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Abstract

Threat theory argues that states toughen criminal laws to repress the competitive power of large
minority groups. Yet, research on threat suffers from a poor understanding of why minority
group size contributes to social control and a lack of evidence on whether criminal law is
uniquely responsive to the political interests of majority racial groups at all. By compiling
a unique state-level dataset on 230 sentencing policy changes during mass incarceration
and using data from 257,362 responses to 79 national surveys to construct new state-level
measures of racial differences in punitive policy support, I evaluate whether criminal
sentencing law is uniquely responsive to white public policy interests. Pooled event history
models and mediation analyses support three primary conclusions: (1) states adopted new
sentencing policies as a nonlinear response to minority group size, (2) sentencing policies
were adopted in response to white public, but not black public, support for punitive crime
policy, and (3) minority group size and race-specific homicide victimization both indirectly
affect sentencing policy by increasing white public punitive policy support. These findings
support key theoretical propositions for the threat explanation of legal change and identify
white public policy opinion as a mechanism linking minority group size to variation in
criminal law.
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Of the many changes in U.S. penology during
mass incarceration, one of the most striking
was the shift toward punitive crime policy.
Capital punishment drew renewed support
after decades of political opposition (Garland
2010). Determinate sentencing laws paved the
way for a ballooning prison population (Har-
mon 2013; Spelman 2009; Stemen, Rengifo,
and Wilson 2006), and habitual offender laws
increased the “cumulative impact” of incar-
ceration for repeat offenders (King 2019).
Although partially intended to minimize dis-
crimination in criminal justice processing

(Walker 1993), changes in sentencing law
carried stark consequences for racial inequal-
ity. Black individuals currently account for
one-third of all prisoners, 65 percent of whom
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are serving time for a mandatory minimum
sentence (USSC 2017). For this reason, some
scholars charge crime policy—especially drug
policy—with erecting a “new racial caste sys-
tem” through the discriminatory expansion of
criminal justice (Alexander 2010).

Despite punitive crime policies driving the
prison boom, little research examines why
states adopted these new, tougher criminal
laws. Yet, “the lion’s share of increasing
incarceration was driven by growth in state
prison populations and thus by shifts in state
sentencing policy” (Raphael and Stoll
2013:117). For instance, in his analysis of the
incarceration rate, Spelman (2009) concludes
that crime rates and changes to sentencing
law were the two most powerful determinants
of prison growth. Raphael and Stoll (2009)
similarly estimate that 80 to 85 percent of the
growth in U.S. prisons can be attributed to
sentencing law. Punitive sentencing policies
cascaded across the states during mass incar-
ceration, adopted by different states at differ-
ent points in time. This heterogeneity in
sentencing policy adoption contributed to the
“varieties of mass incarceration” experienced
across the states (Campbell 2018). States’
adoption of criminal sentencing law is thus a
crucial, yet understudied, component of mass
incarceration.

In this study, I consider whether racial
threat drove states to adopt punitive sentenc-
ing laws. Racial threat has ensconced itself as
one of the dominant theoretical paradigms for
explaining the quantity and intensity of crimi-
nal punishments. Its core prediction is that
when minority groups pose a threat to the
dominant group’s political and economic
influence, often via large minority group size,
dominant groups expand criminal law to sup-
press the political and economic power of the
minority group (Blalock 1967). Many studies
have found evidence of threat dynamics, but
several challenges have recently been posed
to threat theory, citing inconsistent evidence
across levels of aggregation and social con-
trol outcomes, rarely tested causal mecha-
nisms, and ambiguous theoretical reasoning
as key limitations in the current state of threat
research (Feldmeyer and Cochran 2019; King

and Light 2019; Stults and Baumer 2007;
Ulmer, Painter-Davis, and Tinik 2016).

One explanation for these theoretical and
empirical ambiguities may be that research
has paid insufficient attention to whether and
how majority racial groups structure criminal
law. Threat theory assumes majority racial
groups are able to selectively deploy criminal
law to enforce racial dominance. Yet, little
research has examined whether the passage of
new criminal laws is uniquely responsive to
white public policy preferences, as opposed
to the policy preferences of racial minorities.
This is an important omission, as it is difficult
to explain how majority racial groups use
criminal law to protect their social standing
without evidence that they are able to shape
crime policy to suit their political needs.

Methodological difficulties largely explain
why research on legal responsiveness to
majority racial groups’ interests has been lim-
ited. To evaluate whether white members of
the public disproportionately influence state
sentencing law, it is necessary to measure
racial differences in policy preferences at the
subnational level. Because crime policy atti-
tudes are polled only infrequently at the state
level, it is difficult to construct robust meas-
ures of white and black public policy opin-
ions. Furthermore, because numerous types
of sentencing law were introduced in quick
succession during mass incarceration, an
analysis of policy adoption requires data on
multiple dimensions of sentencing policy to
capture the omnibus changes to state sentenc-
ing law and to tie these dramatic shifts in
legal infrastructure to threat dynamics.
Because few comprehensive datasets on state
sentencing policy reforms exist, such analy-
ses have yet to be conducted.

To overcome the data limitations that have
hampered prior research, I construct a new
dataset of policy adoption by combining pri-
mary and secondary data sources on state
sentencing law over four decades of mass
incarceration (1975 to 2012). The unique
state-level data contain information on 230
adoptions of 17 different types of sentencing
policy during mass incarceration. To measure
racial differences in support for punitive crime
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policy at the state level, 1 leverage recent
advancements in polling aggregation methods—
multilevel regression with poststratification
(MRP; Ghitza and Gelman 2013; Lax and
Phillips 2009b; Park, Gelman, and Bafumi
2004). MRP is appealing as it provides a strat-
egy to construct robust estimates of state opin-
ion by using multilevel modeling to correct
for under- and over-sampling in national sur-
veys. [ apply MRP to a sample of 79 surveys
composed of 156 survey questions and
257,362 responses to construct new state-level
measures of punitive policy support among
black and white populations.

To analyze the data, I use pooled event his-
tory models and mediation analyses to exam-
ine sentencing law adoption in all 50 states.
By considering racial differences in policy
interests, I introduce white public punitive-
ness as a mechanism connecting minority
group size to sentencing law adoption, and I
consider whether race-specific victimization
rates indirectly influence sentencing law by
shaping the policy interests of dominant racial
groups. Results shed light on the processes
through which threat manifests in more severe
criminal laws and provide support to key
theoretical tenets of racial threat theory.

THREAT AND SENTENCING
LAW

Sentencing policy changes were passed in
rapid succession between the 1970s and
1990s (Harmon 2013; Raphael and Stoll
2013; Stemen et al. 2006). No state had
adopted a determinate sentencing law abol-
ishing parole for convicted felon offenders in
1975, but 18 states had implemented some
form of determinate sentencing law by 1996.
These sentencing policies had numerous con-
sequences for the distribution of criminal
justice. Policy scholars, for instance, contend
that punitive sentencing laws are responsible
for the bulk of prison expansion during mass
incarceration (Raphael and Stoll 2009; Spel-
man 2009). In a review of the literature on
sentencing, Ulmer and colleagues (2016)
conclude that determinate sentencing laws are
one of the strongest determinants of racial

disparities in sentencing outcomes, echoing
claims made in the critical legal tradition of
scholarship that mandatory minimum drug
laws enforce a legal caste system comparable
to Jim Crow (Alexander 2010; Tonry and
Melewski 2008).

Although scholars concur on the conse-
quences of punitive sentencing law for crimi-
nal justice outcomes, there is less agreement
on the causes of sentencing policy adoption.
Instrumental response perspectives attribute
states’ rapid adoption of sentencing policy to
high crime rates. Spelman (2009) character-
izes the period of mass incarceration as one of
high “crime and limited options,” where
prison spending and tough-on-crime politics
provided a pragmatic solution to the limited
resources available to combat the rising crime
rate. Consistent with this explanation, myriad
accounts detail the crime rate’s effect on
incarceration (Enns 2014, 2016; Raphael and
Stoll 2013; Spelman 2009).

By contrast, threat accounts attribute social
control to interracial conflict. When the size
of a minority group grows, its members pose
a challenge to the dominant group’s economic
and political resources (Blalock 1967). In
response, dominant groups use criminal law
to secure their relative economic and political
influence. Although policy is a key element of
social control, little research has examined
how threat shapes sentencing law. Several
studies suggest threat has an effect. Jacobs
and Carmichael (2002) find that states with
large black populations were the most likely
to re-institutionalize the death penalty during
the 1970s and 1980s. Karch and Cravens
(2014) report that the earliest adopters of
three-strike laws in the 1990s were states with
large black populations. In the historical con-
text, Andrews and Seguin (2015) find that
intergroup threat was related to alcohol prohi-
bition in the early twentieth century.

Despite finding associations between
minority group size and social control out-
comes in many research settings (e.g., Keen
and Jacobs 2009; Kent and Jacobs 2005;
Liska and Chamlin 1984; Muller 2012;
Ramey and Steidley 2019; Stults and Baumer
2007), critics of threat theory have recently
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pointed to inconsistent results and ambiguous
theoretical reasoning as important limitations
in the current state of research. Feldmeyer
and Cochran (2019) describe a “theoretical
fog” hanging over threat theory, where few
studies clarify why the correlation between
minority group size and criminal punishments
should exist.

Inconsistent evidence on the effects of
threat has been particularly concerning in
research on mass incarceration. Several stud-
ies identify positive relationships between
black populations and imprisonment (Camp-
bell, Vogel, and Williams 2015; Greenberg
and West 2001; Jacobs and Carmichael 2001),
but a comparable number find null associa-
tions (Enns 2016; Spelman 2009), and similar
empirical ambiguities are seen in research on
racial disparity in criminal justice contact (see
Bridges and Crutchfield 1988; Keen and
Jacobs 2009; King, Johnson, and McGeever
2010; Liska and Chamlin 1984; Muller 2012;
Yates and Fording 2005). Reviewing the lit-
erature on criminal sentencing, King and
Light (2019:405-6) note that “it strains credu-
lity to suggest that, in calculating fashion,
judges are aware of demographic changes . . .
and strategically use their power to stymie the
advancement of racial minorities. . . . At a
minimum, we would need some evidence
beyond a mere correlation between race and
punishment to support such an inference.”
Echoing this skepticism, Spelman (2009:29,
34) attributes evidence in favor of threat to a
failure to consider legal infrastructure, con-
cluding that “social threats have little effect on
the number of prisoners”; instead, the prison
boom resulted from “increasing crime rates
[and] sentencing policies that put more offend-
ers behind bars and kept them there longer.”

I consider an alternative explanation: threat
indirectly contributes to mass incarceration
through its effect on sentencing law. Because
sentencing laws continue to shape trajectories
of imprisonment years after they are passed
(Harmon 2013; Spelman 2009; Ulmer et al.
2016), much of the effect of racial threat may
operate through sentencing policies that limit
judicial discretion and are rigidly applied in
criminal courts long after their initial adoption

(see Savelsberg 1992; Tonry 2009; Walker
1993). Furthermore, because threat theory
explicates a bottom-up process of legal
change, criminal justice actors do not need to
strategically use their power to suppress racial
advancement. Lawmakers need only respond
to the political interests of dominant groups to
implement new sentencing laws, many of
which are discriminatory in practice if not
principle (Alexander 2010; Tonry and
Melewski 2008; Ulmer et al. 2016). Below, 1
elaborate on this reasoning and introduce the
policy opinions of dominant racial groups as a
possible mechanism linking minority group
size to criminal legal change.

WHO CONTROLS THE LAW?

Why should racial composition influence
criminal law? Threat theory assumes majority
racial groups are able to selectively deploy
criminal law when their interests are threat-
ened. Thus, an important theoretical challenge
is identifying how majority groups utilize
criminal law to maintain racial dominance.
One explanation is that threat inspires criminal
justice actors to discriminate with the goal of
perpetuating competitive racial advantage. As
King and Light (2019) note, this explanation
“strains credulity” and, in fact, some evidence
suggests perceptions of threat do little to influ-
ence criminal justice officials’ decision-making
(Johnson and King 2017). Furthermore, it is
not immediately clear from this reasoning why
criminal justice actors, many of whom are non-
white, should be uniformly expected to act in
the interest of dominant racial groups.

