

* — spatial & — temporal

* Overall behaviour Bg (A(s,t)) : distribution of the attribute values
over the space and time

» Aspect Bo(Bp(A(s,t))): spatial distribution of the temporal variations
of A

» Aspect B(Bg(A(s,t))): temporal variation of the spatial distribution
of A
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Temporal variation of the distribution of A
over the set of objects B (B(A(o,t)))
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Please recall these techniques introduced in lecture 1
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Segmented bars (time histogram)

A reminder from lecture 1

2 Vinvlence Against The Person (Offences rates)
264.0 X i i

T:00 This technique is
applicable to data with
two referrers: one
linearly ordered (such as
time) and one arbitrary.

Note that a line graph
with multiple curves
may be unreadable due
to line overlapping.

2009i__
¥ walue classes [T Save Order: ﬂ 10.00 == Value < 20.00

Breaks. 3.0 |1 0.0 200 30.0 40.0 500 2640 [} J7JI{MEM Lonobridge; Valence; Brunswick Park; Child
ke

East Barnet, East Finchley; Edgware; Goldel
High Barnet; Mill Hill; Oakleigh; ...{252 in totz

Each bar stands for one time step (generally, one value of referrer 1). The
value range of the attribute is divided into intervals. The height of each
segment 1s proportional to the number of values of referrer 2 for which the
values in this time step lie within the respective interval. The intervals are
represented by the segment colours. »




Quantile graph

A

reminder from lecture 1
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Quantile graph (continued)

Fopulation 2001-2012

24050

24050

' 1/,5 (10%) of the values

[ ——— 1 1 1 [ 1 [ 1 1 1
4698| : : : : ; : ; : ; i 4698
2001 2002 2003 2004 2005 2006 2007 2008 2008 2010 2011
FPopulation 2001-2012
T T T T T T T T T T r"
240580 ! ! ! ! ! ! ! ! i 1 24080
D .
4698 -14598

2001

-
oL

oo

-y
£

2003

2004

2005

-
oL

006

2007 2008

2000

2010

2011

/10 (10%) of the values

Segmented bars and quantile graphs show how the value distribution w.r.t.
one referrer (set of objects, places, etc.) varies over the range of linearly
ordered values of another referrer (such as time).
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Temporal variation of the distribution of A
over the set of objects B (B(A(o, t)))

2 Violence Against The Person rate 2 Yiolence Agalnst The Perstm rate
264.0 12 : : | i i i i i i i 264.0

2002/ 2004/ 20086/ 2008/ 2010/

¥ “alue classes [ Save Order,  * [ value classes [ Save Order  *

Breaks: 3.0 10.020.030.040.0 3549 _ [ Breaks: 30 10.020.030.040.0 3549 _ [
Quantile time graph (top) and segmented bars (bottom) show the temporal
variation of the statistical value distribution of a numeric attribute.

Generally, the distribution did not change much. The number of higher values
increased by year 2004/2005 and then gradually decreased from year to year.
Temporal variation patterns (behaviour types): constancy, temporal trend
(increase, decrease).
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Temporal variation of the distribution of A
over the set of objects B (By(A(o,t)))
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For another attribute and longer time series, we see a periodic temporal
pattern. The data refer to daily intervals; vertical lines mark Mondays. We
observe a stable (nearly constant) distribution over the week days and
increase of the number of high values in the weekends. This periodic
behaviour is interrupted by special days: Christmas and New Year.
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Transformations of time series

2 Viovlence Against The Person rate
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Transformation of time series +
aggregation

2 Violence Against The Person rate

e : : 2,860
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The increasing and decreasing temporal trends have become more prominent.
We can detect time intervals with particular distributions of values, e.g.,
>80% of objects with values above the mean or about 90% of objects with
values below the mean.



Temporal variation of the distribution of A
over space B(Bg(A(s, t)))
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When the time series are short, the techmque small multlples 1s applicable.
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Temporal variation of the distribution of A
over space BT(BS(A(S t)))
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Multiple classified or unclass1f1ed choropleth maps can show the temporal
variation of the spatial distribution for a small number of time steps.



Limitations of multiple maps

» Applicable only to short time series

 Temporal patterns are not easy to detect

 E.g., the increasing and decreasing temporal trends are not so clear in
the previous examples

» It may be even more complex to detect periodic patterns

—It 1s useful to combine multi-map displays with aggregated temporal
displays (quantile time graph and segmented bars).

« Display linking through interactive selection, e.g., by clicking on bar segments.

* For longer time series, only visual and interactive techniques are
insufficient.

* Clustering can help
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Distribution of the temporal variations of A
over the set of objects B,(B(A(o,t)))

 When the objects are few, the corresponding temporal variations
(time series) can be directly compared, e.g., using a time graph.

 However, this may hardly be possible in case of many objects.

2 Vinlence Against The Person rate
264.0 L !

. 4
264.0

* A more feasible solution: group the time series by similarity and
compare the groups.
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Grouping time series by means of projection
(dimensionality reduction)

Step 1

2 Vinvlence Against The Person rate - L=
264.0 i ] 264.0

As we did earlier for multiple attributes,
we apply projection (dimensionality
reduction) to time series. Each time step
1s treated as a distinct attribute.
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Grouping time series by means of projection
(dimensionality reduction)

Step 2

Stress:  0.1994

Colar scale:

" rectangular

o " CIEL*™s™h
" none
[ flipw v mirrar =

[ Preserne XY ratio
[ Show labels

g2 Refine projectian |

Re-run projection |

M iterationg: 1000

Teszellate

Group radius (%) 20
[w

Put classes intahle column |

The projection is superimposed on a continuous 2D colour scale.

26



<@

Grouping time series by means of projection
(dimensionality reduction)

Step 3

Stress: 01994 M ctress;  0.1087

Color scale: Color scale:
" rectangular
" rectangular g
& polar

 polar
" none
o CIEL*a"b ™ flipy W fifrar =
~
nane [ Preserve X ratio
[ flip v I+ rmirror = [~ Show labels

o Refine projection
Re-run projection

M iterations; 1000

Tessellate

Group radius (%), a0
v Editthe tessellation

[ Presere XY ratio
[ Show labels

Refine projection |

Re-run projection |

M iterations: 1000

Tessellate

Group radius (%) 20
[

Fut classes in table calumn

[ Broadcast colors

Fut coardinates in tahla |

Fut colours intable

By dividing the projection space into parts, we divide the points (and, hence,
the time series represented by them) into groups. Small distance between
points in the projection space means that the corresponding time series are
similar. 97

Put claszes intable column |




<@

Using projection for grouping time series

B Stress: 01987

Fo—— As we did earlier for multiple attributes,

" rectangular : ‘ : * :

@ potr we can apply projection (dlmens.lonahty

e reduction) to time series. Each time step
flipw v imirror = o 8 8 .

