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INTRODUCTION 
The MacArthur Foundation launched the Safety and Justice Challenge (SJC) in 2015 to 
reduce the over-reliance on jails across communities. This national initiative provides 
funding and technical assistance to local sites to help them develop and implement 
strategies to safely reduce jail populations, address racial and ethnic disparities, and 
improve community safety. Currently, many SJC sites report evidence of racial and ethnic 
disparities at different decision points in their case processing. However, SJC sites have less 
information about how disparities at one individual decision point can impact disparities at 
other subsequent decision points. That is, SJC sites understand the disparate outcomes at 
individual points, but may require more understanding into how disparities at one point 
affect the next and what drives these compounding, cumulative effects.  
 
Racial disparities are widespread within the American criminal legal system, with racially 
and ethnically minoritized individuals overrepresented at multiple intercepts of the criminal 
legal system (Nembhard & Robin, 2021). Racial disparities are pervasive in arrest. One 
study of federal pretrial found that Black defendants were 34% more likely to receive a 
recommendation of pretrial detention than white defendants (Skeem et al., 2023). Previous 
SJC research has found racial and ethnic disparities in several diversion programs across 
SJC sites (Kutateladze et al., 2021). Although only 42% of Americans identify as a race or 
ethnicity other than white, racially or ethnically minoritized individuals comprise 64% of the 
prison population (Sawyer & Wagner, 2024). Black individuals are particularly 
overrepresented in the criminal legal system: they constitute only 14% of U.S. population 
(U.S. Census Bureau, 2023), but are incarcerated in state prisons at nearly five times the 
rate of white individuals (Nellis, 2021). In all, Black individuals constitute 35% of U.S. jail and 
prison populations (Sawyer & Wagner, 2024) and with longer average jail stays (Pew 
Charitable Trusts, 2023). Latine individuals are also overrepresented; however, the true 
scale of their overrepresentation is unknown because of measurement issues and limited 
data on ethnicity (Eppler-Epstein et al., 2016). Overall, disparities for racially and ethnically 
minoritized groups are driven by structural racism and systemic inequities (Alexander, 
2010).  
 
This report focuses on racial and ethnic disparities in Pima County, Arizona. This report is 
part of a larger analysis of three SJC sites, including San Francisco, CA and Pima County, AZ 
[linked here]. First, we provide an overview of contextual information for Pima and 
information about how an individual is processed through their criminal legal system. 
Second, we describe the research design and data sources used in Pima, including a 
detailed discussion on data quality limitations that shaped our analytical approach. The 
results are presented for Pima across arrest, pretrial detention, conviction and 
incarceration. We conclude with policy, research, and practice recommendations. 
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SITE CONTEXT FOR PIMA 
Pima County in 2015 was selected as one of the twenty sites to participate in the Safety and 
Justice Challenge network aimed at finding ways to reduce its jail population. Pima was 
selected largely due to the disparities seen within incarceration early on in 2014 data. 
Specifically, 9.6% of the pretrial population was of Black individuals, compared with 3.3% of 
the county’s total population (Safety and Justice Challenge, 2025). In addition, 40.7% of 
Hispanic people were held pretrial, compared with 35% of the county’s total population 
(Safety and Justice Challenge, 2025). 
 
Since joining SJC, the racial and ethnic disparities have declined over time in Pima County. 
However, Black, Native American, and Latinx individuals are still overrepresented in the 
criminal legal system compared with their proportion in the general population. Pima 
County has implemented several changes to policy and practice. Several strategies have 
been implemented in the criminal justice system, such as pre-arrest deflection, expansion 
of pretrial services, improved probation practices, jail population reviews, diversion 
programs, and more deliberate community engagement (Safety and Justice Challenge, 
2025). 
 
During the COVID-19 pandemic, Pima County implemented several changes to supervision 
practices aimed at identifying cases that were eligible for early release. For instance, many 
criminal justice actors moved to interviews and virtual conferences with their clients, 
including probation and jail populations. The probation population decreased by 7% from 
March to August 2020, and the average daily population in jail decreased by 25% from 
March to December 2020 (Casanova, 2020). 
 
Following the COVID-19 pandemic, Pima re-established its Racial Equity Community Action 
Team (RECAT) in February 2021 to reconvene community leaders to identify gaps, and lead 
policy recommendations on how to support long-term strategies to reduce racial and 
ethnic disparities in the criminal legal system. As Pima County continues to implement 
strategies to safely reduce jail populations, more work remains to eliminate racial and 
ethnic disparities.  
 

OVERVIEW OF KEY DECISION POINTS IN THE CRIMINAL 
LEGAL SYSTEM  
This section examines how Pima County, Arizona approaches five major decision points in 
the criminal legal system: arrest, pretrial decision, diversion decision, case disposition, and 
sentencing. Pima County joined the Safety and Justice Challenge in 2015 and focused its 
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efforts on developing targeted programs to address racial and ethnic disparities, 
particularly in probation and reentry. Pima County, Arizona has a population of 1,080,149, 
with 50.6% identifying as white (non-Latine), 37.0% as Latine, 4.7% as Black, 3.9% as Asian, 
and 8.1% as another race (Census, 2023). 

DECISION POINTS IN PIMA 
Across the three sites, the analysis aimed to focus on five major decision points in the 
criminal legal process: 1) custodial arrest (versus citation) by law enforcement, 2) pretrial 
detention, 3) diversion (excluded from Pima County analysis), 4) case disposition, and 5) 
sentencing. This section describes what those decision points are and how Pima handles 
the cases at each decision point.  

Figure 1: Decision Points Across Case Processing Pathway 

 

The first key decision point is arrest, which encompasses decisions regarding whether a 
custodial arrest or citation is issued, the severity of the alleged offense, and the specific 
type of charge imposed. In many cases, law enforcement officers have the option of citing 
an individual with a requirement to appear at court on a particular day, versus taking them 
into custody and booking them into jail immediately. Custodial bookings are considered the 
more punitive outcome in this analysis, as opposed to citations. 
 