An alternative explanation is that threat
operates through bottom-up political pro-
cesses that shape criminal laws. When the
relative size of the minority group is low,
dominant groups are able to rely on “gate-
keepers of discrimination,” such as police
officers and judges, who engage in “short
sighted” and “uncoordinated individual acts”
to preserve power arrangements (Blalock
1967:160). In contrast, as the size of the
minority group increases, majority racial
groups must mobilize to a greater degree in
support of new social policies that restrict the
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minority group’s competitive power.! Thus,
rather than influencing how criminal justice
actors enforce existing criminal laws, minor-
ity group size may elicit large-scale shifts in
dominant groups’ policy interests that shape
how new criminal law is constructed and the
rate at which new criminal laws are adopted.

The core expectation of this explanation is
that minority group size indirectly influences
the passage of new criminal law by increasing
white public support for restrictive crime pol-
icy. Studies support the possibility that aggre-
gate trends in white respondents’ attitudes are
influenced by racial context (Pickett et al.
2012; Quillian and Pager 2010; Unnever and
Cullen 2011). For instance, Quillian and Pager
(2010) show that white survey respondents
react to large black populations with increased
assessments of perceived risk (see also Quil-
lian and Pager 2001), and survey research
shows minority group size correlates with
respondents’ punitiveness (Baumer, Messner,
and Rosenfeld 2003; King and Wheelock
2007; Unnever and Cullen 2010, 2011).

Yet, it is far more difficult to show that
support for punitive policy among white pop-
ulations is responsible for changes in criminal
law. Extant studies on crime policy respon-
siveness are inconclusive, as they have not
disaggregated measures of policy support by
race (Baumer and Martin 2013; Baumgartner,
De Boef, and Boydstun 2008; Enns 2014,
2016).2 To isolate the effect of punitive policy
support among the white public, representa-
tive measures of their punitive attitudes are
required at aggregate levels. Because these
measures are difficult to construct, few stud-
ies have examined threat mechanisms, or
crime policy responsiveness to public atti-
tudes more generally (Pickett 2019).

We add layers of complexity when we
recognize that criminal law may be respon-
sive to the opinions of minority groups. Fort-
ner (2015:9) forcefully made this case in
reviewing New York’s Rockefeller Drug
Laws; he argues that “[a]fter tilting the dis-
cursive terrain in the direction of racial equal-
ity during the struggles of the civil rights
movement, working- and middle-class Afri-
can Americans tilted it in favor of punitive

crime policies” (see also Foreman 2017).
Indeed, public opinion research shows that
punitive sentiment among white and black
populations exhibited “parallel trends,” with
their support for tough crime policy rising
and falling in tandem for both racial groups
during mass incarceration (Anderson, Lytle,
and Schwadel 2017; Ramirez 2013; Shi, Lu,
and Pickett 2020).

In the study most similar to this one in
terms of design and motivation, Stults and
Baumer (2007) examine police force mobili-
zation. They find that fear of crime among
white populations increases the number of
police officers per capita in U.S. counties.
These findings are generally consistent with
the expectation that minority group size
should indirectly influence criminal law by
shaping the policy interests of dominant
groups.® But, because Stults and Baumer
(2007) do not compare the effects of white
public fear of crime to black public fear of
crime, it is unclear whether the effects of
criminal justice attitudes are due to members
of dominant racial groups desiring increased
crime control or criminal justice responsive-
ness to public concerns more generally.

Research has yet to consider whether crim-
inal laws are constructed in response to white
public punitiveness and whether the effect of
this support is an indirect consequence of
minority group size. This is an important
omission, as threat theory requires large-scale
and coordinated mobilization among domi-
nant racial groups to establish legal systems
that suppress minority groups’ competitive
power (Blalock 1967:153-60). By leveraging
methodological advancements in polling
aggregation, | am able to test the race-specific
effects of policy interests on the adoption of
criminal sentencing laws that enabled mass
incarceration.

SENTENCING LAW IN
HISTORICAL CONTEXT

I expect the racial threat explanation will hold
considerable power for explaining changes to
sentencing law in the historical context of
mass incarceration. Most research on threat
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Figure 1. National Trends in Incarceration and Black Population Growth

Note: Data are from the decennial Census.

dynamics locates the sources of threat in
change in minority group size, but it is also
possible that the threat posed by /arge minor-
ity populations increases when the legal infra-
structure used to maintain power imbalance is
compromised. Such an exogenous shock to
racial order was posed by Civil Rights prog-
ress in the years immediately prior to mass
incarceration. In detailing the historical con-
text of sentencing reform, I draw on prior
research on felon disenfranchisement laws in
the aftermath of the Civil War (Behrens,
Uggen, and Manza 2003). I elaborate threat
mechanisms and I consider the influence of
race-specific victimization rates.

Civil Rights as an Exogenous Threat

Longitudinal research on threat dynamics and
temporal variation in criminal punishments
typically locates threat in change in the size
of the black population (Kent and Jacobs
2005; Muller 2012; Olzak and Shanahan
1996; Parker, Stults, and Rice 2005). Yet, the
rate of black population growth did not sub-
stantially increase in the years before mass
incarceration (see Figure 1). The percent
black population increased by 1.4 percentage
points between 1930 and 1970, from 9.7 to
11.1 percent. Over the next four decades of

mass incarceration, the black population grew
at approximately the same rate, from 11.1
percent in 1970 to 13 percent in 2010. It is
therefore difficult to attribute states’ rapid
adoption of punitive sentencing laws between
1970 and 2000 to a growing black population
when the rate of black population growth
remained relatively constant prior to and for
the entirety of mass incarceration.
Considering a similar historical context in
the Reconstruction era, Behrens and col-
leagues (2003) examine historical processes
through which Southern states regulated the
“menace of Negro domination” in the wake of
emancipation. The victories of the Civil War
made slavery illegal, creating a stock of newly
empowered black populations that threatened
to overthrow the white political structure in
states with large former slave populations.
Behrens and colleagues (2003) show that
states with large black prison populations
were among the first to pass felon disenfran-
chisement laws barring former prisoners from
voting in political elections. These voter
restriction laws established imprisonment as a
means to limit the political power of black
populations, in turn smoothing the passage of
Jim Crow laws in many Southern states.
Much like the Civil War, Civil Rights
posed a profound threat to racial order. Like
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felon disenfranchisement laws in the Recon-
struction era (Behrens et al. 2003), the dis-
mantling of voter restriction and employment
discrimination laws enabled black people to
compete with their white counterparts in labor
markets and political office. As Ramirez
(2013:334) summarizes, “increases in civil
rights and integrations since the 1960s have
threatened white Americans and have led to
increases in support for punitive policies.”
The threat posed by newly afforded civil lib-
erties was likely greatest in states with large
black populations who were newly empow-
ered to compete with white populations for
jobs, education (e.g., college admittance), and
political representation. Thus, states likely
turned to sentencing law as white populations
scrambled to re-establish racial dominance
and replace the legal infrastructure histori-
cally used to suppress black populations.

Despite little substantial growth in the
black population during mass incarceration,
the political and economic empowerment of
black populations via Civil Rights progress,
combined with large black populations in
many states, likely posed a pronounced threat
to white populations, driving states to adopt
punitive sentencing laws. Thus, my first
empirical hypothesis is that the size of the
black population—rather than growth in the
black population—will be nonlinearly related
to sentencing policy adoption.* The nonlinear
functional form is derived from Blalock
(1967:187), who predicts that especially large
minority group populations will be able to
oppose the white public’s attempts to dis-
criminate via political processes. Black popu-
lation size should correlate with sentencing
policy adoption until a threshold. After this
threshold, the relationship should turn nega-
tive and decelerate at an increasing rate.

White Public Support for Punitive
Policy as a Threat Mechanism

Threat theory predicts that threat to the white
population’s economic and political standing
motivates them to support social policies that
repress the ability of the black population to

compete for economic and political resources.
In the context of mass incarceration, this
could be accomplished through the construc-
tion of new sentencing laws that arise in indi-
rect response to minority group size. Thus, I
expect white public support for punitive
crime policy will have a stronger effect on
sentencing law than will black public support
for punitive crime policy, and white public
support for punitive crime policy will mediate
the effect of minority group size.

Explanations in political accounts of mass
incarceration align with the expectation that
state sentencing laws will be uniquely respon-
sive to white public punitiveness. Many
scholars attribute tough-on-crime politics to
the Republican Party rebranding itself as the
party of “law and order” (Beckett 1997,
Jacobs and Carmichael 2001). These narra-
tives point out that most of the federal crime
reforms during mass incarceration were car-
ried out under Republican presidencies
(Beckett 1997; Beckett and Sasson 2004;
Weaver 2007; Western 20006), and at the state
level by Republican governments (Campbell
and Schoenfeld 2013; Lynch 2009; Page
2011; Schoenfeld 2018).> Because the Repub-
lican Party relies critically on white voters to
maintain their political standing,® their policy
propositions are likely responsive to the pol-
icy preferences of the white public, and thus
the punitive policy support of the white pub-
lic should translate more readily into sentenc-
ing policy adoption than does punitive policy
support among the black public.

White populations may also support
tougher criminal laws because they perceive
an unregulated criminal element in states with
large black populations (Liska, Lawrence,
and Sanchirico 1982; Quillian and Pager
2001; Stults and Baumer 2007). White popu-
lations often perceive black populations to be
criminally inclined and prone to violence
(Chiricos, Welch, and Gertz 2004; Pickett et
al. 2012; Russell 1998). In the context of
mass incarceration, Weaver (2007) details
how political discourse equated black politi-
cal progress with rising crime rates. Antici-
pating defeat in the battle against Civil Rights,
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conservative politicians tied the race riots of
the 1960s and militant groups like the Black
Panthers to crime in inner cities. This rhetoric
appealed to the white population’s deeply
held anxieties regarding racial progress and
reframed the “problem” of racial equality as
one of crime control (see also Beckett 1997,
Western 2006), increasing white populations’
support for punitive policy. Whether because
of economic, political, or criminal threat, |
expect that punitive policy support among the
white public will mediate the effect of black
population size on sentencing law adoption.

Race-Specific Instrumental
Responses

A focus on the white population’s influence
over criminal law provides a framework for
considering race-specific instrumental crime
responses. Most research on social control
accounts for the possibility of both threat and
instrumental responses (e.g., Kent and Jacobs
2005; King and Wheelock 2007; Muller 2012;
Ramey and Steidley 2019; Stults and Baumer
2007), but it is possible that threat and instru-
mental responses interact. Keen and Jacobs
(2009) consider the intersection of threat and
instrumental responses by examining how over-
all crime rates contribute to the racial disparity
in prison admissions. They find that “particu-
larly menacing” crimes, like rape and homicide,
increase the racial disparity in prison admis-
sions. Whereas Keen and Jacobs (2009) exam-
ine how black populations are scapegoated for
general criminal offending, I consider how
criminal laws are more likely to toughen when
white populations are victimized.

Some research suggests white individuals’
punitive policy support is more likely to
increase when white victimization rates
increase as opposed to when black victimiza-
tion rates increase. For instance, Liska and
colleagues (1982) find that black-on-white
homicide victimization increases fear of
crime among white populations, yet white-
on-black homicide victimization does not
increase fear of crime among black popula-
tions. This relationship could be related to

offender demographics, but it is also possible
that victim demographics influence punitive
attitudes. When people see members of their
own racial group victimized, they are more
likely to relate to the victim and believe that
their own risk of victimization is higher. As a
consequence, when white homicide victimi-
zation increases, punitiveness among the
white population will likely also increase.
This is likely reinforced by media coverage of
crime, which disproportionately covers
crimes with white victims (Beckett and Sas-
son 2004; Garland 2001) and is a robust
determinant of criminal justice attitudes
(Enns 2016; Shi et al. 2020). I therefore
expect white, but not black, homicide victimi-
zation rates will indirectly affect sentencing
policy by increasing white public support for
tough crime policy.