TTe—— 1s thereby treated as a distinct attribute.

[ Show labels

e After projecting the time series on a 2D
rennpoecien| - eoloured plane, we group them by

M iterations: 1000

S tessellating the plane. The classes receive
covraiis 0 eglours according to the positions of their

[+ Editthe tessellation

Pucinsses niabieconnn | CE@NETES. The colours are propagated to the

[ Broadast colors | tlme graph, Class byviolence against the
persan

Put coordinates in tahle

Put colours intahle

0: 599 objects (52.3%)
1:1 objects (0.2%)
15:1 ohjects (0.2%)
16:1 ohjects (0.2%)
1715 objects (2.3%)
18: 20 objects (3.1%)
19:12 objects (1.89%)

2 Uiu‘lrence Against The Person rate

-
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T e

Total: 549 chiects

2001 2002J 2003 2004/ 2005/ 20086/ 20071 2008/ 2009/ 20100 2011
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Comparison of groups (classes) of time
series
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Distribution of the temporal variations of A
over the space Bq(Bp(A(s, t)))
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Partition-based clustering

2 Viovlence Against The Person rate
264.0 i i
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Partition-based clustering
algorithms (e.g. k-means)
automatically divide
objects into groups by
similarity (closeness) of
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Different methods of grouping

 We have observed that the clustering algorithm applies different
grouping principles than closeness of points in a projection space.

* The grouping principles may also differ between different clustering
algorithmes.

* You will learn how clustering algorithms work in the machine learning
module.

e There are no “right” and “wrong” sgroupings!
P

* Any grouping is a simplification (even an oversimplification!) of data =
information loss.

* We need simplification when data are large and complex.
* To decrease the information loss:
* (Create and compare several groupings

» Normally, results of different groupings should be consistent

« Examine the intra-group variation



®
Object- and space-referenced time series

Preliminary summary

* The complex overall behaviour B, (A(o,t)) or Bg, 1(A(s,t)) needs to
be decomposed into aspects:

* Bp(By(A(o,t))) or Bp(Bg(A(s,t))) : how the distribution of the attribute
values over the set of objects (B) or over the space (Bg) varies over time

(Bp).
* By(Bp(A(o,t))) or Bo(Bp(A(s,t))): how the temporal variations By of the

attribute values are distributed over the set of objects (B) or over the
space (Bg).

» Each aspect 1s a kind of projection of the overall behaviour.

» General approach to analysis: grouping and aggregation
« Attribute values are grouped by value intervals (in histograms).
* Objects and places are grouped by similarity of their time series.

* Time steps are grouped by similarity of the value distributions over the object
sets or over space



Questions?

Object- and space-referenced time series



Clustering

as an instrument for interactive visual analysis



What 1s clustering?

* Loose definition: clustering is the process of organising objects into
groups whose members are close or similar in some way.

» A cluster is a group of objects which are “similar” or “close” between

them and are “dissimilar”
other clusters.
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Role of clustering 1n visual analytics

* Grouping of similar or close items plays an essential role in VA

* as a tool supporting abstraction: elements — subsets;
the subsets may be considered as wholes

* as a tool to manage large data volumes

* as a tool to find specific features of interest,

* as a tool to deal with multiple attributes and multiple time series, which
are hard to visualise



Two major types of clustering

« Partition-based clustering: divide items into groups so that items
within a group are similar (close) and items from different groups
are less similar (more distant)

« Examples: k-means, self-organizing map, hierarchical

* Property of the result: each item belongs to some group

 Density-based clustering: find groups of highly similar (close)
1tems and separate from them items that are less similar (more
distant) to others

« Examples: DBScan, OPTICS

* Properties of the results: some items belong to groups, other items remain
ungrouped and are treated as “noise”
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Two major types of clustering: an example

Partition-based: convex clusters including all objects
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Use of the two types of clustering

 Partition-based:

* Typically applied to multiple thematic (non-spatial) attributes or to
time series of thematic attributes

» Objective: divide objects into groups such that objects within a group
have similar attribute values and differ from the objects in the other
groups

* Density-based:

» Typically applied to spatial and temporal attributes of spatial or spatio-
temporal objects

* Objective: find concentrations of objects in space or in space and time
(1.e., groups of objects with close spatial locations and existence times)

» concentrations of objects may have special meanings;
e.g., spatio-temporal cluster of low speed events = traffic jam



Partition-based clustering



Partition-based clustering (PBC)

k-means: partitions data into k groups (k is a parameter specified by the user)




O3

Generally: for any computational tool, what parameter settings to choose?

Problem: what value of k to choose?

» Typically not known in advance

 Computation results (such as clusters) need to be properly visualised and

examined s < Average speed (kmih) by hours

* (Clustering results are often represented ' ’% o ‘1ha
by colour-coding, which 1s applied to
different visual objects, depending on the | = . &
structure of the input data g @%

Lo

W
n ]

* The analyst needs to run the tool with different settings and see how the
results change

 The analyst then selects the settings bringing the “best” results:
* easy to interpret (e.g., understandable spatial patterns)
* internal variance within the clusters is sufficiently low

» fit to the purpose (e.g., the intended analysis scale may require coarser or finer
division)



Visualization of clustering results

A single display may be not enough

K-means clustering of spatial events according to the spatial and temporal positions (x, y,
time)
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gl!llll
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04/04/2007 00:17:43 04/04/2007 23:59:53

Time-based frequency
histograms may show
the temporal relations
between the clusters in
a clearer way than the
space-time cube.
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Interactive visual analysis by PBC

Trying different parameter settings

(n]

