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Long term goal
 Compare data related to the same city but obtained from heterogeneous
sources. Do they provide the same ‘picture’ of the city?

e Can we update a dataset (expensive and time consuming, updated once every
5/10 years) with another dataset (cheaper and always up to date)?

Presentation target
 Comparison of two heterogeneous datasets referring to the same city (Milan) to
discover if they have any intrinsic correlation
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* Telecom (phone activity data) provided for their “Big Data Challenge”
* Milan + surroundings —

Nov-dic 2013

Grid of 10.000 cells

Activity recorded every ten minutes

A footprint for each cell

[ ] [ J [ ]
in-call activity level - HOLIDAYS

[ ]
in-call activity level - WORKING DAYS

tﬁne time

* |STAT - Italian National Statistical Institute
 demographic data of 2011 and 2001
* divided by sex, age and nationality

Analysis performed using data in their original format (GeoJSON, csv) and serialization in RDF
format at the end of the analysis.



Datasets available — different spatial granularity e monno s

Pre-processing of
data required.

* S Mapping of
O e Telecom data into
v _ municipality
=7 Bbetit e . granularity.
e T S
Sraun i PRENL Y, o9/ ois) ?% iy ...%‘.,:
P S AV, A als VI (AR RS 0\ @y

Telecom — grid of 10.000 cells (250 ISTAT — 50 surrounding towns + 9
x 250 m each) internal Milano districts
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Goal of analysis: do the two datasets have the same intrinsic meaning?

Unsupervised clustering to group data in each dataset:
e k-means (euclidean distance)
* Adaptive k-means (cosine distance)

Comparison of the two clustering results to find correlation between the two datasets.

Validation of the comparison:
* Rand Index
e Kappa Index

(the closer to 1 the index is, the stronger the correlation between the data clusterings)



Experi MeNntS- Telecom vs ISTAT (range on total poulation)

| Cinisello

San
Giovanni

Vialba

Cornaredo

J

Settimo
Milanese

Cesano
Boscone

Corsico

Trezzano
sul
Néx!cgllo Buccinasco
> Macconago
Gaggiano
E3 ' ' Rozzano ASO
Vigano . %
Zibido Opera
San
Mulino f
Segrona Giacomo £ 4
Pieve,

Telecom - Kmeans 6 classes

. A
f |, Arese Cusano Balsamo §
U il
Milaning
"‘ Bollate
\ 3resso Sesto
A a4 J
arco Ny
jlan

Parco
Lambro

Milanese

g
SERENISS! San Rocg® o DA SERENS
Baragg Cinisello RIS Baraggic
1, Arese Cusano Balsamo ¢
y Milanino T
"\ Bollate b
! \ 3resso Sesto “Cologno 3
L+ San “Monzese Y
2 rco N Giovanni T
20 jlan b
. l 4
® Vimodrone Vialba Bicocca * Vimodrone
il

Vi
Cornaredo / Parco | §
Lambro
o
Settimo J
Milanese ;
Quarto {
Cagnino v
Cus.
5
Cesanod
BoStopk
% Peschiera Bo A2 Corsicg % Peschiera Bo
Trezzano\
< sul © San
BXESIO Blccinasco X Dpnato
wE Macconago Milanese
Gaggiano
%,
7 San p 7 San
Giuliano ¥ Giuliano
Milanese Milanese
2 ' Rozzano
Vigano | %
Zibido :
San }
% Mulino ; U J
) Segrona Giacomo K y

ISTAT 2011 - range 6 classes

Semantic Statistics - ISWC 2014 - Riva del Garda, Italy

FORGING INNOVATION BiVIEAWS

Rand Kappa

Index Index
0,23 0,23

Only partial
correlation

Try to add
information to total
population (feature

vector with

distribution of
populatin divided by
sex, age and
nationality)




EXperi MENTS - Telecom vs ISTAT (2011 fine-grained population)

FORGING INNOVATION
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EXpe FIMENTS- Telecom vs ISTAT (2011+2001 fine-grained population) fereine mysvamiox s
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S
Clustering results serialization SRl A

8 GeoJSON file *f

Geographic format

Results of RDF Data Cube vocabulary (adding in the
clustering * RDF format g Observation definition concepts of clustering ¢
analysis algo and cluster number)

N Enrich GeoJSON with power of
JSON-LD -> “GeoJSON-LD"”’

Geo + RDF format
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“Geo)SON-LD”