In summary, I expect sentencing policy
adoption will vary as a nonlinear threat
response to large—rather than growing—
minority groups. I further expect white, but
not black, public punitive policy support will
predict sentencing policy adoption and will
mediate the effect of minority group size.
Finally, I expect that because the white public
holds unique influence over criminal law,
white homicide victimization rates will have
an indirect effect on sentencing policy by
increasing white public support for punitive
crime policy. To test these hypotheses, I con-
struct a new dataset of 230 state sentencing
policy adoptions, and I leverage recent meth-
ods for measuring state-level public opinion
using national surveys. Because these meth-
ods for measuring state-level public opinion
are unfamiliar to most sociologists, I intro-
duce them in detail below.

MEASURING RACIAL
DIFFERENCES IN
PUNITIVENESS AT THE
STATE LEVEL

Measuring state-level policy opinion presents
methodological difficulties. Criminal justice
attitudes are usually only polled in national
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surveys that are not representative of states.
Furthermore, the most consistently polled
questions typically relate only to specific
dimensions of criminal justice policy, such as
death penalty support. Because policy respon-
siveness to public attitudes typically evolves
as lawmakers anticipate the types of
policies—rather than specific policies—the
public prefers (Stimson 1999, 2004), single-
indicator measures of policy opinion risk over-
stating temporal variation in punitive attitudes
and underestimating the effects of punitive
opinion on sentencing policy (Pickett 2019).

To overcome these issues, I use a two-
stage measurement strategy that entails first
correcting for non-representative sampling in
national surveys using multilevel regression
with poststratification (MRP), and second
measuring latent policy opinion variables for
black and white populations using a dyad
ratio algorithm. These two measurement
strategies have been successfully combined
by Enns (2016) and Enns and Koch (2013) to
measure punitive sentiment, liberalism, and
conservativism at the state level over time.
Each method has also been widely applied
independently to measure public opinion at
the national and subnational levels (Baum-
gartner et al. 2008; Enns 2014; Lax and Phil-
lips 2009a, 2009b; Park et al. 2004; Ramirez
2013; Stimson 1999; Weaver 2007).

Measuring State Response
Frequencies

MRP has recently gained attention as a prom-
ising method for measuring state-level public
opinion in the absence of representative poll-
ing data (Enns 2016; Enns and Koch 2013;
Ghitza and Gelman 2013; Lax and Phillips
2009a, 2009b; Park et al. 2004; Shirley and
Gelman 2015; Tausanovitch and Warshaw
2013; Warshaw and Rodden 2012). MRP
involves first pooling responses to similar
survey items (e.g., “Do you support capital
punishment for persons convicted of mur-
der?” “Are you in favor of the death penalty
for convicted murderers?”’) from a large number
of national surveys into a single “mega-poll.”

Responses are then modeled as a function of
demographic characteristics and state-level
attributes using multilevel logistic regression.
Including demographic and state-level regres-
sors recaptures geographic and demographic
covariance, such as differences between black
and white individuals, men and women, and
age groups in support of capital punishment,
as well as state-level heterogeneity.

In the second step, the coefficients from
multilevel modeling are applied to state-level
demographic data, such as those obtained
from the Census. State-level demographics
are arranged into a data matrix such that cells
represent the proportion of a state population
that shares a demographic characteristic with
respondents in the mega-poll. For instance, in
the model presented here, punitiveness
responses are regressed on gender, race, age,
and education. The demographic data thus
include separate columns for the proportion
of a state population made up of black women
between age 18 and 30 who did not graduate
high school, who did graduate high school,
and so on for all possible combinations of
race, gender, age, and education. The cells in
the demographic data are multiplied by the
coefficients obtained from multilevel modeling.
The values are then transformed into pre-
dicted values using a logistic function and
summed to the state level. The final measures
represent the proportion of a state population
expected to offer a response (i.e., support the
death penalty). These estimates are “post-
stratified” in the sense that they are weighted
by the population composition in each state.

The thrust of MRP is that it leverages geo-
graphic and demographic covariance to
inform predicted state response rates.
Respondents provide information on state-
level response patterns through the homoge-
nous effect of demographics (i.e., race,
gender, and age effects) that can be applied to
all state estimates, regardless of their loca-
tion. It is perhaps unsurprising, then, that
MRP has been shown to outperform most
other popular methods for measuring subna-
tional opinion (other than state-level polling)
in methodological assessments (Lax and
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Phillips 2009b; Park et al. 2004; Warshaw
and Rodden 2012).”

Despite the advantages of MRP, several
limitations warrant discussion. MRP can
sometimes underestimate differences between
states, meaning there is an excess of state-
invariant (national) trending (Lax and Phillips
2009b). This issue can be addressed in a
straightforward fashion by controlling for
national time trends in analytic models using
MRP measures, as I do here. The second limi-
tation is that validity of MRP estimates usu-
ally suffers when informative state-level
covariates are omitted from the MRP model
(Lax and Phillips 2009b; Tausanovitch and
Warshaw 2013; Warshaw and Rodden 2012).
I address this by including public conservativ-
ism, racial composition, and region as state-
level covariates, each of which have been
successfully used to model public punitive-
ness in prior research using MRP (e.g., Enns
2016; Shirley and Gelman 2015). Finally,
MRP sometimes underestimates group differ-
ences in public opinion (Ghitza and Gelman
2013). The difference in coefficients for white
and black public punitiveness should therefore
be regarded as a conservative estimate.

I measure white and black public support
for tough crime policy using responses to the
General Social Survey, Gallup, ABC, Time,
and Harris polls administered between 1971
and 2016. Even though the dependent varia-
ble is only measured between 1975 and 2012
(discussed below), I include earlier and later
years to increase the amount of overall infor-
mation included in MRP estimates. In total, I
use 257,326 responses to 156 survey ques-
tions administered in 79 surveys, averaging
5,718 responses per year.® Support for puni-
tive crime policy is based on responses to six
questions that have been successfully used in
past research (Enns 2014, 2016; Ramirez
2013): (1) support for capital punishment for
persons convicted of murder, (2) belief that
courts do not deal harshly enough with crimi-
nals, (3) belief that there should be more
government spending on police, (4) belief
that there should be more government spend-
ing on law enforcement, (5) belief that there

should be more government spending on halt-
ing the rising crime rate, and (6) belief that
prisons should punish, rather than rehabili-
tate, inmates. The wording for each question
is provided in Table S1 of the online
supplement.

My MRP model is based on MRP models
used in prior research to measure state-level
punitiveness (Enns 2016; Shirley and Gelman
2015). To measure racial differences, I use a
conventional MRP as described earlier but
include interactions between demographics
and other variables (Ghitza and Gelman 2013;
Shirley and Gelman 2015). The interactions
allow response rates for each demographic to
vary across possible group combinations and
geographic boundaries (i.e., black respondents
in the South are allowed to be more punitive
than black respondents in the North). Given a
respondent 7 nested in a state j in year ¢, the
regression can be represented as follows:

1 Py |
og T, | itk T ) A jurZigr
-P ijt k r
Bjn =P +uje

ajtr :5r +8jtr

Where x is the data matrix containing the
demographic variables: race, sex, age, and
education. At level 2, I include the percent
black population, region, and percent Repub-
lican voters in the most recent presidential
election. z is a vector of two- and three-way
interactions between race, gender, age, state,
region, and year (Shirley and Gelman 2015).°
Finally, I include a continuous linear variable
for the year as well as a quadratic year term.!’
All coefficients are allowed to randomly vary
at the second level to increase efficiency and
to relax the assumption of zero correlation
between coefficients and random intercepts.
For each of the six survey item variables, |
first fit a three-level model, with respondents
nested in states and states nested in regions. |
then use the coefficients to predict response
patterns from demographic data, providing a
separate estimate of state-level response
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frequencies for each of the six survey items,
one for the state black population and one for
the state white population, in each year the
survey question was administered. I assess
the external validity of the MRP measures
below.

Latent Variable Measurement

MRP provides the predicted state-level
response rates to six survey items related to
punitiveness for 50 states. The next step is to
measure the latent punitiveness variable for
each race. I use the dyad ratio algorithm
developed by Stimson (1999) for measuring
latent public opinion, which has been suc-
cessfully applied in prior research to analyze
public opinion on criminal justice topics
(Baumgartner et al. 2008; Enns 2014, 2016;
Enns and Koch 2013; Nicholson-Crotty,
Peterson, and Ramirez 2009; Ramirez 2013).
The dyad ratio method utilizes marginal sur-
vey response rates to measure latent public
opinion. Each indicator is standardized by
calculating the ratio of each survey item to
their final (or first) point of measurement.
These “dyad ratios” all vary on the same
scale, and thus they can be averaged across
the state-specific time-series. Weights are
assigned to each observation using a recur-
sive smoothing algorithm that carries infor-
mation forward and backward from prior and
posterior years, assigning greater weight to
years where a larger number of respondents
were sampled.

The key advantage of the dyad ratio algo-
rithm over conventional factor analysis is that
the dyad ratio method assumes uneven tem-
poral coverage. National surveys are adminis-
tered inconsistently, so sample size varies
between surveys, years, and questions. The
dyad ratio method utilizes recursive smooth-
ing to provide weighted measurements of
public opinion in years where surveys have
inconsistent coverage by assigning greater
weights to surveys and survey questions with
larger samples. This method is more efficient
than factor analysis, as it uses information
contained in time trends and survey response

rates. Recent assessments show the dyad ratio
approach generally outperforms alternative
public opinion measurement strategies in
time-series and pooled time-series data (Enns
and Koch 2013; Stimson 2018).!!

I use the dyad ratio method to construct
latent variable measurements of punitive pol-
icy support among black and white popula-
tions at the state level. The final measures
range between 0 and 100 and can be inter-
preted as the weighted scale average of
response rates for the punitiveness survey
items. A one percentage-point increase in
each measure indicates greater support for
punitive crime policy among the black or
white population.

Validity Checks

I assess the reliability of the final punitive-
ness measures using standard strategies for
latent variable analysis. The percent variance
explained in the survey items by the final
measure is the most common metric of reli-
ability, where values greater than 80 percent
are considered evidence of excellent fit (Stim-
son 2018). On average, the final punitiveness
measures explain roughly 86 percent of the
variation in the six survey items, where the
least reliable time-series explains 77 percent
variance in the survey items.

I evaluate external validity by first com-
paring my estimates to national, state-level,
over-time, and individual-level measures of
punitive sentiment provided in prior studies,
and then comparing the MRP estimates to
state polling data. Consistent with prior stud-
ies (Anderson et al. 2017; Ramirez 2013; Shi
et al. 2020), punitive policy support among
the black and white publics exhibit similar
over-time trends, rising in the 1970s and
1980s before ultimately declining after 1990
(see Figure 2). The over-time patterns are also
consistent with Enns’s (2014) reports of
national punitive policy support, where puni-
tiveness peaks in the mid-1980s and 1990s
before declining. Also consistent with prior
research (Peffley and Hurwitz 2007, 2010),
white public punitiveness is roughly 15
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percentage points higher than black public
punitiveness, on average. These results repli-
cate the state-level measures of Shirley and
Gelman (2015), the national measures of
Ramirez (2013), and the individual-level
measures of Anderson and colleagues (2017),
each of which report a mean 20 to 25 percent-
age-point difference in support for various
dimensions of punitive policy between black
and white populations over the period of mass
incarceration. The greater temporal variation
in black populations’ punitive policy support
is also consistent with Anderson and col-
leagues’ (2017) findings on period-specific
racial differences in death penalty support,
where punitiveness exhibits greater year-to-
year variation for black respondents than for
white respondents.

The next step is to compare MRP esti-
mates to state polling measures in years where
state polls are available. Current benchmarks
suggest correlations above .7 and mean abso-
lute differences below 6 percent indicate high
external validity (Lax and Phillips 2009b;
Warshaw and Rodden 2012). Comparisons of
24 state polls administered in nine states
between 1974 and 2009 to MRP estimates
show measures are strongly consistent, with a
correlation of .78 and a mean absolute differ-
ence of 4.6 percent (see Figure S1 in the
online supplement). Further sensitivity analy-
ses show the estimates are robust to survey
error and undersampling of black respondents
(Figure S2, online supplement). These results
indicate that the constructed measures have
high external validity, as they are consistent
with measures reported in prior individual,
state-level, and national research, and with
state polling data. I now introduce the state
sentencing policy dataset, analytic strategy,
and remaining independent variables.

