
Vol.:(0123456789)

Journal of Quantitative Criminology (2023) 39:919–949
https://doi.org/10.1007/s10940-022-09555-8

1 3

ORIGINAL PAPER

Where is the Evidence? Comparing the Effects of Evidence 
Strength and Demographic Characteristics on Plea Discounts

Kevin Petersen1   · Allison D. Redlich1 · David B. Wilson1

Accepted: 26 July 2022 / Published online: 13 August 2022 
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2022

Abstract
Objectives  It is well established that defendants who plead guilty receive reduced sen-
tences compared to the likely outcome if convicted at trial. Prominent theories of plea bar-
gaining posit that the plea discount is determined by the strength of the evidence against 
the defendant. Research on this claim has produced mixed findings, however, and others 
have suggested that discounts may be influenced by extra-legal characteristics such as race, 
age, and sex. To date, there have been few attempts to directly compare the effects of these 
factors on plea discount estimates.
Methods  This study uses a penalized ridge regression to predict counterfactual trial sen-
tences for a sample of defendants who pled guilty. Plea discounts are estimated using each 
defendant’s predicted trial sentence and observed plea sentence. Discount estimates are 
then regressed on variables related to case evidence and the demographic characteristics of 
the defendant.
Results  Results suggest that increases in the amount of evidence associated with a case 
lead to decreases in the size of the plea discount. Both main and interaction effects are 
observed for race/ethnicity and sex, with Hispanic and male defendants receiving signifi-
cantly smaller discounts than White or female defendants. Calculation of standardized 
effect sizes further indicates that demographic characteristics exert larger effects on plea 
discount estimates than evidentiary variables.
Conclusions  Plea discounts appear to be influenced by both evidence and extra-legal fac-
tors. Legal participants may indeed consider the strength of the evidence when determining 
acceptable plea discounts, but this alone appears to be an insufficient explanation.

Keywords  Plea discount · Trial penalty · Strength of evidence · Guilty pleas · Sentencing

Introduction

In an era where the criminal justice system is largely defined by the practice of plea 
bargaining (see Lafler v. Cooper 2012), there has been increasing attention given to 
the factors that lead defendants to plead guilty. Central to these theories is the notion 
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that plea takers receive substantial discounts in exchange for their guilty pleas. That 
is, a defendant who pleads guilty often receives a discounted jail or prison sentence 
compared to what they would have received if convicted at trial (see Alschuler 1981; 
Brereton and Casper 1981; Kipnis 1976). Empirical research has generally supported 
this claim (see Abrams 2011 for a noteworthy exception), finding that average plea 
sentences are significantly shorter than average trial sentences, even after controlling 
for a host of legal and extra-legal factors thought to be salient components of sen-
tencing decisions (Bushway and Redlich 2012; LaFree 1985; Smith 1986; Ulmer and 
Bradley 2006; Ulmer et al. 2010; Yan and Bushway 2018). However, this research has 
also found that plea discounts tend to display significant variation across individuals, 
with some defendants receiving discounts approaching 100% and others receiving plea 
sentences that are longer than would be expected if convicted at trial (Bushway and 
Redlich 2012; Smith 1986; Yan and Bushway 2018). Despite the consistency of the 
‘trial penalty’ effect, it is still relatively unclear how the magnitude of the plea dis-
count is determined and what factors correspond to larger or smaller discounts.

A widely held belief is that plea discounts are proportional to the strength of the 
case, or in other words, the “strength of the evidence” (Brereton 1981, p. 50) against 
the defendant (see also LaFree 1985; Landes 1971; Smith 1986). Though logical in 
theory, research on the impact of evidentiary factors on plea discounts remains rare, 
and the research that does exist is largely inconclusive. While some studies find that 
inculpatory evidence either produces no effect or significantly increases the size of the 
plea discount (see Bushway and Redlich 2012), other studies find that evidentiary fac-
tors account for small but significant decreases in plea discounts (Redlich et al. 2016; 
Smith 1986). Complicating matters is the inherent difficulty involved in measuring and 
obtaining real-world information on case evidence, which is often missing from admin-
istrative data sets (Kutateladze et  al. 2015). Accordingly, much remains unknown 
about the relationship between the strength of the evidence and plea discounts. If evi-
dentiary factors strongly predict the size of the plea discount, then legal participants 
would be expected to make rational plea decisions based on their predicted trial out-
comes (see Bibas 2004; Bushway and Redlich 2012). If not, the implication is that plea 
discounts may be influenced by other (possibly extra-legal) factors that may create bias 
against certain groups of defendants (see generally Steffensmeier et  al. 1998; Ulmer 
et  al. 2010). Indeed, there is a highly consistent body of research demonstrating that 
minority defendants are disadvantaged throughout the criminal justice system, includ-
ing at the plea phase (see Kurlychek and Johnson 2019). Given the centrality of plea 
discounts to the practice of plea bargaining, understanding the factors that affect these 
discounts remains an important area of criminological research.

In this study, we seek to provide further insight into the relationship between evi-
dence strength, extra-legal characteristics, and plea discounts. In doing so we build 
on prior efforts in several ways. First, we analyze novel data sets that provide recent 
estimates of plea and trial sentence lengths. Second, we use unique combinations of 
evidentiary variables systematically coded from observations of case summaries (pros-
ecutorial proffers of evidence) presented during plea hearings. Third, we directly com-
pare the effects of legal and extra-legal variables in an attempt to determine the pri-
mary drivers of plea discounts. In what follows, we first discuss the prior literature 
on plea discounts and the factors that may influence them. We then turn to our data, 
methods, results, and the implications of our study for plea bargaining research moving 
forward.
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Plea Discounts

The sentencing differential observed between defendants convicted at trial and defendants 
who plead guilty has been referred to by several names, most notably the “plea discount” 
or “trial penalty” (Kim 2015, p. 1200; Ulmer et al. 2010; Yan and Bushway 2018). While 
meaningful differences exist between these two terms (see Grunwald 2020; Yan and Bush-
way 2018), the plea discount is most often defined as the difference between the sentence 
that a defendant would have received if convicted at trial and the sentence they received as 
part of their plea, relative to the sentence they would have received if convicted at trial (see 
Yan and Bushway 2018; see also Redlich et al. 2016).1 Prior estimates have suggested that 
approximately 80–90% of defendants receive a plea discount (Bushway and Redlich 2012; 
Redlich et al., in press), and while it is not possible to directly observe the sentence that a 
plea bargainer would have received if convicted at trial, researchers have used several dif-
ferent approaches to estimate the average difference between plea and trial sentence lengths 
and the size of the resulting discount that plea bargainers may receive.

Criminologists have often studied the discrepancy between plea and trial sentences 
through the estimation of regression models that incorporate adjudication type as an inde-
pendent variable (for a discussion of this approach see Bushway et al. 2014). These models 
seek to determine the average difference in sentence lengths comparing cases that end in 
trial conviction to those disposed of via guilty plea, while controlling for various legal and 
extra-legal factors. Generally, these efforts find significant but variable differences between 
plea and trial sentence lengths (Elder 1989; LaFree 1985; Ulmer and Bradley 2006; Ulmer 
et  al. 2010). Using data on serious violent offenses in Pennsylvania, Ulmer and Bradley 
(2006) found that bench and jury trial convictions increased sentence lengths by 22% and 
57% over guilty pleas, controlling for defendant, case, and court-level characteristics. Simi-
larly, Ulmer et al. (2010) found that trial convictions were associated with a 45% increase 
in sentence lengths for federal offenders, which given a baseline average sentence of 
62 months, equated to a plea discount of approximately 31%.2

Others have attempted to estimate the size of plea discounts more directly, either 
through the use of regression models to predict counterfactual trial sentences for those 
who pled guilty (Bushway and Redlich 2012; Smith 1986; Yan and Bushway 2018; Yan 
2020; see also Piehl and Bushway 2007) or by comparing observed plea sentences to 
the maximum statutory penalty that a defendant could have received if convicted at trial 
(Redlich et al., in press; Zottoli et al. 2016). In either case, researchers have consistently 
found support for the presence of a plea discount. For instance, both Smith (1986) and 
Bushway and Redlich (2012) estimated the probability of an incarceration sentence if 
convicted at trial for defendants who pled guilty. In both studies, the observed prob-
ability of incarceration for defendants who pled guilty was roughly 75% of the esti-
mated probability of incarceration if convicted at trial, suggesting a discount of approxi-
mately 25% in the probability of incarceration for those who pled guilty. Using a similar 

1  Here we focus on sentencing discounts, however, discounting practices can take several forms, including 
changes in the severity or number of charges that a defendant faces in exchange for a guilty plea (Kelly and 
Pitman 2018) or bargaining over the facts of the case (Redlich et al. 2017).
2  While Ulmer et al. (2010) do not directly report this estimate, they do report a grand mean sentence of 
62 months and suggest that the trial penalty would be approximately 28 months. This would correspond to a 
trial sentence of roughly 90 months and a plea discount of 31%. This discount decreased when Ulmer et al. 
controlled for various forms of guideline departures, though it remained statistically significant.
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approach to predict sentence lengths rather than incarceration probabilities, Yan and 
Bushway (2018) estimated plea discounts across 40 distinct crime types, finding an 
average 67% discount between predicted trial sentences and observed plea sentences 
(see also Yan 2020). Other studies have reported average plea discounts as high as 
75–80% when considering the maximum penalty that a defendant could have received 
if convicted at trial (see Redlich et  al. 2018; Zottoli et  al. 2016), or even as high as 
95% when considering active (rather than suspended) sentences alone (Redlich et  al., 
in press). Thus, the distinction between the maximum potential trial sentence and the 
expected (or predicted) trial sentence has meaningful implications for the size of plea 
discount estimates, though the former is likely an over-estimate given that most defend-
ants do not receive the statutory maximum penalty (see Reitz 1993; Tonry 1988).