The second decision point is the pretrial decision. At this initial appearance, the court 
makes preliminary determinations regarding pretrial release, including whether an 
individual will be detained, assigned a cash bail and its amount, or released on their own 



   
 

  6 
 

recognizance with or without conditions such as pretrial monitoring or supervision. In this 
analysis, we operationalize pretrial detention within the context of monetary bail and 
length of jail stay pretrial. A longer length of pretrial detention or higher associated bail 
amount are considered the more punitive outcome in this analysis, as opposed to citations. 
Pretrial detention has major implications for the case overall, with individuals who are 
detained pretrial more likely to accept a plea deal than those who are released pretrial 
(Dobbie et al., 2018). Once an individual is arrested and booked into jail, they must appear 
before a judge for an initial appearance. Each of the three sites maintains its own rules and 
statutory guidelines about who can secure release from jail prior to subsequent hearings 
and under what conditions (Safety and Justice Challenge, 2022).  
 
The third decision point is the diversion decision: whether an individual is approved into an 
alternative program that removes them from traditional case processing for a diversion 
program. Diversion programs provide services under court supervision while cases are still 
pending, either pre- or post-charge. Drug courts and mental health courts are frequent 
examples of diversion programs, in which someone enters a program where they receive 
specialized treatment services and compliance with treatment and court supervision leads 
to a case being dismissed. Diversion programs typically target people with low-level 
offenses and/or specific populations who may need targeted, specialized support (e.g., 
individuals with mental health or substance use conditions, victims of domestic violence, 
veterans).  
 
Pima County has a range of diversion programs that address various misdemeanor and 
felony offenses. Pima County has several different programs for individuals who live with 
substance use disorder, such as STEPs, which provides pre-indictment treatment for 
substance use disorder (Pima County Attorney's Office, 2025). While diversion programs 
provide valuable opportunities to avoid the traditional criminal legal system, court 
stakeholders typically determine who is eligible or a good fit for diversion, which increases 
the likelihood of racial disparities. Diversion data were not available, and therefore the 
analysis focuses on the other decision points. 
 
The fourth decision point is case disposition: the outcome of the case determining whether 
the charges result in conviction. This pivotal decision point precedes sentencing and 
represents a culmination of earlier decisions in the case processing pathway: cases cannot 
reach disposition without arrest, pretrial processing, and charging. The disposition, 
therefore, is a particularly important decision point for analyzing compounding racial 
disparities Convictions carry severe consequences beyond sentencing—a conviction on 
one’s record significantly impacts eligibility for public benefits, access to housing, and 
employment opportunities, among other barriers. Additionally, the number of charges 
someone resulting in conviction directly affects sentencing and future opportunities 
reflecting earlier charging decisions. Across the United States, including these three 
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jurisdictions, the vast majority of cases are resolved through plea agreements, through 
which individuals exchange a guilty plea to one or more charges for a more lenient 
sentence or dropped charges (e.g., Johnson, 2023; Subramanian et al., 2020). Some 
jurisdictions distinguish between municipal court and district court, with municipal court 
handling lower-level offenses and district court overseeing more severe misdemeanors and 
felonies. We include analyses of both courts, when possible, to distinguish potential racial 
disparities in low-level offenses that may be attributed more towards “crimes of poverty” in 
comparison to more serious offenses. Some jurisdictions distinguish between municipal 
courts handling lower-level offenses and district courts overseeing serious misdemeanors 
and felonies. We include analyses of both courts, where possible, to distinguish potential 
racial disparities in low-level offenses that may be attributed more towards “crimes of 
poverty” in comparison to more serious offenses. 
 
Finally, sentencing outcomes address the type of sentence handed down: 
custodial/incarcerative or community-based. Incarceration is far more restrictive than 
community supervision, making it the more severe outcome of the sentencing decision 
point. While community supervision imposes conditions such as drug testing, housing and 
treatment, individuals retain considerably more freedom than individuals who are 
incarcerated.  Disproportionate incarceration sentences for historically minoritized 
individuals signal racial disparities in the case processing pathway, particularly since 
disparities at earlier decision points can compound to produce harsher sentences. 
 

In the Pima County analysis, we focus on the arrest, pretrial detention, conviction and 
incarceration. We were unable to analyze the diversion decision point due to data 
limitations (see Appendix A).



   
 

   
 

PIMA COUNTY, ARIZONA 
Sample  
The data for Pima County was derived from three data sources (i.e., Sheriff’s Office, Pima 
County Jail, and Superior Court) reflecting different decision points in the criminal legal 
system.  

Pima County Sheriff’s Office. The data from the sheriff’s office (arrest data) consisted of 
482,337 bookings in Pima County. We restricted our sample to cases with complete 
demographic information, excluding 7,500 cases (1.6%) with missing race/ethnicity, age, or 
sex data, resulting in a final sample of 474,837 arrests of individuals. The data captured 
both custodial arrests and citation releases. Individuals could appear in the dataset 
multiple times if they had multiple distinct bookings. 

The sample demographics consisted of a mean age of 33 years (SD = 12) and a majority 
male sample at 76%. The racial/ethnic breakdown was 43% Latine (n = 202,659), 41% white 
(n = 195,247), 9.5% Black (n = 45,030), 5.9% American Indian/Alaska Native (n = 27,989), and 
0.8% Asian/Pacific Islander (n = 3,912). These demographics show disparities from the 
overall demographics of Pima County, with Latine and Black individuals being 
overrepresented in this dataset (43% to 37% for Latine individuals, and 10% to 5% for Black 
individuals), while white individuals are underrepresented compared to their 
representation in the overall population (41% to 51%). Individuals faced an average of 4.5 
charges per arrest (SD = 6.8), with 32% facing felony charges. Among all arrests, 89% (n = 
422,347) resulted in custodial arrest rather than citation release. 