SENTENCING POLICY
ADOPTION

The dependent variable is states’ adoption of
punitive sentencing policy. The goal of the
current research is to characterize the omnibus
changes to criminal sentencing law during

mass incarceration. In total, I consider 17
dimensions of sentencing law. These include
determinate sentencing laws; mandatory mini-
mum drug, sex, and violent offense laws;
three-strike laws;'? presumptive sentencing
guidelines; statutory presumptive sentencing
laws; and voluntary sentencing guidelines,
each of which have been linked to mass incar-
ceration in prior studies (Alexander 2010;
Harmon 2013; Raphael and Stoll 2009, 2013;
Savelsberg 1992; Spelman 2009; Stemen et al.
2006; Tonry 2009)."* Definitions and details
of each policy are provided in Table 1.

The primary data source is Stemen and
colleagues’ (2006) report on sentencing pol-
icy (1975 to 2002), which is to-date the most
comprehensive data on state sentencing laws.
Stemen and colleagues’ (2006) data were sup-
plemented with timing data from prior pub-
lished research and legislative databases.
Supplementary data sources include Har-
mon’s (2013) article on fixed sentencing laws
(2003 to 2008), Anderson’s (2016) article on
sexual assault laws (2003 to 2012), the
National Conference of Sentencing Legisla-
ture’s (NCSL) Significant State Sentencing
and Corrections Legislation documentation
(2007 to 2009), and the state legislative data-
base operated by the NCSL and Pew Charita-
ble Trust (2010 to 2012). Data on many newly
adopted mandatory minimum sentencing
laws—primarily sex offender laws (see
Anderson 2016; Gottschalk 2014)—were not
available from any of these sources for 2003
to 2006. For these years, | identified new
mandatory sentencing laws by reviewing
each individual state legislature for all bills
related to sentencing.'*

In total, I consider 230 sentencing policy
adoptions of 17 dimensions of sentencing law
between 1975 and 2012.'5 This observation
period aligns with mass incarceration—the
incarceration rate began to increase in 1973
and stagnated in 2008—and it broadly con-
forms to prior research identifying the mid-
1970s as a turning point in U.S. sentencing
law (Raphael and Stoll 2013; Tonry 2009,
2013). Because Stemen and colleagues’
(2006) original data collection only provides
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Table 1. Sentencing Law Adoptions in the United States, 1975 to 2012

Policy Dimension

Number of
Adopting States

Years of
Adoption

Definition

Determinate sentencing
Presumptive sentencing

guidelines

Voluntary sentencing
guidelines

Statutory presumptive
sentencing

Three-strike

Mandatory minimum
sentencing
Marijuana possession
Marijuana sale
Cocaine possession
Cocaine sale
Heroin possession

Heroin sale

Sexual assault

Robbery
Burglary

Drug sale in possession
of a firearm

Robbery with bodily
harm

Repeat drug offense

Total adoptions

19

11

11

26

11

17

21

17

21

13

10

13

10

13

230

1976 to 1999

1980 to 1999

1983 to 2006

1976 to 2012

1993 to 2012

1975 to 2012

1978 to 1990

1978 to 1993

1978 to 2002

1978 to 1993

1981 to 2002

1978 to 1996

1978 to 2008

1975 to 1990

1975 to 1996

1990 to 1999

1981 to 1990

1975 to 2012

1975 to 2012

Abolishment of discretionary parole for
prison sentences.

Judges’ sentencing decisions are
predetermined with a rubric.
Sentences are mandated by rubric and
externally reviewed.

Sentencing guidelines are provided as
a formal recommendation but are not
legally binding. While judges generally
follow them, offenders cannot appeal
deviations from guidelines.

Provides a matrix of normative
sentencing guidelines based on
criminal history. Represents an
attempt to create uniformity among
similar crimes, but acts less like
a sentencing rubric. Specifies an
appropriate or “normal” sentence to
act as a baseline for a given offense.

Implement severe mandatory sentences,
typically with the possibility of life
imprisonment, for offenders with two
prior felony convictions.

Mandatory minimum sentence for
possession of 16 oz. of marijuana.

Mandatory minimum sentence for
selling 16 oz. of marijuana.

Mandatory minimum sentence for
possession of 28 oz. of cocaine.

Mandatory minimum sentence for
selling 28 oz. of cocaine.

Mandatory minimum sentence for
possession of 1 oz. of heroin.

Mandatory minimum sentence for
selling 1 oz. of heroin.

Mandatory minimum sentence for sexual
assault, including but not limited to
rape.

Mandatory minimum sentence for
robbery.

Mandatory minimum sentence for
burglary.

Mandatory minimum sentence for
selling drugs while in possession of a
firearm.

Mandatory minimum sentence for
robbery that inflicts bodily harm on
victim.

Mandatory minimum sentence for repeat
drug offenses.

Note: Earlier adopters are treated as left truncated and omitted from analyses.
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timing data on sentencing adoption in three-
year windows, adoptions are recorded as hav-
ing occurred by the end of each respective
three-year time period. The analysis thus uses
12 time periods, each of which encompasses
approximately a three-year window.'¢

My analysis is one of policy change; thus,
I use a time-to-adoption hazard analysis.
Because I consider multiple dimensions of
sentencing law, I utilize a pooled event his-
tory analysis (e.g., Boehmke and Skinner
2012; Boushey 2016). The pooled event his-
tory model treats the state-policy-year as the
unit of analysis. All state-policies are com-
bined into a pooled dataset, where each state
appears 17 times for each policy and 12 times
for each time period, yielding up to 204 (17 x
12 = 204) possible observations for each
state. The value of the dependent variable is
equal to 1 in each state-policy-year when a
focal sentencing law is adopted, and equal to
0 otherwise. Once a state adopts a sentencing
law, the state-policy exits the dataset, although
the state remains at risk of adopting other
sentencing laws.!” If a state adopted a focal
policy before 1975, the state-policy is left-
truncated and omitted from analysis.'®!? Of
the 850 total state-policies (17 x 50 = 850),
117 are left-truncated (12 percent), leaving
733 state-policies in the risk set.?’ State-poli-
cies not adopted by 2012 are right-censored.

The final long-formatted survival dataset
includes 7,738 observations reflecting the
time to adoption for each state-policy. I use a
discrete time frailty model; thus, the model is
estimated as a multilevel logistic regression
with a state-level random intercept. The dis-
crete time model is appropriate because the
timing to adoption is a coarse measurement
(three-year window). All models include a
linear and quadratic term for the time period.?!

DATA

I measure minority group composition using
the percent black population (see Blalock
1967; Kent and Jacobs 2005; Stults and Bau-
mer 2007). My expectation is that minority
group size, rather than change in minority

group size, will be important for explaining
sentencing policy adoption. I represent the
change in minority group size using the first
difference in the percent black population
(Ax;;, = x;, — X;;_1). | measure minority group
size as the percent black population in the
time-period preceding policy adoption (x;,_;).*
To account for the hypothesized nonlinear
threat functional form, I specify both linear
and quadratic terms for the lagged percent
black population.?

I measure race-specific homicide victimi-
zation as the white and black homicide vic-
timization rate per 100,000 white or black
population using data from the incidence-level
Supplemental Homicide Reports (SHR). SHR
data on homicide victimization are available
beginning in 1976. The measures are con-
structed from the Centers for Disease Control
mortality files in 1975. To account for whether
the effects of race-specific homicide victimi-
zation are a result of interracial violence, I
also control for the black-on-white homicide
rate per 100,000 white population (Liska et al.
1982; Stolzenberg, D’ Alessio, and Eitle 2004).
The measure is constructed using SHR data
and is missing for the year 1975. 1 discuss
missing data below. I control for the violent
crime rate per 100,000 population, as violent
crimes tend to be reliably reported. The vio-
lent crime rate is correlated with the property
crime rate at .82, indicating that little addi-
tional insight is gained from controlling for
both property and violent crime.**

I use several measures to account for
bottom-up and top-down political factors. To
account for public support for conservative
politics (Beckett 1997; Jacobs and Carmi-
chael 2002), I include percent Republican
voters in the most recent presidential election.
To account for political ideology, I control for
Stimson’s (1999) measure of liberal “policy
mood” using the state-level measure con-
structed by Enns and Koch (2013). The meas-
ure ranges between 0 and 100, reflecting the
percentage of a state’s population who sup-
port New Deal-type policies, that is, policies
related to greater governmental controls and
social welfare spending (approve of unions,
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Table 2. Descriptive Statistics for Event History Data (N = 7,738)

Variable Mean (SD) or % Range
A Percent black .061 —1.41 to .556
(.095)
Percent black ,_, 9.49 .19 to 37.70
(9.67)
White public punitiveness 56.94 49.00 to 67.70
(4.70)
Black public punitiveness 42.05 32.00 to 53.00
(3.92)
Black homicide victimization rate per 100,000 black 21.78 0 to 160.42
population (15.36)
White homicide victimization rate per 100,000 white 3.53 .03 to 14.55
population (2.21)
Black-on-white homicide rate per 100,000 white population .338 0to 1.83
(.273)
Violent crime rate per 100,000 population 400.23 45.9 to 1244.3
(220.84)
Number of sentencing laws pre-1975 1.86 0to8
(2.05)
Liberal policy mood 41.28 25.64 to 61.68
(5.28)
Percent Republican voters 52.67 19.06 to 78.20
(10.54)
Republican legislature .840 0to 1.76
(.373)
Republican governor 44.11% Oto1
Unemployment rate 6.06 2.30t0 17.80
(2.16)

greater spending on healthcare, greater spend-
ing helping the poor, more laws promoting
racial equality). The coefficient should be
inversely related to sentencing law adop-
tion.? I also control for top-down Republican
Party influence. I include an indicator meas-
ure for whether a state has a Republican gov-
ernor. [ also include a measure for Republican
influence in the state legislature equal to the
proportion of Republican seats in the state
senate plus the proportion of Republican seats
in the state house of representatives.

In addition to crime and political variables,
I control for labor market conditions using the
unemployment rate (see Rusche and Kirch-
heimer 1939; Spritzer 1975; Sutton 2004;
Western 2006). I further control for the num-
ber of sentencing laws adopted prior to the
onset of risk (pre-1975) to account for inertia
in the state hazard rates. Finally, I include
regional dummy variables to control for

regional heterogeneity and a vector of 16
policy dummy variables to eliminate hetero-
geneity in the policy-specific hazard rates.
Because event history models are estimated
on long-formatted data, I present descriptive
statistics for the pooled dataset formatted for
survival analysis (see Table 2).

Missing data were present in 12.7 percent
of state-years. | imputed missing data using
Honaker and King’s (2010) bootstrap estima-
tion maximization method for pooled time-
series data. The method is favored over
standard multiple imputation because it
accounts for time trending and nesting struc-
ture in addition to correlations between vari-
ables. Event history models were fitted to 10
imputed datasets and estimates were pooled
for final presentation.

To conduct my analysis, [ first assess
whether threat or crime rates better explain
sentencing policy adoption. I then control for
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Figure 3. Number of Sentencing Policy Adoptions in Each State, 1975 to 2012

race-specific punitiveness to evaluate whether
punitive policy support among white popula-
tions has stronger effects on sentencing poli-
cies than punitive policy support among black
populations. To assess indirect effects, I use
the KHB method for mediation analysis in
logit models (Karlson, Holm, and Breen
2012). Although coefficients cannot be com-
pared directly between nonlinear probability
models, the KHB method corrects for rescal-
ing, making coefficient comparisons possible.

