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reduce individuals' future involvement with the criminal justice system. Days since last (disposition, Baseline Here we see an example where as community service hours increase, the
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improve outcomes for the individuals in the system to increase probation I individuals than white individuals in both the baseline model and the highest
completion rates and decrease recidivism. Though we provide a brief - 4 s precision at 10% on average over all splits boosted forest model.
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come 1n, and parametrized the entire process so that the optimal number of years of
training data can be tuned as part of the model selection process. In total, we have 10
Trlal DeS|g n years of total training data, and have 19 total splits with validation end dates from
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and continuously assess its practices and take the steps to better serve

KCMO-MC provided us with reports extracted from REJIS and generated through Our highest performing models were a collection of boosted forest, logistic their commumity. The discussions we had with the judges,

Crystal Reports, which we formatted using a bash script and loaded into a secure regression, and TabNet neural networks. Measured by highest average precision at prosecutors, and probations staif during our site visit to KCMO-MC

PostgreSQL database using SQL. After filtering out cases on violent charges (e.g., revealed much excitement about data-backed solutions, and we have

10% over all time splits, a sklearn boosted forest with 100 estimators and a learning

child abuse) and excluding cases before the beginning of 2012, our data contained been informed that some judges have already begun taking steps to

rate of 0.1 performed best. Models with high precision also tended to have high

information on 74961 SIS cases associated with 47104 distinct individuals.

AUC. The false omission rate which will also be measured over time, and among pivot away from more punitive probation terms after receiving our

Multiple probation conditions were associated with each case (e.g., do not obtain

Similrotonse Ut ho R Communityeerice) R O o plorator i analysis high performing models we choose the one that minimizes bias. We expect minimal findings about the court’s probation term completion rates.
showed that all assigned probation terms were completed only for 61% of SIS performance tradeoff for reduced bias in outcomes since there are many high Furthermore, efforts are in place to hire a data analyst to continue the
cases meeting the aforementioned criteria. performing models. work started this summer.
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