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Background: Lack of Trust



Inputs, Interventions, Impacts

Racial Bias Police Power Civil Rights/ 
Law



Data Inputs: 

Chicago 

Problematic data inputs – theory.
Problematic data practices – reality. 

Source: Off. OF THE INSPECTOR GEN. CHICAGO POLICE, Advisory Concerning the Chicago Police Department’s 

Predictive Risk Models, (Jan. 2020). 



Inputs and Policing:

Chicago: Arrests & Victimization

Inputs predicting what?

• If arrests are inputs for risk, then police actions 
can shape “risk” independent of the individual’s 
actions.

• If victimization is an input for risk, then non-
criminal (environmental/social) factors shape 
“risk” independent of the individual’s actions.

• If predictive interventions are based on things 
other than individual culpability, a predictive 
risk scoring system for police is flawed in 
design. 

Source: Off. OF THE INSPECTOR GEN. CHICAGO POLICE, Advisory Concerning the Chicago Police Department’s Predictive Risk Models, (Jan. 2020). 



Interventions: When? What? Effective?

When to Do Something – 18 Months? What to do? What can police do? 

• What valid interpersonal predictions 
can be extrapolated out a year and 
half?

• What is a police officer to do?

Source: Off. OF THE INSPECTOR GEN. CHICAGO POLICE, Advisory Concerning the Chicago Police Department’s Predictive Risk Models, 

(Jan. 2020). 



Impacts: Suspicion & Use of Force

Risk scores can impact police interactions 
and suspicion on the streets.  

Even if the score is not based on anything, 
the perception of risk can distort policing. 



Impacts: Punishment & Policy

Punishment without convictions.

Predictive Policing programs in Chicago shut down.

Source: Off. OF THE INSPECTOR GEN. CHICAGO POLICE, Advisory Concerning the Chicago Police Department’s Predictive Risk Models, 

(Jan. 2020). 



Inputs: Los Angeles

(Los Angeles Strategic Extraction and Restoration)

“The basic premise is to target 
with laser-like precision the 
violent repeat offenders and gang 
members who commit crimes in the 
specific target areas. The program is 
analogous to laser surgery, where a 
trained medical doctor uses modern 
technology to remove tumors or 
improve eyesight.”



Data Inputs: L.A.

OFF. OF THE INSPECTOR GEN., L.A. POLICE COMM’N, REVIEW OF SELECTED LOS ANGELES POLICE DEPARTMENT DATA-DRIVEN POLICING 

STRATEGIES 3 (2019)



Inputs 

• Some people had no points, relying on informal referrals. 37 people listed as “Active,” as well as 75 
people listed as “Inactive,” were added to the database with a total of zero points.

• Points were random.  Assigned points per offender ranged from zero to 101. The majority of 
people in the database – about 59 percent – had 25 points or less.

• Arrest numbers were inconsistent. Nearly half of Chronic Offenders – 44 percent – of those with 
detailed point calculations were listed as having either zero or one such arrest. 

• While about half of Chronic Offenders were listed as having one or more reported arrests for gun-related 
crimes, about half were listed as having no such arrests. 

• Nearly 10 percent of the Chronic Offenders in the database did not have any “quality police 
contacts” recorded, and the majority had less than five such contacts. 

• Alternatively, several Chronic Offenders were listed as having been contacted by the police anywhere 
from 20 to 45 times. 

OFF. OF THE INSPECTOR GEN., L.A. POLICE COMM’N, REVIEW OF SELECTED LOS ANGELES POLICE DEPARTMENT DATA-DRIVEN POLICING 

STRATEGIES 3 (2019)



Interventions? Effective?

OFF. OF THE INSPECTOR GEN., L.A. POLICE COMM’N, REVIEW OF SELECTED LOS ANGELES POLICE DEPARTMENT DATA-

DRIVEN POLICING STRATEGIES 3 (2019)



Bad Data = End of Program

Prediction turned into deterrence which turned into surveillance. 

