This document is copyrighted by the American Psychological Association or one of its allied publishers.

This article is intended solely for the

personal use of the individual user and is not to be disseminated broadly.

- AMERICAN
&= F5YCHOLOGICAL

/! ' Amerncan
v Psychology-Law

— <9 Socicty Law and Human Behavior
© 2021 A gical A 2021, Vol. 45, No. 4, 271-286

IS5N: 0147-7307

Psyct

hitps:/fdoi.org/10.1037/1hb0000450

Guilt Status Influences Plea Outcomes Beyond the Shadow-of-the-Trial in

an Interactive Simulation of Legal Procedures

Miko M. Wilford', Kelly T. Sutherland’, Joseph E. Gonzales', and Misha Rabinovich?

' Department of Psychology, University of Massachusetts Lowell
% Art and Design Department, University of Massachusetts Lowell

OPEN DATA

Objective: More than 95% of criminal convictions in the United States are secured by guilty pleas. Our cur-
rent understanding of the “deals” that lead so many to plead guilty is often tied to the shadow-of-the-trial
(SoT) model, which posits that plea outcomes rely solely on the penalty discrepancy they offer (represented
as: [trial conviction probability X trial sentence] — plea sentence). This study compared the power of the
SoT model to predict plea outcomes with two expanded models. Hypotheses: We hypothesized that the
SoT model’s power to predict whether defendants will accept a plea offer could be improved by expanding
the model. The first expanded model added a main effect of guilt status, presuming that regardless of pen-
alty discrepancy, the guilty will be more likely to accept plea offers than the innocent. The second
expanded model added an interactive effect of guilt status with penalty discrepancy: although greater dis-
crepancies would increase both true and false guilty pleas, the magnitude of the effect would be greater
among the innocent. Method: We recruited student (N = 596, 45.8% female, M = 19.9 years old) and non-
student (N = 525, 45.1% female, M = 30.9 years old) adult samples to participate in a 2 (guilt status: inno-
cent or guilty) > 3 (conviction probability: 20%, 50%, or 80%) * 3 (plea discount: 6, 12, or 18 months)
mixed design. All participants experienced two crime scenarios in a counterbalanced order. We randomized
the manipulated variables for each scenario such that each participant was administered two of eighteen
potential conditions. Resulfs: As hypothesized, the predictive power of the SoT model was significantly
improved by expanding it to include guilt status—guilty participant-defendants were consistently more
likely to accept the plea offer than innocent participant-defendants. However, an interactive effect of guilt
status with penalty discrepancy did not significantly improve the power of the SoT model to predict plea
outcomes. Conclusions: The power of the SoT model could be significantly improved by incorporating
guilt status as a predictor. Although there are many times at which guilt status is unknown, the acknowledg-
ment of a separate effect of guilt status has important policy implications for the plea process.

Public Significance Statement

The dominant model of plea decision-making has posited that guilty pleas occur “in the shadow-of-the-
trial,” rendering actual guilt status largely irrelevant. The current research demonstrates that guilt status
does meaningfully impact plea decisions. Future research can now focus on ways of capitalizing upon
the differences between the innocent and guilty to reform the system of pleas in a way that preserves a
high true guilty plea rate while better insulating the innocent from the pressure to plead guilty falsely.
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[Clriminal justice today is for the most part a system of pleas, not a
system of trials. (Lafler v. Cooper, 2012)

Every U.S. citizen is afforded a number of unique rights. Many of
these rights: the right to a jury of our peers, the right to confront our
accusers, the right to present our own witnesses, ultimately, the right
to a speedy and public trial, are never invoked by the Iuckiest of us—
those who avoid the scrutiny of the justice system. In fact, even those
who fall under the suspicion of legal actors rarely exercise these
rights. Instead, today’s accused typically forgo their right to a trial,
and all rights therein, by entering a guilty plea. Prior to the 1980s,
approximately 80% of federal cases were adjudicated by guilty plea
(Oppel, 2011). Now, as the majority observed in Lafier v. Cooper,
the prevalence of guilty pleas has reached an unprecedented propor-
tion of 95% or higher. Clearly, pleas are an established trend, and
understanding their impact is of critical importance.

False Guilty Pleas

It is no secret that the U.S. justice system is overburdened. Many
jurisdictions are confronted with a dilemma in which they must bal-
ance each defendant’s right to a public trial with their right 0 a
speedy trial. Although the paucity of defendants afforded all of their
constitutional rights is troubling, holding defendants in prison for
years while they await their day in court is also problematic. And,
pleas unquestionably increase judicial efficiency. Consequently, it is
not the increase in pleas, but the increase in false guilty pleas—cases
in which a now known-to-be-innocent defendant pled guilty—that is
worrying. The National Registry of Exonerations (2015) has logged a
record-breaking number of false guilty pleas for several years. The
grsowing number of documented false guilty pleas is especially trou-
bling in light of the difficulty defendants face when challenging plea
convictions (e.g.. limited avenues for appeal, restricted mechanisms
to overturn conviction or be granted legal assistance, eic.; Fisher,
2000; Redlich, 2010; Wilford & Khairalla, 2019).

The Shadow-of-the-Trial

Why would an innocent person plead guilty? According to the
dominant model of plea decision-making—the shadow-of-the-trial
(SoT) model (Landes, 1971), innocent, as well as guilty defendants
will accept plea offers as a function of the penalty discrepancy (PD):

P(Plea; = Accept)

log. 1 — P(Plea; = Accept)

= By XPD; +5 (D

Penalty discrepancy (see below) is the difference between the sen-
tence offered in exchange for a guilty plea and the product of the
trial conviction probability by the sentence if convicted at trial—in
other words, penalty discrepancy represents the difference between
the expected cost of trial versus the known cost of a guilty plea
(Bushway & Redlich, 2012; Bushway et al., 2014):

PD = (Trial Conviction Probability X Trial Sentence)

— Plea Sentence (2)

For instance, the SoT would posit that if a defendant’s conviction
probability at trial was 50% with an expected 24-month trial sentence,
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and the plea offer provided a six-month sentence discount (i.e., an
18-month plea sentence), the defendant should consider the plea
more costly than trial (Penalty Discrepancy = [.50 X 24] — 18 =—6);
thus, they should reject the plea offer and take the case to trial. If, on
the other hand, a prosecutor teally wanted to secure a guilty plea (and
avoid trial), the deal could be easily modified to that end; the defend-
ant could be offered a discount of 18 months (i.e., a six-month plea
sentence), making the penalty discrepancy favor pleading guilty (Pen-
alty Discrepancy = [.50 X 24] — 6 = 6). As long as the plea sentence
is less than the expected trial sentence, the SoT predicts that defend-
ants will accept the plea—regardless of guilt status. Although it is
safe to assume that innocent defendants will typically face weaker
cases (and lower conviction probabilities) than guilty defendants
(Easterbrook, 1992; Gazal-Ayal, 2006), it is also important to
acknowledge that many innocent defendants have faced strong cases
(and been convicted). In these cases, the SoT indicates that there is
no way to protect the innocent from pleading guilty—however, we
posit that an extended SoT model could highlight plea offers that
would continue to attract true guilty pleas without necessarily attract-
ing false guilty pleas.

