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Sentencing research is rarely cross-jurisdictional.
More problematically, most quantitative sentencing
research is based on a limited number of American juris-
dictions where court data is available. As a result, it is
difficult to assess the extent to which key findings from
the sentencing literature apply universally. We build on
the recent growth of sentencing research outside the US
to explore the external validity of studies reporting the
conditional association of offenders’ race and gender
with sentence length. To do so, we conduct two multi-
level meta-analyses, distinguishing the proportion of
between-study heterogeneity attributable to differences
at the study and jurisdiction levels. Our findings reveal
that while race disparities in sentencing are statistically
significant, they are minimal in magnitude (a 3%
penalty for racial minorities) and remarkably consistent
across jurisdictions. In contrast, gender disparities
are more pronounced (a 13% penalty against men)
but highly variable, with some jurisdictions showing
parity. Both analyses uncover substantial variability
due to sample and modelling choices, highlighting the
limited generalisability of existing sentencing research.
We urge caution in interpreting findings from single
studies on sentencing disparities and advocate for the
pre-registration of analytical strategies to mitigate
researcher bias.



1 Introduction

Jurisdictions worldwide generally adhere to a core set of sentencing
goals: punishing wrongdoing, deterring crime, rehabilitating offend-
ers, protecting the public, and restoring victims. However, the rela-
tive emphasis placed on achieving these goals and the legal frame-
works through which they are pursued vary substantially across ju-
risdictions. This variation results in markedly distinct sentencing
practices, shaped by both formal legal statutes and informal judicial
norms.

Even within a specific jurisdiction, criminal courts can differ signif-
icantly depending on their specialisation in certain types of crimes
and offenders. For instance, youth courts prioritise rehabilitation
over other sentencing goals, whereas lower-tier courts are typically
constrained in the severity of the sentences they are permitted to
impose. In fact, it is well documented that, even within the same
court type, notable variations in culture emerge across court actors
based in different locations, reflecting diverse judicial philoso-
phies, interpretative approaches, and procedural norms (Nardulli,
Flemming, & Eisenstein, 1988; Ulmer & Johnson, 2004; Ulmer &
Kramer, 1996).

Instead of acknowledging this fragmented reality, most sentencing
studies focus on a single jurisdiction. The result is a highly atomised
literature in which it remains unclear whether key findings apply
universally, across countries with similar legal traditions (e.g.,
common law or civil law), or even across different jurisdictions
within the same country. For example, should we expect the more
lenient sentencing of female offenders (Pina Sanchez & Harris,
2020; Starr, 2015; Steffensmeier, Kramer, & Streifel, 1993), to
be more pronounced in jurisdictions where judges have greater
discretion, compared to those with highly prescriptive sentencing
guidelines? Or, perhaps, should we expect such disparities to be
smaller in societies with greater gender equality?

The external validity of the sentencing evidence base is further con-
strained by data availability, as most large-scale empirical studies
have traditionally relied on datasets from a limited number of juris-
dictions. Primarily, these include the United States Sentencing Com-
mission and select state sentencing authorities, such as those in Penn-
sylvania, Minnesota, Arizona and Florida, where court data has been



readily accessible. Findings from this handful of American jurisdic-
tions have disproportionately shaped the academic discussion on sen-
tencing, and, in turn, influenced the types of sentencing reforms im-
plemented worldwide'.

Here, we draw on the growth of sentencing research outside the US in
recent years to document the between jurisdiction variability in the
literature exploring gender and race/ethnic® disparities in sentence
length. We focus on these two extra-legal factors due to their aca-
demic and policy significance. Race and gender are the two most
widely studied factors in the sentencing literature, as evidenced by
the fact they remain the only two factors whose effects on sentenc-
ing has been explored through meta-analysis or systematic reviews
(see Mitchell, 2005; Pratt, 1998; and Ferguson & Smith, 2024 for the
case of race disparities; and Bontrager, Barrick, & Stupi, 2013; and
Daly & Bordt, 1995 for the case gender disparities). Race disparities
are also frequently cited as a justification for sentencing reform (see,
for example, the First Step Act passed by the US Congress in 2018),
underscoring their relevance beyond academic discourse.

Specifically, we estimate a series of multi-level meta-analyses, con-
sidering differences at the estimate, study, and jurisdiction levels.
This enables us to assess the overall generalisability of findings from
the sentencing literature, identifying whether between-study variabil-
ity is due to genuine differences in sentencing practices across juris-
dictions, or to other study-specific decisions such as the modelling
choices or the offence groups considered.

Furthermore, building on the opportunities provided by meta-
analysis, we expand our exploration of the external validity of
sentencing research more widely by considering the presence of
selective reporting and referencing. We do so by considering
whether the effect sizes reported in the literature affect how studies
are framed and their influence, as measured by the number of
citations received, standardised by year of publication.

2 Methods

In this section we outline the criteria used to create a pool of poten-
tially eligible studies, select those deemed eligible, record relevant
information, harmonise effect sizes across studies, and specify our

! See for example the 2019 Sentencing
Review published by the Northern Ireland
Department of Justice, or the response
from the Judiciary in England and Wales
in regarding the recommendation to estab-
lish a Sentencing Council in England and
Wales.