Stress:  0.0816

Calor scale: k:3

@ irectangular

2

~ polar hour — hour — 1
01|z ]ala|s |6 |7 8| [1of11]12[13[14]15]16]17]18 o1 |2 (afe|s 6|7 |8 |a [1of11]12|13]1415]16[17|18]19]20[21 22|23
£ hona o508 [m [« [ [ [ [ [l e[ ][] [m]m 05/01/2015
060102016 [ = [ = [ === (== (=== 0] [=[-[-[-[n[m][m 06/01/2015
[ flipy Mozotrzots [ = [ = === e e [ m 07/01/2015
——Joamtr20ts [ = [ [ (=] [ e ] [ m 08/01/2015
[ Presere ¥iogmvzots (=== === [ [-[=[-]-[o[m]m 09/01/2015
1205 [m [ = (== [ =[] [=[-[-[=[m[m][m]m]m]m|m]= 10/01/2015
v Show label fapnaons o L Lol Lol Ll e = e m [ m = 11/01/2015
— oteos | = e [ e e (e e e e e e e e 12/01/2015
Refine prfysogizors |- [ - == |- ||| [|-[|-[-]-|[=[m 13/01/2015
—1410‘”2015 afla|afa]afafa]la|la|a|[afa]a]lafla|a|l«|m|H 14/01/2015
Re-run prdismrzons | = e el = =l ===l l===]=]|=|m 1510112015
o psotrzons | = e e e e e e e e e e e e 16/01/2015
1°N|terat|0ns: 170002005 | = | = = e = e e e e e (| || 17/0112015
POtmmoml e 1800172015 | = [ = = [ = = = e [ e e o o o o [ 18/01/2015
; =/ ; ¥ T day Legend: min=-0.646, max=1.377  day Legend: min=-1.003, max=0.801
: Matford  JEffiEld Lotbhto!
th . CUIEITOCHT Sy hour = 2 hour—
g Erentwc 01 [2]a]afs 6 |7 [ Ja [1o[11]12[13[14]15]16]17]18]18]20]21]22]23 o1 [2]aa]s]6 |7 [a[o [rof11]12[13]14]15
‘ 05/01/2015 osozots |- [=[=[=]-[-[-[-[-[-[-[=][=][n]=
06/01/2015 06012015 | = [« [ =[] e e e e ]
07/01/2015 07012015 [ = [ o [ [ [ [l [ e [ e e ]
08/01/2015 08012015 | = [ [l e e e e e e
09/01/2015 00012015 | = [« [ [ [ [l [ e e e ] ] =
10/01/2015 1ooizos[ml =[] [-]-[<[]:[n]m]m]n=
11/01/2015 1yoreos |w = [ [
12/01/2015 1aotzons [m [ [l e e e e
13/01/2015 13012015 [ = [ [ [ [ { e[ [m]m]=]=]"
Surbit; 14/01/2015 14012015 | = [ [ === e e e e = [ -
ot 1610112015 1600142015 | = [ = [ = [ = [ [ e ]u e ]u =] fefufa]>
Fmes 16/01/2015 12018 [ = [ = === T
king 17/01/2015 170172015 [ = [« [= [ [=[= [« [« [-[m[n]m
18/01/2015 18012015 | = [« [= [ [ [ [ []n[m|[m]m[mm
T day Legend: min=-0.686, max=1.720 T day Legend: min=-0.482, max=1.047
Operation:  Average - M tweets by hours (transfarmed) Rendering

Condition: all -




LT e Gl AbDheys,

' Watford_.Jgiifield b k—4
rith ™ 2, Louphtoms, s
r # 4B rentwi

Stress:  0.0816

Color scale:

*rectangula —

" polar
g enharr

P

Och

" none

[~ flipw I~ mirrar =

[ Presere ¥ ratin
“ Shaw abels

Refine projection Z‘fl_".- -:-.r -

aArmes

Re-tun projection fihg El-‘ m

LLJLI

M iterations: 5000 3

hour = hour = | hour =

O (2341516 |7 (8|9 MO[M1[12[13[1416]16[17[18 01 |2 (3 (4|56 |7 (8 (9 [10[11]12]13[14|15[16[17]|18]|19|20|21|22|23 01 (2 (341516 [7 (8 (9 1O112[13[14[15[16|17(18|19
osor2o1s [ [ = === e [ 05/01/2015 stz [ = | = | = | [ (= L e L e e e e L [ ]
o6o2018 | = [ = == e e e e e e e e e [ 06/01/2015 oeotos |- [ e e m
oziotizets |- e [ [l e e e e e e e e e e 07/01/2015 ororzons | = =
peiot2os [ - [ == [-[-T-[-T-]-T-[-[-[-T-]-]:-[m[m D8/01/2015 0810112015 | = | = |~ |« | === ||| -1 |=[-|-|-]|=|=|m
ogio12016 | = [ = [ [l [ e =] e o |m]m 09/01/2015 poaezoas [ == [ ==L L= - = [ - [ [m [m ]
10012015 | = [ =[=[=[==]=[=[c[-|m|m|m|m|(m|m|m|m|m 10/01/2015 o018 | = [ ==« =[=]«[-[<]-|n{m|m|[m]|m|n|m|m|n|m
1101/2015 [ = | = [ === [=[=|=[=]=|=|=[m|m|H|m = NN 11/01/2015 01018 | = [« [« |« === [=f=]=]c|=|m|mH|mmN==
2012015 = [ = [« [ = [ [e e fe e e e e e e ] um 1210112015 120012015 - | - BREREOOC
qamteots [ = e e e e e e e e e e e e 13/01/2018 aoens - D=
qaorors [« (=[] =[-[-T-[-T-]-T-[-[-[-T-]-]:-[m[m 14/01/2015 40102016 | = | = |- = === 1=]=1=[-|-|=[-[-|-]|=|=|m
16012016 | = = [ [ ool fe e e e e e e =] 15/01/2015 wsezons [ = = [ e (e =L T e e e L e ] [
16012016 | = [ = [ [ =]l P e e e e =] 16/01/2015 weotzors [ -] -]-]" e m|m
1poteers | - - [ L (e e e m e [ S ]= 1700112018 ozots | e e e e e e e
1BI002045 ) - [ =[] [-|-|-|-[-|m[m]|m|m IIDI 18/01/2015 18i01/2015| - | - -1 -T-Ta|mm|m|m IIDI ]
Tday Legend: min=-0.646 max=1.377 Tdav Legend: min=-1.045 max=0.950 Tdav Legend: min=-0.701, max=1.721
hour = 3 hour— 4