Historically, the SoT model has been used to explain variations in
the sentence discounts offered during plea negotiations (Redlich et
al., 2017; Wilford et al., 2019). But, scholars have applied it as both
an explanatory model (accounting for variations in discounts) as well
as a predictive model (determining when defendants are, or are not,
likely to accept a plea offer). As a normative model of decision-mak-
ing, we argue that the SoT model excludes important predictive varia-
bles. Specifically, the most robust and reliable finding in plea
research is that innocent participant-defendants are significantly less
likely to accept a plea offer than guilty participant-defendants, regard-
less of conviction probability and plea discount (Dervan & Edkins,
2013; Redlich & Shteynberg, 2016; Wilford et al., 2020).

The issues with the SoT model are similar to those of several other
normative models (e.g., expected utility theory) that have been scruti-
nized by the burgeoning field of behavioral economics (Kahneman,
2011; Thaler, 2015; Wilson, 2019). Essentially, it seems that there are
a number of variables that can have a systematic effect on human deci-
sion outcomes, and yet, are omitted from normative models (e.g., ref-
erence points). If all defendants were rational (as the SoT model
posits), the expected penalty discrepancy between the plea and the trial
(taking the conviction probability at trial into account) would be the
only systematically-relevant factor in plea decisions. Yet, research has
indicated that innocent defendants are less likely to accept plea offers
than guilty defendants, regardless of the penalty discrepancy. Thus, it
1s possible that case variables, such as the plea discount, could impact
defendants differently (Bibas, 2004). This could occur because inno-
cent defendants are generally less willing to plead guilty, and/or inno-
cent participants frame the consequences of pleading guilty (vs. going
to trial) differently than guilty defendants (Garnier-Dykstra & Wilson,
2021; Redlich et al., 2017). For instance, on average, guilty people
might be generally willing to accept pleas that offer sentencing dis-
counts of at least 20%, whereas innocent people might only be willing
to accept pleas that offer sentencing discounts of at least 50%. In this
hypothetical, if prosecutors offered discounts of 30%, they would
secure a high proportion of pleas from the guilty, and avoid false
guilty pleas from the innocent; if, instead, prosecutors offered dis-
counts of 50%, they would secure a very high proportion of pleas
from the guilty as well as the innocent (Bordens, 1984). Yet, the cur-
rent system does little to rein in the discounts that prosecutors can
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offer defendants, and acceptance of the SoT model would lead one to
assume that such reform would have little impact on protecting the
innocent anyway.

The Current Research

Thus, we propose that the SoT model be expanded to reflect effects
of guilt status on plea outcomes. This expanded model, if accurate,
could highlight the disproportionate impact that certain variables (e.g.,
the plea discount) can have on plea decision-making among the inno-
cent, relative to the guilty, thereby underscoring the importance of regu-
lating the allowable magnitude of plea discounts. The current research
employed a novel plea-simulation program to test the predictive power
of the shadow-of-the wial (SoT) model against expanded versions,
which included guilt status as a predictive variable (for a demo version
of the current experiment, go to: https://demo.pleajustice.org/). Although
the SoT model has been tested, several tests have relied on real case
data (not experimental data), which means they could not test whether
guilt status interacted with conviction probability and/or plea discount to
moderate plea outcomes (Abrams, 2011; Bushway & Redlich, 2012).
Other research that has examined the impact of SoT-relevant factors on
plea outcomes has either not focused on testing the predictive validity
of the model (Bordens, 1984; Helm & Reyna, 2017; Tor et al., 2010) or
focused on legal actors other than the defendant (Bushway et al., 2014,
McAllister & Bregman, 1986). Further, although the impact of guilt sta-
tus has been significant in several experimental studies, its predictive
value within a decision-making model has not been tested. Thus, it
remains possible that the magnitmde of guilt status’ effect is too small to
justify expanding the currently parsimonious SoT model.

This expanded SoT model also differs from current plea decision-
making theories. The trial penalty model posits that plea negotiations
are driven by a singular workgroup (consisting of legal actors) whose
primary interest is judicial efficiency (McCoy, 20035; Redlich et al.,
2017; Wilford et al., 2019). Because this model focuses primarily on
the decisions of the workgroup, it does not distinguish between inno-
cent and guilty defendants—all defendants are “punished” for going to
trial. Fuzzy-trace theory has been applied to defendants’ decision-mak-
ing but focuses on individual differences (e.g., age, personality traits)
that would lend them to engage in more verbatim versus gist-based
processing (Helm & Reyna, 2017; Helm et al., 2018). Consequently,
there is no predictive effect of guilt status in this model per se; rather,
the way in which guilt status is weighed will differ by the type of proc-
essing the defendant engages (Helm & Reyna, 2017). Thus, this pro-
posed expansion of the SoT model would provide a novel theory with
which to examine defendants’ plea decision-making.

Hypotheses

We hypothesized that the traditional SoT model’s power to predict
whether defendants will accept or reject a plea offer would be signifi-
cantly improved by the incorporation of guilt status. Specifically, we
expected guilt status to affect plea decisions in two ways: (a) partici-
pant-defendant guilt status would significantly impact participants’
likelihood of accepting a plea offer (i.e., regardless of plea discrepancy
—guilty participants would be more likely to accept a plea offer), and
(b) participant-defendant guilt status would moderate the effect of pen-
alty discrepancy such that the discrepancy would elicit a stronger
effect on innocent (vs. guilty) participants’ plea decisions (see Bor-
dens, 1984; Wilford et al., 2020). Thus, we tested the predictive accu-
racy of the SoT model with two expanded models.