% For simplicity, in this study we do not
distinguish between race and ethnicity, us-
ing the terms interchangeably.


https://www.justice-ni.gov.uk/consultations/sentencing-review-northern-ireland
https://www.justice-ni.gov.uk/consultations/sentencing-review-northern-ireland
https://www.judiciary.uk/wp-content/uploads/JCO/Documents/Consultations/response_cocj_sentencing_commission.pdf
https://www.judiciary.uk/wp-content/uploads/JCO/Documents/Consultations/response_cocj_sentencing_commission.pdf

multilevel-models. This analytic strategy was pre-registered before
data collection. The pre-registration, along with an explanation of
any deviations from our plan, is available on the project’s the Open
Science Foundation site: osf.io/y4gpf). In addition, to facilitate the
reproducibility and expansion of our findings, we have integrated the
code in the write-up of our article using Quarto V1.6.39 and R V4.4.2,
and uploaded both the code and data to the project’s Open Science
Foundation site.

2.1 Inclusion Criteria

We identified 1,024 potentially relevant studies to be screened. This
pool was created using Scopus. The search criteria were academic
articles, written in English, published since 2000, containing the fol-
lowing string of terms either in the article’s title, abstract or key-
words: “sentencing” AND (“data” OR “quantitative” OR “regress*”
OR “model*” OR “multilevel” OR “multi-level”) AND (“decisions”
OR “outcome*” OR “length” OR “*prison*” OR “custod*”).

The screening process was based on the following inclusion crite-
ria:

 Studies based on real sentences derived from a population of
convicted adult offenders.

» Reporting the conditional effect (and respective standard er-
rors) of gender or race on prison sentence length after control-
ling for legal factors (using either regression or matching meth-
ods).

* The conditional effect of gender or race on sentence length is
reported as a main effect, without an interaction term.

We chose to focus on the length of prison sentences because this is
the most explored outcome in the sentencing literature (Bontrager et
al., 2013), but also because of methodological considerations. Other
commonly explored sentence outcomes such as whether a custodial
sentence is imposed, or whether the sentence implies a departure
from the guidelines, were rejected because these are typically spec-
ified using logistic models, which use log-odds as measures of ef-
fect size. While log-odds are frequently employed in meta-analyses
in the criminal justice literature (Mitchell, 2005; Petrich, Pratt, Jon-
son, & Cullen, 2021), they have important limitations that hinder


https://osf.io/y4gpf/

their comparability across studies®. Additionally, we chose not to use
the partial (or semi-partial) correlation coefficient as our effect size,
even though these are the most common effect sizes in similar meta-
analyses pooling coefficients from linear models (Aloe, 2014; Aloe
& Becker, 2012). Our decision is based on recent evidence highlight-
ing bias in the estimated variance of these effect sizes (Aert, 2023),
as well as our desire to maintain the intuitive interpretation of our
pooled estimates as regression coefficients, reflecting the difference
in sentence length between male and female offenders, and minority
and white offenders.

Lastly, for the first part of our analysis, we applied another exclu-
sion criteria by removing estimates based on overlapping samples.
Specifically, we employ a greedy interval scheduling algorithm de-
signed to maximise the number of studies retained while simultane-
ously avoiding overlapping time intervals. In practice this involves
listing all studies that use the same dataset, ordered by the final year
of data used, and then iterating through the list to select studies with
the shortest coverage period that do not overlap with the coverage
period of previously selected studies. When more than one eligible
study is identified, we select the study that includes the most legal
factors and the fewest extra-legal factors®*.

This exclusion criteria is applied to the estimation of the pooled ef-
fects for race and gender disparities, which would otherwise unduly
overweight estimates from studies based on the same population. For
the rest of our analysis, where our focus shifts to the estimation of
the between-study heterogeneity in the sentencing literature, we will
rely on the entire sample of estimates captured through our screen-
ing and inclusion criteria. Using the full sample of estimates pro-
vides much-needed precision to the estimation of jurisdiction-level
random effects and helps avoid selection bias. For example, if we
selected just one study based on the US District Courts, which is the
dataset most commonly used by econometricians working on sentenc-
ing research (Fischman & Schanzenbach, 2012; Starr, 2015; Yang,
2015), we could unduly eliminate an important source of between-
study heterogeneity. Specifically, Hofer (2019) and Holmes & Feld-
meyer (2024) document how criminologists - and sociologists - tend
to control for all major legal factors, even those that are influenced
by the judge (such as the presumptive sentence), whereas econome-
tricians tend to favour more parsimonious models.

3 First, log-odds are influenced by the
baseline rate, which may obscure dif-
ferences in reported effects across juris-
dictions with varying levels of punitive-
ness or across studies utilising different
samples of offenses. For example, if
the conditional probability of imprison-
ment in a given jusridiction is twice as
high for black than for white offenders
across all offence types, a model exam-
ining shoplifting offences would show a
lower log-odds of race than we would see
in another model focusing on burglary of-
fences. This occurs because the baseline
custody rate for shoplifting is lower than
for burglary. Second, log-odds estimated
from regression models are not collapsi-
ble, meaning their calculations are influ-
enced by the variables controlled within
the model. This influence persists regard-
less of the proportion of outcome vari-
ance explained by the set of controls. In
other words, this issue extends beyond
the mere failure to adjust for confounding
variables (Uanhoro, Wang, & O’Connell,
2021; Xiao et al., 2022).

4 Results were consistent when selec-
tion was based on an alternative inter-
val scheduling algorithm designed to max-
imise the coverage period while retaining
the fewest studies.