O 23415168 |7 23 0 |1 (2 (3 (4516 |7 (8 (9 10[11]12{13[14[1516|17|18
05012015 = [=[=]=[=]=|~|" s |osmt/201 5 (M) m = e e e L
06/01/2015 |« [=([=]=[=]=]"=|" sfosmzo s e e e e e e e e e e |
07/01/2015 |« [=|=]=|=]=["|" | lozmotzots | m| e [ o o[ |{wfaf[m]w|E]|H [
0BI01/2015 | * | = | = |=|=|=|=|= losiorzo18 [ = | = | = | =] =] == |=|=|=|=|=|=|c|=|=]|"|m|m|m ]
09101/2015 | * | = | = |=|=|=]=]|~ «losmorzo18 [ = = [ == ] === |=|=|=]|=[=]|=|c|=]|=||m|=|m [=]
10/01/2016 [ * [ = [=|=|=[=[=|" s hozors(m] s o[ ]as]a{e] e =] |mE|n|m|m|=|m [m]
102018 - [ === [=]=|"|" 11012015 = | =[] [~ BRI l|i|. L] ]
120012015 | = | = | = | = [=[= =]~ A 2mtzors (= = = e e [ [ = [ [ (=== == [ [=|m[m ]
130012015 | * [« | =]« =]=]=]= s amrzoas [l e [ []
1400112015 | * | = | = |=|=|=]=]~ v [1am12018 [ [ = = [ =] =]« =|=|=|=|=]=]|=|=|=|=|=]|-|m ]
1500172015 | * | = | = |=|=|=]=]~ o [remrzots [ = (= | = === |=|=|=|=[=|=|c|=|«|=]=|~|m ]
160172015 | * | = | = |=|=|=]=]~ o [remmrzors = = [« [ =] =]« =|=|=|=]==]=|c|=|[«|=]=]~][~ u
izotzots - - -] haoveons - [ = - [m] n(m u
1BI02015 ) - (=== [ ]|~ |~ - Sl =T I I e Il e Il I I e L LA L ..|i|. u ||
Tday Legend: min=-0.588 max=1.415 Tdav Legend: min=-0.488, max=1.164
Operation: Average - M tweets by hours {fransformed) Rendering

Condition: all -




Stress:  0.0816 ; ftE n;T:‘é‘JJ ,Abbeyss, 7 k 5
Watford nfie —
) . = - Loughton™ —
Calor scale: N',” G ; ‘ __3Brentwc
*rectangula e
~ e .~<Rggiford
e polar i -
1 ¢ none

[~ flipw I~ mirrar =

[ Presere ¥ ratin

v Show labels
Refine projection bn-on-
hames

Re-run projection King

M iterations: 5000

hour = hour =

hour = 2

O (2341516 |7 (8|9 MO[M1[12[13[1416]16[17[18 01 |2 (3 (4|56 |7 (8 (9 [10[11]12]13[14|15[16[17]|18]|19|20|21|22|23 01 (2341516 |7 (8 (9 1O1M112[13[14[15[16[17]|18(19|20 22)23
osor2o1s [ [ = === e [ 05/01/2015 osozons (w0 L o
060102015 | = | = | = | = [=|=|=|=|-|=|=[=|=[=[-|-|=|m[m 06/01/2015 61012015 | = | = | [ = e e e e e e e e o o o [ [ ||
ozotzo1s | [« = [=T==T=T=T<{-T«{-[[=[-]:[a[m[m 07/01/2015 ororos | = === =T={=[=T=[=T+{T«[-[«]-[[n]m|m{m u
(k=T R O I N 08/01/2015 08/01/2015 | m | = [« [« [ === ===l f={=]=]=]=]=|m|m|m N HN=
09012016 | = [ = === === |=[=]=]=|=|=|“"|=|®™|®™ 09/01/2015 0901/2006 = | == | = |[=|=|=[=|=[={=[=[=|=|[=|=[=|m|[=|m|=|m .L
10012016 | = [ =] =] =]=]=]=[=[|=|=|m|m{m|m m N Hn 10/01/2015 10012018 | [« === == [ [=]=|m|m|nfn(m]|u]|n|n o m mn)HE
1101/2015 [ = | = [ === [=[=|=[=]=|=|=[m|m|H|m = NN 11/01/2015 14/01/2016 | m [« [« |« ||| === =] |m|=[m[m]m)m o= NNN=
LR Vv I I I e I A I I I AL 12/01/2015 12001/2015 | W[ = | = | === | =[= =)= === ]-[=|m MmN
13012015 | = | = | = | = [= === |=|=[=|=[=[=[-||=[m 13/01/2015 130012015 | = | = | = | = |=[=|=|=[=[=[=|={=[=|=[=[=[=|=|m[m ]
1400102015 | * | = | = [=|=|=|=]=]=|=|=|=|=]=|=]|-|+|m|m 14/01/2015 1201 | = [« [ [ =TT e e e e e e T T e [ [ [ [ ] |
500172015 | * | = | = | == |=|=|=|«|=|=[=|=]|=]=]|-|-|=|m 15101/2015 1610172016 | = | = | = | = | =]=|=|=|==]|=|c|=|=|=]=|=|=|=|m|mmm=
60112016 | = | === === [=[={=[=|=|=|=|=|“|“|[=|®™ 16/01/2015 1EI012006 ] = | = | = | = |=|=|=|=[=|[=]|" ENICH N N N R A i
1700102015 | = | = [ == |=[=f=|=]]=|m[m|m|m|m mH=m 17/01/2015 170012018 [ = [ =)= = [=f[=[=]=]=]=[=|*" - AL LA L L
=TT e I I O R e e A L A .El. 18/01/2015 18/01/2015[ - | - o I I I O D D H EENE
T day Legend: min=-0.646, max=1.377 | day Legend: min=-1.055, max=0.944 T day 582, max=1.752
hour = 3 hour— hour = 5