An important codicil to the findings of these studies concerns the considerable vari-
ance in plea discount estimates that has been observed both within and across samples. 
While Bushway and Redlich (2012) found that the average ratio between the probability 
of incarceration following a guilty plea and the predicted probability of incarceration at 
trial was approximately 77%, this ratio ranged from a low of 2% to a high of over 200% 
across defendants. Yan and Bushway (2018) also found that plea discounts varied signif-
icantly across crime types, ranging from an average discount of less than 4% to an aver-
age discount of roughly 90%, with several crime types having predicted trial sentences 
that were less than their average plea sentences (for similar findings at the defendant-
level see also Yan 2020). Likewise, Redlich et al. (2018) reported that 22% of defend-
ants in their sample did not receive any plea discount, and that those who did received 
discounts ranging from 27.27% to 99.72% of their statutory maximum sentence.

What Drives the Plea Discount?

Understanding the variability in plea discount estimates is critical because the plea dis-
count is one of the key mechanisms through which prosecutors are believed to incentiv-
ize or even “coerce” (Kipnis 1976, p. 97) defendants into pleading guilty. That is, the 
assurance that a guilty plea will result in a sentencing reduction when compared to the 
likely outcome if convicted at trial provides motivation for defendants to plead guilty. 
Likewise, the assurance that a plea bargain will secure a conviction provides prosecu-
tors with an opportunity to avoid the costs and inherent risk of an acquittal at trial (see 
generally Alschuler 1981; Brereton and Casper 1981; Kipnis 1976).

A necessary component of this relationship, however, is that there must exist some 
perceived risk of a conviction or an acquittal if a case is taken to trial. If there is lit-
tle to no risk of conviction, a defendant may be unwilling to plead guilty entirely, or a 
large discount may be required to convince them to do so. Similarly, if there is little to 
no risk of being acquitted at trial, a prosecutor may be either unwilling to offer a plea 
discount or only willing to offer a small discount relative to the expected trial sentence 
(see Alschuler 1968; Bibas 2004). From a strictly rational perspective, it then follows 
that the level of risk associated with taking a case to trial should dictate the level of 
incentive (i.e., the size of the discount) needed to reach a plea agreement. This level of 
risk has often been referred to as the “probability of conviction at trial” (Bushway and 
Redlich 2012, p. 438), and central to this concept is the strength of the evidence that the 
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prosecution holds against the defendant (see Bibas 2004; Bushway et al. 2014; Landes 
1971; Rhodes 1979).

Evidence Strength

Evidence strength, or “the quantity and quality of the evidence presented by the plaintiff/
prosecution” (Devine et al. 2001, p. 684), is a frequently cited explanation for variations in 
the probability of conviction at trial and the size of the plea discount. One of the leading 
theories of plea bargaining, the “shadow of the trial model” (Bushway and Redlich 2012, p. 
437), directly connects these concepts by positing that the strength of the evidence impacts 
the size of the plea discount through its effect on the perceived probability of conviction at 
trial (see Bibas 2004). More specifically, as evidence strength increases so too should the 
probability of conviction at trial, which in turn should produce plea discounts that become 
proportionally smaller relative to the expected trial sentence (see Bartlett and Zottoli 2021; 
Bushway et al. 2014; Landes 1971; Mnookin and Kornhauser 1979; Petersen et al. 2020). 
In support of this proposition, research has indicated that the probability of conviction at 
trial, as perceived by legal participants, is highly responsive to the strength of the evidence 
in a case (Bushway et al. 2014; Elder 1989). Thus, evidence strength has often been used 
as a proxy for probability of conviction in legal scholarship (see Kramer et al. 2007; McAl-
lister and Bregman 1986).

Indeed, research suggests that evidence strength is an important predictor of numerous 
court outcomes. Cases with stronger evidence are significantly more likely to be prosecuted 
(Albonetti 1987; Frederick and Stemen 2012; McCoy et  al. 2012; Schmidt and Steury 
1989; Spohn and Holleran 2001) and result in guilty trial verdicts (Bushway and Redlich 
2012; Eisenberg et  al. 2005; Devine et  al. 2009; Taylor and Hosch 2004). Prior studies 
also suggest that evidence strength influences the likelihood of a guilty plea/plea offer (see 
Elder 1989; Emmelman 1998; Henderson 2021; Kramer et  al. 2007; Kutateladze et  al. 
2015; Luna and Redlich 2020), and even the severity of the sentence received as part of 
a plea offer (Elder 1989; LaFree 1985). However, limited attention has been given to the 
direct relationship between evidence strength and plea discounts, despite this relationship 
being a core component of prominent plea-bargaining theories such as the shadow of the 
trial.

Using data collected by Miller et al. (1980), Smith (1986) examined the impact of var-
ious pieces of evidence on plea discounts while accounting for jurisdictional, case, and 
defendant characteristics. Results indicated that, while the presence of physical evidence 
and the number of witnesses in a case significantly decreased plea discounts, the presence 
of eyewitness evidence led to significant increases in the size of plea discounts. Addition-
ally, evidentiary factors appeared to be less important in predicting the size of the plea dis-
count than factors such as jurisdiction, the defendant’s probation/parole status, and whether 
the defendant had a drug history or pending charges. Using a similar design, Bushway and 
Redlich (2012) failed to find any significant effects of physical or eyewitness evidence on 
plea discounts, however, they did find that the number of witnesses in a case and the pres-
ence of confession evidence significantly increased plea discounts by 1% and 12%, respec-
tively. These results were in light of the finding that eyewitness, confession, and physical 
evidence all significantly increased the probability of conviction at trial in their models.3

3  LaFree (1985) and Elder (1989) examined the impact of evidence on plea sentences but not plea dis-
counts. While LaFree (1985) found physical evidence and number of witnesses to significantly increase 
plea sentences, confession evidence had no effect across all model specifications. Additionally, Elder (1989) 
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Other studies report findings that are more suggestive of a consistent (albeit limited) 
impact of evidence strength on plea discounts. Redlich et al. (2016; see also Bushway et al. 
2014) experimentally manipulated combinations of confession, witness identification, 
and DNA evidence among a sample of legal actors given a hypothetical case scenario and 
asked to make plea recommendations. Findings indicated that all three pieces of evidence 
produced small but significant decreases in the size of the discounts that participants were 
willing to offer (often only between 4 and 6%). In addition, Redlich et  al. (2018) coded 
district attorney cases files for the presence/absence of confession evidence, finding that 
defendants who denied their allegations received significantly larger plea discounts than 
those who both confessed and partially confessed to the crime, though the effect sizes for 
these differences were considered small by conventional standards. Relatedly, Kutateladze 
et al. (2015) found that evidentiary factors such as the presence of video/audio recordings 
and whether pre-recorded buy money or currency were recovered during an investigation 
significantly increased the likelihood of a custodial plea sentence offer for drug offenses. 
While these analyses did not directly examine plea discounts, custodial plea sentence offers 
are, by definition, smaller discounts than non-custodial plea sentence offers. However, after 
controlling for court, defendant, and other case characteristics, only the effect of recovered 
currency remained a significant predictor of custodial plea offers.

Interpreting the results of these studies is further complicated by inconsistent measure-
ments of evidence strength (see generally Devine et al. 2001). Factors such as “theoretical 
ambiguity” and the “lack of an accepted metric” have made defining this concept difficult 
(see Devine et al. 2001, p. 686), which is further compounded by the lack of evidentiary 
variables typically found in administrative data sets (Kutateladze et al. 2015). As a result, 
prior efforts to measure evidence strength using real-world data have often relied on sev-
eral different approaches. One approach, common in the plea discount literature, involves 
the analysis of individual pieces of evidence in isolation. This contrasts with the cumula-
tive approach often used in research on jury verdicts, where individual pieces of evidence 
are aggregated or Likert-type scales are used to represent evidence strength more holisti-
cally (see Eisenberg et al. 2005; Garvey et al. 2004; Taylor and Hosch 2004). For exam-
ple, Taylor and Hosch (2004) considered the presence of physical evidence, confession, 
positive eyewitness identification, weapon, number of indictment charges, degree of injury 
to the victim, and number of witnesses. The end measure of evidence strength was a sum-
mary variable of these factors, which was significantly related to both jury verdicts and 
trial sentence lengths.