Table 1: Eligibility status

Race Gender
N % N %

Screening pool 1024 100 1024 100
Ineligible 895 874 882  86.1

not a sentencing study 337 337

no empirical analysis 64 64

no multivariate analysis 4“4 44

does not model sentence length 206 206

no main effect or uncertainty 123 110

young offenders 35 35

no real sentences 58 58

historical sample 8 8

not in English 9 9

other 11 11
Eligible 127 124 140 137

repeated sample 39 44

uncodeable 22 22
Unable to retrieve 2 02 2 02
Eligible and codeable 105 103 118 115
Elgble, not repeated and codeable 66 0.4 T4 72

Ultimately, the choice between using the full sample or a restricted
sample of non-overlapping studies depends on the population we aim
to generalise to. We use the trimmed sample to estimate the pooled ef-
fects of race and gender disparities since our target population in this
case is all adult offenders. We use the full sample for the remainder
of the study, specifically for estimating between-study heterogeneity,
as our target population there is the sentencing literature itself.

As shown in Table 1, from our initial pool of 1024, we identified 105
as eligible and codeable for our meta-analysis of race disparities and
118 for that on gender disparities. After removing studies based on
repeated samples, these numbers were further reduced to 66 and 74,
respectively.

Table 2 presents the jurisdictions covered within the selected studies



before discarding repeated samples. The dominance of US-based re-
search remains evident, with studies from the US comprising 87.6%
and 83.1% of the total in our race and gender meta-analyses, respec-
tively. Notable, a single jurisdiction - the US District Courts - ac-
counts for 42.9% and 38.1% of all studies recorded, underscoring the
importance of our research question.

2.2 Data Collection

From the pool of eligible studies, we extracted 32 variables covering
four broad categories:

* Study metadata: Including author names, title, publication
year, and citation count.

+ Sample details: Such as jurisdiction®, offence types, and study
time-frame.

* Model specifications: Including adjustments for selection
bias, and the number/type of legal and extra-legal controls
(e.g., whether the offender was placed on remand or their
socio-economic status).

« Effect sizes: The estimated regression coefficients for gender
and race, along with their standard errors.

All eligible studies were independently assessed by both authors.
Where assessments differed, the paper was re-examined and
inconsistencies resolved through consensus.

A detailed meta-data file describing the full list of coded variables
and coding rules is available here: osf.io/y4gpf, where we have also
published the resulting datasets. The following are some of the more
consequential coding rules that we established:

» Race classifications: If multiple racial minority groups are con-
sidered in the same model, their effect sizes are recorded as
separate observations.

* Model selection: When multiple models are reported, we pri-
oritise those controlling for the highest number of legal fac-
tors to minimise potential confounding bias. If multiple mod-
els control for the same number of legal factors, we select the
one with the fewest extra-legal factors to avoid overfitting and
facilitate comparability.

3 We differentiate between jurisdictions
within the US but not within other coun-
tries. For instance, estimates from the
lower and higher courts of New South
Wales were recorded simply as Australia,
whereas for the US we distinguish be-
tween federal and state jurisdictions. This
strikes a balance between jurisdictional
granularity and sample size per jurisdic-
tion.
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Table 2: Selected studies per jurisdiction

Jneisdiction Race  Geader
U5 District Coners 43 45
US State Conats 14 12
Pennsylvania o 12
Flogida 3 B
hlinnesota 3 3
Arizona 2 2
Delaware 2 2
Mew Yok State 2 2
Chio 2 2
Texas 2 2
England & Wales 1 3
Canada 1 2
China 1 2
Hong Fong 1 2
Sonth Carolina 1 2
Spain 1 2
Arkansas 1 1
Amstralia 1 1
Belgmm 1 1
Buazil 1 1
Lowa 1 1
Fentncky 1 1
Maryland 1 1
Missoma 1 1
MNebraska 1 1
Netherdands 1 1
Morth Carolina 1 1
Oregon 1 1
California 1 0
Geosgia (US) 1 0
Bnssia o 3
Czech Repnblic o 1
South Korea 0 1
Note:

S State Courts refers to a sample of courts
located in the 79 most populated counties
in the US.



» Subgroup reporting: If effect sizes are reported separately by
offence type, legal disposition (plea or trial), or time period,
each is recorded as a distinct observation.

In total, the first part of our study, which excludes repeated samples,
is based on 163 estimates of race disparities and 90 estimates of gen-
der disparities. The remainder of the study draws on 268 and 145
estimates, respectively.

2.2.1 Data Analysis

We use the conditional multiplicative change in sentence length as
our effect size, which we denote as 3*. To harmonise estimates from
studies reporting their results using different effect sizes, we apply
the following transformations:

* Log-transformed dependent variable. If the dependent variable
is log-transformed, we derive 3* by exponentiating the regres-
sion coefficient of interest: 5* = exp(/3).

* Standard error for log-transformed models. To approximate
the standard error associated with (*, denoted as SE((*),
when only the standard error from a log-linear model (SE(/3))
is available, we apply the Delta method: SE(5*) = 5*-SE(f3).

