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May crimes influence student’s performance?
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Motivation

Roberts et al. (2012).
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Motivation

Roberts et al. (2012).
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Motivation
May the infrastructure influence crime increment?

Infra
structure

Socio
Economic

Historical
Crimes

Crime
Studies

• Population
• Rent values
• Economic level
• Unemployment

rate
• Etc.

• Bars
• Banks
• Schools
• Parks
• Etc

• Passer-by
• Cargo theft
• Homicides
• Commercial

Stablishment
• Etc.
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Our Proposal: 

What are the relations between crime events and the other variables involved in the analysis?

What are the variables that most influence students’ performance?

How to mathematically handle the multiple data sources in order to uncover patterns?
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Our Proposal: 

School

Crimes Crime 
Periods

School Bus Stop Passerby AB Morning ... n

35290 15 13 1 0 ... n

35367 30 27 0 1 ... n

35155 12 8 1 1 ... n

35017 40 36 1 0 ... n

m m m m m ... m,n

Infra
Structure

Urban
Class

... ... ... ... ... ... ...

200 m.
neighborhood
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Our Proposal: 

Bus Stop Num. 
Schools

1-10 7

11-20 10

21-40 40

41-60 4

61-140 1

Est. Com. Num. 
Schools

1-5 35

6-10 8

11-15 1

16-20 3

21-25 2

Urban
Pattern

Num. 
Schools

AB 30

C 10

D 9

EFG 7

H 5

Crime
Periods

Num.
Schools

Dawn 6

Morning 18

Afternoon 1

Night 3

10 7 1 17 6 30 0

20 16 5 3 40

9

4 2

35 54 33 19 44 15 10 13

30

31 40 11 33 1 25 16

12 0 23 7 21 29 22 1

32 51 45 3 17 16 14 60

9 19 1 1 2 13 18 4

11
11 7 1 13 5 30 0

40 16 5 3 40

9

4 2

18 24 33 19 44 15 10 13

30

31 40 11 33 1 45 16

12 0 23 0 21 19 22 1

32 51 45 3 17 16 14 50

1 19 14 1 2 13 18 2

11
10 7 1 17 6 30 0

20 16 5 3 40

9

4 2

35 54 33 19 44 15 10 13

30

31 40 11 33 1 25 16

12 0 23 7 21 29 22 1

32 51 45 3 17 16 14 60

9 19 1 1 2 13 18 4

11
1 8 6 13 5 30 0

40 16 5 3 40

9

4 2

18 24 23 19 44 15 11 13

30

31 50 11 33 1 45 16

42 0 13 0 21 19 52 1

12 11 45 3 17 16 14 50

0 29 14 1 2 13 28 2

41
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Tensor Tucker Decomposition

Tensor Core

Mode
Tensor Factor
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Our Proposal: 

(1) (2)

Tensor Core
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All most relevant patterns

Earth Mover’s 
distance

0
16 0

... ... 0
79 66 35 0

1 2 1 4 14 2 1 2 3 4 2 1 4 1...

Tensor

...

Tensor Core

Aglomerative
Hierarchical 

Pipeline Tensor - Approximation
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Pattern

Distance 1

Dista
nce 2

Di
sta

nc
e 

m

30 17 4 ... 46

EMD distance vector

Pipeline Tensor - Approximation
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School PO Bar ... Pass
E1 8 4 ... 10000

E2 13 1 ... 80000

... ... ... ... ...

En 22 0 ... 329000

Feature Vector
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Results (2) – Synthetic data set (3.5k) 

PO Bar Pass. R. ... Vehi R.

11-20 3-9 30-60 ... 5-10

... ... ... ... ...

40-50 20-30 90-100 ... 15-21

School PO Bar ... Pass
E1 8 4 ... 10000

E2 13 1 ... 80000

... ... ... ... ...

En 22 0 ... 329000

Agglomerative
Hierarchical
Clustering

Tucker
Decomposition



Crime Patterns and Urban Infrastructure around Schools 16

Results (2) – Feature Against Tensor

Metrics Feature V. Tucker

Fowlkes-Mallows scores 0.70091 0.94245

V-measure 0.80655 0.94491

Adjusted Rand index 0.61198 0.92791

Mutual Information 0.80531 0.94459

Clustering Performance Evaluation



A Case Study in São Paulo 
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São Paulo Data Set

70754
13881
13173

9196
3698

1855
1053
425
92
74
62
23
9
7
3
2

0 20000 40000 60000 80000
TRANSEUNTE

INTERIOR DE VEICULO
OUTROS

ESTABELECIMENTO COMERCIAL
INTERIOR ESTABELECIMENTO

INTERIOR TRANSPORTE…
ESTABELECIMENTO-OUTROS

COLETIVO
ESTABELECIMENTO ENSINO
CONDOMINIO RESIDENCIAL

SAIDINHA DE BANCO
CONDOMINIO COMERCIAL

CAIXA ELETRÔNICO
JOALHERIA

ESTABELECIMENTO BANCARIO
VEICULO

Data set from 2011 to 2017

Attributes:
• ANO_OCORR: Year of occurrence.