Pima County Jail. Next, we used data from the Pima County Jail that included information on 
pretrial detention. The pretrial detention sample consisted of 213,675 adults booked into 
Pima County Jail. A total sample of 157,910 individuals was included in the analysis after we 
excluded 55,765 cases (26%) with missing demographic data. The sample (N = 157,910) had 
a mean age of 35 years (SD = 12) and was predominantly male (75%). The racial/ethnic 
breakdown was 45% Latine (n = 70,585), 44% white (n = 68,973), and 12% Black (n = 18,352). 
A limitation of this data was that that AIAN and API individuals were not separately 
identified in this dataset. All cases in the jail sample involved misdemeanor charges, with 
an average of 2.6 charges per booking (SD = 1.9). Among those booked, 56% (n = 87,403) 
were detained pretrial, while 44% were released. An additional 1,418 cases had unknown 
detention status. 

Superior Court. The final dataset was derived from the Superior Court and provided the 
conviction and sentencing data. A total of 51,729 cases with dispositions in Pima County 
Superior Court were available in the data, however, 24,062 cases (47%) had missing 
race/ethnicity, age, or sex data, resulting in a final sample of 27,667 cases of individuals. 
Individuals could appear in the dataset multiple times if they had multiple distinct, separate 
cases. It is important to note that the Superior Court handles felony cases, so this sample 
represents more serious charges than the jail sample. 
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The court sample (N = 27,667) had a mean age of 34 years (SD = 11) and was 
predominantly male (81%). The racial/ethnic breakdown was: 46% Latine (n = 12,755), 42% 
white (n = 11,676), and 12% Black (n = 3,236). AIAN and API individuals were not separately 
identified in this dataset. Individuals faced an average of 3.8 charges per case (SD = 4.2). 
Among all cases, 89% (n = 24,543) resulted in conviction. Among those convicted, 57% (n = 
15,755) received incarceration sentences. As in other points of this analysis, individual 
people could appear in the dataset multiple times if they had multiple distinct, separate 
cases. 

Again, due to the absence of common identifiers across the three datasets, we were unable 
to track individuals throughout the criminal legal system. Therefore, this analysis examines 
system-level patterns at each decision point rather than tracking individual pathways 
through the entire criminal legal system. The jail dataset was limited to pretrial bookings 
for misdemeanor charges and did not include individuals booked on felony charges, 
creating a disconnect between the arrest data (which includes both felonies and 
misdemeanors) and the court data (which includes only felonies). Additionally, the jail and 
court datasets did not separately identify AIAN and API individuals, limiting racial disparity 
analysis for these groups to the arrest point only.  

MEASURES 
Independent Variable  
Race and ethnicity were coded differently across the three datasets. In the arrest sample, 
race/ethnicity was coded from law enforcement records into categories: non-Latine white 
(reference category), non-Latine Black, Latine, Asian/Pacific Islander (API), and American 
Indian/Alaska Native (AIAN). In the jail sample, race/ethnicity combined some categories 
and used abbreviated codes: white (W), Black (B), and Latine (H or LU). In the court sample, 
race/ethnicity used full descriptive terms: white, Black, and Hispanic. Cases with unknown 
race/ethnicity were excluded from analysis. The inconsistency in racial/ethnic 
categorization across datasets limited cross-dataset comparisons for AIAN and API 
individuals. 

Outcomes by Decision Point 
Custodial Arrest: Whether the individual was taken into custody versus cited and released 
following arrest. Among the 474,837 cases in the arrest sample, 89% (n = 422,347) involved 
custodial arrest. 

Pretrial Detention: Whether the individual was detained in jail following booking 
(operationalized as length of stay > 0 days). Among the 157,910 cases with known 
detention status in the jail sample, 56% (n = 87,403) were detained pretrial. 

Case Disposition: Whether the case resulted in conviction. Of the 27,667 cases in the court 
sample, 89% (n = 24,543) resulted in conviction. 
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Sentencing: Whether convicted individuals received incarceration versus other sentence 
types. Among the 24,543 convicted individuals in the court sample, 64% (n = 15,755) 
received incarceration sentences. 

ANALYSES 
We used R version 4.4.2, and the following packages: tidyverse for data manipulation, 
broom for model summaries, and scales for formatting. All models used robust standard 
errors to account for heteroskedasticity. Due to the absence of common identifiers across 
datasets, we conducted separate analyses for each decision point rather than pathway 
analysis. 

For the logistic regression models, White individuals served as the reference group. We 
estimated four separate binary logistic regression models: 

logit(P(Y = 1)) = β₀ + β₁Race + β₂Gender + β₃Age + β₄ChargeSeverity + β₅NumCharges + 
β₆COVID 

where Y represents the outcome at each decision point: 

• Model 1: Custodial Arrest (vs. citation release) 

• Model 2: Pretrial Detention (vs. pretrial release) 

• Model 3: Conviction (vs. non-conviction) 

• Model 4: Incarceration (vs. non-incarceration among convicted) 

Sample sizes for each model were: custodial arrest (n = 474,837), pretrial detention (n = 
157,910), conviction (n = 27,667), and incarceration among convicted (n = 24,543). Predicted 
probabilities were calculated for each racial/ethnic group at mean values of all covariates 
using marginal standardization. This approach provides the expected probability of each 
outcome if all individuals had the average characteristics of the sample except for 
race/ethnicity. For each model, we calculated: 

P(Y = 1|Race = r, X̄) = Σᵢ expit(β̂₀ + β̂₁·Iᵢ + β̂₂·X̄) 

where expit is the inverse logit function, Iᵢ is an indicator for race/ethnicity group r, and X̄ 
represents mean values of all control variables. 

Average marginal effects (AMEs) were calculated to estimate the percentage point 
difference in outcome probability for each racial/ethnic group compared to white 
individuals: 

AME = P̂(Y = 1|Race = r) - P̂(Y = 1|Race = White) 

where P̂ represents predicted probabilities. AMEs provide an intuitive interpretation of 
racial disparities: a positive AME indicates higher probability of the outcome for that 



   
 

  11 
 

racial/ethnic group compared to white individuals, while a negative AME indicates lower 
probability. 

