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What are Complex Data?

Any data which cannot be considered as a
standard “observations x variables” data
table.

Examples

« several data tables describing different
kind of observations.

e Hierarchical Data
e Textual Data in each cell of the data table
e Time series Data in each cell .
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What are “symbolic data” ?

Any data taking care on the variation
Inside classes of standard observation.

e each cell of the data table can contain:

« A number, a category, an interval, a
sequence of categorical values, a
sequence of weighted values , a Bar
Chart, a histogram, a distribution, ...




Example of SYMBOLIC DATA

Here the variation (of weight, nationality, ...) concerns the players
of each team.

Therefore each cell can contain:

A number, an interval, a sequence of categorical values, a
sequence of weighted values as a histogram, a distribution, ...

THIS NEW KIND OF VARIABLES ARE CALLED « SYMBOLIC »
BECAUSE THEY ARE NOT PURELY NUMERICAL IN ORDER TO
EXPRESS THE INTERNAL VARIATION INSIDE EACH CONCEPT.




SYMBOLIC DATA TABLE SOFTWARE*

Towel Height Radius Gap2
——— . ——
ouv1 157 31:299.78 41 6EEG.41 IIII___
1234567
[ = - .
ouv13 05.38:733.38 18.9862.02 --lllll
1234567
——— . ——
ouv2 157 36:300.98 41 fR-58.26 Illll-l
1234567
—— ——
ouv? 204 56:332 56 42035771 lllllll
1234567
= —— .
ouv09 203.09:331.09 47.04:5819 IIIII.-
1234567
= ]
ow10 201 1:334.02 _.|I| 42.07:58.88 IIl--__
123445 1234567

Scoring rows by min, max of intervals or frequencies or barchart is possible.

* SYROKKO Company eliezer@syrokko.com




SYMBOLIC DATA TABLE SOFTWARE*

Histogram value for
the variable Gapl Min of the Min and Max of the
and the concept Max of all the interval values of
ouvi? the column (represented by a
black squared rectangle). Interval value for the
variable Radius and the
concept ouvl3
Towel (coloured line)
st ENS . ..
123458
ow13 38.98:62.02 _..“.I
1234567
=1 C==—
ouvg2 157.36:300.98 41.66:68.36 Il Average interval (black
121 line) defined by the
=== C—— average of the Min and
L 204.56:332.56 42025771 the average of the Max
~A— of the intervals of the
—=— =] column.
ouv09 203.09:331.09 _|.|| 420458
12345 1d45¢
C—==m C—— 1 Mean of all the means
ow10 201.1:334.02 _.|I| 4207:58.88 of the intervals of the
12345 column (black point).

Scoring variables is also possible in order to select the most discriminate

variables of the rows
* SYROKKO Company afonso@syrokko.com
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WHEN SYMBOLIC DATA
ANALYSIS?

 When the good units are the concepts:
finding why a team is a winner is not finding
why a player is a winner

* When the categories of the class variable to
explain are considered as new units and
described by explanatory symbolic variables.

 When the initial data are composed by
multisource data tables and then their fusion is
needed




From standard statistical units to concepts,
The statistic is not the same!
On an island : Three species of 600 birds together: 400 swallows, 100 ostriches,

100 penguins.

Symbolic Data Table

Bird Species Fly | Color | Size @ecie@ Fly Color Size Migr
(cm) swallows \ ves | 0.3b,0.7grey | [25,35] | Yes
1 penguins No | black 80 ostriche \NO lelack,O.Q)@ [85,160] | No
2 swallows | yes | grey | 30 Penguin | No | 0.58,05grey ([ [70,95]) Yes
600 ostriches | No | black | 125 The species are the new units
. / / l
swallows, _03”|Ch93, The variation due to the « Migration » is
and penguins are the individuals of each species an added variable
“concepts” produces symbolic data at the
. «concepts »
Oiseaux Species level.
A A
400 2
Frequencies Frequencies
200 - of 1+ of concepts
individuals (species)
Flying Not Flying Flying Not Flying




FROM FUZZY DATA TO SYMBOLIC DATA

From Numerical to Fuzzy Data

A

small average high

height weight | hair A
small |average | high
Paul |0.70 [0.30 0 45 yellow 0 1.501 1.80 | 1.30
Jef |0 0.50 0.50 |80 yellow JEF
Jim 050 |0 0 30 black
Bill |0 0 0.48 |90 black 0.65 160 185 195
Fuzzy Data
height weight | hair
small average high
{Paul, Jef } | [0, 0.70] [0.30,0.50] |[0, 0.50] |[45, 80] |yellow
{Jim, Bill} | [0, 0.50] 0 [0, 0.48] |[30, 90] | black