O 23415168 |7 23 01 |2 [3[45168|7[8(9 01 (2 (341516 [7 (8 (9 1O112[13[14[15[16|17(18|19
05012015 | - [~ |~ -[-1--1- \lozorzors (w] == -[=-1=1=-]- 05012015 | - | - ||
060112015 | = | = | = | == [~~~ | losmtzons (= = [= = === |~~~ 06012015 [ = [ = | = | == [=[=[=[=[=[=[={=[=[=[=[=[=[m|[m
0700172015 |« | = [« [=[=[=]=]= < ormrzots=[==T=T=-T:T«T«[=]= 7012016 [ = [« | e |||
080112015 |« | = [=[=[=[=[=]n < osmrzors=[==T-T-T:T«T=[=]- o208 | = [« | e | e e e e
09001/2015 | * | = | = | =|=|=]=]~ « | losior2018 [ = | = | = | === |=|=]* 000172016 | = | = | = | === |=|=|==]=|=|=|=|=[~]-|m|m@m
12018 [ (== =[] ] + | (1012018 [mf-fafafafe]a]e]u]n woeos| - EEE e
02018 - [ =[] [=]=|"|" 11/01/2015 | M| W) = | == |=|=|=["[" 11/01/2015( = | - B I I I e AL AL
120012015 | = | = | = | = [=[= =]~ A 2mtzors [ m = [ = ===~~~ 120012015 | = | = | = | = ||| |||~ s e [ [

130102015 = [ == =|=|=|"|" sfamtots) | e[ ] . 13012005 = | <[~ | ===~ 1-|"|" [ ]

14012015 |+ | = |« [=[=]=]=]"= s amrzots[w[ ===« [m]= 14012016 [ = [ = | o | e oo oo

1500102015 | * | = | = | =|=|=]=]|~ w[1emrzo1s [m] = [ = [ =] =] ]=|=|=|= 1610102018 | = | = | = | = | =] =[=|=|=[=|=|=|=|=[=[=[=[=|m[m

1610172015 | * | = | = |=|=|=]=]|~ 162018 [m | = |« === |=|=]* 60172016 | = | = | = | == |=|=|=|==-|=|=|=|=]=]-|=|m[m

702018 - [ =[] [-]=|"|" 17012005 = | =[] [~ b 17/01/2015( - | - G I I I I R L L AL LI

=R Vv I e I I - S TR N I I e Il Il Il 18/01/2015( - | - el |=mE|m|n|m .D. u 17
Tday Legend: min=-0.592 max=1.570 Tdav Legend: min=-0.438, max=0.867 Tdav Legend: min=-0731, max=1.646
Operation: Average - M tweets by hours {fransformed) Rendering

Condition: all -




hour — hour — i e e GHEEES:  Abbeyes,
o Jiofie o 6 [7 [8 [o 1of1[12f13)14[rs[16[17[18]10]20]21]22]23 . o % S
0510112015 BEEE 0510112015 £th _W:‘ﬂ.fmiﬂ ield Lot ghtoms k_3
610112015 610112015 ¢ . Brentwc
07/01/2016 | = NN 07/01/2016
0810112015 BEE 0810112015
0810112015 | + BEE 0810172015 ul ord
100112015 | = u|m 100172015
1110112015 | = . 1110172015 5 L 1
1210112015 ] - 1210112015 S
1300172018 - 13012015 = Bj'
1410112015 1410112015
1610112015 [ - 15/01/2015
1610112015 [ - . 16/01/2015 -
1710172015 = sm|m 1710172015 i Dartfort
18/01/2016 | = = 18/01/2016 B
Tday Legend: min=-0.648, max=1.377 Tday Legend: min=-1.003, max=0.901 'E;L.I&Lm
hour = 2 hour— . =
o Tro[i[12[1alrals[1el1718]ra[20[21]22[23 o0 1 e R
0510172015 05/01/2015 (W] - BE hames
06/01/2015 06/01/2015 | = | = king Epgm
0710112015 7012018 [ * [ * BEBE J
0810112015 08/01/2015 ] * | * BERE
0810172015 0810112015 * | = BERE
100172015 10/01/2015 [ [ - . k f
1110172015 1110172015 = | -
nansl=l- Increasing k from 3 to 4 uncovers
1310112015 13012015 + | - - . .
1410112015 141012015 ] - [ -
EaE additionally an important and easily
16/01/2015 160112015« | -
17/01/2015 171012015 - [ - . bl f 1
18/01/2016 18/01/2016| = | = HHEE
" s e v e aerencnemy 1nterpretable pattern of tempora
Cperation M tweets by hours (fransformed) Rendering .
Condition T behaV10ur.
hour = hour = 1 hour— 2
9 o i 2 6 [7 [ o [iofai[izfiafi4frs[i6]i7frefrofooforo2]oa o1 [2[3fals[6[r]a]s [tota]12[r[r14]1s[16[17[18[19[20[21]22]23 .
0s/01/2015 . 0510112016 Ds/01/2015 k—4
06/01/2015 . 06/0112015 06/01/2015
07/01/2015 . 07/0112015 0710112015
0810112015 . 08/0112015 0810112015
010112015 . /0112015 0810112015
100112015 | = . 1010112015 100172015
1110112015 | = . 110112015 1110172015
1210112015 . 120112015 12/01/2015
1310112015 | - . 1310112015 1310112015
1410112015 ] - . 1410112015 1410112015
1510112015 . 1510112015 1510112015
1610112015 ] - . 1610112015 1610112015
1710112015 ] - . 170112015 1710112015
1810112015 . 180112015 1810112015
T day 646, max=1.377 T day Legend: min=-1.045, max=0950 T day Legand: min=-0.701, max=1.721
m? L n N N N N N | -ﬁnuura IR _.n... - '1':1:|E‘\'
N 22 o |2 CHE £ ]
0510172015 * + [+ [Wsmir015 [ m[ = ADED : Matford B
0610112015 « |+ |peoti015 | = | - BEEE ntf i, .
0710172015 * [« | brsoarors | = [ e ! B rentwt
0810112015 | * « |+ |Bemti2015] - | - BEBRE i
03/01/2015 + | lboro1i2015] - i
1010112015 = - |Worm1/2015 [ m F . . ord
1110112015 [ = ".14‘01!2015 . ‘ ;
1210112015 - |W201i2015]m Al
1310112015 ] - - | Wamo1i015] - -
1410112015 [ * - |fleo1i2015] = 5}' ‘ :E')J':
1510112015 + | Wsm1i015] - .
1610112015 ] - - | Weo1i2015] -