PIMA COUNTY FINDINGS 
LOGISTIC REGRESSION MODEL- PIMA 
Each decision point models the likelihood of a specific outcome (e.g., being arrested at law 
enforcement decision, detained pretrial at pretrial decision, convicted at case disposition, 
or sentenced to incarceration at sentencing decision). Results are shown as odds ratios 
(OR) of the outcome occurring at that decision point, which indicate how each variable 
affects the odds of the outcome while holding all other variables constant. 

Table 1 displays the results from the logistic regression analyses examining four key 
decision points available in Pima: arrest, pretrial detention, conviction, and sentencing.1 
The models control the following variables: legal factors (charge severity, number of 
charges) and demographic characteristics (gender, age) as well as temporal effects related 
to the COVID-19 pandemic. 

The first decision point outcome, arrest, showed substantial racial and ethnic disparities. 
Black individuals had 84% higher odds of custodial arrest compared to white individuals 
(OR = 1.84, p < .001), controlling for legal and demographic factors. Similarly, American 
Indian/Alaska Native (AIAN) individuals had 83% higher odds of arrest (OR = 1.83, p < .001), 
while Latine individuals had 16% higher odds (OR = 1.16, p < .001). This large difference 
shows a dramatic disparity by race from the beginning of the criminal legal system process, 
which we expect would compound over the different points. Asian/Pacific Islander (API) 
individuals did not differ significantly from white individuals in arrest likelihood (OR = 0.94, 
p = .213). Legal factors showed strong associations with arrest decisions. Felony charges 
were associated with substantially higher odds of custodial arrest compared to 
misdemeanor charges (OR = 6.14, p < .001), while each additional charge increased arrest 
odds by 52% (OR = 1.52, p < .001). The COVID-19 period was associated with 39% lower 
odds of custodial arrest (OR = 0.61, p < .001), likely reflecting policy changes to reduce jail 
populations during the pandemic. 

For pretrial detention, Black individuals had 16% higher odds of being detained compared 
to white individuals (OR = 1.16, p < .001), while AIAN individuals had 27% higher odds (OR = 
1.27, p < .001). Latine individuals showed no significant difference from white individuals 
(OR = 1.00, p = .731), and API individuals showed marginally lower odds of detention (OR = 
0.90, p = .053). There were notable gender differences, with males having 23% higher odds 
of pretrial detention compared to females (OR = 1.23, p < .001). Legal factors were strongly 
associated with pretrial detention. Felony charges nearly doubled the odds of detention 
compared to misdemeanors (OR = 1.93, p < .001), and each additional charge increased 
detention odds by 29% (OR = 1.29, p < .001). Unexpectedly, the COVID-19 period was 

 
1 Diversion data were not available for Pima County. 
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associated with slightly increased odds of detention (OR = 1.09, p < .001), despite efforts to 
reduce jail populations. 

The conviction phase showed mixed patterns across racial and ethnic groups. Black 
individuals had 15% lower odds of conviction compared to white defendants (OR = 0.85, p = 
.008). It is possible, from the sizable disparity at arrest, that white individuals are having 
higher conviction rates than Black individuals because the white individuals who are being 
processed by the criminal legal system are disproportionately those with more serious 
offenses. API defendants also had substantially lower odds (OR = 0.55, p < .001). In 
contrast, AIAN defendants had 28% higher odds of conviction (OR = 1.28, p = .032). Latine 
defendants showed no significant difference from white defendants (OR = 1.04, p = .357). 
Gender differences were significant, with male defendants having 20% higher odds of 
conviction than female defendants (OR = 1.20, p < .001). Legal factors showed important 
associations: each additional charge increased conviction odds by 10% (OR = 1.10, p < .001), 
though charge severity (felony vs. misdemeanor) was not significantly associated with 
conviction (OR = 0.93, p = .752). The COVID-19 period was associated with 24% higher odds 
of conviction (OR = 1.24, p < .001), possibly reflecting changes in case processing or plea-
bargaining dynamics. 

Finally, the sentencing phase revealed the most substantial disparities for AIAN individuals, 
who had 64% higher odds of receiving an incarceration sentence compared to white 
individuals (OR = 1.64, p < .001). API individuals had 30% lower odds of incarceration (OR = 
0.70, p = .027), while Black and Latine individuals did not differ significantly from white 
individuals (OR = 1.06, p = .207 and OR = 1.04, p = .210, respectively). Gender disparities 
were pronounced at this point, with males having 96% higher odds of incarceration than 
females (OR = 1.96, p < .001). Felony charges were associated with substantially higher 
odds of incarceration compared to misdemeanors (OR = 4.28, p < .001), and each 
additional charge increased incarceration odds by 5% (OR = 1.05, p < .001). The COVID-19 
period was associated with 49% lower odds of incarceration (OR = 0.51, p < .001), 
consistent with efforts to reduce prison populations during the pandemic. 

Table 2 breaks these findings into predicted probabilities. The probability of custodial 
arrest was uniformly high across all groups (97.2-98.5%), with only small differences 
between groups. Pretrial detention probabilities ranged from 59.1% (Asian/Pacific Islander) 
to 67.0% (American Indian/Alaska Native), a 7.9 percentage point spread. Conviction 
probabilities also varied considerably, ranging from 81.1% (API) to 90.9% (AIAN). Among 
those convicted, incarceration probabilities ranged from 59.9% (API) to 77.7% (AIAN), 
indicating substantial variation in sentencing outcomes. 