OFF. OF THE INSPECTOR GEN., L.A. POLICE COMM’N, REVIEW OF SELECTED LOS ANGELES POLICE DEPARTMENT DATA-DRIVEN POLICING 

STRATEGIES 3 (2019)



Impacts On Police-Citizen Relations

Bulletins encouraged unconstitutional stops:

• Language was in the materials suggesting that officers who see designated Chronic Offenders “may stop them, do a 
field interview, and let them go, if appropriate,” the document also states that “[i]n many situations, however, as 
with all stops, [the stops] should be constitutional and legal.”

Enacted without rules – No formal rules.  No Special Orders, Department Notices/Correspondence, or Manuals –
relating to Operation LASER

Operated without training protocols – Only informal trainings

Data Not Updated

• The database included people who were in custody,  
• Almost 30 percent of the people in the database had no updates listed, with an additional 18 percent having just one 

such entry. 
• In contrast, about eight percent of Chronic Offenders in the database had more than 10 update entries, with a small 

number of people (14) having between 20 and 34 such entries.

OFF. OF THE INSPECTOR GEN., L.A. POLICE COMM’N, REVIEW OF SELECTED LOS ANGELES POLICE DEPARTMENT DATA-DRIVEN POLICING 

STRATEGIES 3 (2019)



Impacts on Trust

OFF. OF THE INSPECTOR GEN., L.A. POLICE COMM’N, REVIEW OF SELECTED LOS ANGELES POLICE DEPARTMENT DATA-DRIVEN POLICING 

STRATEGIES 3 (2019)



Today’s Terry:  Fourth Amendment 

in a World of Threat Scores = Predictive Suspicion

Reasonable suspicion = low standard of suspicion.  Unbounded. Undefined. Open.

Predictive information about risk, past criminal activity, algorithmic scores, etc.  How 
does that impact suspicion?  Will Fourth Amendment rights change depending on 
algorithmic risk scores?  Can predictive risk be used to justify a stop?



Predictive Prosecution

Predictive policing of targets linked with prosecutorial 
powers.

Targeting priority offenders.

• Inputs – convictions.
• Interventions – pretrial detention, trial punishment.
• Impacts – new form of surveillance and strategy.



Future Reality: What’s Next? What if it is all data?

When everything is digital (paperwork, 
videos, evidence management, GPS, 
social media, geolocation, etc.,) how 
can there not be predictive analytics?



Recommendations
• Adoption: Person-based predictive policing should not be adopted until inputs, interventions, and impacts can be

evaluated as effective in reducing criminal activity. The cost to citizen-police trust is too high to pilot unproven

theories. As of 2024, there have been no validated or reliably tested person-based predictive policing strategies

shown to work in practice at scale.

• Inputs: Person-based predictive policing should not be based on police-generated inputs or non-criminal inputs.

Arrests, police contacts, and other police-initiated actions should not be used to elevate the risk score of an

individual. Victimization should not be the basis of heightened police intrusion. Inputs must be carefully chosen to

avoid reifying existing structural inequities around poverty, race, or over-policing certain communities that result in

higher involvement in the criminal justice system.

• Interventions: Person-based predictive policing interventions must be timely and actionable. Risk scores that

predict acts 18 months in the future provide no actionable information to officers on a daily basis. A risk score that

provides no actionable information adds no value. Interventions must be based on culpable actions. Risk scores

should not be used to justify additional police contacts (absent a predicate crime). Police departments may not be

the appropriate institution to reduce risk absent a criminal predicate (i.e., the problem with predictive policing may

be the policing part).

• Impacts: Person-based predictive policing should be subjected to data audits to ensure accurate use of data.

Person-based predictive policing should be subjected to racial justice audits to avoid racially biased use of risk

scores. Person-based predictive policing should not be the basis for any police stop and should not be a factor in the

Fourth Amendment reasonable suspicion analysis.
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