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Para que serve a policia?



> Manutencao da ordem politica

> Combate ao desvio criminal

> Promocao da seguranca publica

Cardter repressivo/dissuasorio; cardter proativo



> Policiamento comunitario
policiamento voltado & resolucao de problemas
(problem-solving policing)

> Policiamento inteligente (intelligence-led policing)
policiamento preditivo (predictive policing)



Policiamento preditivo (predictive policing)

“aplicacdo da modelagem por computadores a dados criminais passados para
predizer atividade criminal futura” (BACHNER, apud JOH, 2014, p. 42)

“The use of historical data to create a spatiotemporal forecast of areas of
criminality or crime hot spots that will be the basis for police resource allocation
decisions with the expectation that having officers at ’\ ‘

the proposed place and time will deter or detect
criminal activity”(RATCLIFFE, 2014, p. 4).

Minority Report (2002)



Policiamento preditivo (predictive policing)

“Policiamento preditivo é a fusao da ‘tecnologia da informacéo..., teoria

criminolégica, [e] algoritmos preditivos’. Em outras palavras, é o ‘uso de dados e
andlises para predizer o crime’” (SELBST, 2017, p. 114, traducado nossa, notas
omitidas).

Psycho-pass (2002)
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Fig. 1 Flow chart of predictive analysis

Source (adapted): Hardyns, W. & Rummens, A. Eur J Crim Policy Res (2018) 24: 201.



Source:
. | Christian Science Monitor/ Getty

> place-based

predictive mapping

> person-based

individual level
network analysis

risk scoring

> suspect-based

oroup level

suspect profiling




Table 1 Overview of the characteristics of the current applications of predictive policing

[PLA

Crime anticipation PreCobs PredPol Hunchlab
system
Crime types Property & violent crimes Only home Property & violent  Property & violent
burglary crimes crimes
Method Machine learning: Undisclosed Self-exciting point ~ Machine learning:
neural network model process models stochastic gradient
boosting machine
Variables N = ca.200: crime history, N =ca.10: cime N = 3: time, place N = ca.100-200: crime
socio-economic and variables and type of crime history, socio-economic
crime opportunity and crime-opportunity
variables variables
Grid 125x125m 250x250m 150x150m 100x100 to 250x250m
resolution
Temporal Two-week periods with daily 8 h shifts Per one hour to shifts
resolution categorisation of several hours
in 8-h shifts

Source: Hardyns, W. & Rummens, A. Eur J Crim Policy Res (2018) 24: 201.
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> cameras de reconhecimento
facial

> demalis ‘smart cameras’

> drones

> sensores de ambientes

> apps




Depende do foco da ferramenta
(teoria por tras dela)

Variaveis recorrentes:

> Banco de dados do Estado (Sistema
de Justica Criminal, Assisténcia Social)

> Crimes patrimoniais ou ligados ao trafico

> Anadlise de redes (sociais)

> Dados socioeconomicos e
demograficos




O que se
pretende?



Reducao de custos
Kficiéncia
Neutralidade
Accountability




Quais as dificuldades
(técnicas)?



Inconsisténcia (‘bad data’)
Viés / Discriminacao

Poder explicativo do modelo
(In)flexibilidade do modelo
Opacidade

Privacidade dos dados




> Como a tecnologia funciona?
(plataforma, dados, etc)

> Em que termos a tecnologia funciona?

> Quem opera?

> Quais os objetivos?

> Quais os percalcos? Quais as
adequacoes?

> Quais as consequéncias (antes/depois)?




Gangs Matrix (Londres)



Gangs Matrix (Londres)

> individual-based (risk score): pessoas com maior probabilidade de se envolverem
com violéncia perpetrada por gangues (red-amber-green).

>Acesso: MET, agéncias publicas e privadas de assisténcia social, escolas (probation
officer, YOT worker, school police officers, youth workers and specialist ‘mentors’
and workers, schools, job centres, and housing associations)

> Software préprio (black box)
> Historico dos dados: Trident Matrix

> Varidveis: passagem pelo SJC, registro de abordagem, andlise de redes sociais



>n = 3.800

WHO IS ON THE GANGS MATRIX?

Picture: Amnesty International



Algumas consequeéncias...

> aumento exponencial de abordagens (aumento da vigilancia)
> restricoes as liberdades individuais

> despejo

> (des)emprego

> educacao (evasao/expulsao)

> desconfianca com os servicos publicos



Chicago Strategic Subject List
“Heat List”



Chicago SSL (descontinuado em nov/2019)

> individual-based (risk score): lista gerada por algoritmo para identificar pessoas
com maior probabilidade de se envolverem em um incidente com arma de fogo.

