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Al in the news...

“As part of an effort to combat the US’s growing prison population, the
US attorney-general is required to develop an ‘evidence-based’ risk
assessment system by July 2019 to help decide how long inmates
remain incarcerated.”

FT, 27 April/28 April 2019



Let’s build a model to predict “Violent Crime”
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Machine Learning Repository

Center for Machine Learning and Intelligent Systems

Communities and Crime Unnormalized Data Set
Download: Data Folder, Data Set Description

Abstract: Communities in the US. Data combines socio-economic data from the '90 Census, law enforcement data from the 1990 Law Enforcement Management and Admin Stats survey, and crime
data from the 1995 FBI UCR \{\

Data Set Characteristics: Multivariate || Number of Instances:§|| 2215 rea: Social
Attribute Characteristics: Real Number of Attributes: (147 Date Donated 2011-03-02
Associated Tasks: Regression || Missing Values? Yes || Number of Web Hits: || 121688

Source:

-- Creator: Michael Redmond (redmond 'at' lasalle.edu); Computer Science; La Salle University; Philadelphia, PA, 19141, USA
-- culled from 1990 US Census, 1995 US FBI Uniform Crime Report, 1990 US Law Enforcement Management and Administrative Statistics Survey, available from ICPSR at U of Michigan.

-- Donor: Michael Redmond (redmond 'at' lasalle.edu); Computer Science; La Salle University; Philadelphia, PA, 19141, USA



Available predictors...

-- population: population for community: (numeric - expected to be integer)

-- racePctHisp: percentage of population that is of hispanic heritage (numeric - decimal)
- agePct12t21: percentage of population that is 12-21 in age (numeric - decimal)

-- agePct12t29: percentage of population that is 12-29 in age (numeric - decimal)

-- agePct16t24: percentage of population that is 16-24 in age (numeric - decimal)

-- agePct65up: percentage of population that is 65 and over in age (numeric - decimal)
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17 -- pctWSocSec: percentage of households with social security income in 1989 (numeric - decimal)
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-- PolicReqPerOffic: total requests for police per police officer (numeric - decimal)

-- PolicPerPop: police officers per 100K population (hnumeric - decimal)

-- RacialMatchCommPol: a measure of the racial match between the community and the police force.

-- PctPolicWhite: percent of police that are caucasian (numeric - decimal)

-- PctPolicBlack: percent of police that are african american (numeric - decimal)

-- PctPolicHisp: percent of police that are hispanic (humeric - decimal)

-- PctPolicAsian: percent of police that are asian (numeric - decimal)

-- PctPolicMinor: percent of police that are minority of any kind (numeric - decimal)

-- OfficAssgnDrugUnits: number of officers assigned to special drug units (numeric - expected to be integer)
-- NumKindsDrugsSeiz: number of different kinds of drugs seized (numeric - expected to be integer)

-- PolicAveOTWorked: police average overtime worked (numeric - decimal)

-- LandArea: land area in square miles (numeric - decimal)

-- PopDens: population density in persons per square mile (numeric - decimal)

-- PctUsePubTrans: percent of people using public transit for commuting (numeric - decimal)

-- PolicCars: number of police cars (numeric - expected to be integer)

-- PolicOperBudg: police operating budget (numeric - may be integer)

-- LemasPctPolicOnPatr: percent of sworn full time police officers on patrol (numeric - decimal)

-- LemasGangUnitDeploy: gang unit deployed (numeric - integer - but really nominal - 0 means NO, 10 means YES,
-- LemasPctOfficDrugUn: percent of officers assigned to drug units (numeric - decimal)

-- PolicBudgPerPop: police operating budget per population (numeric - decimal)



The Crime dataset

There are p=125 quantitative pieces of information available for n =

2215 communities to predict the number of violent crimes per
100,000.

Let

Y = number of violent crimes per 100,000 people
X=(1, X,,-.. X55)

True Relationship: Y = f(X)+¢€



Which methods are appropriate to try?

* Linear regression / There are p=125 quantitative pieces of
information available for n = 2215

communities to predict the number of
* kNN classification >< violent crimes per 100,000.

* Logistic regression X

* KNN regression

* QDA L/ Y = number of violent crimes per 100,000

: : eople
* Ridge regression P
g g - (1, Xl"" X125)



Training/selection/assessment

Unfortunately, there are a lot of “?” in the dataset...

When | remove communities with at least one piece of missing
information, there are only n=319 communities left.

I'll omit the assessment step and just train and select a model to
suggest to the Attorney-general.

I’ll use 3-fold cross-validation, means that models will be trained on
about 200 communities. So (n = 200) = (p=125)
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Mean Absolute Error (MAE)
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KNN Regression
3-fold cross-validated MAE: 398.7 at k=9
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The model is off, on average, by 399
violent crimes per 100,000 people.

3 fold CV MAE
500
|

450
|

400
|

| | | |
0 a0 100 150

k = no. neighbaors



Linear Regression
3-fold cross-validated MAE: 666.9
The model is off, on average, by 667 violent crimes per 100,000 people.
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What’s happening with Linear Regression?

Coefficients: (2 not defined because of singularities)
Eszstimate S5td. Error t wvalue Pr(>|t])
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Ridge Regression
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Best cross-validated MAE:
383.5 at A = 865.3445
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Coefficients of “Best” Ridge Regression Model
W K WC s vad (e
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LASSO
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oefficients of “Best” LASSO Model
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The “best” model out of kNN, Linear, Ridge and LASSO is...

LASSO, both in terms of performance (lowest MAE) and easy of
interpretability:

Predicted number of Violent Crimes = 2298
-865 * standardized percentage of population that is Caucasian
-87 * standardized percentage of households with investment / rent income in 1989
0.3 * standardized percentage of people 16 and over, in the labor force, and unemployed
-68 * standardized percentage of people 16 and over who are employed in manufacturing
+492 * standardized percentage of females who are divorced
-1570 ¥ standardized percentage of families (with kids) that are headed by two parents
standardized number of kids born to never married
+36 * standardized percent of persons in dense housing
+513 * standardized jpercent of people using public transit for commuting




What could we do to improve LASSO’s
performance?

Try
* Using communities with missing data
* Interactions or transformations of predictors

* Making minimal assumptions about the form of the relationship
between Y and X...tomorrow!



What could we really do to improve the model’s performance?