While these approaches may seem at odds, it is important to consider both the aggregate 
amount of evidence in each case  along with the individual pieces of evidence in isola-
tion. At the individual level, different forms of evidence are likely to have varying levels of 
influence, and this insight may be lost when using aggregate measures of evidence alone. 
Indeed, research has indicated that legal participants value certain kinds of evidence over 
others. For instance, direct evidence, or evidence that “proves a fact without an inference 
or presumption” (Heller 2006, p. 248), such as confessions and eyewitness testimony, is 
consistently overvalued by judges and jurors (Devine et al. 2001; Heller 2006; Kassin and 
Neumann 1997; Niedermeier et al. 1999; Wells 1992). In contrast, circumstantial evidence, 

Footnote 3 (continued)
found no significant effect of physical evidence, identification evidence, or confession evidence on plea 
sentence length. However, neither study directly examined the relationship between evidence and plea dis-
counts.
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or evidence “from which the fact-finder can infer whether the facts in dispute existed or did 
not exist” (Heller 2006, p. 250), such as forensic/medical evidence, is often undervalued 
(Kassin 2012; Koehler 2001; Schklar and Diamon 1999). Even within these broad catego-
ries, however, evidence in specific forms may carry different levels of importance. Inter-
views with New York District Attorneys conducted by Kutateladze et al. (2015) suggested 
that video/audio recordings and eyewitness testimony may be particularly salient types of 
direct evidence, while others have suggested that the presence of a confession alone may be 
powerful enough to render other forms of evidence unnecessary (see Kassin 2012; McCor-
mick 1972).

Yet, there is both a quality and quantity component to evidence strength, and individual 
forms of evidence do not often exist in a vacuum (see Devine et al. 2001, 2009).4 As such, 
examining pieces of evidence in isolation may risk ignoring additive effects that can occur 
when multiple forms of evidence exist simultaneously. Prosecutors may become more con-
fident in their chances of success at trial if they are not reliant on any single piece of evi-
dence, knowing that they have additional evidence to fall back on. For instance, in analyz-
ing the role of eyewitness evidence on the dispositions of 725 felony cases, Flowe et al. 
(2011) noted that eyewitness identification was rarely the only form of evidence involved in 
a case. They further suggested that the police may be reluctant to forward cases to the pros-
ecution until multiple forms of evidence have been collected. Additionally, results from 
Bushway et al.’s (2014) experimental survey cited earlier suggested that combinations of 
evidentiary variables exerted stronger effects on probability of conviction estimates and 
acceptable plea sentences than any single piece of evidence alone. Thus, a deeper under-
standing of the effects of evidence on plea discounts may require both individual and 
aggregate-level assessments.

Extra‑Legal Factors

Another explanation for the limited and inconsistent relationship between evidence 
strength and plea discounts seen in prior research is that plea discounts may simply be 
driven by other factors. The focal concerns theory of judicial decision-making identifies 
offender “blameworthiness”, “protection of the community”, and “practical constraints and 
consequences” (Steffensmeier et al. 1998, pp. 766–767) as the central factors considered 
by criminal justice actors during sentencing decisions. While determining a defendant’s 
blameworthiness and protecting the community involve the consideration of legal factors 
such as case characteristics, evidence, and prior criminal record, the focal concerns theory 
also asserts that these determinations require the prediction of future behavior, which is 
often based on inadequate or incomplete information. Given the uncertainty involved in 
these decisions, legal actors may rely on “perceptual shorthand” (Steffensmeier et al. 1998, 
p. 767; see also Albonetti 1987), or stereotypes associated with extra-legal factors such 
as race, sex, and age to determine an offender’s level of blameworthiness or risk of future 
offending.

4  It is also important to note that individual pieces of evidence can be of varying strength. For example, not 
all eyewitness evidence is equally strong; one witness may be a person with poor eyesight who witnessed 
the crime 100 yards away at night, whereas another witness may previously know the defendant and wit-
nessed the crime up close and personal. To our knowledge, such indicators of the reliability of evidence are 
not available in archival datasets.
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Research has often supported the propositions of focal concerns theory as it applies to 
sentencing decisions. Steffensmeier et al. (1998) found the interaction of race, sex, and age 
to be particularly important in explaining sentencing disparity, with young Black males 
receiving significantly harsher sentences than other demographic sub-groups. Other studies 
have found that extra-legal factors impact decisions to plead guilty (Albonetti 1990; Elder 
1989; Frenzel and Ball 2008; Omori and Peterson 2020) and the length and probability 
of carceral sentences for plea bargainers (Kutateladze et al. 2014; Johnson and Larroulet 
2019; LaFree 1985; Piehl and Bushway 2007). More relevant to the present study, Ulmer 
and Bradley (2006) noted evidence of a significant relationship between racial composition 
and trial penalties, Piehl and Bushway (2007) found a correlation between race and plea 
value, and Kutateladze et al. (2015) reported that defendant age significantly impacted the 
likelihood of receiving a custodial plea sentence offer. Research has further suggested that 
defense attorneys may consider the demographic characteristics of their clients when mak-
ing plead recommendations (Redlich et  al. 2016), and that this may lead to significantly 
longer plea recommendations for minority clients relative to White clients (Edkins 2011).

Thus, it is possible that plea discounts are responsive to extra-legal characteristics 
through their effect on the way that defendants are perceived by legal actors. To date, how-
ever, we are not aware of any studies that directly compare the impact of evidence strength 
and extra-legal variables on the size of plea discount estimates. Such a comparison has 
both practical and theoretical importance. If evidence strength exerts stronger effects on 
the size of the plea discount than extra-legal variables, this would support rational models 
of plea decision-making. In other words legal participants would appear to be making plea 
decisions in anticipation of their expected trial outcomes (see Bibas 2004; Bushway and 
Redlich 2012). If non-legal factors such as a defendant’s race, age, or sex exert stronger 
effects on plea discounts, however, then discounting practices may be subject to the same 
concerns and subjective biases found in other judicial processes. Alternatively, plea dis-
counts may be responsive to both evidence strength and extra-legal factors, in which case 
the analysis of interest involves determining which factors produce the strongest effect.

The Current Study

In this study, we test the effects of both evidence strength and extra-legal factors on the 
size of plea discount estimates. We first use administrative circuit court data from the state 
of Virginia for all defendants convicted of at least one felony charge via bench or jury trial 
during 2017–2018 to estimate predicted trial sentence  lengths. We then apply the coef-
ficients from this model to a sample of plea bargainers from one mid-sized jurisdiction in 
Virginia whose plea hearings were systematically observed and coded for the presence of 
various evidentiary items (i.e., summaries of the evidence that the prosecution would have 
presented at trial were observed and coded). Taking the predicted trial sentences and the 
observed plea sentences for this target sample, we estimate plea discounts and examine 
the effects of multiple forms of evidence (eyewitness, confession, forensic/medical, video/
photo/audio) and extra-legal factors (race, sex, age) on the size of these discount estimates. 
In doing so, we expand on the approach used by Smith (1986; see also Piehl and Bushway 
2007; Bushway and Redlich 2012; Yan and Bushway 2018) by using a penalized ridge 
regression to account for the effects of multicollinearity between terms and the potential 
for model overfitting.



927Journal of Quantitative Criminology (2023) 39:919–949	

1 3

Based on prior literature and theory, we hypothesized that evidence strength would be 
significantly and inversely related to plea discounts, such that stronger evidence would lead 
to smaller plea discounts. More specifically, we hypothesized that direct evidence (e.g., 
witness and confession evidence) would have a stronger effect on plea discounts than cir-
cumstantial evidence (e.g., forensic/medical evidence), and that increases in the number of 
different forms of evidence would reduce plea discounts by the largest amount. In line with 
focal concerns theory, we also hypothesized that defendants who are young, male, and/or 
belong to a minority group would receive significantly smaller discounts than defendants 
of other demographic backgrounds. However, we anticipated that evidentiary factors would 
produce the largest effects on plea discounts, given that evidence strength should directly 
relate to case convictability (Bibas 2004; Spohn 2018).

Methods

Data Sources and Collection

Two primary data sets were used in this study. The first data set included all hearings that 
took place in Virginia Circuit Courts during the years of 2017–2018.5 Circuit courts in 
Virginia have jurisdiction over all felony prosecutions, any misdemeanor charges that 
accompany felony prosecutions, and any direct indictments. Processing information for 
these courts is made publicly available through Virginia’s judicial system website.6 These 
data contain information on hearing dates, charge type, jurisdiction, disposition, sentenc-
ing, and certain defendant characteristics. To generate models that would explain variation 
in trial sentence lengths, we first isolated all cases concluded by bench or jury trials that 
contained at least one felony conviction (roughly 71% of all trials during this timeframe). 
This resulted in a valid sample size of 5,671 cases, which represented our population-level 
trial conviction data.7

The second data set was our plea sample, which was obtained from systematic obser-
vations of plea hearings that took place between February 2017 and August 2018 in one 
mid-sized circuit court in Virginia (see Dezember et  al. 2022). The data collection site 
was a suburban county of approximately 450,000 people that processes around 7,500 adult 
arrests yearly (Federal Bureau of Investigation 2016). A team of six researchers attended 
and coded plea hearings during this time, providing access to defendant, case, and sen-
tencing information for this sample. Most importantly, the research team observed case 
summaries of the evidence that the prosecution proffered they would have presented at 
trial, allowing researchers to code for various pieces of direct and circumstantial evidence. 
Interrater reliability for these observations was assessed using a sample of 206 hearings 
observed by multiple coders. The Krippendorf’s alpha value for these hearings was 0.90, 
which indicates very strong agreement between raters (Hayes and Krippendorf 2007).