Method

Participants

Six hundred thirty-five undergraduate students enrolled in introduc-
tory psychology courses at a large American Northeastern university
participated in this experiment in exchange for two course research cred-
its. Three hundred three of them completed the study in-person, and
332 of them completed the study online. We also recruited 600 nonstu-
dent, community participants from Prolific Academic who received
$5.00 for the ~35-minute study. Prolific Academic offers access to
more than 70,000 participants worldwide. They boast a higher level of
quality control than competing services (e.g., Mechanical Turk), adver-
tising “sophisticated checks” designed to filter out bots, as well as inat-
tentive human participants. Research has also supported Prolific
Academic’s claims, finding that Prolific Academic participants produce
high quality data, and that these participants might be relatively more
naive than participants on Mechanical Turk (Peer et al., 2017).

All participants had to be eighteen years of age or older. Further,
community participants had to identify as U.S. residents. Student partici-
pants had to pass one attention check to avoid their participation being
terminated early (i.e., prior to the start of the simulation). In-person stu-
dent participants who failed the attention check received one credit for
attending the study. Community participants had to accurately respond
to two of three attention checks to be compensated for the study (and
for their data to be considered valid). We added additional attention
checks for the community participants because Prolific Academic dis-
courages evaluating participants based on one attention check; rather,
they ask researchers to include multiple attention checks and allow par-
ticipants some flexibility in their passage rate (Prolific Academic, 2018).
Of the 600 initially recruited community participants, we excluded 18
because they failed too many attention checks; of the 332 initially
recruited online student participants, one was excluded for failing the
attention check. All participants (both online and in-person) had to pass
six of eight manipulation checks for their data to be considered viable.
In other words, attention checks allowed us to verify that participants
actually attended to the study while manipulation checks allowed us to
check whether participants could successfully recall details of the study.
We excluded 57 community participants for failing to meet the manipu-
lation check criterion, resulting in a final sample of 525 nonstudent
adults. We excluded 37 online student participants resulting in a final
sample of 294, and only one in-person student participant was excluded
from the analysis resulting in a sample of 302. The resulting total sam-
ple size for the study was 1,121 (resulting in 2,242 observations).
Although we preestablished the attention and manipulation check
requirements, we reran study models using different exclusion criteria
(see online supplemental materials; for all recruited participants, Table
S.1; for participants who passed all attention and manipulation checks,
Table S.2; for participants who passed the guilt status manipulation
check, Table S.3). None of these variations in the study sample
impacted model selection or interpretation.

Community participants reported a mean age of 30.9 years, whereas
student participants reported an average age of 19.9. Community par-
ticipants were 51.8% male, 45.1% female, and 1.9% transgender or
gender nonconforming; 1.2% of community participants opted not to
report gender. Student participants were 51.2% male, 45.8% female
and 1.5% transgender or gender nonconforming; 1.5% of student par-
ticipants opted not to report gender. Community participants identified
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as White (65.5%), Asian (12.4%), Black (7.6%), Hispanic or Latinx
(5.9%), bi- or multiracial (5.9%), and American Indian or Alaska
Native (.8%). Student participants identified as White (60.6%), Asian
(14.6%), Black (9.6%), Hispanic or Latinx (8.2%), bi- or multiracial
(4.2%), and Ametican Indian or Alaska Native (.2%). A small percent-
age of participants (2.9% of community participants and 2.6% of stu-
dent participants) opted not to report their race.

Power Analysis

This study represents the first phase of a multiphase, grant-funded
research project. As part of the grant proposal, a power analysis was con-
ducted to determine a sufficient sample to detect hypothesized effects dif-
ferent from those reported in this study. In accordance with that power
analysis, we planned to recruit a minimum of 600 college-aged and 600
community participants. For this study (the first phase of the grant pro-
ject), an additional power analysis was conducted using the simr package
(Green & MacLeod, 2016) for R (R Core Team, 2019) to determine
whether the present sample (Nsupjeces = 1,121, Nopservaions = 2,242) would
have sufficient power to detect a small effect (Chen et al., 2010) of
between- and within-subject penalty discrepancy, guilt status, and the
interaction of guilt status with between- and within-subject penalty dis-
crepancy. We determined that we had sufficient power (=.90) to detect
all effects of interest and to select among the SoT model, the SoT model
incorporating guilt status, and the SoT model incorporating guilt status
and two-way interactions of penalty discrepancy and guilt status (see
Table S.4 in the online supplemental materials).

Design

The current study employed a 2 (guilt status: innocent or guilty) X 3
(conviction probability: 20%. 50%, or 80%) X 3 (plea sentence: 6
months, 12 months, or 18 months) mixed design. Potential sentences
were informed by federal grand larceny theft sentencing guidelines (the
potential range included all study sentences) and Massachusetts law for
which leaving the scene of a motor vehicle accident carries a mandatory
minimum sentence of no more than 2 years (we could not find federal
guidelines concerning hit-and-runs absent injuries to a person). By stead-
ily varying each of these three variables in a fully factorial design, this
study can capture what impact each of these variables has on the decision
to plead, and even more importantly, whether these effects differ between
the innocent and the guilty. Further, the design produces balanced plea
outcomes with regard to what the original SoT model would predict, pro-
viding a systematic test of its predictive validity (see Table 1). All partici-
pants saw both crime scenarios (a theft and a hit-and-un) in a
counterbalanced order. The manipulated variables were randomized for
each scenario such that every participant was administered a random
combination of guilt status, conviction probability, and plea sentence vari-
ables for each of the two crime scenarios. Thus, it was possible for partici-
pants to be randomly assigned to the same combination of guilt status
(50.4%), conviction probability (33.2%), and plea sentence (32.4%) for
both scenarios. Across all three conditions, 5.1 of participants had the
exact same combination of all three conditions in both scenarios. A rean-
alysis of our data was conducted removing those participants with identi-
cal conditions across both scenarios to confirm they did not bias the study
results; our results and conclusions did not differ with the exclusion of
these participants (see Table S.5 in the online supplemental materials).
These methods of data collection and randomization created several addi-
tional variables that could have a systematic impact on the variables of in-
terest. It was, therefore, important for us to test a number of potential
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Table 1
List of the Possible Experimental Conditions Presented With the
Accompanying Plea Decision Prediction (According to the SoT)

Plea Conviction Trial Penalty S50T’s

sentence probability sentence  discrepancy prediction
6 months 20% 24 months -1.2 Reject plea
12 months 20% 24 months =12 Reject plea
18 months 20% 24 months —13.2 Reject plea
6 months 50% 24 months 6 Accept plea
12 months 50% 24 months 0 50:50 accept/

reject

18 months 50% 24 months —6 Reject plea
6 months 80% 24 months 132 Accept plea
12 months 80% 24 months 72 Accept plea
18 months 80% 24 months 12 Accept plea
Note. SoT = shadow-of-the-trial.

control variables to ensure our results were not an artifact of the way
in which data was collected. Specifically, these potential control
variables included: crime scenario (hit-and-run or theft), scenario
order (first or second), study sample, and in-lab versus online
administration of the study (for student participants). Notably,
exposing each participant to two crime scenarios also allowed us
to analyze both the between- and within-subjects effects of the
study variables.