RESULTS

I begin by describing the geospatial and tem-
poral distribution of sentencing policy adop-
tion. The most frequent adopters instituted
nine new sentencing laws during the observa-
tion period, and several states did not intro-
duce any of the measured dimensions of
sentencing policy (see Figure 3). Consistent
with expectations, Rust Belt and Southern
states were the most likely to toughen their
sentencing policies; these states have rela-
tively large black populations. Northeastern
and Midwestern Plains states were among the

least frequent adopters. Figure 4 illustrates
the dense temporal clustering of sentencing
law adoption. The number of new sentencing
laws steadily rose throughout the mid-1970s
and early 1990s, but few new sentencing laws
were adopted after 1995. In fact, only 15 new
sentencing policies were adopted after 1999.
Figure 4 also shows a close over-time asso-
ciation between the number of new sentenc-
ing policies and the mean white public
punitiveness measure (» = .81). By compari-
son, the correlation between the mean black
public punitiveness measure and the number
of new sentencing policies is noticeably
smaller, although also strong (r = .62).2
Bivariate analyses show a close over-time
association between both punitiveness meas-
ures and sentencing policy changes, although a
stronger correlation for white public punitive-
ness. The next step is to formally test the threat
explanation for sentencing law adoption. Table
3 presents results from pooled event history
models. Model 1 is a baseline model with full
control variables. States that had a greater
number of sentencing laws prior to 1975 are
more frequent adopters during the observation
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Figure 4. Number of Sentencing Policies and Mean White Public Punitiveness, 1975 to

2012

period. Republican Party presence in state leg-
islatures also increases the hazard of policy
adoption.  Consistent with  instrumental
response explanations, the violent crime rate is
positively related to policy adoption. In line
with threat expectations, the lagged percent
black population coefficient is positive, indi-
cating states with large black populations were
quicker to adopt punitive sentencing laws.
However, the change in percent black popula-
tion is insignificant, as are both measures of
race-specific homicide victimization.

Model 2 accounts for the nonlinear threat
functional form by including a quadratic term
for the lagged percent black population. The
linear term is positive, and the quadratic term
is negative, indicating a nonlinear threat rela-
tionship where the size of the black popula-
tion increases the hazard of sentencing policy
adoption until a threshold, where the relation-
ship inverts. The improvements in informa-
tion criteria (AIC and BIC) indicate the
nonlinear threat function is more informative
than the linear specification. This functional
form is consistent with the hypothesized
threat relationship, showing that sentencing
law adoption varies nonlinearly as a threat
function. Also consistent with expectations,
the change in black population size remains

insignificant, indicating sentencing policy
adoption was a response to large, rather than
growing, minority groups.

To assess the predictive power of threat
explanations compared to instrumental
response explanations, Models 3 and 4 exclude
the lagged percent black population terms and
violent crime rate, respectively. Consistent
with expectations, comparisons of AIC and
BIC reveal Model 4 is the better fitting model,
indicating that the nonlinear threat relationship
is more informative than the violent crime rate
for predicting sentencing policy adoption.
These results demonstrate that minority group
size, rather than crime trends, is a better pre-
dictor of sentencing law adoption.

Threat theory argues that sentencing laws
are adopted in response to majority groups’
policy preferences, as white populations selec-
tively deploy criminal sentencing law to
enforce competitive advantage. Model 5
includes the measure of white public punitive
sentiment. In line with expectations, a 1 per-
cent increase in white public punitive policy
support correlates with a 20 percent (exp(.186)
= 1.20) increase in the hazard ratio of sen-
tencing policy adoption. Also consistent with
expectations, controlling for white public
punitive policy support attenuates the size of
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the linear coefficient for the percent black
population coefficient by roughly 18 percent.
Model 6 excludes white public punitive policy
support and includes black public punitive
policy support. Consistent with expectations,
the black public punitive policy support coef-
ficient is insignificant. Excluding white public
punitive policy support returns the percent
black population coefficients to approximately
their original size. This result suggests it is
white public policy opinion—rather than black
public policy opinion or public support for
punitive crime policy more generally—that
contributed to sentencing policy adoption.

To formally assess this explanation, Model
7 presents a fully specified model controlling
for both black and white public punitive policy
support. The linear and quadratic terms for the
percent black population are again attenuated.
The coefficient for white public punitiveness is
positive and significant, but black public puni-
tiveness is insignificant. A test of the equality
of coefficients reveals a significant difference
between the effects of white and black public
punitive policy support (8% = 281, p < .01).
Furthermore, Model 5 is the best fitting model,
indicating that little new information is gained
by controlling for black public punitiveness.
Consistent with expectations, these findings
show that sentencing policy changes during
mass incarceration were a response to desire
for tougher crime policy among the white,
rather than black, population.

The next step is to consider reverse causa-
tion. Much like white public punitiveness can
contribute to sentencing law adoption, the
adoption of crime legislation may cause the
white public to become more punitive. Sensi-
tivity analyses in the online supplement (see
Figure S3) consider the possibility of reverse
causation using one- and two-year lags and
leads for white public punitiveness. If the lags
are significant, it suggests white public puni-
tiveness is causally prior to policy adoption.
If the leads are significant, it is likely because
of reverse causation. Results are robust for
both lag structures, but white public punitive-
ness is insignificant for both leads. These
findings provide additional evidence that it is

white public punitiveness contributing to sen-
tencing policy adoption, rather than sentenc-
ing policy changes increasing white public
punitiveness.

To facilitate interpretation of effect sizes, I
report the change in conditional probability of
sentencing policy adoption when the percent
black population and white public punitive-
ness shift by one standard deviation above or
below their respective means (Figure 5).
When the percent black population is held at
its mean, the probability of sentencing policy
adoption is .16. However, a one standard
deviation (9 percentage point) increase in the
percent black population correlates with a .44
increase in the probability of sentencing pol-
icy adoption. Based on model estimates, a
state with 18 percent black population has a
60 percent chance of adopting a new sentenc-
ing policy in a given year. By contrast, a state
with 1 percent black population has a 3 per-
cent chance. Turning to white public punitive
policy support, a one standard deviation
increase above the mean increases the proba-
bility of adoption by .16, or a 65 percent
chance a state will adopt a sentencing policy
in a given year when 61.4 percent of the white
population supports punitive crime policy.
Strikingly, a one standard deviation decrease
below the white-punitiveness mean lowers
the probability a state will adopt a sentencing
policy to .005. Based on model estimates, a
state where 52 percent or fewer of the white
population supports tough crime policy has
less than a 1 percent chance of adopting a
sentencing policy in a given year. These
results indicate that minority group size and
white public punitive opinion both have large
effects on sentencing policy adoption.

Results from pooled event history models
support the threat explanation for sentencing
policy adoption, revealing that sentencing laws
are adopted more frequently in states with
large black populations and punitive white
populations; the results show little support for
the idea that race-specific homicide victimiza-
tion contributed to sentencing policy. How-
ever, even insignificant coefficients can have
significant indirect effects if they yield a
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Figure 5. Probability of Sentencing Policy Adoption for a One Standard Deviation Change
in Lagged Percent Black and White Public Punitiveness

*p <.01; ***p < .001 (two-tailed test).

sizable change in a mediating variable
(Mackinnon 2008). I now formally test indi-
rect effects using the KHB method (Breen,
Karlson, and Holm 2013; Karlson et al. 2012).
The KHB method calculates the difference in
coefficients and its standard error by using the
ratio of coefficients to quantify rescaling
between models. The method is appealing
because it provides a causal interpretation
under the assumption of no omitted variables.
Although the assumption of no omitted varia-
bles is untestable, this property is desirable for
evaluating indirect pathways in observational
research settings where randomization is
impossible, such as analyses of state histories.

Table 4 presents results from mediation
analysis. Consistent with expectations, white
public punitiveness mediates roughly 26 per-
cent of the effect of the percent black popula-
tion linear term, and the indirect effect of
black public punitiveness is insignificant. Fig-
ure 6 plots these relationships using condi-
tional probabilities.?” On average, white public
punitiveness explains 43 percent of the condi-
tional probability of policy adoption attribut-
able to the percent black population (p <
.001).%8 In contrast, the conditional probability
of sentencing policy adoption declines, on
average, by a mere 2 percent after accounting
for black public punitiveness (p > .1).

Consistent with expectations, these findings
demonstrate that white public punitiveness
mediates the effect of black population size,
whereas black public punitiveness does not.
Turning to the remaining variables, the
indirect effect is insignificant for every inde-
pendent variable when treating black public
punitiveness as the mediator. This result is
consistent with Table 3, where black public
punitiveness is insignificant. In contrast, the
white homicide victimization rate has a sig-
nificant indirect effect of .014 by increasing
white public punitiveness. This means each
additional white homicide victimization per
100,000 population indirectly increases the
hazard of sentencing policy adoption by 1.4
percent (exp(.014) = 1.014) by increasing
white public support for punitive crime pol-
icy. A similar relationship does not exist for
black homicide victimization and black pub-
lic punitiveness, nor for the black-on-white
homicide rate. Also of note is that the indirect
effect of violent crime rates is insignificant.
This finding is consistent with recent evi-
dence that violent crime rates have little influ-
ence over public concern with crime (Shi
et al. 2020). This result indicates instrumental
responses to crime rates are, in part, race-
specific: white victimization rates indirectly
contribute to sentencing policy because
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Table 4. Mediation Analyses Using KHB Method (N = 7,738)

White Public Punitiveness  Black Public Punitiveness

Indirect Percent Indirect Percent
Variable Effect Mediated Effect Mediated
A Percent black .069 -11.07 .017 -3.41
(.040) (.047)
Percent black ,_, .046%* 26.56 .005 -2.80
(.017) (.014)
Percent black ,_, squared -.000 -3.09 .000 -.00
(.000) (.000)
Black homicide victimization rate -.001 13.32 .000 -.80
per 100,000 (.001) (.000)
White homicide victimization rate .018%* -19.17 .001 -1.15
per 100,000 (.005) (.002)
Black-on-white homicide rate per -.073 18.56 -.002 .480
100,000 (.042) (.006)
Violent crime rate per 100,000 .000 -.63 .000 -.36
(.000) (.000)

Note: Indirect effects are corrected for rescaling (Breen et al. 2013; Karlson et al. 2012).
*p < .05; **p < .01; ***p < .001 (two-tailed test).

Blacks' punitiveness Whites' punitiveness
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Figure 6. Conditional Probability of Sentencing Law Adoption before and after Controlling
for Punitive Policy Support

sentencing policies are uniquely responsive to
white public policy opinion, whereas there is
no significant indirect effect for either the
violent crime rate or black victimization rate.

In summary, findings support the threat
explanation for sentencing law adoption. Sen-
tencing law varied in response to white, but
not black, public punitive policy support, and
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white, but not black, public punitive policy
support mediates the effect of black popula-
tion size on sentencing policy adoption.
Results also provide support for instrumental
response and race-specific  instrumental
response explanations, but comparisons of
information criteria and mediation analyses
indicate that the direct and indirect effects are
considerably smaller than threat. Collectively,
these findings lend strong support to the threat
explanation of sentencing law adoption and
corroborate key claims of racial threat theory.

DISCUSSION

How do majority racial groups structure
criminal law? Extensive research has been
conducted on the effects of threat, but limita-
tions of data and analysis have hampered
inquiries into the core assumptions and claims
of racial threat theory. By leveraging method-
ological advancements in MRP and compil-
ing unique data on state sentencing policy
adoption, this study sought to address this
omission by drawing attention to the influen-
tial role of white public policy interests in the
adoption of new criminal sentencing law.
Results from pooled event history models and
mediation analyses support several primary
conclusions.

First, white populations are able to imple-
ment new criminal laws through bottom-up
political processes, where their mass support
for punitive crime policy contributes to the
adoption of sentencing law. In contrast, black
public policy interest—although exhibiting
comparable over-time trajectories to white
public policy opinion—has a negligible effect
on sentencing law adoption. These findings
support a key racial threat tenet: criminal sen-
tencing law is shaped by white public policy
preferences. Although threat theory assumes
white populations can selectively deploy
criminal law to protect their social interests,
few studies have evaluated whether this is
true, and recent research has argued that puni-
tiveness among the black population may
have been equally influential for the punitive
turn in U.S. politics (Foreman 2017; Fortner

2015). These findings indicate that minority
racial groups’ political power is suppressed
when white populations mobilize in support
of new criminal laws that restrict minority
groups’ capacity to compete with dominant
racial groups.