71012015 = + W 701i2015] - ‘

(0172015 [ [T~ [glremirzors| = Bartfon
TN o o o e e e — e e e i e 5 T day Legend: min=-0.488, max=1.164 St el
Cperation: M tweets by hours (transformed)

Condition

im0 DinEton

lames E '
king EP"” k *gq

Leatherhead




Erentw

hour = hour = | hour = 2

01 |2 )3 |4 [10[11[12 0 7 |B |8 |10[11)12|13|14|15/16|17]18)18)20)21)22)23 0 [10[11[12[13141516/17|18/19/20/21 /22|93 —
05/01/2015 | = - i 05/01/2015 05/01/2015 k—4
06/01/2015 | - 06/01/2015 06/01/2015 \/
07/01/2015 | - 07/01/2015 07/01/2015
08/01/2015 | - 08/01/2015 08/01/2015
09/01/2015 | - i 09/01/2015 09/01/2015
10/01/20156 | = w|mm 10/01/2015 [10/01/2015
11/01/2016 | = Ll L 11/01/2015 11/01/2015
[12/01/2015 - - 12/01/2015 [12/01/2015
[13/01/2015 | - 13/01/2015 13/01/2015
14/01/2016 = [=["[" il I 14/01/2015 14/01/2015
16/01/2016 = [=["[" il I 15/01/2015 15/01/2015
[16/01/2015 [« [« [« [~ NN 16/01/2016 [16/01/2015
17/01/2016f = [=[=[" wfm= 17/01/2015 [17/01/2015
18/01/20156( = [ =f=[" |mjm 18/01/2015 [18/01/2015 L e 8y
? day T day Legend: min=-1.045, max=0.950 ? day Legend: min=-0.701, max=1.721

Watford Lo

hour —» 3 hour— Lodghton

o i J2Ja s 20[21]22]23 fi 7 [8 [9 [iofinfi2
05/01/2015 | = . sl=|=|=||o5m1/2015 | W el
06/01/2015 | = = | = ||06/M01/2015 | = bl Il I
07/01/2015 | = = |=||07/m01/2015 | = bl Il I
08/01/2015 | = = | =] |0Bi01/2015 | = bl Il I
09/01/2015 | = = | =] |09/m01/2015 | = bl Il I
[10/01/2015 | = == | |[10/01/2015 |= bl Il I o=
[11/01/2015 | = == | [o1/2015 | = bl Il I 2=
12/01/2016 = f=f=|" sl 2mz0s | . bl
13/01/2016 = [=f=[" sl 13m0172018) bl
(14/01/2015 [« [« [« [~ M| =|=||14/01/2015 | = Ll Rl Al Rl I I
15/01/20156 = [=[=[" s [ = |[15/01/2015] = N
16/01/2015( == [=|" s [ = |[16/01/2015] = N
17/01/2016( = [=[=[" sl |[17i01/2016] = S
18/01/2016 = [=f=[" s [=|[18/01/2016] = L N N L an-on
T day Legend: min=-0588, max=1.415 T day Legend: min=-0.488, max=1.164 \mes '
Operation:  Average I tweets by hours fransformed) Rendering king. L
Condition all - id

Leatherhead

e

yheatt

Ep8pm

Leatherhead’

hour = hour = | hour—=
(ENEED o 7 8 [a [1o[11]12[13[14]18[18[17]18]18]20[21]22]23 o [1ofi1]12fa[14]15[16
05/01/2015 | = - 05/01/2015 05/01/2015 | ™ b e e e e
06/01/2015 | - 06/01/2015 06/01/2015 | =
07/01/2015 | - 07/01/2015 07/01/2015 | =
08/01/2015 | - 08/01/2015 08/01/2015 | =
09/01/2015 | - 08/01/2015 09/01/2015 | - Sl e =
10/01/2015 [ = 10/01/2015 10/01/2015 [ = L L L
11/01/2015 | = 11/01/2015 11/01/2015 [ = S LALALI ILAL)
[12/01/2015 - 12/01/2015 12/01/2015 | = il -
[13/01/2015 | - 13/01/2015 [13/01/2015 | -
[14/01/2015 | - 14/01/2015 [14/01/2015 | -
[15/01/2015 | - 15/01/2015 [15/01/2015 | =
[16/01/2015 | - 16/01/2015 [16/01/2015 | - il
[17/01/2015 - 17/01/2015 [17/01/2015 | = 0 A
[18/01/2015 - 18/01/2015 [18/01/2015 - Tjmjm]=|m
T day T day Legend: min=-1.055, max=0.944 7T day 2, max=1.752 _
hour = hour = hour = '
01 ]2 )3 |4 0 7 8|8 0 10[11[12[131141516|17|18|19|20|21|22|23
05/01/2015 | = . 05/01/2015 | = bl el e 05/01/2015
06/01/2015 | = 06/01/2015 | = bl Il I 06/01/2015
07/01/2015 | = 07/01/2015 | = bl Il I 07/01/2015
08/01/2015 | = 0B/01/2015 | = bl Il I 08/01/2015
09/01/2015 | = 09/01/2015 | = bl Il I 09/01/2015
[10/01/2015 | = 10/01/2015 | = bl Il I 10/01/2015
[11/01/2015 = 11/01/2015 | W el 11/01/2015
[12/01/2015 = 12/01/2015 | = bl Il I [12/01/2015
[13/01/2015 = 13/01/2015 | = bl Il I [13/01/2015
[14/01/2015 = 14/01/2015 | = LI [14/01/2015
[15/01/2015 | = 15/01/2015 | = afafa|m [15/01/2015
[16/01/2015 | = 16/01/2015 | = bl Il [16/01/2015
[17/01/2015 = 17/01/2015 | = bl Il [17/01/2015
[18/01/2015 - sl I 18/01/2015 | =™ bl Il I . [18/01/2015
Tday Legend: min=-0.582 max=1570 Tday Legend: min=-0.438, max=0.867 Tday Legend: min=-0.731, max=1.646
Operation:  Average N tweets by hours (ransformed) Rendering

Candition:

all

entwc

Dartfore

pington



Interactive progressive clustering
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;;:zi Next clustering is applied to one or a few of the previously obtained

-2 clusters. In this way, selected clusters may be refined.
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Interactive progressive clustering
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Former cluster 4 has been subdivided into clusters 4 and 5, which differ in the

proportions of children.