Table 3 presents Average Marginal Effects (AMEs) breaking down the percentage point 
change in outcomes attributable to race. AIAN individuals experienced consistent 
disadvantages across all decision points: a 4.46 percentage point increase in arrest 
probability (p < .001), a 5.32 percentage point increase in detention probability (p < .001), a 
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2.22 percentage point increase in conviction probability (p = .019), and a 10.13 percentage 
point increase in incarceration probability (p < .001). Black individuals showed elevated 
probabilities at the arrest point (4.53 percentage points, p < .001) and detention point (3.33 
percentage points, p < .001) but had slightly lower conviction probabilities (-1.68 
percentage points, p = .011). API individuals showed lower probabilities at conviction (-7.46 
percentage points, p = .006) and incarceration (-8.10 percentage points, p = .032). Latine 
individuals showed minimal differences from white individuals across most decision points. 



   
 

   
 

Table 1. Logistic Regression Results Across Criminal Legal System Decision Points in Pima County 
 

Predictor 
OR 

(Arrest) 
p 

(Arrest) 
OR 

(Detention) 
p 

(Detention) 
OR 

(Conviction) 
p 

(Conviction) 
OR 

(Incarceration) 

p 
(Incarceration

) 

Intercept 0.43 < .001*** 0.30 < .001*** 7.18 < .001*** 0.22 < .001*** 

Black (vs. White) 1.81 < .001*** 1.16 < .001*** 0.85 0.008** 1.06 0.207 

Latine (vs. White) 1.14 < .001*** 1.00 0.731 1.04 0.357 1.04 0.210 

AIAN (vs. White) 1.84 < .001*** 1.27 < .001*** 1.28 0.032* 1.64 < .001*** 

API (vs. White) 0.94 0.231 0.90 0.053† 0.55 < .001*** 0.70 0.027* 

Age 1.04 < .001*** 1.01 < .001*** 0.99 < .001*** 1.00 0.506 

Male (vs. Female) 1.24 < .001*** 1.23 < .001*** 1.20 < .001*** 1.96 < .001*** 

Number of Charges 1.52 < .001*** 1.29 < .001*** 1.10 < .001*** 1.05 < .001*** 

Charge Severity 
(Felony) 

6.09 < .001*** 1.93 < .001*** 0.93 0.752 4.28 < .001*** 

COVID Period 0.61 < .001*** 1.09 < .001*** 1.24 < .001*** 0.51 < .001*** 

*** p<.001; ** p<.01; * p<.05; †< p<.10 
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Table 2. Predicted Probabilities Across Criminal Legal System Decision Points by Race/Ethnicity in Pima County 
 

Race 
Prob % 
(Arrest) 

Diff 
(Arrest) 

Prob % 
(Detention) 

Diff 
(Detention) 

Prob % 
(Conviction) 

Diff 
(Conviction) 

Prob % 
(Incarceration) 

Diff 
(Incarceration) 

White 97.33  0.00 61.57  0.00 88.71  0.00 68.02  0.00 

Black 98.53  1.20 64.99  3.42 86.99 -1.72 69.26  1.24 

Latine 97.69  0.36 61.66  0.09 89.09  0.38 68.82  0.79 

API 97.17 -0.16 59.12 -2.45 81.11 -7.60 59.91 -8.11 

AIAN 98.53  1.19 67.01  5.44 90.94  2.22 77.71  9.69 

Note. Predicted probabilities are calculated for a typical case: male, median age, median number of charges, felony charge, pre-COVID period. 
Incarceration probabilities are for convicted cases only. Diff = Difference from White (percentage points). 
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Table 3. Average Marginal Effects Across Criminal Legal System Decision Points in Pima County 

Variable 
AME 

(Arrest) 
p 

(Arrest) 
AME 

(Detention) 
p 

(Detention) 
AME 

(Conviction) 
p 

(Conviction) 
AME 

(Incarceration) 

p 
(Incarceration

) 

AIAN (vs. 
White) 

 4.46 < .001***  5.32 < .001***  2.22 0.019* 10.13 < .001*** 

API (vs. White) -0.53 0.221 -2.34 0.054† -7.46 0.006** -8.10 0.032* 

Black (vs. 
White) 

 4.53 < .001***  3.33 < .001*** -1.68 0.011*  1.26 0.204 

Latine (vs. 
White) 

 1.27 < .001***  0.09 0.731  0.38 0.356  0.81 0.210 

Note. AME = Average Marginal Effect, expressed as percentage point differences. * p < .05, ** p < .01, *** p < .001, † p < .10 

 

 

 



   
 

   
 

INTERSECTIONAL ANALYSIS- PIMA COUNTY 
Several critical patterns emerge from the intersectional analyses that would have been 
missed if we only conducted analyses looking at race and sex separately. In Figure 2, we 
break apart the intersectional probabilities across decision point outcomes in Pima.  

First, white females and Black females experience substantially lower odds of incarceration 
compared to white males. For instance, white females received the strongest protective 
effect (76% lower odds), while Black females' protective factor was slightly smaller (68% 
lower odds). The impact of the intersection between race and sex varies by decision point. 
Race appears more influential at the pretrial detention point. The pattern varies by group: 
while Black males' detention (OR = 1.16) shifts to a protective effect at conviction (OR = 
0.82), AIAN disparities intensify from detention (OR = 1.11) to incarceration (OR = 1.40), 
which suggests that earlier decisions may shape case trajectories differently across racial 
groups rather than reflecting true equity gains. Finally, disparities do not compound 
linearly but appear context-specific across decision points. This underscores the critical 
need for research examining multiple decision points rather than isolated points (See Table 
1 in Appendix B for complete logistic regression results across Pima’s criminal legal 
system.) 

Figure 2: Pima County Intersectional Analyses 



   
 

   
 

DISCUSSION 
Racial disparities in the criminal legal system are not isolated events at individual decision 
points, but rather, cumulative processes where disadvantages at early points create 
downstream effects that profoundly shape real outcomes for individuals (Chin, 2016). Pima 
provides an example of the cascading and compounding nature of these disparities. 