Symbolic Data




FRANCE IS DIVIDED INTO 50 097 COUNTIES CALLED IRIS

When? Example of Multisource data tables

IRIS are the level to study, initial data are confidential and multisource

Classical Data table

Classical Data table

School IRIS TYPE
Household | IRIS Size Car Mark SPC
Condorcet | IRIS 605 Private
Dupont 1 IRIS 56 2 Renault 3 Laplace | IRIS75 | Public
Durand IRIS 602 5 Renault 1 Voltaire RIS 855 Public
Boule IRIS 498 3 Peugeot 2

v v

Symbolic description of shools in IRIS 1
Symbolic description of households in IRIS 1 L L

IRIS TYPE Spécialisation
IRIS Size Car Mark SPC IRIS1 | {(private, {(yes,17%):
37%);(public, (no, 83%)}
IRIS1 | [0,5] |Renault(43%), Citroén (21%)... H]] 63%)}

. !

Concatenation

IRIS n = [Symb. Description of households] A [Symb. Description of School
NEW DATA: in one SYMBOLIC DATA TABLE describing each IRIS.




HOW?

From Database to Concepts

Observations &

BDD

Relational Data
Base

J_‘

QUERY

’_i_‘

Conceps

N

DB250 ——
Description of observations

Concepts Description

/mbolic Data Table —

Columns: symbolic variables

f—.—r’\._

——

i+ Rows : concepts




Tackle security problems in regions
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WHY SYMBOLIC DATA CANNOT BE REDUCED TO
A CLASSICAL DATA TABLE?

Symbolic Data Table

Players category

Weight

Size

Nationality

Very good

[80, 95]

[1.70, 1.95]

{0.7 Eur, 0.3 Afr}

1l

Transformation in classical data

category

Players Weight
Min

Weight Size
Max Min

Size Eur Afr
Max

Very good

1.70

1.95 0.7 0.3

1L

Concern:

The initial variables are lost and the variation is lost!




Divisive Clustering or Decision tree

Symbolic Analysis Classical Analysis

Weight Max Weight

Weight = T4.F 5 Max Weight
Yeight = 7475 = 8BS Max Weight
= B35




Symbolic Principal
Component Analysis

height

Teaml

[r— | p—
| D




Second Principal Component

1.0
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o
Average
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@
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First Principal Component

Classical Analysis
Loose variation

Second Principal Component

“ery Good

oo

Average

Fair

First Principal Component

Symbolic Analysis
Take care of
variation




PCA and NETWORK OF BAR CHART DATA
of 30 Iris Fisher Data Clusters*

Asis 2 (25.94 %)

.Qooo

.0
Axis 1 (3333 94)

Any symbolic variable can be projected. Here the species variable.

* SYROKKO Company afonso@syrokko.com




The Symbolic Variables contributions are inside
the smallest hyper cube containing the correlation
circle of the bins

Asxis 2 (25.94 %)

species - virginica
-

PetalLength - 03-5 o

e + Sepallength - 04-6.5 ! B Sepall encth
Petalticth - 02=1.5 : -,
W Sepahidth

# Sepahficth - 023t03 .5

* Sepahfidih - 053=3.5

---------------------------------------------------- mmrmmmmsemoesnoenoonoeoooioo oo Ais 1 (3331 %)
] + Sepallength - 00=5 ’
Sepallength - 036t06.5 + H

| species - setosa

+ SepalLength - 015t05.5

Sepahividth - 012.5t03 *
H Sepahticth - DD<2.5.

+ -
PetalLength - 024i05 & :SepaILeng‘th 025 5tof

: PetalLength - 012to4 +

species - versicolar #
H Petahiicth - 010 6to1 .5 #




Conclusion:

Symbolic Data are Complex Data as
they cannot be reduced to standard
data without loosing much information.
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Complex Data are Symbolic Data ?

e Time series Data table
Multisource Data tables
Hierarchical Data
Textual Data

e EftcC.

CAN BE TRANSFORMED IN SYMBOLIC DATA




INTERVAL TIME SERIES VOLATILITY OF STOCKS

The symbolic aggregation approach
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Figure 2: Interval time series of the high and low prices of the SP500 stock index.

J. Arroyo Forecasting Candlesticks Time Series with LWL Methods




Time Series Data table: Anomaly detection on a bridge
LCPC (Laboratoire Central Des Ponts et Chaussées) and SNCF Data

Trains Sensor 1 Sensor 2 Sensor3 ... Sensor N
273y -

-2t ALt .
Rikicd!

-0 o AL

Tontd 040 o |-AA AN KA

ot o UL YLK

A T pre it R TR 4

on-are o [

Each row represents a train going on the bridge at a given temperature,
each cell contains until 800.000 values.

Each cell is transformed in HISTOGRAM from a PROJECTION or from WAVELETS




Hierarchical-Structured Data.