As a component of the plea observations, researchers also examined official case 
records, which provided information on the charges that each defendant was indicted on 

5  This two-year timeframe was chosen to match the data collection period for our target data set described 
below.
6  These data are available to download in bulk from https://​virgi​niaco​urtda​ta.​org/.
7  Two jurisdictions in Virginia do not make their case processing data publicly available. However, our data 
still represents over 98% of all jurisdictions in the state.

https://virginiacourtdata.org/.
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and those that they pled to. This is particularly important as the indicted charges allow us 
to better account for any potential charge bargaining that may have occurred during case 
processing (see Piehl and Bushway 2007; Yan and Bushway 2018). More specifically, in 
exchange for a plea of guilty, defendants often benefit from a reduction in the nature or 
severity of their charges that would not have otherwise occurred. As such, the charges to 
which a defendant pleads guilty may represent only a subset of those that they would have 
faced at trial. By basing predictions on the indicted charges rather than the plea charges, we 
are able to better capture the full range of charges that the defendant would have likely at 
faced trial.8

Thus, the inclusion of evidentiary variables and information on the charges that each 
defendant faced at indictment make this data set uniquely suitable for the current study. In 
total, 611 plea hearings were fully observed and coded. However, here we use only those 
cases where the defendant was indicted on at least one felony charge, where the judge 
accepted the defendant’s plea, and where an incarceration sentence was imposed, resulting 
in a valid sample size of 535 cases (for more information on the data collection procedures 
see Dezember et al. 2022).

Dependent Variables

To estimate sentencing discounts for our plea-bargaining sample we first needed trial sen-
tence predictions. Thus, our initial dependent variable was the carceral sentence length 
received by defendants who were convicted at trial. Prior studies have often used the top 
charge (e.g., most severe charge) associated with each case as the unit of analysis (see John-
son and Larroule 2019; Yan and Bushway 2018), however, our intended unit of analysis for 
this study is at the case-level, where a case represents all charges that a defendant faced in 
a single trial. As such, our sentence length measure is operationalized as the aggregate sen-
tence received across all charges within a case, including both felonies and misdemeanors. 
We do this based on the possibility that individual charges nested within a case may not 
be independent, but rather judges may consider the characteristics of the entire case when 
making sentencing decisions. Additionally, it is not uncommon for felony charges to be 
accompanied by secondary felonies or misdemeanors that can add substantial variability to 
the total sentence received. Our aggregated sentence lengths were measured in months and 
were top coded at 600 (50 years) to avoid excessive skew.9 Finally, after estimating these 
trial sentences, our primary dependent variable became the plea discount, defined here as 

8  We acknowledge that this is an imperfect solution and that it is also possible for the severity and number 
of charges to be increased or decreased prior to trial. Given the parameters of our data, this approach pro-
vided the best adjustment for charge bargaining and is consistent with prior efforts of this kind (see Yan & 
Bushway 2018).
9  Only 214 (4%) of cases were censored at 600 across the full trial conviction sample. However, it is impor-
tant to note here that we only included cases where a carceral sentence was imposed. While this approach 
improves the distribution of the outcome variable, it can create concerns regarding selection bias for any 
inferences aimed at the broader population of defendants (Bushway and Piehl, 2007; Elder 1989; Win-
ship and Mare 1992). However, likely because we aggregated sentence lengths across all charges within a 
case, all cases in our trial conviction sample received some length of incarceration. Additionally, only 11% 
(n = 68) of eligible plea cases did not receive a carceral sentence. Thus, our estimation of trial sentences 
should not suffer from selection bias, though we note that our plea discount results are limited to defendants 
who pled guilty and received some term of incarceration.
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the proportional difference between the observed plea sentence and the predicted trial sen-
tence (see section "Plea Discount Estimation" below).

Independent Variables

A primary goal of this study was to generate accurate trial sentence predictions rather than 
make any direct inferences regarding the effects of individual factors on sentencing out-
comes. As such, we used a wide array of independent variables related to case, defend-
ant, and external characteristics to predict trial sentences. Case characteristics included 
the number of charges that the defendant was convicted on, the types of charges that the 
defendant was convicted on (e.g., murder, rape, robbery, etc.), the minimum and maximum 
potential sentences that the defendant could have received across all charges, the statutory 
class of the charges that the defendant was facing (e.g., class 1 felony, class 2 felony, mis-
demeanor, etc.), and whether any of the charges that the defendant faced included a manda-
tory minimum sentence. Given that each case can contain multiple crime types and charge 
classifications, these characteristics were added as dummy variables (0/1) to allow for mul-
tiple categories to exist simultaneously for a single case. Class 1 felonies were extremely 
rare in our trial conviction data (n = 6, 0.1%), and so these charges were merged with 
Class 2 felonies. Additionally, we added squared terms for both the minimum and maxi-
mum potential trial sentences that the defendant could have received across all charges to 
account for any potential curvilinear relationships.

Defendant characteristics included multiple measures of criminal history. While we did 
not originally have this information, we used the same publicly available Virginia Circuit 
Court data for the years 2000–2016 to calculate the number of felony convictions, mis-
demeanor convictions, and prior active incarceration sentences for each defendant. We 
then merged this data into our trial conviction sample to match criminal history with each 
defendant.

Considering our interest in the relationship between plea discounts and extra-legal vari-
ables, we omit demographic information from our prediction models for both theoretical 
and practical reasons. First, our goal in this study was to generate the most valid coun-
terfactual trial sentences possible without the inclusion of demographic and evidentiary 
variables. In theory, trial sentence lengths should not be based on the strength of evidence 
or demographic characteristics (see Bushway & Redlich 2012), meaning that cases and 
defendants who are legally similar should receive similar sentences. The degree to which 
the magnitude of the differences between our observed plea outcomes and our predicted 
trial outcomes relates to evidentiary and demographic variables is the substantive interest 
of our analyses. Thus, omitting these factors from our prediction model is what allows us 
to introduce them during our plea discount analysis. The inclusion of evidence and demo-
graphic information in the trial sentence predictions would inevitably include these fac-
tors in the plea discount measure, potentially creating artificial correlations between our 
variables of interest.10 However, as a robustness check, we did estimate trial sentences with 
the inclusion of demographic variables, and their omission had little effect on our trial sen-
tence predictions (see Results section).

10  More specifically, these factors would be explicitly modeled in both the dependent and independent vari-
ables, which may lead to correlations that are an “artifact of the model” (Bushway & Redlich 2012, p. 449). 
Because evidence and demographic factors are inherently included in the plea sentence but not in the trial 
sentence prediction, variation in the difference between these values may be attributed to these variables.
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Given potential differences in regional and cultural sentencing practices across the state 
(see Kramer & Ulmer 2009), we also included the jurisdiction/area where the trial took 
place. At the county or city level there were several jurisdictions with no trial convictions 
or very small numbers of trial convictions. To account for this, we combined jurisdic-
tions into their natural regions of the state (North, Central, West, East, and Southwest) and 
included these regions as categorical independent variables in our prediction model, with 
the North region (region from which our plea sample was taken) designated as the refer-
ence category. This addition is important because, despite our plea sample being drawn 
from only one region in the state, our trial sentence predictions are adjusted for variation 
in sentencing practices unique to this region. Lastly, while both of our data sets contained 
hearings that took place during 2017–2018, approximately 6% (n = 365) of eligible trial 
convictions carried over into 2019. As such, we included disposition year as a categori-
cal independent variable given the potential for changing sentencing practices and statutes 
over time (see Porter 2020).

In explaining our estimated plea discounts, we first employed a variety of different 
evidentiary measures. These included witness, forensic/medical, video/audio/photo, and 
confession evidence. Witness evidence involved any situation in which a witness was pre-
pared to testify to observing the alleged offense or some element material to the offense. 
Forensic/medical evidence included any type of medical or forensic information that would 
have been introduced, such as fingerprints, DNA, blood analyses, or accompanying expert 
testimony. Video/photo/audio evidence involved any form of media that tended to directly 
implicate the defendant, and confession evidence involved direct, incriminating admissions 
given by the defendant. Individual pieces of evidence were introduced as dummy variables 
(0/1). We also created a summary measure of evidence by calculating the number of differ-
ent pieces of evidence contained in a case. Finally, we introduced extra-legal factors such 
as race/ethnicity, sex, and age (and interactions between these characteristics) to test their 
comparative effects with those of evidentiary factors.

Plea Discount Estimation

Plea discount estimation followed the general approach first proposed by Smith (1986). 
Specifically, we generated counterfactual trial sentences using a regression model that con-
sidered the case, defendant, and external characteristics described above. Here, however, 
we used a penalized ridge regression (see Hoerl and Kennard 1970) rather than a stand-
ard ordinary least squares regression (OLS). While the coefficients estimated by an OLS 
regression may be unbiased in the absence of multicollinearity, strong correlations between 
independent variables can lead to coefficients that are artificially extreme in either direction 
(Hoerl and Kennard 1970; Yoo et al. 2014). Examination of variance inflation factors (see 
Marquardt and Snee 1975; Miles 2005) following the estimation of an OLS regression for 
our data indicated multicollinearity across several independent variables, however, these 
variables still added significant predictive ability to our model.11 One approach to deal with 

11  The inclusion of both a maximum potential sentence across all charges and a minimum potential sen-
tence across all charges led to VIF values that were greater than 10 for these factors. To test the importance 
of including both variables, we ran an OLS regression including only the maximum potential sentence 
and its squared term and then added the minimum potential sentence and its squared term to the model. 
Results of an F-test indicated that the addition of these variables significantly improved model fit (F(2, 
5635) = 365.02, p < 0.001).
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this issue would involve variable deletion (McDonald 2009; Tabachnick and Fidell 2007), 
however, this approach would reduce the amount of information contained in the model 
and would lead to less accurate predictions.