Decision points early in the criminal legal system can create cumulative disadvantage for 
certain groups of people (Chin, 2016). The clearest demonstration of this compounding 
emerged from Pima County's analysis, which revealed how early-stage disparities create 
cascading effects throughout case processing. Pima presented enormous front-end 
disparities: Black individuals faced 84% higher odds of custodial arrest compared to white 
individuals (OR = 1.84, p < .001), while American Indian/Alaska Native individuals 
experienced similarly elevated odds at 83% (OR = 1.83, p < .001). These early disparities 
continued at pretrial detention, where Black individuals had 16% higher odds of detention 
(OR = 1.16, p < .001) and AIAN individuals faced 27% higher odds (OR = 1.27, p < .001). 
However, the pattern shifted at conviction, where Black individuals showed 15% lower odds 
compared to white individuals (OR = 0.85, p = .008).  This phenomenon challenges 
conventional interpretations of disparity data and underscores why focusing reform efforts 
solely on later decision points like sentencing, while ignoring earlier points like arrest and 
pretrial detention, fundamentally misunderstands how systemic inequity operates. Small 
disparities at the front end of the system don't simply add to disparities at later points—
they multiply, creating qualitatively different pathways through the system that ultimately 
produce dramatically divergent outcomes even when any single decision point shows 
modest differences.  

Meaningful equity requires not just reducing average disparities but ensuring that reforms 
reach those experiencing the most severe cumulative disadvantage, which demands 
ongoing intersectional analysis and a willingness to develop targeted interventions for 
specific populations rather than assuming that universal reforms will benefit all groups 
equally. 
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RECOMMENDATIONS 

Reducing racial and ethnic disparities in the criminal legal system requires sustained 
commitment, significant resources, and willingness to fundamentally rethink traditional 
practices. The findings from Pima County demonstrate that disparities are not isolated 
incidents but systematic patterns embedded throughout criminal legal system decision-
making. The compounding nature of disparities through which disadvantages at earlier 
decision points cascade through the system requires that interventions must be 
comprehensive rather than focused on single points. The findings from this study provide a 
roadmap for where to focus attention for jurisdictions committed to undertaking this 
important work.  

Recommendation: Build Integrated Data Infrastructure to Enable Pathway Analysis  
 
Key Finding: The absence of linked data systems prevented efforts to examine how disparities 

compound across decision points in both Pima County, fundamentally limiting understanding of 

cumulative disadvantage. 

 

In Pima, data infrastructure conditions and makes possible what questions can be asked 
and what interventions can be considered for evaluation. Jurisdictions must consider how 
to develop integrated criminal justice informational systems with unique, and linked, 
person-level identifiers that link individuals across all system points as is possible (e.g., 
across jails, courts, prosecution, probation). For example, being able to link booking-level 
and case-level data can enable the tracking of individuals with multiple system contacts 
over time.  Jurisdictions could consider pilot programs to begin with current caseloads, 
before expanding to comprehensive historical integration across the system.  
 

Recommendation: Address Pretrial Detention Disparities as a High-Leverage Intervention 
Point  

Key Finding: Pretrial detention emerged as one of the most consequential decision points across 

Pima County.  

 Jurisdictions should develop explicit, written criteria for detention decisions that minimize 
judicial discretion on subjective factors and create greater consistency. Judges should be 
required to provide written justification when deviating from risk assessment tool 
recommendations, particularly when detaining individuals assessed as low or moderate 
risk. Presumptive release policies should be established for low-risk individuals and those 
facing misdemeanor charges, with regular case reviews within 48-72 hours for all 
individuals detained despite low risk scores. Jurisdictions may also consider expanding 
availability of supervised release programs, electronic monitoring, and pretrial services as 
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alternatives to detention at this point. Regular disparity audits should analyze detention 
decisions quarterly by race, ethnicity, gender, charge type, and individual judge. 

 

Recommendation: Examine Prosecutorial Decision-Making and Plea Practices 

Key Finding: Lower conviction rates for Black defendants in Pima County likely reflect earlier 

disparities that filter cases such that only white individuals with strongest evidence reach 

conviction. 

The conviction patterns across sites revealed counterintuitive findings requiring careful 
interpretation. In Pima County, Black individuals had lower conviction odds compared to 
white individuals. On its surface, this pattern may appear to indicate equity. However, this 
likely reflects earlier disparities operating as a filter: if Black individuals are arrested and 
detained at higher rates for cases earlier in case processing, the pool of white individuals 
reaching conviction may represent a select group with cases that were otherwise 
unattractive candidates to divert earlier in their processing.  

Jurisdictions must rigorously examine prosecutorial decision-making at the case filing point. 
Analysis should examine which cases receive formal charges by defendant demographics, 
offense type, and whether evidentiary thresholds differ. Declination rates should be 
tracked by prosecutor, race, ethnicity, and case characteristics. Jurisdictions should analyze 
what plea offers defendants receive by demographics, controlling for offense type, criminal 
history, and case strength.  
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Appendix A. Site-Specific Data Quality Considerations 
High rates of missing data rendered some variables unusable. Additionally, some agencies 
did not provide data for certain years, resulting in analytic gaps. 

 
DATA QUALITY OVERVIEW 
In this analysis, we see five primary challenges to data quality across sites: 

1. Lack of unique person-level identifiers 
2. Number of datasets and lack of codebooks 
3. Issues with date cutoffs for datasets aligning with practical case processing timelines 
4. Discrepancies in dataset structure, variables, and values within decision points 
5. Missing data 

These issues occurred both between and within decision points. These overall issues 
occurred across datasets and are not specific to any one site. In each site’s analytic section, 
we provide additional detail as to data quality challenges within that site. These challenges 
are detailed in Appendix A. 

Lack of Unique Person-Level Identifiers 
Across the criminal legal process, different decision points are overseen by distinct 
agencies. Those agencies document what occurs within their decision point and create 
administrative data. For example, the jail booking process is (typically) overseen by the 
county sheriff’s office, and the sheriff’s office is the entity to collect and record the 
administrative data on bookings. Even when booking information is relevant to other 
agencies within the criminal legal system, the data typically still belongs to the sheriff’s 
office and large-scale data sharing is limited. While there has been an increase in data-
sharing between local criminal legal system agencies, particularly among jurisdictions 
participating in the Safety and Justice Challenge, longstanding practices still silo data. Now, 
even when datasets are shared between agencies, there are often still substantial barriers.  