> Criacao com Illinois Institute of Technology
> Software protegido (black-box)

> Sujeitos sdo submetidos a “intervencao policial proativa”: carta de notificacao,
acionamento de servicos de assisténcia, aumento de vigilancia, convite para reunioes

comunitarias

> Acesso: CPD, assisténcia social



> risk score: 0-500
> n =400.000
score > 429 = 1.400 pessoas

(dados referentes a 2016, disponivel em:
<https://www.nytimes.com/2017/06/13/upshot/what-a
n-algorithm-reveals-about-life-on-chicagos-high-risk-list.h

tml>)

> Variaveis:

Idade

Numero de vezes que sofreu
ferimento por arma de fogo
Numero de vezes em que foi
vitima de assalto ou
espancamento

Participacao em gangues

Prisao por ofensas graves, porte
de drogas ou armas

Aumento na frequéncia de

prisoes em flagrante




THE UPSHOT  Inside the Algorithm That Tries to Predict Gun Violence in Chicago

Biggest Risk Factors, and the Rewards of Age

The estimated impact of each characteristic on the final risk scores. The risk score declined by
41 points for every older 10-year age range (20 to 30, then 30 to 40, for example).

+34

No. of assault or battery incidents (as victim)
No. of shooting incidents (as victim)

No. of arrests for violent offenses

Trend in criminal activity

No. of unlawful use of weapon arrests

No. of narcotics arrests

Gang affiliation

Age (per decade) -41

Source: Chicago Police Department. Because the department didn’t release all the information that
the algorithm uses, our estimates of the significance of each characteristic are approximate.

Disponivel em: https://www.nytimes.com/2017/06/13/upshot/what-an-algorithm-reveals-about-life-on-chicagos-high-risk-list.html



SSL Score Factors

% People Assigned SSL Scores with Factor

“Party to Violence”

Shooting Victim
Battery/Assault Victim

Gang Affiliation

Violent Arrest (past 4 years)
Weapons Arrest (past 4 years)

Narcotics Arrest (past 4 years) 22.]

SOURCE: CPD SSL Data

ILLUSTRATIONS: PATRICK SIER

Disponivel em: https://www.chicagomag.com/city-life/ August-2017/Chicago-Police-Strategic-Subject-List/
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Chicago Population 20-29 by Race, SSL Status

# Residents 20-29 with SSL Scores  # Residents 20-29 without SSL Scores

Black Men — 60,112
Hispanic Men — 69,197
Black Women — 68,742
White Men — 87,482
Hispanic Women — 64,413
White Women — 92,974

SOURCE: CPD ISR data, ACS 2015 1 year estimates

Disponivel em: https://www.chicagomag.com/city-life/ August-2017/Chicago-Police-Strategic-Subject-List/



Detecta & Compstat (SP)



SP+-Segura (Compstat)

> Iniciativa da SSP > Iniciativa da SMSU

> Domain Awareness System (DAS / > Plataforma: Compstat

NYPD & Microsoft): image analytics &

heatmaps > Doacao: inflexibilidade da

plataforma

> Compra & integracdo com malha
privada




> Propdsitos: monitoramento e
identificacao de situacoes suspeitas

> capacidades reduzidas, falta de
integracao, falta de recursos
(ndo preditivo)

Parceria publico-privada

Empresas

Aparato de seguranca Cidadaos e

do Estado associacoes Civis privadas

Policia Militar Associacoes de

Policia Civil bairro
Iniciativa individual

Genetec
Microsoft

Guarda Municipal Outras...

SP+-Segura (Compstat)

> Propdsitos: alocacao de efetivo,
diagndstico

> Nao utiliza funcionalidades
preditivas

> Dados:

- App SP+-Segura

- Boletim de Ocorréncia

- Relatério de Atendimento e
Servico



CrimeRadar (RJ)



CrimeRadar (RJ)

> place-based: delimitacao de zonas de maior ou menor risco no RJ (risk score: 0-9)
> Software: Instituto Igarapé ++ Via Science (black box)

> Dados: 15 milhoes de ocorréncias — de 1097 crimes, aproveitou-se 252 (crimes
violentos, roubos e crimes sem vitima)

> Técnica de aprendizado de mdquina: self-exciting point (causal inference engine)

> Primeiros resultados: “crime forecasts in Rio were not highlighting poor
neighbourhoods, where crime is said to cluster, but the opposite. In the initial map
iterations, most favelas were painted in light green colours, while affluent
neighbourhoods were pictured as crime-ridden areas.” (EDLER, 2019, p. 18)
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Figure 5. Complexo do Alemdo, Maré (both in grey), and their surroundings

Fonte: Edler, D. The making of crime predictions: Sociotechnical assemblages and the controversies of governing future crime. 2019.



> Que tipo de funcoes da policia essas ferramentas
privilegiam?

> Neutralidade & autoridade algoritmica

> Viés e consequéncias sociais

> Implementacao



> ‘Defund the police!” & as manifestacoes antirracistas nos
EUA

> Substituir policiais por tecnologias de vigilancia?

& [Intrevista com Ruha Benjamin (em inglés)

> Artigo de opiniao do pesquisador A. Ferguson (em inglés)


https://www.wnyc.org/story/defunding-police-could-lead-more-surveillance/
https://www.washingtonpost.com/opinions/local-opinions/its-time-for-dc-to-regulate-police-surveillance-technology/2020/06/25/9e94feb6-b57a-11ea-aca5-ebb63d27e1ff_story.html
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