Ridge regression attempts to solve these issues by applying a penalty parameter to the 
regression coefficients, shrinking them toward 0 to mitigate the effects of multicollinearity 
while still allowing them to remain in the model (see Fox 2016; McDonald 2009).12 This, 
in turn, introduces bias into the regression coefficients in exchange for a decrease in vari-
ance. That is, this shrinkage has the effect of smoothing the regression coefficients, which 
may reduce the variance that the model explains on the data from which it was generated 
but serves to increase the generalizability of the model to other data sets (see Agresti 2019; 
Melkumova and Shatskikh 2017). A key distinction is that, while the standard OLS regres-
sion seeks to minimize the sum of the squared errors between predictions and observations 
(see Tabachnick and Fidell 2007), the ridge regression attempts to minimize the sum of the 
squared errors plus the additional penalty parameter, as depicted in Eq. 1 (see Tibshirani 
1996):

Here, yi represents the observed trial sentence for a given defendant, 
∑

j

�jxij represents 

the predicted trial sentence for that defendant, and �
∑

j

�2
j
 represents the penalty parameter 

applied to the regression coefficients. The predicted trial sentences themselves resemble a 
standard OLS formula as seen in Eq. 2:

where �1 represents a vector of regression coefficients related to the characteristics of the 
offense, �2 represents a vector of coefficients related to the defendant’s criminal history, 
and �3 represents a vector of coefficients related to external characteristics (e.g., jurisdic-
tion and year of the trial). All independent variables here are standardized prior to model 
estimation and are then converted back to their original scale prior to reporting the results 
(see Hastie et al. 2016). We chose not to report standardized coefficients as the majority of 
our independent variables are binary in nature. Additionally, we did not have a substantive 
interest in comparing the strength of the coefficients across differing scales, particularly 
given that our coefficients are penalized.

A critical component of the ridge regression is the tuning parameter ( � in Eq. 1). This 
parameter determines how much shrinkage will be applied to the coefficients, with more 
shrinkage leading to increased bias and decreased variance (and vice versa; see Melku-
mova and Shatskikh 2017). To select an appropriate value for the � parameter, we first 
randomly divided our trial conviction data into a training data set and a test data set using a 

(1)
N
∑

i=1

(

yi −
∑

j

�jxij

)

+ �
∑

j

�2
j

(2)
∑

j

�jxij = �0 + �1Offenseij + �2Criminal Historyij + �3Externalij

12  We chose to use a ridge regression over similar methods such as the LASSO regression because, while 
the ridge regression shrinks parameters toward 0, it will never fully eliminate any coefficients from the 
model. In contrast, the penalty parameter in a LASSO regression is free to shrink coefficients to 0 and 
eliminate them from the model (Tibshirani 1996). While LASSO regressions may lead to more parsimoni-
ous models, we did not want any of our coefficients eliminated from the model, given that each variable has 
a theoretical connection to sentencing outcomes.



932	 Journal of Quantitative Criminology (2023) 39:919–949

1 3

70%—30% split. Here, the training and test data sets were statistically independent of each 
other and neither data set contained cases from the target sample (i.e., plea sample). After 
dividing the trial conviction data in this way, we conducted a tenfold cross-validation on 
the training data set to identify the � value that produced the minimum mean squared error 
(MSE).13 However, we used the “one standard error rule” (Ternès et  al. 2016, p. 2564) 
to select the largest � that still produced a MSE value that was within one standard error 
of the minimum MSE across all models (see also Hastie et  al. 2016). This approach is 
intended to provide a compromise between the amount of penalization applied to the coef-
ficients and the overall error of the estimated model (see Melkumova et al. 2017).

Using our selected � value, we calculated our regression coefficients using the train-
ing data set. While some have recommended the use of a natural log transformation when 
modeling sentence lengths (see Freiburger et al. 2019), we found that our untransformed 
sentence lengths led to substantially higher predictive accuracy, and thus we report results 
from the prediction model using the untransformed dependent variable.14 As recommended 
(Hastie et al. 2016; Tibshirani 1996), we then applied the coefficients from this model to 
the test data set to evaluate the accuracy of the predictions before ultimately applying the 
model to our plea sample. When applying these coefficients to the plea sample, we used the 
charges at indictment to account for any potential charge bargaining that may have occurred 
between indictment and plea. Finally, after generating predicted trial sentences for our plea 
sample, we calculated the plea discount using Eq. 3, where T̂S represents the predicted trial 
sentence and PS represents the observed plea sentence:

It is important to note that, while each individual in our sample received a trial sentence 
prediction, our results and inferences are concerned with marginal effects rather than indi-
vidual estimates. That is, our predictions are based on the average effect of group mem-
bership across our collection of independent variables. This approach is consistent with 
those of prior efforts to examine the impact of evidence on plea discounts and the esti-
mated probability of conviction at trial (see Bushway & Redlich 2012; Smith 1986; Yan & 
Bushway 2018).

All analyses were conducted in R statistical software (R Core Team 2020). Data parti-
tioning was conducted using the rsample package (Silge et al. 2021) while cross-validation 
and ridge regression models were estimated using the glmnet package (Friedman et  al. 
2010). The R code is available from the authors upon request.

(3)Plea Discount =
T̂S − PS

T̂S
∗ 100

14  For example, an OLS regression estimated using the non-logged dependent variable produced an R2 of 
0.66 while the same model estimated with the logged dependent variable produced an R2 of 0.51. In this 
regard, it is important to reiterate that our dependent variable did not contain any 0 s and was top-coded, 
which reduced skew. Additionally, by including all charges associated with a case in cumulative fashion, 
our dependent variable may have better resembled an additive process.

13  To do this we used the “glmnet.cv” function in the glmnet package (Hastie et al. 2016) in R statistical 
software. This function automatically generates a � sequence between the minimum and maximum � values.
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Table 1   Descriptive statistics for trial sentence predictors

Crime types and classes are not mutually exclusive and do not sum to 1. Standard deviations are not 
reported for proportions.

Trial Conviction (N = 5,671) Guilty Plea (N = 535)

Mean/Proportion SD Mean/Proportion SD

Case characteristics
Sentence length 129.350 146.771 94.778 105.671
Number of charges 2.037 2.554 3.120 2.590
Maximum potential sentence 276.622 214.549 343.761 208.771
Minimum potential sentence 53.438 89.213 59.731 87.271
Murder 0.037 – 0.022 –
Rape 0.021 – 0.017 –
Robbery 0.044 – 0.047 –
Assault 0.149 – 0.092 –
Kidnap and arson 0.030 – 0.017 –
Other sex crime 0.048 – 0.067 –
Other person crime 0.200 – 0.164 –
Property crime 0.308 – 0.428 –
Drug crime 0.277 – 0.359 –
Minor crime 0.169 – 0.286 –
Class 1 or 2 felony 0.052 – 0.034 –
Class 3 felony 0.048 – 0.043 –
Class 4 felony 0.046 – 0.065 –
Class 5 felony 0.274 – 0.426 –
Class 6 felony 0.360 – 0.346 –
Class U felony 0.443 – 0.544 –
Misdemeanor 0.182 – 0.348 –
Mandatory minimum 0.118 – 0.144 –
Criminal history
Prior felony convictions 2.049 4.890 0.884 2.00
Prior misdemeanor convictions 0.495 1.650 0.166 0.727
Prior incarceration sentence 0.366 – 0.236 –
External characteristics
Trial in 2017 0.477 – 0.482 –
Trial in 2018 0.459 – 0.518 –
Trial in 2019 0.064 – – –
Northern 0.035 – 1.000 –
Central 0.364 – – –
Eastern 0.379 – – –
Western 0.046 – – –
Southwest 0.176 – – –
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Results

Descriptive statistics for the full trial conviction and plea samples can be seen in 
Table 1. On average, defendants convicted at trial received an additional 34 months of 
incarceration compared to defendants who pled guilty, however, there were significant 
differences in the characteristics of plea and trial cases. Trial conviction cases were more 
likely to include murder, rape, and assault charges than plea cases (20.7% vs. 13.1%, 
χ2(1) = 17.15, p < 0.001), while plea cases were more likely to include drug charges and 
property crime (78.7% vs. 58.5%, χ2(1) = 82.45, p < 0.001). Plea cases were also more 
likely to include misdemeanors and class 6 felonies than trial cases (69.4% vs. 54.2%, 
χ2(1) = 45.12, p < 0.001), and defendants convicted at trial had more extensive criminal 
records, with over 2.5 prior felony and misdemeanor convictions compared to just over 
1 prior conviction for defendants who pled guilty (t(1281.1) = 11.77, p < 0.001). How-
ever, defendants who pled guilty faced more charges per case (t(6204) = 9.36, p < 0.001) 
and higher maximum potential sentences if convicted at trial (t(6204) = 6.93, p < 0.001). 
Demographic information is not displayed in Table 1 as it was not used as a component 
of our trial sentence predictions (demographic information for the plea sample can be 
seen in Table 3). However, the trial conviction sample was predominately Black (49.1%) 
and male (79.2%); age could not be calculated as date of birth was not provided in these 
data. Lastly, certain jurisdictions and trial years were not applicable to our plea sample. 
The coefficients from these empty factor levels simply dropped out of our trial sentence 
predictions.