* Linear models with non-log-transformed dependent variables.
When a linear model is used and sentence length is not log-
transformed, so the regression coefficient (3) and its standard
error (SE(f3)) are expressed as average differences between
groups, we derive the effect size in multiplicative terms as fol-
lows: 0* =1+ %, where y represents the sample mean sen-
tence length. The corresponding standard error in multiplica-
tive terms is calculated as: SE(*) = SET@

After harmonising all estimates, we pool them using hierarchical
meta-anaysis models. We specify a three-level hierarchical model,
with effect sizes at level-1, studies at level-2, and jurisdictions as
level-3. Study-reported standard errors are incorporated to properly
reflect the within-study variance, ensuring each estimate is weighted
proportionally to its precision. All our meta-analyses are based on
log-linear models, as multiplicative effect sizes can range from zero
to infinity, leading to a right-skewed distribution.



We present our findings using a three-stage modelling strategy. First,
we use the dataset excluding repeated samples to estimate the pooled
estimate of race and gender disparities. Second, we use the full
dataset to estimate the variability at the jurisdiction level. Finally,
we specify five meta-regression models that introduce a range of
explanatory variables - including legal and non-legal factors, citation
data and study titles - to explore their potential moderating effects
and the presence of selective reporting and citation bias.

The first two meta-regression models include an explanatory variable
indicating whether the estimate stems from an US jurisdiction or not,
and separately, whether the estimate is based on US Districts data
or not. The former tests whether race and gender disparities are sys-
tematically more or less pronounced in the US compared to non-US
jurisdictions. The latter serves as a robustness check to assess the
extent to which including the most heavily studied jurisdiction in the
literature influences our findings.

Our third set of meta-regression models examines sample character-
istics and types of controls used in the models from which sentencing
disparities estimates were derived. Regarding sample characteristics,
we consider offence type and whether non-prison sentences were in-
cluded. In terms of control variables, we incorporate legal and extra-
legal factors. The latter includes whether the offender is college-
educated, unemployed, a foreign citizen, or has caring responsibil-
ities. The former consists of legal factors commonly used across
jurisdictions, including criminal history, guilty plea status, pre-trial
detention (remand), and the level of offence-type specificity (e.g.,
whether the model controls for domestic, commercial, and aggra-
vated burglary separately rather than grouping all property offences
together).

The fourth and fifth meta-regression models test for selective
reporting and citation bias. Citation bias refers to the tendency for
stronger effect sizes to attract a higher number of citations (Barto &
Rillig, 2012; Vries et al., 2018). To test the presence of such bias
in sentencing research, we use the number of citations received by
the study where the estimate is reported, standardised by year of
publication®.

Selective reporting refers to the practice of choosing to publish only
certain results, typically those that are statistically significant or align
with researchers’ expectations (Chan, Hrobjartsson, Haahr, Getzsche,
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6 Specifically, we calculate the standard-
ised number of citations (C*) as follows:
C* = C/(year — 2000); where year
refers to the year of publication, and C
to the number of citations at the time we
compiled the pool of studies (16th of May
2024).



& Altman, 2004; loannidis, 2005; Vries et al., 2018). Since pre-
registrations in sentencing research are practically non-existent’, es-
tablishing clear evidence of selective reporting is challenging. Here,
we approximate it by determining whether the estimate of sentenc-
ing disparities comes from a study in which race, gender, or any
related terminology (e.g. ethnicity, sex), as well as their constituent
categories (e.g., Hispanic, female) are mentioned in the title. This
distinction allows us to assess whether an estimate was derived from
a study framed as a disparities study as opposed to any other type of
sentencing study where offender’s race/gender were simply used as
a control.

For the estimation of pooled effects and between-jurisdiction variabil-
ity (steps one and two of our analysis), we use Bayesian statistics to
leverage its precision in estimating higher-level random effects (Har-
rer, Cuijpers, Furukawa, & Ebert, 2021). However, Bayesian multi-
level meta-analysis models are computationally intensive. Therefore,
for the final and more exploratory part of our study - where we exam-
ine multiple moderating effects - we rely on frequentist statistics®.

3 Findings

The pooled effect for race disparities is 1.02, while for gender dispar-
ities, it is 0.87. This indicates that minority ethnic offenders receive
sentences that are 3% longer than those of offenders from the major-
ity ethnic group. In contrast, female offenders receive sentences that
are 13% shorter compared to male offenders.

The credible intervals for these two pooled effects are (1.01, 1.03)
for race disparities and (0.83, 0.91) for gender disparities, confirm-
ing that both effects are statistically significant. However, only gen-
der disparities could be considered substantively significant. Race
disparities appear to be negligible when focusing on sentence length
and considering all ethnic minority groups together.

This finding is consistent with previous meta-analysis from the US
literature, which suggest that race disparities in sentence length are ei-
ther small or undetectable (Ferguson & Smith, 2024; Mitchell, 2005;
Pratt, 1998). No attempts have been carried out to pool estimates
of gender disparities, but previous reviews of the literature indicate

11

7 See notable exception in Ferguson &
Smith (2024).

8 We conducted robustness tests to com-
pare Bayesian and frequentist specifica-
tion of our meta-analyses. We observed
identical results up to the second decimal
in the fixed-effects part of our models,
which is the primary focus of our modera-
tion analysis.



that most estimates suggest greater leniency towards female offend-
ers (Bontrager et al., 2013; Daly & Bordt, 1995), which is also cor-
roborated in our analysis.

The above findings were derived from the pool of estimates where
repeated samples were discarded. Notably, replicating the analysis
using the full dataset (i.e. including all estimates reported in the liter-
ature) yields practically identical results, with pooled effects of 1.03
for race disparities and 0.87 for gender disparities.