• DATA_OCORRENCIA_BO: Date of occurrence.

• HORA_OCORRENCIA_BO: Hour of occurrence.

• NOME_DELEGACIA_CIRC: Police station name

• RUBRICA: Crime type (16 types)

• COD_SETOR: Code of census block

• COORD_X: lat

• COORD_Y: lng

Is there any relationship between schools and criminality?
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School Data Set
Data set from 2016

Attributes:
• CODESC: school code.

• NOMEESC: School Name.

• END_ESC: School Address.

• CODSC2010: Sector Code.

• COD_DEP: Type of School.

• COORD_X: lat

• COORD_Y: lng

São Paulo has 11k
Schools
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Data Set: 

Crimes
Urban
Pattern Infra

structure

• Passerby
• Cell Phone
• Car Robbery

• A-B (High)
• C (Mid-High)
• D (Mid)
• E-F-G (Mid-Low)
• H (Low)

• Bus stops
• Bars
• People flow

Crime 
Periods

• Dawn
• Morning
• Afternoon
• Night



Crime Patterns and Urban Infrastructure around Schools 21

Results (1)  
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Results (2)

The relationship between crime events and the other variables.
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Results (2) - Regression 

School Infrastructure Passerby Cell Phone Car Interior

Private
BUS STOP 5.2441 2.76 0.01

BAR 3.0636 1.53 0.01

Town
BUS STOP 4.2692 2.4233 0.0108

BAR 26.9055 13.8194 0.0925

State BUS STOP 3.9218 2.3324 0.0148

BAR 11.6920 5.2745 0.0758

Ordinary Least Squares
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Results (3) - Private Schools 
Variables that most influence students’ performance.

Pattern EMAP EMR ENEM
P1 96.23 2.99 546

P3 93.65 3.61 554

P6 93.29 1.73 550

P7 93.30 3.78 537

P11 93.4 3.41 548

P12 91.89 4.34 598

• EMAP: High school pass rate
• EMR: High school failed rate 
• ENEM:             National High School Exam 

P7

P6
P1

P3

P12

P11
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Results (3) - State Schools 

Variables that most influence students’ performance.

P4

P5

P6

P2

P1 Pattern EMAP EMR ENEM IDEB_AI IDEB_AF TX_AI TX_AF
P1 77.0 18.3 528 5.93 4.0 0.98 0.88

P2 78.1 17.0 577 5.91 4.4 0.98 0.90
P4 77.0 18.3 532 5.92 4.1 0.98 0.89
P5 73.0 19.6 492 5.52 3.9 0.97 0.88

P6 73.0 19.5 569 5.67 4.3 0.98 0.89

P7 74.0 18.2 560 5.50 4.2 0.97 0.89

• IDEB_AI: Elementary schools educational development index in the initial
years (1 to 5 years)

• IDEB_AF: Elementary schools educational development index in the final
years (6 to 9 years) 

• TX_AI: Internal student performance indicator in the initial years (1 to 5 years) 
• TX_AF: Internal student performance indicator in the final years (6 to 9 years) P7
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Results (4) Additional  

Fonte: g1.globo.com
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Results (4)

Anchieta Road 

(1) (2)

“There are traffic jams over Anchieta road. Thus, the thieves take  advantage that 
the cars are stopped, and they break the car glasses to steal bags, wallets, and 
others.”

Jabaquara Ave 

Downtown São 
Paulo
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Results (4)

(1) (2)

Sapopemba 



Case Study in São Carlos 
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Data Set 
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Data Set 
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Data Set 
Data set from 2014 to 2019

Atributes:
• ANO: Year of occurrence.

• DATA_OCORRENCIA_BO: Date of occurrence.

• HORA_OCORRENCIA_BO: Hour of occurrence.

• FLAGRANTE: Flagrant

• CONDUTA: Type of crime (13 types)

• LATITUDE: lat

• LONGITUDE: lng

São Carlos
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Data Set: 

Crimes Infra
structure

• Passerby
• Commercial 

establishment
• Car Robbery

• Bus stops
• Bars

Crime 
Periods

• Dawn
• Morning
• Afternoon
• Night
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Results (1)  
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Results (2)  
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Results (2)  
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Results (3) - Regression 

Infrastructure Passerby R. Establishment R. Vehicle R.
BUS STOP - 0.6 1.01

BAR 1.35 0.4 2.04

Ordinary Least Squares
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MIRANTE – Data Modeling
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Conclusions:

There is a direct relationship between the number of infrastructure and the
number of crimes.

The criminality directly affects the students’ performance, especially teenagers.

Tensor decomposition can be applied with different data sources and different
contexts.

We figured out some interesting criminal patterns on avenues and roads.
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Future Directions:

We want to validate if, in fact, there is a relation between criminality and
student’s performance.

We are going to do a study about homicides surroundings in São Paulo.

We are going to implement some algorithms to find the best rank of the
decomposition Tucker.
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