As previously discussed, we first estimated our trial prediction model on a training data 
set comprised of a random sample of 70% (n = 3,967) of all trial conviction cases. We then 
tested the accuracy of our predictions on a test data set, which was the remaining 30% 
(n = 1,704) of trial conviction cases. Results from these models can be seen in Table 2. Of 
note here, the addition of the penalty parameter in the ridge regression intentionally intro-
duces bias, and in doing so, the standard errors of the regression coefficients lose meaning. 
As such, inferences regarding statistical significance are often not recommended for ridge 
coefficients (see Fox 2016; Goeman et al. 2018). Furthermore, statistical significance is not 
meaningful for our purposes given that we have no specific hypotheses or interest in the-
ory-building related to the trial sentence predictions. Thus, we report only the coefficients 
themselves and the predictive accuracy of this model.

The coefficients in Table 2 generated predictions that explained over 60% of the total 
variance in the trial sentence lengths for both the training and test data sets, indicating a 
predictive ability comparable to that of prior studies (see Yan and Bushway 2018; Yan 
2020). Additionally, the consistency across both training and test data sets suggests that 
the model is generalizable across samples. In general, defendants facing a larger num-
ber of charges and more severe charges received longer trial sentences. Murder and rape 
charges increased trial sentence predictions by over 65 and 82 months, respectively, while 
class 1 and class 2 felonies increased trial sentences by over 42 months. Prior convictions 
and incarceration sentences also led to increases in sentence lengths, though criminal his-
tory appeared to have a smaller effect than case characteristics (e.g., number of charges 
per case). There was also notable variation across jurisdictions, with cases in the West-
ern region of the state receiving an average 6-month reduction in sentencing, compared 
to cases in the Northern region. While the model reported in Table 2 does not account for 
demographic characteristics, we added race and sex as a robustness check. The R2 values 
for both the training and test data sets increased by less than 0.2%, and the predicted values 
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Table 2   Ridge regression 
coefficients for trial sentence 
predictions (n = 3,967)

Coefficient

Intercept 33.542
Case characteristics
Number of charges 6.259
Maximum potential sentence 0.088
Maximum potential sentence squared 0.0001
Minimum potential sentence 0.231
Minimum potential sentence squared 0.0002
Murder 65.111
Rape 82.750
Robbery 21.759
Assault 2.113
Kidnap and Arson 28.780
Other sex crime 40.738
Other person crime 5.944
Property crime 1.873
Drug crime −3.393
Minor crime −4.289
Class 1 or 2 felony 42.492
Class 3 felony 19.004
Class 4 felony 18.462
Class 5 felony 7.405
Class 6 felony 4.680
Class U felony 14.835
Misdemeanor 2.510
Mandatory minimum 12.615
Criminal history
Prior felony convictions 0.423
Prior misdemeanor convictions 0.323
Prior incarceration sentence 0.776
External characteristics
Central (ref = Northern) 2.297
Eastern (ref = Northern) 1.231
Western (ref = Northern) −6.204
Southwest (ref = Northern) 2.632
Trial in 2018 (ref = 2017) 0.138
Trial in 2019 (ref = 2017) −1.669
Lambda (λ) 142.040
R2 (training data) 0.625
RMSE (training data) 93.069
R2 (test data) 0.602
RMSE (test data) 94.209
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with and without these demographic factors were highly correlated on both the training and 
test data sets (r = 0.999 for both). Thus, it does not appear as though the omission of demo-
graphic characteristics significantly impacted the accuracy of our trial sentence predictions.

Taking the coefficients from Table  2, we then estimated the counterfactual trial sen-
tences and resulting plea discounts for our target sample using the charges at indictment 
(see Fig. 1). For the full sample, the observed plea sentence was 64.2% of the predicted 
trial sentence, suggesting an average discount of approximately 36%. This mirrors the 
results at the individual level as well, where the mean discount across defendants was 
36.5% (Table 3). However, like prior studies we find a large degree of variance in the size 
of the plea discount across defendants, with discounts ranging from a 99% reduction in the 
plea sentence relative to the expected trial sentence to a 165% increase in the plea sentence 
relative to the expected trial sentence. This suggests that some defendants are receiving 
considerably longer plea sentences than would be expected at trial. In fact, we find that 
nearly 18% of defendants received a plea sentence that was higher than their expected trial 
sentence (for a similar estimate see Bushway and Redlich 2012).

Given the presence of significant variation in these discount estimates (Fig. 1), our pri-
mary interest becomes exploring the sources of this variation. Table 3 reports the distribu-
tion of the evidentiary and extra-legal variables used as predictors of the plea discount. On 
average, these cases contained around two distinct forms of evidence, with the vast major-
ity containing some form of witness evidence. Confession evidence was also common, 
occurring in nearly 50% of all cases, while both video/photo/audio evidence and forensic/
medical evidence occurred in less than a quarter of all cases. Defendants in this sample 
were predominately male and in their early 30s. Black was the modal racial category, fol-
lowed by White and Hispanic.

Table 4 reports the results from a series of OLS regressions examining the impact of 
evidence on the size of the estimated plea discount. In Model 1, we regress the discount 
on each individual form of evidence. The intercept for this model indicates that defendants 
who had none of the measured forms of evidence against them received nearly a 50% plea 
discount. However, we find that only the presence of direct video/photo/audio evidence sig-
nificantly impacts this discount, leading to a 9.3% decrease in the size of the discount when 
controlling for other evidentiary factors. The presence of witness evidence also reduced our 
estimated plea discounts by approximately 13%, however, this effect was only present at a 
less stringent 0.10 significance threshold.

Fig. 1   Plea discount distribution
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In Model 2 we introduce a continuous measurement of the number of different forms 
of evidence contained in each case. This variable could not be added to Model 1 as it is 
simply an additive product of each individual form of evidence, and thus is perfectly col-
linear with these measures. However, we do introduce this variable alongside video/photo/
audio evidence, given that this was the only individually significant form of evidence found 
in Model 1. As such, Model 2 tests whether the number of pieces of evidence impact plea 
discounts above and beyond the effect of video/photo/audio evidence alone. Results indi-
cate that each additional form of evidence leads to a statistically significant 7% decrease 
in the size of the plea discount. The presence of video/photo/audio evidence is no longer 
significant in this model, suggesting that the cumulative effect of evidence may be a more 
important determinant of the plea discount than any single piece of evidence in isolation.15

Model 3 introduces extra-legal demographic variables. The number of pieces of evi-
dence in each case continues to demonstrate a significant relationship with plea discounts. 
However, even after controlling for this effect, Hispanic defendants and male defendants 
received significantly smaller plea discounts than other demographic groups. Specifically, 

Table 3   Plea discount and predictor variables for plea sample (N = 535)

There were 52 (9.7%) cases where an evidence summary was not presented. Thus, there are only 483 with 
valid evidentiary variables.

Mean/proportion SD Min Max

Discount
Observed plea sentence 94.778 105.671 1 600
Predicted trial sentence 147.534 89.670 48.775 609.484
Plea discount 0.365 0.443  − 1.648 0.988
Evidence
N of evidence 1.725 0.726 0 4
Witness 0.930 – 0 1
Confession 0.497 – 0 1
Forensic/medical 0.062 – 0 1
Video/photo/audio 0.236 – 0 1
Extra-legal
White 0.374 – 0 1
Black 0.415 – 0 1
Hispanic 0.172 – 0 1
Other 0.039 – 0 1
Male 0.796 – 0 1
Age 32.073 11.533 15 80

15  Note that we also tested the number of pieces of evidence as a categorical variable using 0 pieces of 
evidence as the reference category. Results support the idea that this relationship resembled a linear one. 
Here, one piece of evidence decreased plea discounts by 28% (p = 0.05), two pieces of evidence decreased 
plea discounts by 29% (p = 0.04), three pieces of evidence decreased plea discounts by 42% (p < 0.01), and 
four pieces of evidence decreased plea discounts by 62% (p = 0.02), controlling for the presence of video/
photo/audio evidence. However, operationalizing this measure as a categorical variable did not significantly 
improve model fit (F(2, 477) = 1.71, p = 0.18).
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Hispanic defendants’ average plea discount is 20% smaller than White defendants, and 
male defendants’ average plea discount is 12% smaller than female defendants.

Given these findings and the recommendations of focal concerns theorists to examine 
specific demographic subgroupings (see Steffensmeier et al. 1998), we added an interac-
tion term for race/ethnicity and sex to Model 4. The addition of the interaction term neces-
sitates that the main effects for race/ethnicity and sex be ignored in this model, and our 
results indicated a significant interaction between the two, with Hispanic males receiving 
an additional 37% decrease in the size of their plea discounts beyond the effect of being 
male or Hispanic alone. Using the intercept of Model 4 as a reference point, White males 
of average age and with an average amount of evidence against them received a mean plea 
discount of roughly 36.6%. In comparison, Black males received a mean discount of 32.8% 
and Hispanic males received a mean discount of only 11%. The effect of evidence also 
remained significant in Model 4, with a one-unit increase in the amount of evidence lead-
ing to an average 6% decrease in plea discounts, though no other main or interaction effects 
were found across our other independent variables.