Materials

Study materials are available on the Open Science Framework
at https://osf.io/k9amw/files/.

Demographics

Prior to beginning the simulation, participants answered a num-
ber of demographic questions (e.g., age, gender, race/ethnicity,
level of education). They also answered questions assessing their
familiarity and experience with the justice system.

Recollection Measures

After completing each simulated scenario, participants had to
recall their guilt status (innocent or guilty), the likelihood of con-
viction provided by the defense attorney (20%, 50%, or 80%), the
plea sentence (6, 12, or 18 months), and the potential trial sentence
(24 months) for that particular scenario. These measures served
primarily as the manipulation checks.

Subjective Measures

We also included subjective measures of each of these variables ask-
ing participants: how guilty they thought their avatar had been (on a
Likert-type scale from 1 [not guilty at all] to 6 [extremely guilty]), their
perceived probability of conviction (from 0% to 100%), and their per-
ceived severity of the plea and trial penalties (on a Likeri-type scale
from 1 [extremely lenient] to 6 [extremely severe]). These scales were
only labeled at the endpoints. These subjective measures were explora-
tory and, as such, we do not report any results concerning them; we had
no a prioti predictions or preregistered analyses regarding them.
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Plea Decision

Our primary dependent measure of interest was plea outcome.
Specifically, we were interested in whether participant-defendants
chose to plead guilty or reject the plea offer.

Penalty Discrepancy

A penalty discrepancy (see Equation 2) was calculated for each sce-
nario using the conviction probability and plea sentence (in months) to
which participants were randomly assigned, as well as a constant trial
sentence of 24 months:

Penalty Discrepancy = Conviction Probability X 24

— Plea Sentence (3)

Resulting penalty discrepancy scores ranged from —13.2 to 13.2 (see
Table 1), with an average score of .03 (Mdn = .00, SD = 7.86). Because of
the repeated observations of these data, penalty discrepancy scores were
partitioned to the represented within-subject penalty discrepancy scores and

Figure 1

between-subjects penalty discrepancy scores. This partition allows us to
examine the effect of the penalty discrepancy both between participants
(examining the average effect of penalty discrepancy across subjects) and
within participants (examining the effect of penalty discrepancy within each
subject given our repeated-measures design). Between-subjects penalty dis-
crepancy scores (see Equation 4) are the average penalty discrepancy score
for each participant, 7, across their two trials, f, and within-subject penalty
discrepancy (see Equation 5) scores are each participants’ penalty discrep-
ancy scores minus their between-subjects penalty discrepancy score.

PDgs, = 2P

i

PDys, = PDj; — PDyg;, (5

Procedure

The institutional review board at the University of Massachusetts
Lowell (IRB no. 18-198-WIL-XPD) approved the methodology for
this experiment. After providing informed consent, participants created

The First and Second Pages of the Avatar Customization Process

Create Your Own Avatar

Note. The graphics were shown in black and white, as pictured, until participants began the customization process.
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an avatar to represent them in the study (see Figure 1). Upon complet-
ing their avatar, they were directed to one of two counterbalanced sce-
narios: a hit-and-run or a theft. The initial hit-and-run clip showed
participant-avatars entering a vehicle and expressing a look of concern
(see Figure 2). The initial theft clip showed participant-avatars walking
toward a sunglasses store, approaching the cashier, and pointing to a
pair of sunglasses behind the counter. The participant-avatars then put
the glasses on and walked toward a mirror. While examining them-
selves, they received a series of text messages from friends. Partici-
pant-avatars then look back toward the cashier who is now engaged in
conversation with another customer (see Figure 2).

After the initial event, the participant-avatars receive a summons ©
appear in court two weeks later. In the courtroom, a prosecutor intro-
duces the charges against the defendant (see Figure 3). At this time
(and at several points throughout the simulation), participants’ actual
names appeared within the text to increase their engagement with the
scenario. In the hit-and-run scenario, the prosecutor states that damage
to the victim’s car matched the paint of the participant-avatars’ car and
shows security camera footage in which the participant-avatars’ car

Figure 2

appears to contact the victim’s car (see Figure 4). In the theft scenario,
he states that the store cashier identified the participant-avatar as the
person who left the store with the missing glasses and shows security
camera footage in which the participant-avatars are walking toward
the store exit with the glasses on their heads (see Figure 4). The secu-
rity footage was identical for innocent and guilty participants for both
scenarios. Essentially, the quality of the hit-and-run video made it dif-
ficult to discern between a vehicle lightly contacting another vehicle
and a vehicle coming within millimeters of another vehicle; similarly,
the angle of the theft video could miss someone setting merchandise
down immediately before exiting the store. Afier the prosecutor
presents his case, the judge reminds participant-avatars of their rights
and remands them to a holding cell to await the assignment of counsel
(see Figure 5).

Participant-avatars then experienced a flashback to the day of the
incident. In the hit-and-run scenario, innocent participants recall get-
ting very close to the vietim’s vehicle but narrowly avoiding it (see
Figure 6); guilty participants recall having potentially grazed the vic-
tim’s vehicle, but not thinking they had done that much damage.

Images From the Opening Sequences for the Hit-and-Run (Top Panel) and Theft (Bottom Panel)

Scenarios

Note.

See the online article for the color version of this figure.
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Figure 3
The Prosecutor Presents the Hit-and-Run (Top Panel) and Theft Charge (Bottom Panel) in Court

Note.

In the theft scenario, innocent participants recall setting the sun-
glasses on a countertop before leaving the store (see Figure 6);
guilty participants recall exiting the store with the glasses atop
their heads. In all conditions, the participant-avatars’ reflections
explicitly revealed their guilt or innocence.