19 variables Disease

e intensity
A Unapparent disease

Description of 195
125 farms x respirator
farms

30 animals [ diseases

o
'
'
'
'

§ Average disease

L

<------

-
.
d: .

1o

] C «
1 QLG V1O OO
S

-

AFSSA: Study of pig respiratory diseases*

*C. Fablet, S. Bougeard (AFSSA)




Symbolic procedure

pig respiratory

diseases Or in interval value variables

___19variables From numerical description
of pigs to symbolic
12 farms » | Description of description of Farms
30 animals Pig r_'éé'pir'a‘['dfy"'
------ diseases -----
oo * Numerical variables
. . and
Animal Median score _ _
frequencies (continuous var.) * Categorical variables
tegorical var. .
(categorica Var)64 v are transformed in Bar
vari .
y S > Chart of the frequencies
195 farms Description of based on 30 animals,

1
v
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e The Aim of SYMBOLIC DATA ANALYSIS?

TO

EXTEND STATISTICS AND DATA MINING TO
SYMBOLIC DATA TABLES DESCRIBING

HIGHER LEVEL UNITS NEEDING VARIATION
IN THEIR DESCRIPTION.




Why Symbolic Data Analysis?

1) From standard statistical units to concepts,
the statistic is not the same!

2) Symbolic Data cannot be reduced to classical data!




THE TWO STEPS OF A SDA

1) Building the symbolic data from the Data
Base

2) Applying SDA methods.
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SYMBOLIC DATA ANALYSIS TOOLS
HAVE BEEN DEVELOPPED

- Graphical visualisation of Symbolic Data

- Correlation, Mean, Mean Square Histogram of a
symbolic variable

- Dissimilarities between symbolic descriptions
- Clustering of symbolic descriptions

- S-Kohonen Mappings

- S-Decision Trees

- S-Principal Component Analysis

- S-Discriminant Factorial Analysis

- S-Regression

- Etc...




Examples of SDA Output of the sofware

Edit Help
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QUALITY CONTROL
CONFIRMATORY SDA

REAL WORLD i MODELED WORLD

DESCRIPTIONS
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QUALITY CONTROL
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Spatial Pyramidal Software
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Réalisé dans le cadre de 'ANR SEVEN (EDF, LIMSI, Dauphine).

Théorie de la classification spatiale: E. Diday (2008) “Spatial classification”. DAM (Discrete Applied
Mathematics) Volume 156, Issue 8, Pages 1271-1294.
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Nuclear Power Plant

Find Correlations Between
3 Standard Data Tables of Different
observation units and different
Variables




NUCLEAR POWER PLANT

Nuclear thermal power station

Inspection :

Cartography of the towel by a grid

—c—

Inspection machine

PB: FIND CORRELATIONS BETWEEN 3 CLASSICAL DATA TABLES OF DIFFERENT

UNITS AND VARIABLES:

Table 1) Cracks description.

Table 2) Gap deviation of vertices of a grid at different periods compared to the
initial model position.

Table 3) Gap depression from the ground.

ARE Transformed in ONE Symbolic Data Table where the concepts are interval of

height




Telephone calls text mining in order to
discover “themes” without using semantic

INITIAL DATA: 2 814 446 rows

Documents Words
Docl bonjour
Docl oui

Docl monsieur
Doc?2 panne

Correspondence between
words and documents.

Each calling session
IS called a document.
We start after
lemmatisation with a
table of

» 31454 documents

e 2258 words




First Steps:building overlapping clusters
of documents and words: CLUSTSYR

1 Edf

1 Pro Classique —
Symbolique

1 XXX

5

2 814 446 rows:

Correspondence
documents, words

lema_clust8o

80x70

c13

Documents lema
70 x 2258
Classification
automatique
31454 AT Concepts : 70 classes o b

lema

loma
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the 70 clusters of Docs.
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Classification
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de mots

o
u T

70 Overlapping Clusters
of Documents described
by the tf-idf of 2258
words.

5
s
F
=
=
2.
4

,,,,,, de_sm. 2258 X 70

Lilinsalal: L.

mmmmmmmm

2258 Words described by
their tf-idf in the 70 clusters
of Docs.




Next step:

STATSYR
Each cluster of documents is described by the 80 clusters of words called

Thémes

iques

Themes
termes_techni

“themes”

dépannage_intervention

échéancier

BN =

sjuUsWINJ0p
J0 sasse|D

3
pho
_p

|_politesse
gue_technique

29_prélgdvement_pénalité

16_facture_relevé_dates
19_coordonnées_telé|
21_intervention_dates
47_facture_échéancier.