One of the biggest challenges of administrative data sharing within the criminal legal 
system is the lack of a unique person-level identifier across the criminal legal system. For 
example, one individual may have different unique identification numbers by police 
department, sheriff’s office/jail, pretrial, public defender, prosecutor, court, and corrections 
within one jurisdiction. Therefore, even when data are shared between agencies, the data 
may not be particularly useful if there is no way to match individual people across the 
different agencies, which therefore does not allow stakeholders and researchers to track 
individuals and their cases across the criminal legal system process. Even when there is a 
unique person identifier across the criminal legal system, a single individual who appears 
within the system multiple times (e.g., has multiple bookings or cases within the analytic 
time period) may not have case, booking, or charge information available across the 
system, which necessitates matching on other variables that are less accurate (such as date 
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approximation). These issues are particularly problematic in New Orleans and Pima 
County. 

Opportunities for Enhanced Data Documentation 
In this analysis, we first examined the data quality within each decision point within each 
site. Sites participated in the Safety and Justice Challenge for approximately seven years, 
and participation required cooperation and partnership between agencies across the 
criminal legal system. As discussed above, this meant that many different data owners 
were involved in sharing a great deal of administrative data.  

For this analysis, ISLG shared 267 datasets for Pima County. The vast majority of these 
datasets were not prepared for analysis in their current form, and many of the datasets 
were disregarded as not containing relevant or usable information. Unfortunately, there 
were no traditional codebooks accompanying any of these datasets. While we did receive a 
spreadsheet identifying the files we were sent by name and the variable names each 
dataset contained, there was no indication as to what these variables substantively meant, 
what their corresponding values or frequencies were, when they were utilized and by 
whom under what conditions, variation in variables between years (for analysis and 
substantive policy interpretation), or assistance in interpreting inconsistent or illogical 
variables. Without this information, it was unclear whether the datasets were matchable. 
Despite the plethora of different ID variables in each dataset, researchers could not 
determine which variables matched between what datasets consistently. Without a 
codebook, researchers also did not know what ID variables substantively referred to in 
terms of the criminal legal system process and could not use that to investigate potential 
matches in a targeted way. Even after processing by an intermediary research partner, ID 
variables were not named in a consistent or meaningful way that was interpretable by 
secondary researchers. For example, within one decision point in one site, researchers had 
to determine which unique case ID number without any documentation to use among the 
following: caseid, case_no, c_caseno, Case, caseid_supervision, and Case_caseid. Matching to 
other datasets in other decision points, which often did not contain any variables of the 
same variable names, no identifiable matching information, and a wealth missing data, was 
not feasible. 

The sheer number of datasets also made approaching the analysis far more difficult, as in 
many cases we were unable to ascertain what each dataset contained in a meaningful way 
before reviewing them individually ourselves. Without a codebook, we also could not tell 
what variables were actually usable, leading to us testing many variables with variable 
names that sounded like potential control or dependent variables only to find that they had 
excessively high missing rates (e.g., field not filled out), did not contain usable information 
(e.g., all observations had the same value), or were erroneous (e.g., all dates are in or prior 
to the year 1900). Additionally, we periodically had to return to staff at the site to 
understand how to interpret some of the values entered throughout the dataset. 
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One of our main analytic challenges with data quality was determining which of these 
datasets were reviewed, prepared, and usable prior to us receiving them. The scope of this 
issue varied between sites.  

Timing Gaps in Dataset Coverage  
Building upon the above issues, we typically received datasets as discrete years. For 
example, we would receive the following as three distinct, unmerged datasets: Pima County 
– Justice Court Case Event – Baseline; Pima County – Justice Court Case Event – Year 1; Pima 
County – Justice Court Case Event – Year 2. However, with datasets extracted in this way, 
cases that extended across multiple years were often duplicated in inconsistent formats 
(explained in greater detail below). For example, a case that was filed in 2018 and had a 
disposition in 2019 would appear in both datasets, with disposition data only in the 2019 
dataset. However, because dataset structure varied between years, even within the same 
agency in the same decision point, it was challenging to determine whether observations 
were being erroneously duplicated. When we received datasets that were already 
structured to include multiple years (e.g., Baseline to Year 2), we could avoid these 
duplication concerns, and we could be confident that the data structure did not change 
between years. 

Structural Inconsistencies Across Decision Points  
As mentioned above, dataset structure often varied between years, even within the same 
agency in the same decision point. Sometimes, datasets contained different variables 
between different years, even if we received them together and with parallel file names. 
There were also differences in how variables were named, ranging from minor spelling 
differences to completely different names. Without a codebook, it was difficult to 
determine if variables that were named differently between years but seemed to have 
consistent values and refer to the same item could be collapsed. Variables could also be 
stored in different formats, often differing between numeric and string variables, which is a 
common issue among administrative datasets but posed additional concerns within the 
broader context of inconsistencies between datasets. Values and value labels were also 
sometimes formatted differently between years (such as differences in capitalization, 
abbreviations, or adding new response options), even if the variable names were the same, 
which posed challenges in running descriptives and recoding. 

Missing Data Considerations 
Missing data is a widespread issue across administrative data, and it posed a challenge to 
data quality in this study as well. There were fields with excessively high missing rates, 
whether as a matter of practice or an export issue, that rendered the variables unusable. 
There were also years of data from some agencies that were never sent to ISLG or JSP, 
which led to some gaps in our analyses. 
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Pima County Data Quality  
The dataset for the Pima County analysis includes several key limitations. Most importantly, 
Pima County does not contain any variable that matches one individual across all decision 
points. All data are deidentified (and do not include birthdate), meaning we are unable to 
create a unique identifier ourselves. Even within decision points, Pima County did not 
provide consistent ID variables and did not define what the different ID-related variables 
referred to, making it difficult—but feasible—to match substantively even within decision 
points. Therefore, we were limited to analyses within each decision point, rather than 
across decision points.  
 