After the flashback, participant-avatars appear in a meeting
room with their defense attorney (see Figure 7). The attorney
provided participant-avatars with their estimate regarding the
chances that they would be convicted at trial (20%, 50%, or
80%) based on the evidence in the case. Although real world
defense attorneys might avoid providing their clients with con-
crete values regarding conviction probability, it would be
expected that they try to provide defendants with a general idea
regarding their chances at trial when advising them on plea
offers. Attorneys also told participants that if the case proceeded to
trial, the prosecutor would pursue the maximum penalty of 24
months in jail. The attorney then said that if they pleaded guilty, the
prosecutor would be willing to recommend a sentence of 6, 12, or
18 months instead. Participants then chose to accept or reject the
plea offer. After each scenario, participants answered a series of

See the online article for the color version of this figure.

questions (e.g., guilt status, probability of conviction, plea offer,
trial sentence, etc.), and after they had completed both scenarios,
they answered additional questions.

Model Analytic Plan

Because of the repeated observations in the data, general linear
mixed modeling was used to nest observations within participants
(Gellman & Hill, 2007; Heck & Thomas, 2015; Raudenbush &
Bryk, 2002). We conducted all analyses in R ver. 3.6.0 (R Core
Team, 2019) using the /me4 package (Bates et al., 2015). Analyses
consisted of two phases. First, we used linear multilevel modeling to
confirm that random assignment of participants into conditions did
not result in significant dependencies of penalty discrepancy scores
as a function of participants, scenario order, or scenario guilt status.
Second, we fitted a series of competing logistic multilevel models
representing participant plea decision behavior, identified the opti-
mum model to represent the data, and then interpreted the identified
model.
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Figure 4
Images of the Security Camera Footage From the Alleged Hit-and-Run (Top
Panel) and the Alleged Theft (Bottom Panel)

Specifically, to test the original SoT model against competing with the addition of identified control variables (M1; Equation
theoretical models that incorporate guilt status as a predictor of 8): (c) M1 with the addition of within-, PDys,, and between-
plea decision behavior, we fit a series of hierarchical models: subjects penalty discrepancy, PDgs—that is, the original SoT
(a) a null, intercept-only model (MO; Equations 6 & 7); (b) MO model (M2; Equation 9); (d) M2 with the addition of participant

Figure 5
The Judge Reminds Participant-Avatars of Their Rights

Note.

See the online article for the color version of this figure.
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Figure 6
Participant-Avatars Think Back to the Day of the Alleged Hit-and-Run (Top Panel)
or Theft (Bottom Panel)

)Q’_t;;.' Ruta! Uuﬂ‘\ﬂh-"

«
[
1

Note. In these instances, the participant-avatars recall being innocent; in the guilty versions, partici-
pants would see damage to the victim's car as their car is shown driving away and would see them-
selves exiting the store with the sunglasses atop their heads (not pictured). See the online article for
the color version of this figure.

P(Plea;; = Accept)

log, = X Order;
addition of interactions between participant guilt status in sce- 8 1 — P(Plea;; = Accept) Po, + B raeti
narios and both within- and between-subjects penalty discrep- + B, X Student; + Py X Crime;
ancy (M4; Equation 11).
+ Py X PDws, + Bs X PDss, + &i
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og, = B, + &, where 6
Sz P(Plea;; = Accept) Po. + € ©
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Boi = Yoo + tir ) 81— P(Plea;, = Accept) Bo, + B, X Order;
+ B, X Student; + By X Crime;
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Figure 7

The Defense Attorney Introduces Himself to the Participant-Avatars in a New

Meeting Room Space

Note.

P(Plea; = Accept)

log. 1 — P(Plea;, = Accept)

= By, + By X Order;

+ B, X Student; + By X Crime;
+ By X PDys, + Bs X PDgs,
+ Bg X Guilty,
+ Py X PDys, X Guilt;;
+ Pg X PDgs, X Guilt;, + &;
(1D

We compared models using the likelihood ratio test, Akaike Infor-
mation Criterion (AIC) and Bayesian Information Criterion (BIC;
Kuha, 2004; Vrieze, 2012), Bayes Factor (Masyn, 2013), and approx-
imate correct model probability (cmP)—the probability that a given
model in a group of models is the correct model assuming the true
model is among the models considered (Masyn, 2013)—to identify
the model that best predicted participants’ plea decision outcomes.

Results

Study data are available on the Open Science Framework at
https://osf.io/k9amw/files/.

Plea Outcomes

Plea outcomes varied substantially across conditions (see Table 2).
The true guilty plea rate ranged from 27.7% to 76.7%, whereas the
false guilty plea rate ranged from 4.4% to 30.6%. Thus, whereas
guilty participants accepted plea offers at reliably higher rates than
innocent participants (as predicted), innocent participants still
pleaded guilty with relative frequency. These plea rates were similar
to those observed in previous vignette studies that manipulated con-
viction probability in conjunction with a variety of other variables
(Bordens, 1984; Tor et al., 2010; Zimmerman & Hunter, 2018).

See the online article for the color version of this figure.

Confirmation of Random Assignment

Prior to comparing the original SoT model with our expanded
model, we conducted an analysis to confirm that random assign-
ment was effective. The intraclass correlation (ICC; Lorah, 2018)
of penalty discrepancy values nested within subjects was 2.7%,
indicating an effect below practical significance (Ferguson, 2009),
and signifying independence of penalty discrepancy scores and
individual participants. Further, we did not find that guilt status in
scenarios (B = .26, SE = .33, p = .43), scenario order (B = —.15,
SE = 33, p = .66), in-person versus online testing of students (B =
—.04, SE = 47, p = .94), student versus nonstudent participant sta-
tus (B = —.02, SE = .34, p = .95), nor crime scenarios (hit-and-run
vs. theft, B = —.06, SE = .33, p = .85) were related to scenario pen-
alty discrepancy scores. Overall, these results suggest that the ran-
dom assignment procedures did not result in any dependencies of
penalty discrepancy scores within-participants or between other
experimental conditions.

