
Modelagem Preditiva

Filipe J. Zabala

Escola Politécnica
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Sobre modelagem preditiva

• Do Latim praedicere, anunciar antecipadamente

• Métodos para predizer novos valores de X
• X : variável de interesse
• θ: parâmetro associado a X

• As duas culturas de Leo Breiman (2001):
• interpretar θ vs predizer X

• Debabrata Basu (1982): Information is what information
does. It changes opinion (about θ).

• Bruno de Finetti (1974): Probability, like beauty, exists only in
the mind.

• George Box (1979): All models are wrong but some are useful.
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Inferência bayesiana

• Priori: opinião antes de observar os dados

π(θ)

• Verossimilhança: informação dos dados

L(X |θ)

• Posteriori: opinião depois de observar os dados

π(θ|X )
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Inferência bayesiana

• ‘A posteriori de hoje é a priori de amanhã’

• Independência condicional (em relação a θ)

• Operação bayesiana: calibrar a opinião à luz dos dados

π(θ|X ) =
π(θ)L(X |θ)∫

θ π(θ)L(X |θ)dθ
∝ π(θ)L(X |θ)

• Preditiva: distribuição de X

Pr(X = x) =

∫
θ
π(θ)L(X |θ)dθ

• A probabilidade de o próximo resultado da moeda ser ‘cara‘

Pr(Xn+1 = cara) =
r + 1

n + 2
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Inferência bayesiana

• Variáveis permutáveis: a ordem das observações é indiferente

Pr(X1 = x1, . . . ,XN = xN) = Pr(Xπ(1) = x1, . . . ,Xπ(N) = xN)

• Teorema da representação de de Finetti (1931)

Pr(X1 = x1, . . . ,XN = xN) =

∫
θ
θa(1− θ)bµ(dθ)

• Flexibiliza a suposição de independência

• Trata θ apenas como uma variável de integração
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Exemplo 1: Atribuição autoral

Scientific American (2013-08-20) - How a Computer Program Helped Show J.K. Rowling write A Cuckoo’s
Calling

https://www.scientificamerican.com/article/how-a-computer-program-helped-show-jk-rowling-write-a-cuckoos-calling/
https://www.scientificamerican.com/article/how-a-computer-program-helped-show-jk-rowling-write-a-cuckoos-calling/


Exemplo 1: Atribuição autoral

Körting (2014) - How kNN algorithm works

https://www.youtube.com/watch?v=UqYde-LULfs


Exemplo 2: Predição de séries temporais

https://github.com/filipezabala/jurimetrics

https://github.com/filipezabala/jurimetrics


Exemplo 3: Classificação de falantes

Herbst et al (2016) - Freddie Mercury – Acoustic analysis of speaking fundamental frequency vibrato and
subharmonics

https://www.tandfonline.com/doi/abs/10.3109/14015439.2016.1156737
https://www.tandfonline.com/doi/abs/10.3109/14015439.2016.1156737


Exemplo 4: Probabilidade de cenários eleitorais

• Zabala (2009): O empate técnico é uma falácia

• A metodologia dos institutos de pesquisa ignora que a soma
dos percentuais deve ser 100%

• Desempate técnico
• Polling Data

http://www.estatisticaclassica.com/jurimetria/dt.html
http://www.pollingdata.com.br/
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• Zabala (2009): O empate técnico é uma falácia
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• Polling Data

http://www.estatisticaclassica.com/jurimetria/dt.html
http://www.pollingdata.com.br/


Exemplo 4: Probabilidade de cenários eleitorais
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Exemplo 5: Gueule de bois

Artificial Lawyer (2019-06-04) - France Bans Judge Analytics, 5 Years In Prison For Rule Breakers

https://www.artificiallawyer.com/2019/06/04/france-bans-judge-analytics-5-years-in-prison-for-rule-breakers/


Para saber mais

• Aitchison & Dunsmore (1975) - Statistical Prediction Analysis

• Seymour Geisser (1993) - Predictive Inference - An
Introduction

• Breiman (2001) - Statistical Modeling: The Two Cultures

• Zabala (2009) - Desempate Técnico

• Clarke & Clarke (2018) - Predictive Statistics - Analysis and
Inference Beyond Models

• Hyndman & Athanasopoulos (2018) - Forecasting: Principles
and Practice

• Izbicki & Santos (2019) - Machine Learning sob a ótica da
Estat́ıstica

https://doi.org/10.1017/CBO9780511569647
https://doi.org/10.1201/9780203742310
https://doi.org/10.1201/9780203742310
https://projecteuclid.org/euclid.ss/1009213726
http://www.estatisticaclassica.com/jurimetria/zabala2009.pdf
https://doi.org/10.1017/9781139236003
https://doi.org/10.1017/9781139236003
https://otexts.com/fpp2/
https://otexts.com/fpp2/
http://www.rizbicki.ufscar.br/sml.pdf
http://www.rizbicki.ufscar.br/sml.pdf
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