Partition-based clustering of time steps

by similarity of attribute value distributions over objects or space
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Object- or space-referenced time series can be organized in a table so that rows
correspond to one referrer and columns to the other. Clustering can be applied to
rows or to columns.




<@

Partition-based clustering of time steps

by similarity of attribute value distributions over objects or space
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Cluster representatives may be interactively selected for viewing.
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The value distributions can be summarized by the clusters of time steps.
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Partition-based clustering: a summary

* Divides references (objects, places, time steps, ...) into groups by
similarity of the corresponding attribute values:

e Multiple attributes (multidimensional data)
* Time series of values of one or more attributes

» Distributions of attribute values over a set of objects or places

* Grouping
v reduces and simplifies the data to analyse

v facilitates abstraction (data may be summarized by groups and
represented in a compact way)

® but involves large information losses

* To decrease the information loss, interact with the clustering tool
* Vary the parameter settings and compare different groupings

« Examine internal variance and refine clusters by progressive clustering



Visualisation of clustering results

Distinct colours are assigned to the clusters and used for colouring
display elements representing cluster members in diverse displays:

* time graph, parallel coordinates plot, map, time arranger (more generally,
matrix layout of pixels), scatter plot, etc.

Aggregation of the attribute values by the clusters

» allows more compact and/or less cluttered visual representation of the
clustering results

» facilitates comparison and interpretation of the clusters

» facilitates abstraction

Visualisation of cluster summaries (aggregated attribute values):

* bar diagram (bars represent clusters), segmented histogram, multiple
histograms (also 2D), multiple maps.

Individual data displays are nevertheless needed for assessing the
internal variation in the clusters.



Partition-based clustering:

use for object- or space-referenced time series

 PBC can help in studying both aspects of the complex overall
behaviours B, (A(o,t)) and Bg, (A(s,t)).

* To study B,(B(A(o,t))) or Bo(Br(A(s,t))) (distribution of the temporal
variations over the set of objects or places):

» Cluster the objects or places by the similarity of the corresponding time
series, 1.e., apply clustering to time series.

* To study B(By(A(o,t))) or Bp(Bg(A(s,t))):

» Cluster the time steps by the similarity of the corresponding attribute
values associated with the objects or places, 1.e., apply clustering to the
combinations of attribute values in different time steps.



When data with two referrers (X x Y, such as objects x time, space x time, \@
etc.) are organized in a table (matrix) with the rows and columns corresponding

to these X and Y, the two aspects of the overall behaviour can be studied by
applying partition-based clustering to the table rows and to the table columns.

« Application to rows: By (By(A(x,y)) ¢ Application to columns: By(By(A(x,y))
Referrer 1 (X) ¥ Referrer 2 (Y) >
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Reading:

http://dx.do1.org/10.1111/1.1467-8659.2009.01664.x

Gennady Andrienko, Natalia Andrienko, Sebastian Bremm, Tobias Schreck,
Tatiana von Landesberger, Peter Bak, Daniel Keim

Space-in-Time and Time-in-Space Self-Organizing Maps for
Exploring Spatiotemporal Patterns

Computer Graphics Forum, 2010, v.29 (3), pp. 913-922


http://dx.doi.org/10.1111/j.1467-8659.2009.01664.x
http://dx.doi.org/10.1111/j.1467-8659.2009.01664.x
http://dx.doi.org/10.1111/j.1467-8659.2009.01664.x

Questions?

Partition-based clustering



Density-based clustering
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Density-based clustering (DBC)

Goal: find dense groups of close or similar objects

* For a given object o, the objects whose distances from o are within a
chosen distance threshold (radius) R are called neighbours of the
object o.

* An object is treated as a core object of a cluster

1f it has at least N neighbours.
N=3

* To make a cluster:
(@)

1) some core object with all its neighbours is taken;

2) for each core object already included in the cluster, all its neighbours are
also added to the cluster (if not added yet).

* Some objects may remain out of any cluster (when they have not
enough neighbours and do not belong to the neighbourhood of any
core object). These objects are treated as “noise”.
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Density-based clustering

Parameters

 For DBC, the user needs to specify the neighbourhood radius
(distance threshold) R and the minimum number of neighbours N.

— The use of DBC requires an understandable definition of distance
between objects, e.g., spatial distance or spatio-temporal distance.

* It may be hard to choose R for a more abstract “distance” between
combinations of values of multiple diverse attributes.

* Results of DBC greatly depend on the parameter choice.

» Visualisation and interactive exploration help the analyst to find
suitable values for R and N that lead to good results.

<5 i,

se‘( ;

)

' Grey: “noise’
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Example: DBC according to the spatial distances between point objects

ulla( or al
Nov Mllane ol '{S b |
2N

Exploring the impact of the DBC parameters

R=500m, N=10 _ R=300m, N=10_

iagdiane

The clsters are too loose and too extended Some clusters are still too loose

n space. R=250m N=10 B

.~ Corsico
o

Buccinas,
o
qqqqq

G 0 ol J{l.san(}lawmn {
The clusters are more or less OK. The clusters are nicely compact but,

possibly, too small and too few. 70
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DBC by spatio-temporal distances

A possible application: clustering of spatial events

* For any two objects, there 1s a distance in space d and a distance

space
1n time d,;, .

* To cluster the objects by their spatio-temporal proximity, the
analyst may choose two neighbourhood radii R and R

space time
=300 m and R,; .

« e.g, R = 30 minutes.

space

 However, the clustering algorithm requires a single distance and a
single radius.