3.1 Estimating External Validity

Rather than referring to between-effect heterogeneity as a single en-
tity, our multi-level meta-analysis allows us to differentiate the ex-
tent of that heterogeneity attributable to variations across jurisdic-
tions from other sources of heterogeneity at the estimate and study
level - such as differences in sample composition or model specifi-
cation. This distinction is illustrated in Figure 1, from which several
key insights can be drawn.

Race disparities Gender disparities
0.6 0.8 1.0 1.2 0.6 0.8 1.0 1.2
random intercept — jurisdiction level random intercept — jurisdiction level
0.6 0.8 1.0 1.2 0.6 0.8 1.0 1.2
random intercept — study level random intercept — study level
0.6 0.8 1.0 1.2 0.6 0.8 1.0 1.2
random intercept — estimate level random intercept — estimate level

Figure 1: Distribution of random intercepts at the jurisdiction, study
and estimate level

Race disparities are practically invariable at the jurisdiction level.
The 95% credible interval for the distribution of jurisdiction-level
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random intercepts is (1.02, 1.03), indicating that the previously ob-
served negligible race disparities appear to be a global sentencing fea-
ture - at least across countries included in our meta-analysis. There
is, however, a much more sizable amount of variability stemming
from differences between studies (and different effect sizes within
studies), accounting for 88% of the total between-study heterogene-
ity. Specifically, the 95% credible interval of random intercepts at
the estimate level covers (0.97, 1.08). This means that, depending on
analytic choices - such as the set of controls, years covered, offence
types, or minority groups - studies can reach contradictory conclu-
sions about whether minority offenders are penalised or treated more
leniently than those from the majority ethnic group. Similarly, the
95% credible interval of random intercepts at the study level spans
(0.99, 1.07).

A different pattern emerges when examining gender disparities. Here,
jurisdiction-level variability is far greater, accounting for 45% of the
total between-study heterogeneity and resulting in a 95% credible
interval of (0.75, 0.96). This indicates that, in some jurisdictions,
female offenders are treated considerably more leniently than the
pooled effect suggested - roughly twice as leniently - whereas in oth-
ers, gender disparities are effectively non-existent. As with race dis-
parities, we also observe a large share of variability stemming from
the study and estimate levels, highlighting how analytic choices can
lead to contradictory findings.

To inspect the jurisdiction-level variability in greater detail, we plot
the posterior distribution of random intercepts for each jurisdiction
in Figure 2 and Figure 3.

Beyond the consistent absence of race disparities across jurisdictions,
we also observe that the distribution of US jurisdictions (listed in
the lower section of the plot) closely mirrors that of the jurisdictions
from the rest of the world (upper section). Both distributions approxi-
mately cover the same range, suggesting no systematic difference be-
tween them. This finding is formally corroborated by our first meta-
regression model, which indicates no appreciable difference in race
disparities between US and non-US jurisdictions. Specifically, their
respective pooled effects are indistinguishable at the second decimal
place (1.03).

Given that a substantial proportion of studies rely on data from US
District Courts (42.9%), we further estimated a meta-regression
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1.1
race disparities (as the relative difference in sentence length)

Figure 2: Forest plot of race disparities across jurisdictions



model to assess the potential influence of estimates from this specific
jurisdiction. Once again, we found no significant difference, with a
pooled effect of 1.03 for estimates derived from US District Courts
and 1.03 for all other jurisdictions.

England & Wales
Belgium
Netherlands
Canada
Australia

Brazil

South Korea
Czech Republic
China

Russia

Spain

Hong Kong
Maryland
Pennsylvania

US District Courts
Florida

US State Courts

0.81[0.7, 0.89]
0.82[0.69, 0.95]
0.83[0.7, 0.95]
0.83[0.73, 0.93]
0.83[0.71, 0.95]

0.87[0.68, 1.06]
0.88[0.77, 1.01]
0.89[0.77, 1.01]

0.91[0.8, 1.02]
0.91[0.83, 0.99]

—0.94 [0.83, 1.06]
—9.96 [0.85, 1.08]

0.6 [0.4, 0.83]
0.83[0.78, 0.87]
0.85 [0.82, 0.87]

0.85[0.8, 0.91]
0.86 [0.81, 0.91]

lowa

0.86 [0.75, 0.98]

EEFEEEEEEEE R i

Kentucky 0.86 [0.71, 1.02]
Arkansas 0.87 [0.75, 0.99]
Delaware 0.87[0.77, 0.97]

New York State 0.88[0.78, 0.98]
Oregon — 0.9[0.78, 1.03]
Minnesota 0.9[0.82, 0.98]
South Carolina 0.91[0.81, 1.01]
Nebraska - 0.91[0.8, 1.03]
North Carolina — 0.91[0.8,1.04]
Ohio — 0.92[0.81, 1.03]

Texas - 0.92[0.82, 1.02]
Missouri —0.96 [0.83, 1.1]
Arizona .97 [0.86, 1.08]

Pooled Effect 0.87 [0.83, 0.92]

0.5 1.0
gender disparities (as the relative difference in sentence length)

Figure 3: Forest plot of gender disparities across jurisdictions

The much wider between jurisdiction variability detected for gender
disparities is clearly appreciable in Figure 3. In some locations, such
as Spain, Hong Kong, and certain US states like Arizona and Mis-
souri, sentencing appears to be largely uniform between male and
female offenders. However, at the other end of the spectrum, we ob-
serve notable disparities - for instance, in the state of Maryland and
the combined jurisdiction of England & Wales, where female offend-
ers are estimated to receive sentences that are 45% and 20% more
lenient than those of male offenders, respectively.
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Despite this variation, we find little difference in overall gender dis-
parities between the US (0.88) and the rest of the world (0.87). Sim-
ilarly, when comparing pooled effects from US District Courts with
those from all other jurisdictions, we detect only a three percentage
point difference, which is not statistically significant.