We also tested for inclusion of the control variables—with respect
to the likelihood of accepting a plea. Results of these analyses suggest

Table 2
Proportion of Plea Acceptance Across All Experimental
Conditions

Guilt status

Plea Conviction
sentence probability FD Innocent Guilty
6 months 20% -12 11.4% (12) 47.5% (56)
12 months 20% =72 10.4% (14) 28.2% (33)
18 months 20% —132 4.4% (6) 29.9% (40)
6 months 50% 6 18.1% (23) 56.5% (70)
12 months 50% 0 8.4% (10) 47.7% (63)
18 months 50% —6 6.7% (8) 27.7% (33)
6 months 80% 13.2 30.6% (38) 76.7% (112)
12 months 80% 7.2 18.8% (25) 63.8% (74)
18 months 80% 1.2 8.8% (10) 57.3% (71)
Note. The frequency appears in parentheses (n). PD denotes the penalty

discrepancy for each set of conditions.
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Table 3
Fit Comparisons Between Nested Multilevel Logistic Regression Models of Plea Decision Data
Likelihood ratio test
Model Ayt df p value AIC BIC BF cmP % Accuracy
MO — — — 2,784.8 2,796.23 — 0% 68.90%
Ml 17.77 3 <.01 2,773.03 2,801.6 06 0% 68.90%
M2 150.3 2 <.01 2,626.73 2,666.73 =10 0% 70.40%
M3 378.81 1 <.01 2,249.92 2,295.64 =10 099.94% 78.90%
M4 0.53 2 a1 2,253.39 2,310.54 <.01 0.06% 79%

Note. The change in chi square (x*), df, and the corresponding likelihood ratio test p values in a row indicate a nested model comparison between the
model indicated in the row with the model in the row above (e.g., Model 2 is compared with Model 1, and Model 3 is compared with Model 2). Model 3
was selected by the Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), and the likelihood ratio test as the best fitting model of
those considered. The % Accuracy is the proportion of plea decisions correctly predicted using the model.

that there were no associations between plea acceptance and hit-and-
run versus theft scenarios (B = —.12, SE = .09, p = .20, OR = .89) or
in-person versus online testing of students (B = —.07, SE= .12, p=
.56, OR = .93). However, we found that plea acceptance significantly
decreases when participants complete their second (vs. first) plea sce-
nario (B = —.18, SE = .09, p = .04, OR = .83). Given this significant
impact of order, we reran our models looking only at the first scenario
to which participants were exposed (refer to Table S.6 in the online
supplemental materials). This alternative analysis had no impact on
model selection or interpretation. We also found that plea acceptance
was significantly higher for students compared with nonstudents (B =
32, SE = .09, p < .01, OR = 1.38). Consequently, both the order of
scenario completion and student status were incorporated into subse-
quent models as control variables.

Selection of Competing Plea Decision Models

All model fit comparisons identified an expanded SoT model with the
addition of guilt status (M3) as the best representation of plea decisions
(see Table 3). Specifically, both likelihood ratio tests and Bayes Factor
comparisons of incremental models indicated improved model fit through
to M3 but not for M4 (which included an interactive effect of guilt status
with penalty discrepancy). Similarly, AIC and BIC both selected M3 as
the best fitting model, and cmP indicated that, of the models considered,
M3 had a 99.9% probability of being the correct model. This suggests
that an expanded SoT model—one that includes guilt status—is the most
tenable model of participants’ plea decision outcomes.

In comparison with the identified model, issues with the original SoT
model (M2) are unmistakable when one examines its predicted trajectory
of plea acceptance across penalty discrepancy values (see Figure 8).

Between-Subject
Original SoT Trajectory vs. Guilt Modified SoT Trajectories
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Figure 8
Original SoT Trajectories Versus Guilt Modified SoT Trajectories
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The black dotted line is the plea acceptance trajectory for innocent participants as a function of PD. The black dot-dash

line is the plea acceptance trajectory for guilty participants as a function of PD. The solid black line is the plea acceptance trajec-
tory of participants when guilt status is not incorporated into the model (i.e., the shadow-of-the-trial [SoT] model) and the gray
area around the black trajectory lines represents each trajectory’s 95% CI. It is evident that the SoT trajectory fails to capture the

differential trajectory observed when guilt status is modeled.
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These issues can be observed in both the within-subject penalty
discrepancy change (left panel), as well as the between-subjects
differences in penalty discrepancy (right panel). First, when the
classic SoT’s plea acceptance trajectory is compared with those
predicted when incorporating guilt status (M3), it is evident that
the aggregate trajectory of the classic SoT model is masking im-
portant variations in plea trajectories as a function of guilt status.
Clearly, there are consistent, dramatic differences in the plea
rates between the innocent and the guilty across penalty discrep-
ancy values, and these trajectories significantly differ from that
predicted by the classic SoT model—failing to represent the plea
probability of all participants as a function of penalty discrep-
ancy status and other study conditions.

Second, the SoT theory predicts the probability of plea ac-
ceptance is 50% when penalty discrepancy is zero (i.e., P
[Accept Plea|PD = 0] = 50%). However, in the original SoT
model, the predicted plea acceptance probability when penalty
discrepancy is zero is significantly less than 50% (P[Accept
Plea|PD = 0] = 28.9%, 95% CI [25%, 33%]). In contrast, the
expanded SoT model we identified estimates plea probability
rates consistent with the original SoT theory when penalty dis-
crepancy is zero for guilty participants (P[Accept Plea|PD =0
N Guilty] = 47.3%, 95% CI [39.6%, 55.1%]). Together, this
suggests that the original SoT model underestimates plea rates
significantly compared with theoretical expectations, with
theory-consistent plea rates observed only when guilt status is
incorporated into the model.

WILFORD, SUTHERLAND, GONZALES, AND RABINOVICH

Interpretation of the Identified Plea Decision Model

Interpretation of the identified model (see Table 4) indicates
that plea decision likelihood increases for participants as a func-
tion of both within-subject changes in penalty discrepancy
between-scenarios (B = .11, SE = .01, p < .01, OR = 1.12) and as
penalty discrepancy increases between subjects (B = .07, SE = .01,
p < .01, OR = 1.07). As predicted, guilt status also had a large
effect on plea decision likelihood (Chen et al., 2010; Ferguson,
2009), such that guilty participants were significantly more likely
to plea than innocent participants (B = 2.13, SE = .14, p < .01,
OR =8.41).

There was a significant effect of order (B = —.23, SE=.11,p =
.03, OR =.79), such that participants were less likely to plea in
their second session than in their first. There was also a significant
effect of student status (B = .45, SE = .11, p < .01, OR = 1.56),
such that student participants were more likely to accept a plea
offer than adult community participants. It is worth noting, how-
ever, that the effects of order and participant type (student vs.
adult) were less than a small effect size (Chen et al., 2010), or
below what is considered a practically significant effect (Ferguson,
2009), whereas the effect of guilt status is considered large (Chen
et al., 2010) or strong (Ferguson, 2009).