12_accueil
18_dialol

WORDS in Each Theme




NEXT STEPS: SELECTION

BEST WORDS: HISTSYR
BEST THEMES: TABSYR
BEST CLASSES OF DOCUMENTS: TABSYR

GRAPHICAL REPRESENTATION of themes , doc
classes, clusters: NETSYR

SOCIAL NEWORK:NETSYR

ANNOTATION of Themes and Document classes
: NETSYR




"BEST WORDS"” SELECTION

HistSyr allows the selection of the best discriminating
words among the document classes: the score is
obtained by using the variation of the distributions
between the concepts (classes of documents).
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Reduced number of
words (15)




BEST THEMES :TABSYR
BEST DOCUMENT CLASSES :TABSYR

Themes
Angle33 EcRel2003h OrientationFIM2001 EcRel1983h Ecart2003h longFIhM2001
Gro00an33 I
2 bl 12 132 132 1z 5G78
Gr033a066 ol L . _I I_ ll B
cC 2 a6 12 12 12 12 56
()
Gr3o0
13002333 el . . . B -I -
-] 2 5 12 2 12 13 5
3
Gr333a366
3|0 . 1 L i ____
Y— 2z bl 12 12 12 12 5678
(@)
Gr366a400 e I I ll
Q| Tzio8 TT Ta 13 1234568
(7))
Masque %

. HI_ - H T, o

SORTING AND SELECTION of THE “BEST THEMES": the score is obtained
by using the variation of the distributions between the concepts.




GRAPHICAL REPRESENTATION
NETSYR

GRAPHICAL
REPRESENTATION  ac20245)

politesses_contentement

of themes, s

document classes, by ] e

Pl e Ch artS /x poltesses_contentement

And their Bar chart -

description. _ | .

| ot e AN

Overlapping css P |

SOCIAL NEWORK &L, ooes ¢ & i

Based on e e . .

dissimilarities e
-4.5 % w

ANNOTATION : * | , |

of Themes and ° I,

Document classes We obtain finally a clear representation of the main

themes , their classes and their links : “failures”,
Moving, Zooming... “budget”,”addresses”, “vacation” etc..




Anomaly Detection on a Bridge
Produced by Trains
of Very High Speed




Anomaly detection on a bridge from TGV
(LCPC) Laboratoire Central Des Ponts et Chaussées

Sensor 2 Sensor3 ... Sensor N

127

T B 0 (AN AL oo

2

- o AR A

Tone-20e o (AL WL L

e o AL FL

gt o P AN g

g o

Each row represents a train going on the bridge at a given temperature,

Each cell is transformed in HISTOGRAM from a PROJECTION or from WAVELETS

each cell contains until 800.000 values.




Construction du Tableau de données
symboliques

TGV -23.23°C I I I I
| 1 1
TGW2-2792°C I
TGW3I-2818°C I
| I | — 1
TG4 -2471°C I
- TGY11 - 27.76 °C
5 - accél.
TGV -2514°C 1 0.00000
|z 0.00000
3 0.00000
B 4 0.00000
TGWE-27.85°C 5 0.00000
|8 0.00000
7 I 0.00000
B 8 0.00062
TGWT - 2419°C a | 0.00403
| 10 [ o.2ssa7
1 I- 010605
B 12 0.00329
TGWE - 28.24°C 13 || 0.00035
| 1a 0.00000
15 0.00000
B 15 0.00000
TEY10- 27.37 °C 17 0.00000
| 1e 0.00000
12 0.00000
TGY11 - 27.76 °C = I ooname
TGW12-27.50°C I

=

Tableau de données symboligues dont chaque case
contient un histogramme a 20 intervalles représentant
chaque signal pour chaque capteur.




SYMBOLIC PRINCIPAL COMPONENT ANALYSIS (PCA)

Axis 2(8.171%)
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PCA on the interquartile intervals of the histograms contained in
each cell.
Two anomalies are easily detected:

TGV1is out of its group of temperature,

TVG14 covers all the trains of its group of temperature .




TG

ther

t of its group of température

2) TGV 14 covers all the TGV of its group of

TGW13

The symbolic pyramia?il clustering confirms

TGO TGW1 TGWIS TGW2 TGS TGW14 TG4 TGW7 TGWS TG

TGW1 2

anomalies.

IS OuU

1) TGV1

temperature




Open directions of research

Practice

« Application to huge or very large data by
symbolic preprocessing taking care of
categories.

e Text mining Iin order to extract themes
describing classes of documents by
Symbolic Data




Open directions of research

Theory

« Galois Lattices are the underlying
structure.

 Statistics: parametric or non parametric of
SDA (ex : density of interval data, or
histogram data,..)

« Partioning, hierarchies, overlapping
clustering (Pyramids), Conceptual or
based on dissimilarities between SD.




CONCLUSION

 |If you have standard units described by
numerical and (or) categorical variables, these
variables induce categories which can be
considered as new units called “concepts”
described by symbolic variables taking care of
their internal variation. Then SDA can be applied
on these new units in order to get
complementary and enhancing results by
extending standard analyis to symbolic analysis.
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