Pima County data also often does not have data for several years within decision points, 
which limits the interpretation in terms of potential effect of SJC initiatives. We received 262 
data files for our analysis of Pima County across seven different agencies. Despite the 
magnitude of files provided, many years of data were still missing. Additionally, even when 
datasets were available for particular years, the collected data, structure, and variable 
naming practices often differed substantially between years, even within the same decision 
points. These discrepancies and selected notes are available in Table 14 (additional notes 
were omitted due to length but are available upon request).  
 
Additionally, datasets were pulled as new datasets each year, rather than as one dataset 
from baseline through current year. In practice, this meant that there were distinct files for, 
as an example, the Superior Court 2018, Superior Court 2019, Superior Court Year 2020, 
and so on. However, this is inconsistent with the reality of the criminal legal system, 
because cases often span multiple calendar and grant years. Therefore, when appending 
cases, one case might be filed in 2019 and have a disposition in 2020; however, it would 
show up twice in separate datasets. Further complicating it, in the 2020 dataset it would 
have disposition data, but 2019 it would not. However, often there are differences in the 
variable names or data structure between datasets within the same decision point, such 
that the merge between years would not be clean. This makes it more difficult to drop 
duplicates or to ensure that researchers are picking up the most complete observation 
when duplicates occur and pulling all pertinent information from the data files. Ideally, 
researchers should instead pull the data from baseline through the most current year, 
rather than the most current year as a standalone (e.g., requesting, Superior Court 2018-
2020, as opposed to Superior Court 2018, 2019, and 2020 as standalones). Without doing 
so, there is a heightened risk of erroneous duplicates, despite intensive coding to identify 
and combine these observations. Additionally, without a codebook, it is very difficult to 
determine whether variables are actually comparable and can be collapsed appropriately. 
 

Table 14: Pima County Data Availability and Quality  
 

Dataset Number 

of Files 

Used in 

analysis 

Years 

Included 

Years 

Missing 

Merged? Selected Technical Notes 
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Probation 5 No 1-2; 5-7 3-4 No Different variable names between 

years (e.g., “ZipCode” vs. “zip”; “DOB” 

vs. “DateOfBirth”), which complicates 

merge 

Court – 

Justice 

Court 

28 No BL-Y7 None Y3-4 are 

merged; 

rest are 

not 

Different variables between different 

years (see, for example, 

“Pima_JusticeCourt_BL_CaseEvents_De-

identified_v1” vs. 

“PimaJusticeCourt_Y7_CaseEvents_De-

identified_v2”)  

Court – 

Superior 

Court 

40 Yes BL-Y7 None No Substantial renaming of variables in 

parallel datasets, making it hard to 

merge; e.g., “CaseDisplayNumber” vs. 

“Case #” in 

“Pima_Superior_court_Y7_ChargeDispo

_De-identified_v1” vs. 

“Pima_Superior_court_BL_ChargeDispo

_De-identified_v3” 

Jail 27 Yes BL-Y8 None 

(missing 

snapshots 

for BL-Y1 

though) 

Yes, BL-Y7 

is merged 

None 

Law 

Enforceme

nt 

80 Yes Depends on 

department 

Depends on 

department 

BL-Y1 

merged 

for PCSD; 

nothing 

else 

Some departments datasets are 

completely different formatting (e.g., 

Sheriff vs. any other department)  

Pretrial 72 No BL-Y7 None BL-Y1; Y3-

Y4 

Many different ID variable names 

within one decision point 

Public & 

City 

Defender 

15 No BL-Y8 for 

Public 

Defender; 

BL-Y5 for 

City 

Defender 

Y6-Y8 for 

City 

Defender 

No Issues with dates (e.g., all dates on 

1/1/1900 – 1/2/1900 in “Pima Public 

Defender Year 6_De-identified_v4”) 

 

 



   
 

   
 

 

Appendix B. Supplemental Analytic Table 
 

Table 1. Logistic Regression Results of Intersectional Race/Ethnicity and Sex Groups Analyses in Pima 

Predictor OR (Arrest) p (Arrest) 
OR 

(Detention) 
p 

(Detention) 
OR 

(Conviction) 
p 

(Conviction) 
OR 

(Incarceration) 
p 

(Incarceration) 

Intercept 0.53 < .001*** 0.44 < .001*** 8.00 < .001*** 1.79 < .001*** 

White Female (vs. White 

Male) 
0.83 < .001*** 0.84 < .001*** 0.82 0.003** 0.54 < .001*** 

Black Male (vs. White Male) 1.80 < .001*** 1.16 < .001*** 0.82 0.002** 1.10 0.050† 

Black Female (vs. White 

Male) 
1.54 < .001*** 0.91 0.009** 0.91 0.522 0.48 < .001*** 

Latine (vs. White Male) 1.10 < .001*** 0.96 0.001** 1.00 0.963 0.94 0.046* 

AIAN (vs. White Male) 1.73 < .001*** 1.11 < .001*** 1.21 0.096† 1.40 < .001*** 

API (vs. White Male) 0.89 0.016* 0.83 < .001*** 0.52 < .001*** 0.59 < .001*** 

Age 1.04 < .001*** 1.01 < .001*** 0.99 < .001*** 1.00 0.583 

Number of Charges 1.52 < .001*** 1.35 < .001*** 1.10 < .001*** 1.05 < .001*** 

Charge Severity (Felony) 6.11 < .001***   NA NA     

COVID Period 0.69 < .001*** 1.17 < .001*** 1.26 < .001*** 0.52 < .001*** 

Note: *** p < .001, ** p < .01, * p < .05, † p < .10. Reference group: White Male. Latine, AIAN, and API groups combine both sexes. 

 