Second, sentencing laws were adopted in
nonlinear response to black population size.
Although threat is often cited as an explana-
tion for variation in social control, it has been
challenged in the context of mass incarcera-
tion on both theoretical and empirical grounds
(King and Light 2019; Spelman 2009). Find-
ings illustrate that threat has a large and posi-
tive effect on sentencing laws, larger even
than crime rates. Because past research has
identified the substantial effect of sentencing
laws on prison expansion and racial disparity
in criminal court outcomes (Alexander 2010;
Raphael and Stoll 2009; Tonry 2009; Ulmer
et al. 2016), these findings suggest much of
the effect of threat on mass incarceration and
racial disparity in criminal courts is indirect,
acting through punitive sentencing law. Con-
sistent with Behrens and colleagues (2003),
these results suggest minority group composi-
tion is most likely to lead states to adopt new
restrictive criminal laws in periods when the
legal infrastructure historically used to
enforce racial order is dismantled.

Third, findings identify white public puni-
tive policy support as a threat mechanism. A
characterizing feature of the “theoretical fog”
over threat theory is a poor understanding of
why minority group size contributes to social
control (Feldmeyer and Cochran 2019). Find-
ings reveal that the relationship between
minority group size and sentencing policy
adoption can be partly explained by increases
in white public punitive policy support,
whereas the same is not true of black public
punitive policy support. Consistent with
Stults and Baumer (2007), these findings
reveal that majority racial groups’ policy
opinion is one mechanism through which
minority group size motivates the adoption of
new criminal sentencing law.

Fourth, findings provide insight to race-
specific instrumental responses. Although
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threat and instrumental response explanations
are not inconsistent, they are typically
regarded as distinct hypotheses. Findings
illustrate that, because sentencing law is
uniquely responsive to white public policy
opinion, white homicide victimization indi-
rectly increases the hazard of crime policy
adoption, whereas black homicide victimiza-
tion does not. These findings illustrate that a
portion of instrumental responses to criminal
offending is race-specific, where criminal law
is more reactive to criminal offenses that vic-
timize members of dominant racial groups.

The results in this study carry implications
for understanding the rise of racial disparity in
mass incarceration. Muller (2012) traces much
of the historical growth of racial disparity in
incarceration rates prior to mass incarceration
to the Northward Migration of formerly
enslaved black populations. In contrast, find-
ings reveal that punitive sentencing laws,
which have been implicated in racial disparity
in punishment during mass incarceration
(Alexander 2010; Tonry and Melewski 2008;
Ulmer et al. 2016), were adopted in response
to large, rather than growing, black popula-
tions in a period when the dissolution of Jim
Crow laws threatened white racial dominance.
These sentencing laws not only affected pat-
terns in punishment at the time of adoption,
but they shaped legacies of racial inequality
for decades to come (Tonry 2013). These find-
ings make clear that “static” and “dynamic”
variants of threat theory should not be consid-
ered in isolation. Rather, exogenous threats,
such as Civil Rights progress and emancipa-
tion (Behrens et al. 2003), can amplify the
threat posed by a relatively stable demo-
graphic minority and lead to changes in legal
infrastructure that influence trajectories of
criminal punishment.

These findings further elucidate how domi-
nant groups deploy criminal law to maintain
competitive advantage. The most common
approach in racial threat research has been to
focus on the behaviors of criminal justice
actors, such as arrest rates (Kent and Jacobs
2005; Liska and Chamlin 1984), police milita-
rization (Ramey and Steidley 2019), and

criminal sentencing (King et al. 2010; Ulmer
and Johnson 2004). An implicit assumption in
this research design is that criminal justice
actors are motivated by perceptions of threat
and use their authority to maintain the racial
status quo. Scholars have recently expressed
discomfort with this reasoning, pointing to
uncharitable assumptions about criminal jus-
tice actors’ motivations and empirical ambi-
guities as key limitations in the state of threat
research (Feldmeyer and Cochran 2019; King
and Light 2019; Ulmer et al. 2016). The results
in this study provide an alternative explanation
for how threat operates to enforce racial hierar-
chy. In the historical context of mass incarcera-
tion, racial threat drove white populations to
rally in support of tougher criminal laws that
disproportionately and adversely affected
black populations. These results align with the
findings of Andrews and Seguin (2015) and
suggest much of the effect of threat on dis-
criminatory legal practices is bottom-up—
demanded by mass mobilization among
dominant groups, rather than ensured by the
“uncoordinated individual actions” of “gate-
keepers of discrimination” (Blalock 1967:160).

Although the results here present evidence
of bottom-up threat processes, it is prudent to
emphasize that reciprocal relationships likely
exist. Much research documents that political
action can shape the desires of the public
(Beckett 1997; Flores 2017, 2018). Although
ample evidence demonstrates that the public
also influences political behavior (Enns 2016;
King, Schneer, and White 2017; Page and
Shapiro 1992), racial composition is unlikely
to be the only source of threat. Indeed, in first
detailing the causes of group threat, Blumer
(1958) drew substantial attention to dema-
goguery and other forms of opinion leader-
ship that forge senses of collective racial
identity. In the current study, sensitivity anal-
yses and controls for Republican leadership
suggest the effects of threat processes are
robust to such possibilities. Nevertheless,
future research must consider the role of
opinion leaders in amplifying perceptions of
threat and translating such threats into crime
policy (see Weaver 2007).
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Another consideration is the role of Latinos.
In the current study, the influx of Latinos to the
United States caught wind in the 1990s, mean-
ing Latino threat followed, rather than pre-
ceded, many of the sentencing changes that
enabled mass incarceration. However, the rapid
growth of the Latino population since 1990
implies that Latinos cannot be overlooked in
contemporary threat processes. Prior research
suggests ethnicity is germane for understanding
the prevalence of arrest and perceived security
(Feldmeyer and Cochran 2019), but we know
much less about the effect of ethnic threat on
social policy. As contemporary political debates
center on exclusionary immigration practices,
such as border walls, travel bans, and detention
centers, it is necessary to assess the role of eth-
nic threat in constructing and drawing public
support for exclusionary legal policy.

These results provide insight to how and
why minority group size influences sentencing
law, but it is unclear exactly what types of
threat are most important for changes in crimi-
nal statutes. Blalock’s (1967) original reason-
ing pointed to economic and political
competition, and other accounts emphasize
criminal (Liska 1992) and cultural (Barth 1969)
threats. Yet, we know little about the types of
threat most likely to inspire policy change or
the kinds of threat most likely to be inspired by
minority groups. What is needed in further
research is operationalization of different types
of threat. Although it is useful to examine dis-
tinct minority group contexts and social control
outcomes to assess the veracity of threat expec-
tations across empirical settings, we gain little
theoretical insight by showing that minority
group composition influences social control in
some studies but not others. We must unpack
why these associations exist. Only by distin-
guishing between threat pathways, types of
threat, and their influence on criminal, legal,
and other political outcomes, can we identify
exactly how threat operates to affect race rela-
tions and what are the most common sources of
threat across social environments.

Finally, this study illustrates how MRP can
be used to evaluate the effects of public opin-
ion. MRP is a promising tool for measuring

public opinion at subnational levels. Although
MRP tends to provide conservative estimates
of state differences in opinion, this is a small
price to pay to measure historical attitudes, as
it is impossible to travel backward in time and
collect state polling data for many historical
sociological questions of interest. The ability
of MRP to mine national surveys for subna-
tional opinion is thus a powerful utility that
allows sociologists to “rediscover” public
opinion (Manza and Brooks 2012), and it
holds the potential to reinvigorate sociologi-
cal inquiry into public opinion as a determi-
nant of political action.

In summary, this study sought to evaluate
threat assumptions in an empirical analysis of
one defining feature of mass incarceration:
states’ adoption of punitive sentencing law.
Results illustrate that states adopted sentenc-
ing laws in direct and indirect response to
white public punitive policy support and the
size of the black population. Findings also
illustrate that black public punitive policy
support had little influence. These results sup-
port key tenets of racial threat theory and
identify punitive policy support among domi-
nant racial groups as a threat mechanism.
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Notes

1. Blalock (1967) references slavery and Jim Crow
laws as legal systems that accomplished this goal.



Duxbury

149

This is noteworthy because a number of scholars
have argued that the sentencing laws enacted during
mass incarceration reimagine racial castes in much
the same way as slavery and Jim Crow (Alexander
2010; Wacquant 2000).

Note that research on criminal justice responsiveness
to public opinion has furnished a sizable literature
on whether public punitiveness influences punish-
ment at all (see, e.g., Beckett 1997; Enns 2014,
2016; Pickett 2019; Zimring and Johnson 2006).
Although earlier research questioned the ability of
the public to influence criminal justice outcomes,
more recent research has provided compelling evi-
dence that public opinion is a salient factor in crime
control (Baumer and Martin 2013; Baumgartner et
al. 2008; Enns 2014, 2016; Pickett 2019).

Due to a lack of representative subnational data
on public opinion, Stults and Baumer (2007) are
forced to only analyze a cross-sectional dataset of
72 counties where representative measures could
be constructed from General Social Survey pri-
mary sampling units. Such small-n study designs
are useful for exploring hard-to-study theoretical
processes, but it is difficult to reach generalizable
conclusions from small-n samples, and it is impos-
sible to disentangle temporal order with such cross-
sectional research designs.

To be clear, my argument is not that growth in the
black population does not pose threat. My argument
is that the historical change in the black population
was not large enough during the rise of mass incar-
ceration to explain the rapid changes in sentencing
law that characterized the period of state prison
expansion.

More recent work documents how Democratic poli-
tics also played an important role (Hinton 2016).
Page (2011), for instance, details how the California
Prison Officer’s Union was especially effective in
contributing to tough prison reform by maintaining
a bipartisan political presence.

The Southern Strategy is often identified as a
turning-point political campaign: President Richard
Nixon appealed to former Democratic white voters
who were disillusioned with the Democratic Party
following the party’s support for racial equality in
the era of Civil Rights (Alexander 2010; Beckett
1997; Weaver 2007).

This is clear to see by recognizing that if a researcher
were to conduct MRP using an intercept only multi-
level model, the estimates would provide the naive
state response frequencies weighted by the state-
level random intercepts. The estimates would thus
improve upon naive calculations of state-level opin-
ion from national surveys even without including
demographic or geographic covariates by account-
ing for random state-level variation.

Past methodological assessments suggest a mini-
mum average of 1,200 responses per year is suf-
ficient for obtaining accurate MRP estimates (Lax

10.

11.

12.

14.

15.

16.

and Phillips 2009b; Park et al. 2004). I include addi-
tional respondents to increase the robustness of esti-
mates to variation in national survey administration.
Gains from including additional respondents are
marginal, but sampling above 1,200 helps account
for survey years where fewer than 1,200 respon-
dents may be sampled. By using 79 surveys, only
5 of the 45 years examined had fewer than 1,200
respondents.

These interactions are race x gender; race x gender x
age; race x gender x state; race x gender x year; age
X year; age X state; age x region; and state x year.

I opt for continuous terms over a vector of fixed
effects because the continuous specification is more
efficient and minimized information criteria.

A key advantage of the dyad ratio algorithm over
structural equation approaches is that the dyad ratio
algorithm incorporates information in the time
trends of survey response patterns administered
to independent samples, whereas structural equa-
tion modeling requires that the same questions are
administered to the same sample repeatedly over
time and does not explicitly incorporate time trends.
Warshaw and Rodden (2012) provide a method to
use item response theory in MRP, but the strategy
requires pooling over multiple surveys and makes
no explicit adjustment for time trends. Hence the
method is difficult to apply to event history analy-
sis, where timing is a central focus.

Three-strike laws refer to California-style three-
strike laws, where a harsh mandatory minimum
sentence—often a life sentence—is imposed for a
third felony offense. This is in contrast to more gen-
eral habitual offender laws, which typically recom-
mend sentencing enhancements for repeat offenders
and were prevalent prior to mass incarceration (see
Karch and Cravens 2014; Stemen et al. 2006).
Although sentencing guidelines are voluntary,
judges follow sentencing guidelines in roughly 85
percent of cases, and sentencing guidelines increase
state incarceration rates (Harmon 2013).