“GeolJSON-LD” is obtained by adding the ‘@context’ prefix to the GeoJSON file.
The prefix specify how to interpret GeoJSON tags as RDF resources

CNICO
LAND

@context preﬁx " "type": "FeatureCollection", GeoJSON file

"@context": { R

" ([T - : " "type": "name",

"320'.' .Qgﬁ;(/e,ua:ln',‘o,,r,%gngl.eg(:j-z%a(;[gjg:l;)geil’wgss 4 pos#" : "properties": { "name": "urn:ogc:def.crs:0GC:1.3:CRS84" }

"sf" . "hitp://www.opengis.net/ont/sf#", - "features" |

"rdfs" : "http://www.w3.0rg/2000/01/rdf-schema#", t .. )

"ex" : "http://example.org#" SRR "

tex : (gt ple.org#", properties": { "polygonld": 5060, "clusterNumber": 42 },

1" ypell : n ype"' ngeometryn{

"Feature" : "gb:Observation", ::type“:"'Pongon",

"FeatureCollection" : "gb:DataSet", °°°r[d'”ates 3

"features"” : { "@reverse": "gb:dataSet", "@container": "@set" } [ 9.188868698831616, 45.464410737578497 |,

"coordinates": { "@id": "geo:lat_long", "@container": "@set" }, [ 9.191874719535541, 45.46440572774091 ],

"Polygon™: "sf:Polygon”, [ 9.191867544215187, 45.46229045910362 |,

[ 9.188861635922354, 45.462295468573735 ],

polygonid™. “rdfslabel", [9.188868698831616, 45.464410737578497 ]

"properties": "ex:properties”, ]
"geometry": "ex:location", ]
"clusterNumber": "ex:clusterNumber" }
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“GeoJSON-LD"” pros and cons
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Correct interpretation of the geographic information Problems in the interpretation of the RDF information.

in the GeoSON-LD file ¢ “GeolJSON-LD” does not interpret correctly a lists of Iistsx
(polygon coordinates representation)

"geoq:;;rg:; '{'Polygon" GeoJSON list of lists

"coordinates": |

[

Rl
2
e;}ud'i’?"”z

«

polygonld: 5060
clusterNumber: 42 Gogiian di Mlano) g 2

. a _
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aittorio Emanuele  pUOMO
i i

Palazzo della
Veneranda
Fabbrica del
Duomo

[ 9.188868698831616, 45.464410737578497 ]
[ 9.191874719535541, 45.46440572774091 ]

[ 9.191867544215187, 45.46229045910362 ],
[
[

9.188861635922354, 45.462295468573735 ]
9.188868698831616, 45.464410737578497 ]

£z
Palazzo delfArengario

o J 4
7,rwu Y ar
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\Via Galtanio Giarding s+ —
T

Arcivescovado
<&

QTS RDF serialization

:c14n@ <http://wuw.w3.org/2003/01/geo/wgs84_pos#lat_long>
"4, 546440572774@91E1 Achttp: //wuw.w3. org/2001/XMLSchema#double>
156441075757 B5E 1" AA<hEEp s/ /- o1 200T XL Schana#doubl
. . "4 41 1"M<http: //www.w3.0org/ chema#double> .
GeoJSON-LD is CorreCtly interpreted as GeoJSON by :cldn@ <http://wuw.w3.0rg/2003/01/geo/wgs84_pos#lat_long>
GIS "9.188861635922354E0" Achttp: //waw.w3.org/2001/XMLSchema#double>
:cl4n@ <http://wuw.w3.0rg/2003/01/geo/wgs84_pos#lat_long>
"9.188868698831616E0" A <http: //wuw.w3. org/2001/XMLSchema#double>
:cldn® <http://wuw.w3.0rg/2003/01/geo/wgs84_pos#lat_long>
"9.191867544215187E0" Achttp: //wuw.w3. org/2001/XMLSchema#dduble>

- 10 ‘,‘A‘ —
?22 X Leafiet | Ties Courtesy of MapQuest. Map data (c) OpenStreetMap contributors, CC-BY-SA.
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* |dentification of a correlation between phone activity data and
demographic information
* Further tests using different datasets (land use, Point of interests)

* Find efficient method for handling the different granularity levels of the
datasets

 Method for handling temporal aspect of phone activity data (we lost
temporal information during clustering process)

* Find a method to overcome “GeolJSON-LD” serialization problem
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Thank you! Any question?

Further details at: http://swa.cefriel.it/geo/

Irene Celino and Gloria Re Calegari

CEFRIEL
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