Discussion

The current research indicates, as predicted, that guilt status
provides a predictive effect of plea outcomes beyond conviction

Table 4
Model Log-Odds Parameter Estimates, Standard Errors, and Odds Ratios
Model 1 Model 2

Predictor B SE p value OR B SE p value OR
Intercept —0.82 0.09 =.01 0.44 —0.90 0.1 =.01 0.41
Scenario order -0.19 0.09 04 0.83 —0.19 0.1 .05 0.83
Student 0.32 0.09 =.01 1.38 0.34 0.1 =.01 141
Crime scenario -0.12 0.09 20 0.89 =0.12 0.1 21 0.89
PD W — — — — 0.09 0.01 =.01 1.09
PD B — — — — 0.06 0.01 <.01 1.06
Guilt — — — — — — — —
PD W x Guilt — — — — — — — —
PD B X Guilt — — — — — — i _

Model 3 Model 4

Predictor B SE p value OR B SE p value OR
Intercept —2.24 0.16 =<.01 0.11 —2.23 0.16 <.01 0.11
Scenario order -0.23 0.11 .03 0.79 —0.24 0.11 .03 0.79
Student 0.45 0.11 =<.01 1.56 0.45 0.11 <.01 1.56
Crime scenario -0.13 0.11 23 0.88 —0.13 0.11 24 0.88
PDW 0.11 0.01 =<.01 1.12 0.10 0.02 <.01 1.11
PD B 0.07 0.01 =<.01 1.07 0.07 0.02 =.01 1.07
Guilt 2.13 0.14 =<.01 8.41 2.11 0.14 <.01 8.27
PD W x Guilt — — — — 0.02 0.02 A7 1.02
PD B X Guilt — — — — 0.0,001 0.02 1.00 1.00
Note. Models 1-4 refer to a model with control variables only, the original shadow-of-the-trial (SoT) model, the SoT model incorporating guilt status,

and the SoT model incorporating guilt status and guilt status’ moderating effect on penalty discrepancy (PD), respectively. B indicates the log-odds param-
eter estimates, SE is the standard error for the log-odds parameter estimates, p value is the probability of the observed coefficient compared with a null
assumption of a coefficient of zero, and OR is the corresponding odds ratio of the log-odds parameter estimates. The Scenario Order parameter indicates
the change in likelihood of accepting a plea in the second (vs. first) participant trial. The Student parameter indicates the change in the likelihood of accept-
ing a plea for students (vs. nonstudents). The Crime Scenario parameter indicates the change in the likelihood of accepting a plea during the hit-and-run

scenario.
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probability and plea discount (measured as penalty discrepancy).
However, interestingly, we found no evidence of a moderating
effect of guilt status. Although penalty discrepancy alone was in-
ferior in predicting plea behavior relative to the combination of
penalty discrepancy and guilt status, the effect of penalty dis-
crepancy was consistent for the innocent and the guilty. That is,
although guilt status is critical to the prediction of plea behavior,
it did not moderate penalty discrepancy’s relation with plea deci-
sion outcomes.

Further, administering two scenarios to each participant (with
varying study conditions) also allowed us to examine the effects
of the study variables both between- and within-subjects. Nota-
bly, the observed effects were fairly consistent at both levels
indicating that penalty discrepancy and guilt status produce
change in plea acceptance both across and within defendants.
Although previous research has likely assumed that between-
participants effects would manifest within-participants, this is
one of the first studies to confirm this assumption (methodologi-
cally and analytically), thereby further illustrating the robust na-
ture of these effects. We also found that participants were
generally less likely to plead guilty in the second scenario ver-
sus the first (regardless of the order of the crime scenarios).
Although we cannot offer a theoretical explanation for this find-
ing, some research has suggested that defendants with a criminal
history are less likely to plead guilty than those newer to the sys-
tem (Testa & Johnson, 2020). Future research should continue
to employ repeated measures to determine the robustness of this
effect.

Participant Differences

Notably, by recruiting two different study samples using two
different modes of data collection, we were able to make a number
of additional observations. First, we did not observe any meaning-
ful differences between the in-person and online student sample.
Granted, this null effect was observed after excluding a larger pro-
portion of online student participants who failed the manipulation
checks. Regardless, this finding supports the notion that data qual-
ity can be preserved even when the simulation is deployed online
(as long as sufficient attention and manipulation checks are incor-
porated into the study measures).

Second, we observed a difference in plea rates between the stu-
dent and community sample; namely, student participants were
about 1.56 times more likely to accept the plea offer than nonstu-
dent participants. The community participants differed from the
student participants in at least two theoretically important ways:
age and level of education. We found that the average age of stu-
dent participants (M = 19.86, Mdn = 19, §D = 3.50) was signifi-
cantly lower than the average age of adult participants recruited
from Prolific Academic (M = 30.94, Mdn = 28, SD = 1127, B =
—11.08, SE = .49, p < .01, R* = .32). Further, student participants
had lower levels of educational attainment—34.3% were high
school graduates and 59.8% had completed some college—com-
pared with adult participants recruited from Prolific Academic—
22.8% reported completing some college and 40.2% reported
receiving a four-year degree. Also, 17% of community participants
reported having completed either professional or graduate educa-
tion, but no student participants had such educational attainment.

Either of these differences could underlie the higher tendency
among students to accept the plea offer. Previous research has
indicated that youth can increase the likelihood of pleading guilty
(see Redlich et al., 2019 for a review), and that increased educa-
tion can reduce the likelihood of pleading guilty (Wilford &
Khairalla, 2019). This result highlights the importance of further
research that involves both student and nonstudent samples. It is
possible that samples with demographics that resemble incarcer-
ated populations more closely could respond to study variables
differently.

Guilt Status

Although the effect of penalty discrepancy on plea decisions
was not moderated by guilt status, as we had predicted, we did
observe considerable differences in the estimated probability of
plea acceptance across the range of penalty discrepancy values as
a function of guilt status’ large effect. For example, at the lowest
penalty discrepancy score the difference in predicted plea accep-
tance probability between innocent and guilty participants was
around 10% within-participants and 20% between. However, at
the highest level of penalty discrepancy the difference between
innocent and guilty participants’ predicted plea acceptance proba-
bility is much larger—closer to 50% both within- and between-
participants. Thus, although the effect of penalty discrepancy is
not moderated by guilt status, the impact in terms of plea accep-
tance probability is disproportionate between the innocent and the
guilty. These variations are made more interesting by recent
research demonstrating that the impact of conviction probability
on plea outcomes (or the perceived value of plea offers) among
guilty defendants is nonlinear in nature (Bartlett & Zottoli, 2021).
Consequently, it remains possible that the combination of convic-
tion probability and plea discount influence innocent versus guilty
defendants differently at certain points.