Model 5 replicates Model 4, but controls for each individual piece of evidence rather 
than the total number of pieces of evidence in each case. Results are substantively simi-
lar, indicating a significant interaction between being Hispanic and male, however, no 
individual piece of evidence achieves statistical significance in this model. Lastly, we 
tested interaction terms between race/ethnicity and the number of pieces of evidence, 
as well as between race/ethnicity, sex, and age (not shown). Results for both tests were 
nonsignificant.16

The relationship between evidence, race, sex, and plea discount can be further seen 
in Fig. 2. For both males and females of all racial categories, increases in the number of 
pieces of evidence lead to decreasing plea discounts. However, plea discounts also appear 
to be smaller for males than for females across all evidentiary and racial categories. Addi-
tionally, there is a clear and significant difference between the average predicted discount 
for Hispanic males and females. While Hispanic males receive the smallest plea discount 
across all levels of evidence, Hispanic females appear to receive the largest plea discount 
across all levels evidence.17 Hispanic males with 3–4 pieces of evidence against them were 
predicted to receive plea discounts of approximately 0%. In comparison, no other combina-
tions of race/ethnicity and sex were predicted to receive plea discounts less than approxi-
mately 10%, regardless of the number of pieces of evidence against them.

Thus, our findings suggest significant impacts of both evidence and extra-legal factors 
on plea discounts, however, this does not indicate which factors are producing the largest 
effect. To compare the magnitude of these effects, we calculated standardized effect sizes 
for the number of pieces of evidence, the main effects of race/ethnicity and sex, and the 
interaction between race/ethnicity and sex. Given that both the number of pieces of evi-
dence and the plea discount are continuous measures, correlation coefficients were used as 
measures of effect size to allow for comparison of evidence with race/ethnicity and sex (see 
Lipsey and Wilson 2001). Results indicated that the being Hispanic and male produced the 

16  We had a limited sample with which to examine age. For example, 75% of White defendants, 75% of 
Black defendants, and 81% of Hispanic defendants were between the age of 18–39. Few defendants were in 
age groups where significantly decreasing punishment might be expected. Thus, our comparisons are pre-
dominately between young males in each racial category.
17  Note that only 12 Hispanic female defendants are represented in this sample, however.
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largest effect (r = − 0.271, 95% CI [− 0.400, − 143]), followed by the main effect of being 
Hispanic alone (r =  − 0.228, 95% CI [− 0.344, − 0.113]), the number of pieces of evidence 
(r = − 0.130, 95% CI [− 0.218, − 0.042]), and finally the main effect of being male alone 
(r = − 0.127, 95% CI [− 0.215, − 0.040]).18

Sensitivity Analyses

We conducted several sensitivity analyses on our main findings (see Supplementary Mate-
rials). First, given the small sample sizes available for our interaction effects (e.g., 12 His-
panic female defendants), we re-estimated these models using a log transformation for 
the dependent variable. This required us to flip the distribution such that all values were 
positive, and to do so we simply divided the plea sentence by the expected trial sentence, 
which produced a distribution that was perfectly and negatively correlated with our dis-
count measure. When this measure was log transformed, results were substantively similar 
to those of Model 4, indicating a statistically significant interaction effect between race/
ethnicity and sex (b = 0.66, p = 0.02). The coefficient for this model is positive because 
the outcome distribution has been flipped, but the results still correspond to a significant 
decrease in the average plea discount for Hispanic male defendants.

Second, we re-introduced variables related to criminal history and charge severity into 
our main plea discount models to determine whether these factors may have confounded 

Fig. 2   Predicted discount by evidence, race, and sex

18  The effect size for the number of pieces of evidence here represents a linear effect. If this effect size is 
calculated comparing defendants with four pieces of evidence to those with none, it becomes the largest 
effect (r = −.60, 95% CI [ −0.95,  −0.26]). However, there are very few defendants with either zero or four 
pieces of evidence. A more realistic comparison of defendants with three pieces of evidence to those with 
one suggests an effect size of r = −0.15, 95% CI [ −0.27, −0.02], which remains smaller than both the inter-
action effect for being Hispanic and male, as well as the main effect for Hispanic alone.
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our observed effects. Our results remained unchanged, with significant main effects for the 
number of pieces of evidence, race/ethnicity, sex, and the interaction between race/ethnic-
ity and sex. We urge caution in interpreting these results, however, as the variables related 
to criminal history and charge severity in these models were inevitably included in both the 
dependent and independent variables. Nonetheless, these results provide some indication 
that our findings may be robust to the inclusion of multiple theoretically salient variables.

Finally, because modeling all charges contained within each case produces numerous 
combinations of charges which may be nonequally constructed across plea and trial cases, 
we repeated our analyses using only a top charge per case. Here, we defined the top charge 
as the charge with the longest minimum potential sentence. We chose the minimum poten-
tial sentence as there is no clear hierarchy of severity by crime type or charge class in Vir-
ginia (e.g., assault charges can range from misdemeanors to class 2 felonies, class U felonies 
can be both more and less severe than other classes of felonies, etc.). Limiting our mod-
els to a single charge resulted in a loss of explanatory power for both training (R2 = 0.49, 
RMSE = 73.5) and test (R2 = 0.49, RMSE = 70.00) data sets, and the average plea discount 
decreased to approximately 14% (down from 36.5%). However, under this specification 
there remained a significant interaction between race/ethnicity and sex (b = -0.42, p = 0.048). 
The effect of evidence, while similar in magnitude (b = -0.046), was no longer statistically 
significant. There was also a notable outlier in this distribution, with one defendant receiv-
ing a plea sentence nearly five time larger than their predicted trial sentence. When omitting 
this outlier, the number of pieces of evidence per case was a significant predictor of plea dis-
count estimates (b = − 0.07, p = 0.03), as was being Hispanic (b = − 0.19, p = 0.01) and male 
(b = − 0.17, p = 0.01), but the interaction between race/ethnicity and sex was only marginally 
significant (b = − 0.35, p = 0.08). Thus, this alternative specification produced substantively 
similar results to that of our main approach, leading to similar overall conclusions.

Discussion

Rational theories of plea decision-making, such as the shadow of the trial model, posit 
that evidence strength and the resulting probability of conviction at trial should directly 
determine the size of the discount necessary to induce a guilty plea (Bibas 2004; Bush-
way and Redlich 2012). However, research on this effect has been limited and inconsist-
ent (Bushway and Redlich 2012; Smith 1986), calling into question the validity of this 
theory. If evidence strength is not a primary driver of the plea discount, then it remains 
possible that, like other sentencing outcomes, plea discounts are influenced by focal 
concerns related to factors such as race, sex, and age (see Ulmer and Bradley 2010; 
see also Steffensmeier et al. 1998). The current study explored these issues by directly 
testing the impact of both evidence strength and extra-legal factors on plea discount 
estimates. Our results suggest that both factors impact the size of plea discounts, but 
that demographic characteristics, and particularly the interaction between these charac-
teristics, may produce the largest effects. These findings have important theoretical and 
policy implications and raise questions about rational theories of plea decision-making.

Compared to prior efforts of this kind (see Bushway and Redlich 2012; Yan and 
Bushway 2018), our results are more suggestive of a relationship between evidence 
strength and plea discount magnitude. We find that increases in the amount of evidence 
associated with a case are associated with significant decreases in the size of the esti-
mated plea discount. However, we also find that this effect appears to be more about 
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evidence quantity than any specific form of evidence in isolation. Prior research has 
suggested that direct evidence such as confessions or eyewitness testimony is often over-
valued by legal decision-makers (Devine et al. 2001; Heller 2006; Kassin and Neumann 
1997; Niedermeier et al. 1999; Wells 1992). Given these findings, we hypothesized that 
our measures of direct evidence (confession, witness, and video/photo/audio) would sig-
nificantly reduce plea discount magnitude. This hypothesis was only partially supported, 
however, as the presence of video/photo/audio evidence was the only individual form of 
evidence to significantly impact plea discounts. Additionally, when controlling for the 
number of pieces of evidence associated with each case, the influence of video/photo/
audio evidence was no longer significant. Thus, whereas direct evidence, such as con-
fession and eyewitness testimony, has been found to strongly impact trial verdicts (e.g., 
Devine et al. 2009; Kassin 2012) and to a lesser degree, plea discounts in a hypothetical 
case (Bushway et al. 2014; Redlich et al. 2016), we did not find such relationships here.

We also hypothesized that the total amount of evidence in each case would exert a 
larger impact on plea discounts than any individual piece of evidence alone. That is, the 
totality of the evidence facing a defendant may be a better proxy for evidence strength 
than any single form of evidence alone. Moreover, multiple forms of evidence may 
increase legal actors’ confidence in a case, providing additional room for error should 
any individual piece of evidence fall through. Our results supported this hypothesis, as 
the number of different forms of evidence contained in each case remained the only 
evidentiary variable to demonstrate significant effects across all model specifications. 
However, we still expected to see significant variation in the impact of specific forms of 
evidence, and it is unclear why this was not the case. It is possible, perhaps, that salient 
individual pieces of evidence (i.e., direct evidence) are more important considerations 
at trial than they are during plea negotiations. If so, this would stand against the notion 
that plea decisions are made in the shadow of the trial.