Most state websites provide searchable databases
for states” bills. In cases where searches on state
websites were inconclusive, I used LexisNexis to
ascertain the timing of legal change.

2012 is the last year a state adopted any of the 17
policy dimensions, when Massachusetts adopted
a three-strike law, Virginia adopted a second-time
drug distributor law, and Alabama changed its
voluntary sentencing guidelines into statutory pre-
sumptive sentencing standards.

The timing of adoption is defined as whether a
policy has been adopted within the following time
windows: 1975-1977, 1978-1980, 1981-1983,
1984-1986, 1987-1989, 1990-1992, 1993-1995,
1996-1998, 19992001, 2002-2004, 2005-2007,
and 2008-2012. The values of independent vari-
ables are measured for the first year in each of these
time windows.
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20.

21.

22.

23.

24.

25.

Some states have reformed sentencing policies, but
the current research focuses exclusively on adop-
tion, meaning a repeated risk analysis is inappro-
priate. We should be cautious of including policy
reform in these analyses without theoretical elabo-
ration, as the causes of policy adoption are unlikely
to capture the social dynamics that spur policy
reform (Karch and Cravens 2014).

Because the unit of analysis is the state-policy, this
means states are only left-truncated for specific pol-
icies. For instance, Alabama had mandatory mini-
mum sentencing laws for marijuana offenses prior
to 1975 and thus was left-truncated for this policy,
but Alabama remains in the dataset for other policy
dimensions.

Although the timing of adoptions prior to 1975 is
unknown, Stemen and colleagues (2006) provide
data on how many states already had adopted a sen-
tencing policy at some point prior to 1975. Thus,
it is possible to identify and correct for adoptions
prior to 1975, although information is not provided
on when those adoptions occurred.

Simulation studies suggest such small percentages
of left-truncation do little to bias coefficients (Cain
et al. 2011). Table S2 in the online supplement fur-
ther suggests any bias in the estimates is likely to
be conservative. I also considered left-truncation
bias by estimating Cox models that correct for left-
truncation using joint likelihood estimation for the
truncated and non-truncated adopters. Results are
robust for all independent and control variables,
indicating that any left-truncation bias in the dis-
crete time models is too small to alter substantive
conclusions.

This specification was selected based on assess-
ments of model fit using Akaike and Bayesian
information criteria.

The percent black population in 1972 is used to cal-
culate the lagged and change in percent black popula-
tion statistics for 1975 to 1977. L use 1972 to preserve
a consistent lag structure for all observations.

I do not specify nonlinear terms for the change in
percent black population because the hypothesized
nonlinear threat relationship relates specifically to
population composition, rather than the rate of pop-
ulation change. Results are consistent when includ-
ing a quadratic term for the change in percent black
population.

When controlling for both violent and property
crime, both crime measures are insignificant
because of collinearity, but the remaining results
are unchanged.

Enns and Koch (2013) also provide a state-level
measure of Stimson’s (1999) conservative policy
mood; however, the measure is compiled primar-
ily from survey questions related to punitive crimi-
nal justice. In fact, the measure has been used as
a proxy for punitive sentiment in political science
research (Nicholson-Crotty et al. 2009). Thus, I

instead use the liberalism measure because it more
closely relates to political ideology net of criminal
justice attitudes.

26. Diagnostics show that multicollinearity is not a
problem. The largest variance inflation factor is
3.27 for white public punitiveness, and the remain-
ing variables all have variance inflation factors
below 3. Because the primary consequence of
multicollinearity is inflated standard errors, and
because white public punitiveness is significant in
all models, it is reasonable to conclude that multi-
collinearity is not affecting substantive conclusions.

27. Recall that the conditional probability is the proba-
bility of sentencing policy adoption when the linear
and quadratic black population are allowed to vary
and all other variables are held at their means.

28. The p-value is calculated using the method of Mize,
Doan, and Long (2019). In brief, the strategy uses
seemingly unrelated estimation and the Delta method
to calculate asymptotic standard errors for between-
model differences in conditional probabilities.

References

Alexander, Michelle. 2010. The New Jim Crow: Mass
Incarceration in the Age of Colorblindness. New
York: The New Press.

Anderson, Amy L., Robert Lytle, and Philip Schwadel.
2017. “Age, Period, and Cohort Effects on Death
Penalty Attitudes in the United States, 1974-2014.”
Criminology 55(4):833—68.

Anderson, Michelle J. 2016. “Campus Sexual Assault
Adjudication and Resistance to Reform.” The Yale
Law Journal 125(7):1940-2005.

Andrews, Kenneth T., and Charles Seguin. 2015. “Group
Threat and Policy Change: The Spatial Dynamics of
Prohibition Politics, 1890-1919.” American Journal
of Sociology 121(2):1-36.

Barth, Frederik. 1969. Ethnic Groups and Boundaries:
The Social Organization of Culture Difference. Long
Grove, IL: Waveland Press.

Baumer, Eric P., and Kimberly H. Martin. 2013. “Social
Organization, Collective Sentiment, and Legal Sanc-
tions in Murder Cases.” American Journal of Sociol-
ogy 119(1):131-82.

Baumer, Eric P., Steven F. Messner, and Richard Rosen-
feld. 2003. “Explaining Spatial Variation in Support
for Capital Punishment: A Multilevel Analysis.”
American Journal of Sociology 108(4):844-75.

Baumgartner, Frank R., Suzanna L. De Boef, and Amber
E. Boydstun. 2008. The Decline of the Death Penalty
and the Discovery of Innocence. New York: Cam-
bridge University Press.

Beckett, Katherine. 1997. Making Crime Pay: Law and
Order in Contemporary American Politics. Oxford,
UK: Oxford University Press.

Beckett, Katherine, and Theodore Sasson. 2004. The Pol-
itics of Injustice: Crime and Punishment in America.
Thousand Oaks, CA: Pine Forge Press.



Duxbury

151

Behrens, Angela, Christopher Uggen, and Jeff Manza.
2003. “Ballot Manipulation and the ‘Menace of
Negro Domination’: Racial Threat and Felon Dis-
enfranchisement in the United States, 1850-2002.”
American Journal of Sociology 109(3):559-605.

Blalock, Hubert M. 1967. Toward a Theory of Minority-
Group Relations. New York: Jon Wiley and Sons.

Blumer, Herbert. 1958. “Race Prejudice as a Sense of
Group Position.” The Pacific Sociological Review
1(1):3-7.

Boehmke, Frederick J., and Paul Skinner. 2012. “State
Policy Innovativeness Revisited.” State Politics and
Policy Quarterly 12(3):303-29.

Boushey, Graeme. 2016. “Targeted for Diffusion? How
the Use and Acceptance of Stereotypes Shape the Dif-
fusion of Criminal Justice Policy Innovations in the
American States.” American Political Science Review
110(1):198-214.

Breen, Richard, Kristian Bernt Karlson, and Anders
Holm. 2013. “Total, Direct, and Indirect Effects in
Logit and Probit Models.” Sociological Methods &
Research 42(2):164-91.

Bridges, George S., and Robert D. Crutchfield. 1988.
“Law, Social Standing, and Racial Disparities in
Imprisonment.” Social Forces 66(3):699-724.

Cain, Kevin C., Sioban D. Harlow, Roderick J. Little, Bin
Nan, Matheos Yosef, John R. Taffe, and Michael R.
Elliot. 2011. “Bias Due to Left Truncation and Left
Censoring in Longitudinal Studies of Developmental
and Disease Processes.” American Journal of Epide-
miology 173(9):1078-84.

Campbell, Michael C. 2018. “Varieties of Mass Incarcer-
ation: What We Learn from State Histories.” Annual
Review of Criminology 1(1):219-34.

Campbell, Michael C., and Heather Schoenfeld 2013.
“The Transformation of America’s Penal Order: A
Historicized Political Sociology of Punishment.”
American Journal of Sociology 118(5):1375-423.

Campbell, Michael C., Matt Vogel, and Joshua Williams.
2015. “Historical Contingencies and the Evolving
Importance of Race, Violent Crime, and Region in
Explaining Mass Incarceration in the United States.”
Criminology 53(2):180-203.

Chiricos, Ted, Kelly Welch, and Marc Gertz. 2004.
“Racial Typification of Crime and Support for Puni-
tive Measures.” Criminology 42(2):358-90.

Enns, Peter K. 2014. “The Public’s Increasing Punitive-
ness and Its Influence on Mass Incarceration in the
United States.” The American Journal of Political
Science 58(4):857-72.

Enns, Peter K. 2016. Incarceration Nation: How the
United States Become the Most Punitive Democracy
in the World. New York: Cambridge University Press.

Enns, Peter K., and Julianna Koch. 2013. “Public Opin-
ion in the U.S. States: 1956 to 2010.” State Politics
and Policy Quarterly 13(3):349-72.

Feldmeyer, Ben, and Joshua C. Cochran. 2019. “Racial
Threat and Social Control: A Review and Conceptual
Framework for Advancing Racial Threat Theory.”

Pp. 283-309 in Building a Black Criminology: Race,
Theory, and Crime. New York: Routledge.

Flores, Rene D. 2017. “Do Anti-Immigrant Laws Shape
Public Sentiment? A Study of Arizona’s SB 1070
Using Twitter Data.” American Journal of Sociology
123(2):333-84.

Flores, Rene D. 2018. “Can Elites Shape Attitudes
Towards Immigrants? Evidence from the 2016 US
Presidential Election.” Social Forces 96(4):1649—
90.

Foreman Jr., James. 2017. Locking Up Our Own: Crime
and Punishment in Black America. New York: Farrar,
Straus, and Giroux.

Fortner, Michael J. 2015. Black Silent Majority: Urban
Politics and the Development of the Rockefeller Drug
Laws. Cambridge, MA: Harvard University Press.

Garland, David. 2001. The Culture of Control: Crime and
Social Order in Contemporary Society. Chicago: The
University of Chicago Press.

Garland, David. 2010. Peculiar Institution: America’s
Death Penalty in an Age of Abolition. Cambridge,
MA: Harvard University Press.

Ghitza, Yair, and Andrew Gelman. 2013. “Deep Interac-
tions with MRP: Election Turnout and Voting Pat-
terns among Small Electoral Subgroups.” American
Journal of Political Science 57(3):762-76.

Gottschalk, Marie. 2014. Caught: The Prison State and
the Lockdown of American Politics. Princeton, NJ:
Princeton University Press.

Greenberg, David F., and Valerie West. 2001. “State
Prison Populations and their Growth, 1971-1991.”
Criminology 39(3):615-54.

Harmon, Mark G. 2013. ““Fixed’ Sentencing: The Effect
on Imprisonment Rates over Time.” Journal of Quan-
titative Criminology 29(3):369-97.

Hinton, Elizabeth. 2016. From the War on Poverty to the
War on Crime.: The Making of Mass Incarceration in
America. Cambridge, MA: Harvard University Press.

Honaker, James, and Gary King. 2010. “What to Do about
Missing Values in Time-Series Cross-Section Data.”
American Journal of Political Science 54(2):561-81.

Jacobs, David, and Jason T. Carmichael. 2001. “The Poli-
tics of Punishment across Time and Space: A Pooled
Time-Series Analysis of Imprisonment Rates.” Social
Forces 80(1):61-89.

Jacobs, David, and Jason T. Carmichael. 2002. “The
Political Sociology of the Death Penalty: A Pooled
Time-Series Analysis.” American  Sociological
Review 67(1):109-31.

Johnson, Brian D., and Ryan D. King. 2017. “Facial Pro-
filing: Race, Physical Appearance, and Punishment.”
Criminology 55(3):520-47.

Karch, Andrew, and Matthew Cravens. 2014. “Rapid Dif-
fusion and Policy Reform: The Adoption and Modi-
fication of Three-Strikes Laws.” State Politics and
Policy Quarterly 14(4):461-91.

