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Macro-level variations (part i)

Re-rearrest vs. re-offense

Re-offense risk is considered in decision-making Consider simple assault. Overall arrest rate is 57% for White offenders and 43% for Black offenders. x (Potential) explanations of macro-level disparities:

at many stages of the criminal justice system. To - + < state-level diference — differential allocation of policing resources;

aid decision-makers in their assessments, 5 T | Tennessee: — differential cooperation of the community.

institutions increasingly rely on algorithmic risk §5 ‘ —s Memphis: * Researchers should call into question the

assessment instruments (RAls). g8 | ‘ 1 | ‘ s arrest rate = 26% assumption of well-specification underlying the

However, since not all crimes regult In arrests, 53 ‘ — % Black pop. = 89% regression model by examining whether and how it

RAIls do not directly assess the risk of re-offense. 85 0.0 e e e ‘ == _, Nashville: affects their conclusions.

Disparities in the risk of re-arrest can lead to : g \ | ‘ ‘ \ | __ arrest re;te _ 549, *x Given the observed variations in arrest rates and

biases in the risk scores. g > ‘ . 3 % Black pop. = 57% the presence of racial disparities in the data, arrest
§ evel diforances. L does not represent a good proxy for offending, even

[ u 9 - 2 . n "
Arrest for violent crimes as a proxy : MT ID CO A qN\ KY W VA SC DE SD ND IA M VT NH in case of violent offenses.

State code

Past work ha.s argued that arrests for violent Agencies with larger shares of Black offenders tend to be characterized by lower arrest rates. Implications for RAls
offenses, unlike other types of crimes, represent : :
(racially-)unbiased proxies of offending and thus Regression analysis Given the same risk of re-offense, the RAIls will

justified their use In the study of algorithmic - . e . . estimate the risk of re-offense to be lower for
fairness in RAls. The key argument: Black and We use Ioglstllclregressmn models to analyze racial disparities in the likelihood of arrest, co.n.trolllng for _s the types of defendants that are more prevalent
White offenders are arrested, on average, at the.characterlstlcs of the crime, e.g., state, year, presence of a weapon. The relevant coefficients 1 areas where arrest rates are lower. RAI will also
similar rates. However, this does not imply that estimates (and corresponding standard errors): not be calibrated across areas. Fix? Account for
the likelihood of arrest is equal for all incidents. Variable M““de“’“-“i Forcible "al:* Robbery o Agg"a"ate";isa“" Simple asst‘i these differences or train jurisdiction-specific tools.
Age Lol T O T e T > the defendants that commit crimes of rape anc

Our study: racial disparities in NIBRS data Offender white -0.20 (0.09)* ___0.04 (0.02). 0.24 (0.02)*** _ 0.03 (0.01)*** 0.04 (0.00)*** robbery will be judged, compared to those that
commit assaults. Fix? Train crime-specific RAIs,
e.g., as done for IPV.

Thus, according to our regression model, White offenders appear to be more likely to be arrested than
Black offenders for offenses of robbery and assaults, but not for forcible rape and murder.

e Past work has generally assumed that the model is well specified. But is it really?

We test whether the model is correctly specified using the focal slope model diagnostics tool proposed Debiasing cannot be based (only) on NIBRS data

by Buja et al. [2019]. The idea: Even if the distribution of the predictors varies, the estimate of the

In this work, we study racial disparities in the
likelihood of arrest for violent offenses.

Our study focuses on 2007—-2016 incident-level
data of violent offenses with lone victims and
offenders that were not cleared by exceptional

Can we “debias” RAls based on our findings? No.

. . coefficient of the offender’s race should not change.

means in 16 US states as recorded in NIBRS, a - cal slone N | J Why?

national crim | ion proaram. r —0Cal Silope IagnOStICS or Slmpeassaut T .

a?]'taj)ys?s ci:S Clsscéa'l;ts tcl?]()a.te(gft B,A?ecs)gi()a.andou Q Victim male Victim white Age of victim Offender male Age of offender Offender stranger _>t.effetCtdOf SpeCIfIC types Of blas CannOt be
3 50- estimate

Stolzenberg [2003]. Our dataset consists of more % .y _ IR L P Jloaen e gi s __ — NIBRS only contains data of offenses known to

than 3 million offenses comprising simple assault, @ 025 law enforcement

aggravated assaU|t! forcible rape, rObbery! and _g —0.505.60 025 050 075 1.000.00 025 050 075 100 20 40 60 000 025 050 075 100 20 30 40 50 60000 025 050 075 1.00 — model m|SSpeC|f|Cat|On threatens estimation

murder % o Minor injury Serious injury Multiple offenses % black offenders (ORI) # Officers per 1000 capita (ORI) Population served (ORI) _) |Ong|tud|na| eStImateS are needed, but they are
L oo : not available in NIBRS

- u © ol n || m ® e 8 8 88 & (B g &8 08 % 8 & _ m| (" g * = = ) . .. . .
Macro-level variations (part I) 5 0 ! : Fix? Leverage NIBRS together with other data

Sosod . . g g N S S sources, such as self-reported data of offending

Black Offenders are arrested at |Ower rates than 000 025 050 075 100000 025 050 075 100000 025 050 075 100000 025 050 075 10 20 30 400e+00 2e+05 4e+05 6e+05 :

Value of group's center behavior.

White offenders in case of assaults and robbery,
and at similar rates for murder and rape. For simple assault, the sign and size of the estimate of the (conditional) association between the References
offender’s race and arrest vary with the (reweighting of the) distribution of the predictors, indicating
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owever, arrest rates substantially vary across Buja, A., Brown, L., Kuchibhotla, A. K., Berk, R., George, E., Zhao, L., et al.

— offense types that the postulated model is no.t well specified. We find similar variations in the coefficient's estimates (2019). Models as approximations ii: A model-free theory of parametric re-
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These variations largely drive the observed @

disparities.
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