Perhaps our most important finding concerns the discrepancy in the size of the observed 
effects for evidentiary variables and demographic characteristics. Bushway and Redlich 
(2012) suggested that “if plea arrangements are not conducted in the “shadow of a trial”, we 
would expect to see factors other than those related to evidence to be influential” (p. 443). 
Specifically, focal concerns theory suggests that extra-legal factors such as race, sex, and 
age may impact plea discounts through their effect on the way that defendants are perceived 
(i.e., young minority males may be considered more dangerous and blameworthy, and thus 
less deserving of a plea discount; Ulmer et al. 2010; see also Kutateladze et al. 2015; Stef-
fensmeier et al. 1998). It is possible that legal actors in our sample resorted to “perceptual 
shorthand” (Steffensmeier et al. 1998, p. 767) when presented with incomplete information 
about a defendant’s level of dangerousness or blameworthiness, and that this may have led to 
improper considerations of race/ethnicity and sex during plea and sentencing decisions. Our 
findings provide preliminary support for these claims, indicating that Hispanics, males, and 
particularly the interaction between the two, were associated with significantly smaller plea 
discounts (i.e., less lenient plea offers) than White and/or female defendants. Moreover, this 
effect remained significant even after controlling for the amount of evidence in each case.

It is not clear why this effect was so concentrated within Hispanic defendants as opposed 
to other minorities. While all racial categories were associated with smaller plea discount 
estimates than White defendants, only the effect of being Hispanic was statistically signifi-
cant. It is worth noting that these data come from a jurisdiction where about one-quarter of 
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the population is Hispanic, and it remains possible that there is a unique locational element 
responsible for this discrepancy. However, as of 2018 the Hispanic population across Vir-
ginia jurisdictions ranged from 0.7% to 40.1% (University of Virginia 2018). Thus, while 
our target jurisdiction has a larger Hispanic population than many others, it is not an anom-
aly within the larger context of the jurisdictions included in our prediction model.

Recent work has also found strong relationships between disparate court outcomes and 
ethnic distinctions (Omori and Petersen 2020; Smith et al. 2021). In Miami-Dade County 
(FL), Omori and Petersen (2020) reported that Black Latinos were disproportionately given 
pre-trial detention, convicted, and sentenced to incarceration, and that this disparity was 
greatest when comparing White non-Latinos to Black Latinos. Omori and Petersen argue 
for the importance of examining both racial and ethnic distinctions in research on court out-
comes, and while we are not able to separate our demographic characteristics in this way, it 
is possible that our results are a combination of both racial and ethnic effects. An alternative 
explanation is that Hispanic defendants are more likely to lack U.S. citizenship, and that citi-
zenship status exerts a strong impact on sentencing disparities (see Light 2014; Light et al. 
2014). Indeed, a 2010 Supreme Court decision, Padilla v. Kentucky, mandated that non-US 
citizens must be made aware of the risk of deportation when pleading guilty. This would be 
a plausible explanation for our findings, but one that we could not directly test.

The larger question to be asked concerns the implications of our findings for plea bar-
gaining theory and criminal justice inequality. On a cursory level, our study may indicate 
that there is merit to both rational theories of plea decision-making (i.e., the “shadow of 
the trial” model) and theories that consider subjectivity and potential bias in these pro-
cesses (i.e., focal concerns). In either case, our results suggest that plea discounts are not 
solely (or even primarily) related to the convictability of a case. Instead, our findings paint 
a more complicated picture, stressing the importance of the way that defendants are per-
ceived by legal actors. If these perceptions are based on characteristics that should have no 
legal bearing, then plea discounts are not simply the product of legal considerations.

However, the concept of convictability may also involve more than just evidence 
strength or legal considerations alone. For instance, in an ethnographic study conducted 
from within a district attorney’s office, Frohmann (1997) found that prosecutors often con-
sidered non-legal characteristics such as race and sex when determining the convictabil-
ity of a case. That is, prosecutors envisioned the way that each case might be perceived 
by a hypothetical jury when deciding whether to pursue charges, and these projections 
accounted for extra-legal characteristics of the victim and defendant. Thus, whereas extra-
legal factors in theory should not influence convictions (either by trial or plea), they none-
theless do, a fact that most experienced prosecutors are likely aware. In this way, it may 
be that evidence, race, and sex all become components of convictability assessments and 
the perceived strength of the case. Prosecutors in our sample may have been more confi-
dent that they could secure a trial conviction against defendants who were Hispanic and 
male, net of any significant differences in evidence strength. If so, these decisions would 
undoubtedly be based on stereotypes, and could result in systematic biases against certain 
groups of defendants, but the proposition that plea discounts relate to case convictability 
might still hold true. It may simply be that the strength of the case, as perceived by legal 
actors, involves much more than objective evidence alone.
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Limitations and Conclusions

Several important limitations of this study deserve mention. First, as with any effort to 
generate predictions for an outcome that did not occur in reality, our approach inevitably 
assumes that a valid trial sentence prediction can be derived for defendants who plead 
guilty (for similar discussions see Bushway and Redlich 2012; Bushway et al. 2014; Yan 
and Bushway 2018). While we took significant measures to control for an array of defend-
ant, case, and external characteristics, our results did suggest significant differences in case 
characteristics between defendants who went to trial and those that pled guilty. Addition-
ally, our prediction model did not include several variables that may be important deter-
minants of trial sentence length, such as the type of defense counsel, the relationship 
between the offender and victim, and whether the defendant was detained prior to trial (see 
LaFree 1985; Smith 1986). While these limitations may be unavoidable using a counter-
factual approach, we note that our model still performed very well across both training and 
test data sets. Thus, to the degree that this assumption is valid, our model appeared well 
equipped to generate true-to-life trial sentence predictions.

Our trial sentence predictions were also generated using statewide data, but then 
applied to only one jurisdiction within the state. This presents concern over the poten-
tial that specific factors related to sentencing decisions in our target jurisdiction were 
improperly accounted for. While we added fixed effects to our model to adjust for sen-
tencing differences between geographic regions of the state, we were unable to add terms 
specific to each individual jurisdiction. Additionally, this approach assumes that the 
coefficients for our independent variables are constant across geographic regions (i.e., 
that there are no interactions between geographic region/jurisdiction and other predictor 
variables). Nonetheless, the use of statewide data was necessary to provide an adequate 
number of cases to accurately generate trial sentence predictions and cross-validate those 
predictions. The use of fixed effects to account for variance attributable to macro-level 
geographic units is also similar to prior efforts of this kind (Bushway & Redlich 2012; 
Smith 1986), and our geographic regions largely fall along political and cultural lines 
that may be particularly salient for sentencing severity (see Ulmer et al. 2008).

Second, our measures of evidence were limited to those that were proffered by prosecu-
tors during plea hearings. While this approach is unique, it is possible that we were lacking 
important evidentiary variables, or that there was additional evidence that was not proffered. 
On a related note, we did not have several evidentiary measures that have been common in 
prior studies, such as the number of witnesses in each case (Bushway and Redlich 2012; 
Smith 1986), or whether a weapon was used or recovered (LaFree 1985; Kutateladze et al. 
2015). Measuring the number of pieces of evidence in additive fashion may also be overly 
simplistic. No differential weights were given to specific pieces of evidence, and we were 
unable to account for evidence quality. Nonetheless, coding evidence as proffered during 
plea hearings is a unique approach to this research that allowed us to create novel eviden-
tiary variables, such as video/audio/photo evidence and forensic or medical evidence.

Another important limitation is the potential for unobserved characteristics to confound 
the effects of race and sex on plea discount magnitude (see Sensitivity analyses section). 
Given that elements related to a defendant’s criminal history and current case characteris-
tics were used to generate trial sentence predictions, they could not be confidently added as 
predictors of plea discount estimates. This creates the possibility that Hispanic defendants 
and/or males were also associated with longer criminal histories, more severe charges, or 
other characteristics that could have impacted discount estimates. While we explored this 
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potential in our sensitivity analyses and did not find any evidence to suggest that crimi-
nal history or charge severity confounded our findings, these models should be interpreted 
with caution given the inclusion of the same variables in both the dependent and independ-
ent variables. Additionally, the factors included in our sensitivity analyses are only a small 
selection of those that could potentially impact plea discounts, and there is an ever-present 
possibility for unmeasured characteristics to confound our observed relationships.

Lastly, the size of our plea-bargaining sample was sufficiently large for aggregate tests, but 
there were small sample sizes for certain combinations of demographic characteristics. As 
such, it remains possible that our observed interaction effects were at least partly influenced 
by this small number of observations. Once again, sensitivity analyses using the natural log of 
the plea discount estimates returned substantively similar results, suggesting that these findings 
were robust. However, limited samples of demographic subgroups may still be nonrepresenta-
tive of the population of these subgroups more broadly. Relatedly, our plea-bargaining sample 
was drawn from a single mid-sized jurisdiction in Virginia. It is not clear whether these results 
would generalize to other jurisdictions in Virginia, or other states in general.

Despite these limitations, this study provides an important contribution to the literature 
on guilty pleas. Our results suggest that plea discounts are influenced by case evidence 
to a limited degree, but that the influence of non-legal characteristics is both large and 
robust. In other words, evidence strength does not appear to be the primary driver of the 
plea discount. It is not clear what mechanisms lead to these outcomes, but theories such 
as the “shadow of the trial” and focal concerns provide important insight. It could be that 
legal participants act on both rational considerations, such as the likelihood of conviction at 
trial based on the strength of the evidence, and biased considerations, such as the perceived 
dangerousness of a defendant based on their race/ethnicity and sex. Alternatively, it could 
be that each of these considerations become components of the perceived convictability of 
a case (see generally Albonetti 1987; Frohmann 1997). More research is certainly needed, 
but given how fundamental the plea discount is to current criminal justice practice, it is 
important to start questioning just who this discount is really for.
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