3.2 Further Moderation Analysis

Previous meta-analysis on racial disparities have identified a range of
analytic choices that appear to explain some of the between-study het-
erogeneity. Many of those analytic choices, however, pertain to legal
factors that are primarily relevant to American jurisdictions, such as
whether the study controlled for the presumptive sentence or whether
the judge departed from sentencing guidelines. Here, we conduct a
similar moderation analysis, focusing on broader analytic choices ap-
plicable to sentencing research worldwide.

Table 3 presents the results of our meta-regressions for race and gen-
der disparities. It is evident that race disparities do not differ signifi-
cantly based on the analytic choices examined here. Contrary to the
recent meta-analysis by Ferguson & Smith (2024), which found that
disparities were more pronounced among drug offenders - an effect at-
tributed to the harsher treatment of substances more commonly used
by ethnic minorities, such as crack-cocaine - our findings indicate that
disparities are not more prevalent for specific types of offence.

The importance of controlling for key legal and non-legal factors
becomes more apparent when considering gender disparities. Here,
we observe that gender disparities vary strongly by offence type.
Specifically, disparities are smaller for drug-related and immigration
offences. In the case of immigration offences, gender disparities
amount just four percentage points - effectively negligible. Con-
versely, gender disparities are most pronounced in terrorism-related
offences, where male offenders receive sentences that are 38%
longer.

Beyond analytic choices, we detect another factor contributing to the
observed between study heterogeneity - namely, the potential influ-
ence of questionable research practices such as selective reporting. In
our dataset on race disparities, 31% of estimates originate from stud-
ies where race was explicitly mentioned in the title. When comparing
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Table 3: Selected studies per jurisdiction

Race Gender

Estimate CILB CIUBE  Estimate CILE CIUB
Intercept 106 103 110 0.84 0.77 0.92
Offence: drugs 0.02 -0.01 005 0.08 0.02 0.13
Offence: firearm -0.06 -0.16 005 023 -0.02 0.47
Offence: homcide 0 -0.12 011 0.06 -0.10 0.23
Offence: immugration  -0.01 -0.07 004 013 0.03 024
Offence: property -0.06 -0.12 001 005 -0.01 011
Offence: sex 0 -0.05 005 003 -0.05 0.11
Offence: terrorism 011 -0.16 038 -0.23 -0.39 -0.06
Offence: violence 0.04 -0.01 009 -001 -0.07 0.05
Specific offence -0.02 -0.05 001  -002 -0.07 0.04
Probation 0.02 0.00 004 -002 -0.06 0.02
Criminal history -0.01 -0.04 002 -001 -0.06 0.05
Guilty agreement -0.02 -0.05 000 005 -0.01 0.10
Pretrial detention -0.01 -0.03 001  -0.01 -0.05 0.03
Education 0 -0.02 002 004 -0.01 0.09
Unemployed -0.02 -0.05 002 0 -0.08 0.07
Citizen 0.01 -0.01 003 -003 -0.08 0.01
Dependents -0.02 -0.05 001  -0.01 -0.06 0.04

Notes:

CI.LB and CI.UB refer to the 95% confidence interval lower and upper bounds.
The reference category for offence type is a mix of all offence types
Estimates in bold are statistically significant.
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pooled effects, we find a statistically significant difference: estimates
from studies framed as examining race disparities are twice as strong
(1.04) as those from studies where race is merely included as a control
(1.02).

When disaggregating by ethnic group, this effect appears to primarily
driven by the selective reporting of coefficients for Native Americans.
Specifically, when no reference to race is mentioned in the title of the
study, the average pooled effect for Native Americans is 0.9. How-
ever, when the study is explicitly framed as race disparities research,
their pooled effect increases to 1.08. This suggests that studies explic-
itly investigating race disparities conclude that Native Americans are
over-penalised, whereas studies merely including race as a control
variable suggest the opposite that Native American offenders receive
more lenient treatment.

Notably, no similar selective reporting effect was detected in our
meta-analysis of gender disparities. Furthermore, we found no evi-
dence of citation bias - the number of citations a study received (stan-
dardised by year) was not associated with the magnitude of either
race or gender disparities.

4 Discussion

This study aimed to assess the external validity of sentencing re-
search, specifically examining whether findings from the American
literature can be generalised to other jurisdictions across the world.
To achieve this we conducted two meta-analyses - the first on
race disparities and the second on gender disparities, the two most
frequently studied topics in sentencing research.