— Spatial and temporal distances need to be combined together

* eg, d= max(dspace /Rspace’ dtime/Rtime) * Rspace
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Example: clusters of London tweet events (21/01/2015; 15% sample) with
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Example: clusters of London tweet events (21/01/2015; 15% sample) with
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Investigation of clustering results
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Summarization of attribute values by the

clusters

—
| £ Frequency histogram: USERSCR

Clusters with at least 5

N bars: 100 Step: 1 Range: 1 - 1M
. .2 distinct Twitter users:
H oo o L0
L4 |
! | £ Frequencies of values of attribimey.. 101
LOCATION
Frequency
after
o =r e
Baneharmmvood [ ]
.ickmanswaorth Chingford
Firchiey
Harrow Walthamsiow, =
[ ] Hamichurch
Ubricige A e
’ "_-'...
" ] =
Bedfont. . richmond i
Maolesey Beckenham t' 5 g Lo 5 )
Weybridge Croydan I s Bremley
i) gothart i Coulsdon Biggin Hill
Leatherhead
Caterham
Westerham
78

I=Shalgd sV F recjuency after filtering




SO
Extending the spatio-temporal distance
function to additional thematic attributes

if d.>D)or3i|(d,>D), i=0.n

Distance ()
0 d, d d, . : :
function: rst £ max (D—, D—G, ’D_) ,  if (@) —neighbourhood defined as a cube
5 0 n
4= ) || d 2 b d.2
D+ |(D—S) +Z (ﬁz) » i () —neighbourhood defined as a sphere
Ly =

* D, — spatial distance threshold
Dgy,Dy,...,Dy - distance thresholds for other attributes

d,,d,d;,....dy— distances; d, — distance in space

Distance 1n time Distance for a cycelic attribute
(t;, t, are intervals): (V 1s the cycle length):
_"-r:frarr _ r&m’ I rgr:::’ < T::MH _ { |b"1 — UZL |b"1 — 15'2| = V/Z
d (I I ) =< I:'Iarf IIQH‘:“:' f 1::!::?! _.QH‘S" d(vlj Uz,vj V- |U1 — V2 |’ otherwise
ALL)=h — i =13
L 0 otherwise E.g., direction: V = 360°; d(5°,355°, 360°) = 10°




Example: clusters of low speed car
movement events

i The result of the
7150 density-based
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The STD-clusters, noise hidden

FEach cluster represents a possible traffic congestion
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Density-based clustering: a summary

Goal: find groups of highly similar (close) items and separate from
them 1tems that are less similar (more distant) to others.

DBC is often applied to spatial and spatio-temporal objects
* to find spatial and spatio-temporal concentrations of objects;

» to find groups of objects with similar spatial or spatio-temporal properties

Parameters:
» distance threshold (neighbourhood radius) R

 minimal number of neighbours of a cluster core object N

The analyst needs to set a meaningful distance threshold

— Well understandable distances between items must exist

v’ Spatial distance, temporal distance, difference between directions, ...



Distance functions 1n DBC

 Elementary distances: spatial, temporal, difference of values of a
single thematic attribute

» It may be necessary to group objects on the basis of two or more
elementary distances, e.g., spatial and temporal

= A distance function integrating the elementary distances is needed

* General approach:
1) Set a separate threshold for each elementary distance

2) Transform the absolute elementary distances to relative w.r.t. the
respective thresholds

3) Combine the relative distances:
* take their maximum or compute the Euclidean or Manhattan distance

* Defining more complex distance functions is also possible

* May be needed for complex objects, such as trajectories



Investigation of parameter impact

* The results of DBC greatly depend on the parameter settings
(values of R and N)

= It 1s necessary to run the clustering tool multiple times with
different parameter settings

* Choose clear, easily interpretable results

* Results from different runs may complement each other and contribute to
better understanding

» Interactive visual interfaces are used for investigating the results of
different runs.



Visual 1investigation of DBC results

* Analogously to PBC, clusters are given distinct colours, which are
used for colouring marks in a map, space-time cube, various graphs
and plots, segments in histograms, ...

* Noise 1s usually shown in grey

* The analyst should be able to interactively hide and unhide the noise

* Problems in visualising density-based clusters:

® DBC may produce more clusters than there are distinguishable colours

— The analyst should not rely too much on cluster colours but use them mainly for
distinguishing clusters from noise.

® Visual displays showing individual cluster members may be too cluttered
= The clusters need to be represented in a summarized form

 E.g., by spatial or spatio-temporal convex hulls
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Reading

G.Andrienko, N.Andrienko, C.Hurter, S.Rinzivillo, S.Wrobel
From Movement Tracks through Events to Places: Extracting and

Characterizing Significant Places from Mobility Data
IEEFE Visual Analytics Science and Technology (VAST 2011),
Proceedings, IEEE Computer Society Press, 183-192

G.Andrienko, N.Andrienko, C.Hurter, S.Rinzivillo, S.Wrobel
Scalable Analysis of Movement Data for Extracting and Exploring

Significant Places

IEEE Transactions on Visualization and Computer Graphics,
2013, 19(7), 1078-1094

http://dx.do1.org/10.1109/TVCG.2012.311



http://dx.doi.org/10.1109/TVCG.2012.311

Questions?

Density-based clustering
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Two major types of clustering: a reminder

« Partition-based clustering: divide items into groups so that items
within a group are similar (close) and items from different groups
are less similar (more distant)

« Examples: k-means, self-organizing map, hierarchical

* Property of the result: each item belongs to some group

 Density-based clustering: find groups of highly similar (close)
1tems and separate from them items that are less similar (more
distant) to others

« Examples: DBScan, OPTICS

* Properties of the results: some items belong to groups, other items remain
ungrouped and are treated as “noise”

« DBC and PBC can be combined: first use DBC to find and filter out
the noise (1.e., outliers), then apply PBC to the remaining data.

* This may result in cleaner and clearer clusters.



That’s not yet all about clustering!

 How clustering algorithms work: to come in the machine learning
module.

» Specific distance functions for trajectories: in this module.

* Progressive clustering using different distance functions: in this
module.



Not only clustering ...

* By example of clustering, we presented the general principles of
using computational methods in data analysis.

 We cannot consider all classes of computational methods, but the
principles apply to any of them.

* The principles:

* Apply any method iteratively, don’t rely on a single run

» Test diverse parameter settings, compare results, understand the parameter
1mpact

» Subdivide the data, apply the method to data subsets, compare results,
understand differences, refine your (mental) model

* Visualise all results (don’t trust numbers!) and apply analytical reasoning
* Try to see the whole
* Note and interpret visual patterns

» Attend to particulars: global and local outliers, gaps, intrusions or interruptions
In patterns, ...



Visual Analytics technology:

» combine visual and computational analysis methods

Goal: divide the labour between humans and computers so as to enable their
synergistic work.

Interaction

\

Visual mapping

’ Perception @ Knowledge
Transformation

Visual mapping
Cognition

Analysis Refinement
. Features, patterns,
Computational P
. models, ...
processing

Controlling