Karlson, Kristian Bernt, Anders Holm, and Richard
Breen. 2012. “Comparing Regression Coefficients
between Same-Sample Nested Models Using Logit



152

American Sociological Review 86(1)

and Probit: A New Method.” Sociological Methodol-
ogy 24(1):286-313.

Keen, Bradley, and David Jacobs. 2009. “Racial Threat,
Partisan Politics, and Racial Disparities in Prison
Admissions: A Panel Analysis.” Criminology
47(1):209-38.

Kent, Stephanie L., and David Jacobs. 2005. “Minor-
ity Threat and Police Strength from 1980 to 2000:
A Fixed-Effects Analysis of Nonlinear and Inter-
active Effects in Large U.S. Cities.” Criminology
43(3):731-60.

King, Gary, Benjamin Schneer, and Ariel White. 2017. “How
the News Media Activate Public Expression and Influ-
ence National Agendas.” Science 358(6364):776-80.

King, Ryan D. 2019. “Cumulative Impact: Why Prison Sen-
tences Have Increased.” Criminology 57(1):157-80.

King, Ryan D., Kecia R. Johnson, and Kelly McGeever.
2010. “Demography of the Legal Profession and
Racial Disparities in Sentencing.” Law and Society
Review 44(1):1-32.

King, Ryan D., and Michael T. Light. 2019. “Have Racial
and Ethnic Disparities in Sentencing Declined?”
Crime and Justice 48:365-437.

King, Ryan D., and Darren Wheelock. 2007. “Group
Threat and Social Control: Race, Perceptions of
Minorities, and the Desire to Punish.” Social Forces
85(3):1255-80.

Lax, Jeffrey R., and Justin H. Phillips. 2009a. “Gay
Rights in the States: Public Opinion and Policy
Responsiveness.” American Political Science Review
103(3):367-86.

Lax, Jeffrey R., and Justin H. Phillips. 2009b. “How
Should We Estimate Public Opinion in the States?”
American Journal of Political Science 53(1):107-21.

Liska, Allen E. 1992. Social Threat and Social Control.
Albany: State University of New York Press.

Liska, Allen E., and Mitchell B. Chamlin. 1984. “Social
Structure and Crime Control among Macrosocial
Units.” American Journal of Sociology 90(2):383-95.

Liska, Allen E., Joseph J. Lawrence, and Andrew
Sanchirico. 1982. “Fear of Crime as a Social Fact.”
Social Forces 60(3):760-70.

Lynch, Mona. 2009. Sunbelt Justice: Arizona and the
Transformation of American Punishment. Stanford,
CA: Stanford University Press.

Mackinnon, David P. 2008. Introduction to Statistical
Mediation Analysis. New York: Routledge.

Manza, Jeff, and Clem Brooks. 2012. “How Sociology
Lost Public Opinion: A Genealogy of a Missing
Concept in the Study of the Political.” Sociological
Theory 30(2):89-113.

Mize, Trenton D., Long Doan, and J. Scott Long. 2019.
“A General Framework for Comparing Predictions
and Marginal Effects across Models.” Sociological
Methodology 49(1):152—-89.

Muller, Christopher. 2012. “Northward Migration and
the Rise of Racial Disparity in American Incarcera-
tion, 1880-1950.” American Journal of Sociology
118(2):281-326.

Nicholson-Crotty, Sean, David A. Peterson, and Mark D.
Ramirez. 2009. “Dynamic Representation(s): Federal
Criminal Justice Policy and an Alternative Dimension
of Public Mood.” Political Behavior 31(4):629-55.

Olzak, Susan, and Suzanne Shanahan. 1996. “Depriva-
tion and Race Riots: An Extension of Spilerman’s
Analysis.” Social Forces 74(3):931-61.

Page, Benjamin I., and Robert Y. Shapiro. 1992. The
Rational Public. Chicago: University of Chicago
Press.

Page, Joshua. 2011. The Toughest Beat: Politics, Punish-
ment, and the Prison Officers Union in California.
Oxford, UK: Oxford University Press.

Park, David K., Andrew Gelman, and Joseph Bafumi.
2004. “Bayesian Multilevel Estimation with Post-
stratification: State-Level Estimates from National
Polls.” Political Analysis 12(4):375-85.

Parker, Karen F., Brian J. Stults, and Stephen K. Rice.
2005. “Disadvantage and Social Control: Consider-
ing the Macro-Level Sources of Variation in Arrests.”
Criminology 43(4):1111-34.

Peftley, Mark, and Jon Hurwitz. 2007. “Persuasion and
Resistance: Race and the Death Penalty in America.”
American Journal of Political Science 51(4):996-1012.

Peffley, Mark, and Jon Hurwitz. 2010. Justice in Amer-
ica: The Separate Realities of Blacks and Whites.
Cambridge, UK: Cambridge University Press.

Pickett, Justin T. 2019. “Public Opinion and Criminal
Justice Policy: Theory and Research.” Annual Review
of Criminology 2:405-28.

Pickett, Justin T., Ted Chiricos, Kristin M. Golden, and
Marc Gertz. 2012. “Racial Composition and Whites’
Perceptions of Victimization Risk: Do Racial Stereo-
types Matter?” Criminology 50(1):145-86.

Quillian, Lincoln, and Devah Pager. 2001. “Black Neigh-
bors, Higher Crime? The Role of Racial Stereotypes
in Evaluations of Neighborhood Crime.” American
Journal of Sociology 107(3):717-67.

Quillian, Lincoln, and Devah Pager. 2010. “Estimating
Risk: Stereotype Amplification and the Perceived
Risk of Criminal Victimization.” Social Psychology
Quarterly 73(1):79-104.

Ramey, David M., and Trent Steidley. 2019. “Policing
through Subsidized Firepower: An Assessment of
Rational Choice and Minority Threat Explanations of
Police Participation in the 1033 Program.” Criminol-
ogy 56(4):812-56.

Ramirez, Mark D. 2013. “Punitive Sentiment.” Criminol-
ogy 51(2):329-64.

Raphael, Steven, and Michael A. Stoll. 2009. “Why Are
So Many Americans in Prison?” Pp. 27-72 in Do
Prisons Make Us Safer? edited by S. Raphael and M.
A. Stoll. New York: Russell Sage Foundation.

Raphael, Steven, and Michael A. Stoll. 2013. Why Are So
Many Americans in Prison? New York: Russell Sage
Foundation.

Rusche, Georg, and Otto Kirchheimer. 1939. Punishment
and Social Structure. The Hague, Netherlands: Inter-
national Institute for Social Research.



Duxbury

153

Russell, Katheryn. 1998. The Color of Crime: Racial
Hoaxes, White Fear, Black Protectionism, Police
Harassment, and Other Macroaggressions. New
York: NYU Press.

Savelsberg, Joachim J. 1992. “Law That Does Not Fit
Society: Sentencing Guidelines as a Neoclassical
Reaction to the Dilemmas of Substantivized Law.”
American Journal of Sociology 97(5):1346-81.

Schoenfeld, Heather. 2018. Building the Prison State:
Race and the Politics of Mass Incarceration. Chi-
cago: University of Chicago Press.

Shi, Luzi, Yunmei Lu, and Justin T. Pickett. 2020. “The
Public Salience of Crime, 1960-2014: Age-Period-
Cohort and Time Series Analyses.” Criminology
58(3):568-93.

Shirley, Kenneth E., and Andrew Gelman. 2015. “Hierar-
chical Models for Estimating State and Demographic
Trends in U.S. Death Penalty Public Opinion.” Jour-
nal of the Royal Statistical Society A 178(1):1-28.

Spelman, William. 2009. “Crime, Cash, and Limited
Options: Explaining the Prison Boom.” Criminology
and Public Policy 8(1):29-77.

Spritzer, Steven. 1975. “Toward a Marxian Theory of
Deviance.” Social Problems 22(5):638-51.

Stemen, Don, Andres Rengifo, and James Wilson. 2006.
“Of Fragmentation and Ferment: The Impact of State
Sentencing Policies on Incarceration Rates, 1975—
2002.” Washington, DC: National Institute of Justice.

Stimson, James. 1999. Public Opinion in America:
Moods, Cycles, and Swings, 2nd ed. Boulder, CO:
Westview Press.

Stimson, James A. 2004. Tides of Consent: How Public
Opinion Shapes American Politics. New York: Cam-
bridge University Press.

Stimson, James A. 2018. “The Dyad Ratios Algorithm for
Estimating Latent Public Opinion: Estimation, Test-
ing, and Comparison to Other Approaches.” Bulletin
of Sociological Methodology 138(1):201-18.

Stolzenberg, Lisa, Stewart J. D’ Alessio, and David Eitle.
2004. “A Multilevel Test of Racial Threat Theory.”
Criminology 42(3):673-98.

Stults, Brian, and Eric Baumer. 2007. “Racial Context
and Police Force Size: Evaluating the Empirical
Validity of the Minority Threat Perspective.” Ameri-
can Journal of Sociology 113(2):507—46.

Sutton, John R. 2004. “The Political Economy of Impris-
onment in Affluent Western Democracies, 1960—
1990.” American Sociological Review 69(2):170—89.

Tausanovitch, Chris, and Christopher Warshaw. 2013.
“Measuring Constituent Policy Preferences in Con-
gress, State Legislatures, and Cities.” Journal of Poli-
tics 75(2):330-42.

Tonry, Michael. 2009. “The Mostly Unintended Effects
of Mandatory Penalties: Two Centuries of Consistent
Findings.” Crime and Justice 38:65—114.

Tonry, Michael. 2013. “Sentencing in America, 1975—
2025.” Crime and Justice 42(1):141-98.

Tonry, Michael, and Matthew Melewski. 2008. “The
Malign Effects of Drug and Crime Control Policies
on Black Americans.” Crime and Justice 37:1-44.

Ulmer, Jeffrey T., and Brian Johnson. 2004. “Sentenc-
ing in Context: A Multilevel Analysis.” Criminology
42(1):137-78.

Ulmer, Jeffrey T., Noah Painter-Davis, and Leigh Tinik.
2016. “Disproportional Imprisonment of Black and
Hispanic Males: Sentencing Discretion, Processing
Outcomes, and Policy Structures.” Justice Quarterly
33(4):641-81.

United States Sentencing Commission (USSC). 2017.
Annual Report. Washington, DC: USSC.

Unnever, James D., and Francis T. Cullen. 2010. “The
Social Sources of Americans’ Punitiveness: A Test of
Three Competing Models.” Criminology 48(1):99—
129.

Unnever, James D., and Francis T. Cullen. 2011. “White
Perceptions of Whether African Americans and His-
panics Are Prone to Violence and Support for the
Death Penalty.” Journal of Research in Crime and
Delinquency 49(4):519-44.

Wacquant, Loic. 2000. “The New ‘Peculiar Institution’:
On the Prison as Surrogate Ghetto.” Theoretical
Criminology 4(3):377-89.

Walker, Samuel. 1993. Taming the System: The Control
of Discretion in Criminal Justice, 1950-1990. New
York: Oxford University Press.

Warshaw, Christopher, and Jonathan Rodden. 2012.
“How Should We Measure District-Level Public
Opinion on Individual Issues?” The Journal of Poli-
tics 74(1):203-19.

Weaver, Vesla M. 2007. “Frontlash: Race and the Devel-
opment of Punitive Crime Policy.” Studies in Ameri-
can Political Development 21:230—65.

Western, Bruce. 2006. Punishment and Inequality in
America. New York: Russell Sage Foundation.

Yates, Jeff, and Richard Fording. 2005. “Politics and
State Punitiveness in Black and White.” Journal of
Politics 67(4):1099-1121.

Zimring, Franklin E., and David T. Johnson. 2006. “Pub-
lic Opinion and the Governance of Punishment in
Democratic Political Systems.” The Annals of the
American Academy of Political and Social Science
605:266-80.

Scott W. Duxbury is an Assistant Professor of Sociology
at University of North Carolina-Chapel Hill. His work
focuses on punishment, public opinion, computational
social science, and network methods. His work has
appeared in American Sociological Review, Criminology,
Sociological Methods & Research, and Social Networks.