Our findings reveal small but consistent racial disparities, with minor-
ity offenders receiving slightly longer prison sentences (2% to 3% on
average). This aligns with previous meta-analyses from the Amer-
ican literature (Ferguson & Smith, 2024; Mitchell, 2005), though
stronger disparities have been reported in decisions of disposal type
and other discretionary outcomes not considered here. However, in
relation to our research question, the more interesting - and unex-
pected - finding is the cross-jurisdictional uniformity of these racial
disparities.
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Given the US’ unique history of racial conflict, we anticipated that
racial disparities in sentencing would be more pronounced there than
in other jurisdictions. Contrary to this expectation, our results indi-
cate remarkably similar disparities across a wide range of legal sys-
tems, including jurisdictions as divers as Brazil, Belgium, China, and
individual US states. The variation in racial disparities across these
jurisdictions is minimal — only a few percentage points — suggest-
ing a potential universal sentencing pattern in which minority offend-
ers face a small, albeit statistically significant, penalty regardless of
location.

Gender disparities, on the other hand, are far more pronounced.
As the first meta-analysis on this subject, our study provides a
crucial benchmark, estimating that female offenders receive, on
average, 13% shorter sentences than male offenders. However, the
most compelling insight emerges when shifting focus from average
effects to variance. Unlike racial disparities, gender disparities are
far from uniform across jurisdictions, with a few showing gender
parity, while others penalise male offenders with over 20% longer
sentences.

We attribute this substantial cross-jurisdictional variability to the
more conflicting legal interpretation of offenders’ gender. In some
jurisdictions - apparently in those where sentencing is more strictly
codified and consequently judicial discretion more constraint, such
as Spain or Hong Kong - sentencing seems to be gender neutral. That
is, offender’s gender, just like their race, is not taking into account,
and consequently exerts little to no influence in the sentence outcome.
However, in many jurisdictions, even where legally recognised as a
protected characteristic, gender also serves as a proxy variable for
different considerations underlying core sentencing goals such as
rehabilitation, retribution, and public safety.

For example, female offenders tend to have lower reoffending rates
(National Offender Management Service, 2015), pose less risk to
public safety (Maden et al., 2006; Sapouna, Bisset, Conlong, &
Matthews, 2015), and exhibit higher rates of self-harm in prison
(Gauke, 2018; Player, 2014). These factors likely influence sen-
tencing decisions differently across jurisdictions, depending on how
they balance the principles of individualisation and consistency. The
result is a sentencing landscape in which gender disparities fluctuate

19



widely depending on the jurisdiction’s legal framework and judicial
philosophy.

Notably, this variation persists even within the United States. While
states like Arizona and Missouri exhibit gender-neutral sentencing,
jurisdictions such as Pennsylvania, Florida, and the US District
Courts impose significantly longer sentences on male offenders
(15% to 17%). This finding raises questions about the external
validity of sentencing research. Even when the scope of a study is
clearly restricted to the sentencing practices within a given country,
if the study examines only a specific jurisdiction or court type,
its findings should not be assumed to generalise to the broader
national context. For instance, a quick literature review on gender
disparities in the US would likely over-represent studies based on
the US District Courts, leading to the conclusion that strong gender
disparities are prevalent across the country. However, this would
overlook the more moderate disparities observed across the entire
US, or the fact that,in certain states sentencing is effectively gender
neutral.

Beyond cross-jurisdictional variation, our study also reveals substan-
tial uncertainty at the estimate level. Our meta-regression analyses in-
dicate that gender disparities are particularly pronounced in cases in-
volving terrorism offenses — likely due to heightened concerns about
dangerousness and public safety — but nearly non-existent for immi-
gration offenses, which may involve more standardised sentencing
procedures. Even after accounting for such factors, a considerable
degree of unexplained variation remains, with female offenders re-
ceiving anywhere from 2% to 18% shorter sentences depending on
model specifications.

Racial disparities show no systematic differences across offense
types or case characteristics. = However, substantial variability
between estimates remains, with racial minority offenders receiving
anywhere from 11% longer to 5% shorter sentences depending on
researchers’ methodological choices.

This large between estimate variability - observed for both racial and
gender disparities - could be treated as an indication of sentencing
research being highly unreliable as a result of researchers’ degrees
of freedom. This is particularly problematic if we consider how such
model uncertainty is rarely acknowledged in the sentencing literature
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leading to unduly overconfident interpretations. More concerningly,
our findings suggest that this uncertainty is not entirely random.

Specifically, we identify a pattern of selective reporting in studies
framed explicitly as investigations of racial disparities. When race
(orrelated terms such as ethnicity) appears in a study’s title, estimates
of racial disparities are, on average, twice as large as those in studies
where race is merely included as a control variable. This discrepancy
suggests that some researchers may be leveraging analytical flexibil-
ity to produce stronger findings when their study is explicitly posi-
tioned as an examination of racial disparities.

While this pattern does not appear in gender disparity research, its
presence in race disparity studies has broader implications for the
field. Not only does it introduce bias into individual studies, but
it also distorts the overall literature by inflating perceived dispari-
ties. Importantly, different manifestations of the same underlying
problem have been detected in past meta-analyses. Mitchell (2005)
found ethnic disparities published in academic journals or books are
twice as large as those that did not follow that route (e.g. doctoral
dissertations). Similarly, Ferguson & Smith (2024) shows that stud-
ies selectively citing evidence that supports their hypotheses - while
ignoring to cite evidence that contradicts them - also appear to report
twice stronger racial disparities. Consequently, literature reviews and
meta-analyses — including this one — are likely over-estimating the
presence of racial disparities in sentencing.