Future Directions and Limitations

We limited the range of penalty discrepancy values in the cur-
rent study to maintain a balanced design. When penalty discrep-
ancy becomes more exaggerated, it is possible that the predicted
interaction could emerge. Thanks to the existence of mandatory
minimum sentences, there have been a growing number of cases
wherein defendants can be offered massive sentencing discounts
in exchange for waiving their right to a trial (e.g., Horwitz, 2015).
These types of sentencing discounts would produce penalty dis-
crepancies greatly exceeding the largest employed in the current
experiment. Future research should explore the impact of more
exaggerated penalty discrepancy values on plea outcomes among
the innocent and the guilty. If an interaction between guilt status
and penalty discrepancy is found when a larger range is employed,
that would provide support for reforms reining in the sentencing
discounts prosecutors can offer during plea negotiations. A recent
national survey of statutes, regulations, and court rules concerning
guilty pleas found very few restrictions on sentence differentials
(Zottoli et al., 2019). Of the 52 (50 states, D.C., and the Federal
government) jurisdictions examined, only two included any lan-
guage that addressed the magnitude of the sentence or charge dif-
ferential prosecutors could offer to defendants.
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Another limitation of the current research is that we do not
know how participant or case characteristics might influence guilt
status in real-life scenarios. That is, guilt status could correlate
with other characteristics that might impact plea decision-making
in a systematic way. For instance, people who commit crimes
might be less sensitive to factors influencing conviction probabil-
ity, which might make them more likely to plead guilty even in
relatively weak cases. It is also probable that (as many legal schol-
ars posit, Easterbrook, 1992) innocent defendants typically face
weaker cases than guilty defendants. Similarly, this research did
not account for other relations that may exist among crime sce-
nario, sentencing guidelines, conviction probability, and resulting
penalty discrepancy ranges.

The way in which we manipulated conviction probability also
has limitations. We opted to have conviction probability commu-
nicated by the defense attorney as an exact percentage. We
believed the defense attorney was the most appropriate source for
this information because they would likely be considered both
knowledgeable and trustworthy (Henderson, 2021; Henderson &
Shteynberg, 2019). That said, both in our study and in the real
world, defense attorneys cannot know a defendant’s exact proba-
bility of conviction. Consequently, it is possible that defense attor-
neys avoid conveying conviction probabilities. Instead, they might
rely on providing their clients with a complete picture of the evi-
dence and allowing them to draw their own conclusions regarding
their chances of conviction. However, defendants could weigh evi-
dence very differently. An eyewitness identification could be per-
ceived as strong evidence to one defendant but weak to another.
Further, research has shown that other variables can have a mean-
ingful impact on how probabilities are evaluated (e.g., framing,
Helm & Reyna, 2017). In fact, even guilt status can impact
defendants’ perceived probability of conviction (Wilford et al.,
2020). Thus, being that conviction probability is a critical compo-
nent to the SoT model, we opted to manipulate it directly in this
study.

Future research should examine the impact of manipulating con-
viction probability more organically (e.g., via evidence strength).
Researchers could also examine the impact of introducing conflict-
ing information regarding conviction probability. For instance,
having a prosecutor appear confident in their ability to convict the
defendant, whereas a defense attorney appears confident in their
ability to prevail at trial. The current study omitted advice from
the defense attorney. Although he conveyed information regarding
his perceived conviction probability, he did not advise participants
to accept or reject the plea. It would be interesting to examine the
impact of attorney advice both in the presence and absence of in-
formation regarding conviction probability. We also believe that
examining the impact of advice from nonlegal actors could be im-
portant given the impact that these individuals can have on legal
choices, particularly among juveniles (e.g., peers, parents, Daf-
tary-Kapur & Zottoli, 2014).

The current research employed a novel plea simulation that can
now be used to investigate a myriad of plea-related questions
(Wilford et al., 2021). Although the simulation cannot be modified
as easily as a vignette, it does provide some flexibility. The simu-
lation script (i.e., anything said by the judge, prosecutor, or
defense attorney) is entirely changeable. Thus, researchers could
further manipulate any of the variables included in the current
research or build a completely new study that manipulates entirely

new variables. The current simulation can employ one or both of
the existing crime scenarios and includes three characters (i.e.,
judge, defense attorney, and prosecutor) whose features (i.e., gen-
der, ethnicity) are changeable. Further, any researcher with access
to animation students could create their own assets (e.g., charac-
ters, environments, scenarios, etc.) to add to their own versions of
the simulation (see internal documentation for guidance on incor-
porating new assets: https://pleajustice.org/internal). They could
then share these assets with others using the simulation. These
new assets could then be deployed within the existing simula-
tion framework. The simulation is also designed to interact with
Qualtrics such that variables assigned within the simulation
(e.g., guilt status, conviction probability) can be passed to a
Qualtrics data file. Interested researchers are encouraged to go
to https://researcher.pleajustice.org/ to create an account and
start designing their own simulation studies.

Conclusion

The current research clearly demonstrates that guilt status mat-
ters beyond the shadow-of-the-trial. Thus, future research can now
focus on ways of improving the system’s ability to separate the
innocent from the guilty by finding variables that interact with
guilt status to moderate plea outcomes. Our expanded SoT model
can be seen as a springboard for this new line of inquiry because
we anticipate that other variables could be added to this expanded
model to meaningfully improve its predictive power. If we can dis-
cover variables that have a differential impact on plea outcomes
among the innocent versus the guilty, then we could open the door
to plea offers that are better designed to encourage the guilty to
plead guilty without necessarily compelling the innocent to do the
same. Consequently, we would encourage researchers to prioritize
testing system variables (e.g., sentencing discounts, bargaining
strategies) that are under the direct control of the justice system
(Wilford & Wells, 2013). We offer our plea simulation as a new
method of studying these variables. If we uncover system varia-
bles that can differentiate the innocent from the guilty, we could
inform changes to the plea system that would better ensure that the
guilty plead guilty while the innocent go to trial.
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