4.1 Way Forward

Despite the concerning state of sentencing research, we believe that
most of its problems can be addressed through the collective adoption
of open science practices. Incidentally, these practices also have the
potential to mitigate key limitations of this study and, in doing so,
improve its external validity.

One of the primary limitations of our study is its scope. We restricted
our analysis to: 1) a specific judicial decision—sentence length; ii)
two research questions—race and gender disparities; and iii) studies
published in English. These choices were made for practical reasons.
However, to assess the robustness of our findings, future research
should expand its scope to consider additional judicial decisions, such

21



as whether to convict, grant bail, or depart from sentencing guide-
lines; other sentencing-related estimates, such as the effects of crim-
inal history or guilty pleas; and studies published in other languages,
such as Spanish (Dominguez, 2024; Paez-Mérida & Montero Molera,
2022), German (Kaiser & Leibetseder, 2024), Czech (Drapal, 2017),
or Chinese. To facilitate this expanded analysis and ensure the repro-
ducibility of our findings, we have made all our materials publicly
available and integrated our R code directly into the article’s text us-
ing Quarto.

Given our partial exploration of the literature, it is possible that we
are underestimating the true extent of estimate and - especially - cross-
jurisdictional variability. Even if that is not the case, one clear take-
away from our study is the need to promote cross-jurisdictional sen-
tencing research. Most sentencing studies focus on a single jurisdic-
tion and set of courts, but as we have demonstrated, this can lead
to misleading conclusions when findings are generalised to other ju-
risdictions or even to different courts within the same system. For
example, sentencing research in England and Wales is almost exclu-
sively focused on the Crown Court, despite the fact that over 90% of
sentences are imposed in the lower magistrates’ courts (Ministry of
Justice, 2024). This raises serious concerns about the generalisability
of findings in that jurisdiction.

Conducting more cross-jurisdictional research will enhance the
reliability of sentencing research by providing a clearer picture of
between-jurisdiction variability. Likewise, we should aim to repre-
sent the model uncertainty affecting our findings more transparently.
To achieve this, we recommend moving away from the traditional
practice of reporting point estimates followed by a significance
test, as this approach only accounts for uncertainty stemming from
sampling error. Instead, we advocate for the use of specification
curves (Simonsohn, Simmons, & Nelson, 2020) to empirically
capture the model uncertainty introduced by analytical choices for
which there is no clear consensus — such as which legal factors
should be controlled for in studies of sentencing disparities (Hofer,
2019; Holmes & Feldmeyer, 2024; Pina-Sanchez, Hamilton, &
Tennant, 2024).

Beyond making uncertainty more transparent, adopting specific open
science initiatives — such as the pre-registration of analytical strate-
gies and the publication of registered reports — could help address
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many of the problems affecting sentencing research. Pre-registration
would reduce outcome bias by ensuring that analytical strategies are
not altered after results are known (Ioannidis, 2005; Simmons, Nel-
son, & Simonsohn, 2011). Registered reports would minimise re-
searchers’ degrees of freedom by subjecting analytical strategies to
peer review before data collection and analysis; additionally, since
studies would be accepted for publication based on their methodol-
ogy rather than their findings, publication bias would be substantially
reduced (Chambers & Tzavella, 2022; Lakens, Mesquida, Rasti, &
Ditroilo, 2024)

While open science initiatives should be embraced as a matter of good
research practice, their adoption becomes especially urgent given the
high degree of model uncertainty and the evidence of selective re-
porting uncovered in this study. There is still a long road ahead, but
embedding these practices into sentencing research is the only way
forward if we want to ensure that the field produces robust and trust-
worthy findings.

5 Conclusion

What is the external validity of sentencing research? In short, quite
low. However, further context is required.

We found that racial disparities in sentencing are remarkably consis-
tent across jurisdictions. Ethnic minority offenders tend to receive
slightly longer sentences, and this effect appears to be universal, with
penalties ranging narrowly from 2% to 4% longer sentences across
jurisdictions. Similarly, our analysis indicates that, on average, es-
timates of gender disparities in US jurisdictions do not significantly
differ from those observed elsewhere. As a whole, then, the US lit-
erature appears to be broadly representative of sentencing practices
worldwide.

However, when we consider the full extent of between-jurisdiction
variability — rather than just comparing average effects — sub-
stantial differences in gender disparities emerge. While sentencing
appears to be truly gender-neutral in jurisdictions such as Hong
Kong, Spain, Missouri, and Arizona, in others — including England
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& Wales, Belgium, the Netherlands, Australia, Canada, and Pennsyl-
vania — female offenders receive approximately 20% shorter prison
sentences.

Beyond jurisdictional differences, we also uncovered considerable
uncertainty stemming from the diverse analytical choices made by
researchers. This variability was substantial in both of our meta-
analyses, suggesting that sentencing outcomes are highly sensitive to
researchers’ degrees of freedom. More worryingly, we documented
how this leeway appears to have been exploited to exaggerate the
effect size of racial disparities.

These findings serve as a cautionary note for researchers, practi-
tioners, policymakers, and sentencing reform advocates. A more
measured approach is needed when interpreting sentencing research.
Findings from one jurisdiction should not be assumed to generalise
to others. Even within a specific jurisdiction, it is crucial to avoid
over-relying on a single study and instead assess the broader body
of evidence. Furthermore, even when considering the literature as a
whole, it is important to remain moderately skeptical and recognise
how the misalignment between career incentives and research best
practices may have influenced the evidence base.
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