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The Prison Boom and Sentencing Policy

Derek Neal and Armin Rick

ABSTRACT

The existing literature on the role of changes in sentencing policies as drivers of growth in 

prison populations contains findings that appear contradictory. We present a new method for 

characterizing changes in the severity of expected punishments for offenders and build a new 

simulation model based on this method. We provide clear evidence that changes in sentencing 

policy drove recent growth in prison populations in the United States, and our approach sheds 

light on the reasons that some previous studies did not reach this conclusion. The shift to more 

punitive sentencing policies had a disproportionate effect on black communities, even though, 

for the most part, this shift did not target blacks or crimes that blacks commit relatively more 

than whites.

1.  INTRODUCTION

For most of the 20th century, policies that governed justice and correc-
tions in the United States reflected a paradigm known as indeterminate 
sentencing. Judges enjoyed great discretion when deciding whether to 
sentence convicted offenders to probation or prison, and they enjoyed 
similar discretion when deciding sentences for those entering prison. Fur-
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ther, holding constant the sentences that judges imposed, parole boards 
enjoyed considerable control over the time that inmates actually served.

The indeterminate-sentencing model offered judges and parole boards 
the freedom to consider prospects for rehabilitation, the provision of in-
centives for good behavior and self-improvement, and the expected ef-
fects on public safety when allocating punishments to offenders. How-
ever, during the 1970s, a diverse set of political groups mounted attacks 
on indeterminacy. Some charged that indeterminacy gave judges and 
parole officials too much freedom to indulge their own racial prejudices 
when determining sanctions. Others charged that indeterminacy allowed 
lenient judges and parole boards to undermine public safety by putting 
dangerous criminals back on the streets far sooner than legislators in-
tended (for discussions of this literature, see Raphael and Stoll 2013; 
Stemen and Rengifo 2011; Dansky 2008). In response, state legislatures 
began passing laws in the late 1970s that constrained the discretion of 
judges and parole boards. Moreover, reviews of the literature suggest that 
state legislatures sought to make sentencing policies not only more deter-
minate but also more punitive throughout the 1980s and 1990s (for more 
detailed treatments of the literature, see Raphael and Stoll 2013; Neal 
and Rick 2014). Here we define sentencing policies as the collection of 
laws and regulations that direct the actions of judges and parole boards 
concerning the punishment of convicted offenders. In practice, changes 
in sentencing policy may affect incarceration rates through a number of 
channels. Given conviction, sentencing policies influence whether offend-
ers enter prison and how long they remain there. Further, the possible 
punishments associated with convictions for different crimes influence the 
bargaining power that prosecutors bring to negotiations over plea bar-
gains. This is noteworthy since most convictions result from plea bar-
gains. Our goal is to quantify the total contribution of changes in sen-
tencing policies to recent growth in prison populations.

Figure 1 documents the dramatic rise in US incarceration rates. The 
1980s and 1990s are the decades when incarceration rates grew most 
rapidly, but incarceration rates began rising in the early 1970s and did 
not peak until 2007. By then, the total incarceration rate was more than 
five times the 1970 rate, and although the rate fell slightly between 2007 
and 2013, it remains roughly five times greater than the 1970 rate.

Figure 2 presents arrest rates for the same period. These series are Fed-
eral Bureau of Investigation (FBI) estimates of national arrest rates based 
on data from the Uniform Crime Reports (UCR). The UCR data come 
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from self-reports by police agencies and therefore suffer from errors and 
missing reports. The FBI attempts to correct common forms of reporting 
error when creating its estimates of annual arrests, but some of the re-
maining year-to-year variation likely reflects measurement error.

Nonetheless, several low-frequency patterns in these data are clear. 
Over all crime categories, arrest rates followed a mostly upward trend 
throughout the 1970s and 1980s, but since 1990, there have been note-
worthy differences in the trends for different types of crime. Arrest rates 
for property crime peaked in the late 1980s and fell below 1970 levels 
during the 2000s. Arrest rates for violent crime rose until the mid-1990s 
before falling to levels that are below the 1980 rate but still above the 
1970 rate. Drug arrest rates rose until 2005 before falling modestly, but 
the national arrest rate for drug crimes in 2010 remained roughly 2.5 
times the corresponding rate for 1970.

Figures 1 and 2 motivate the existing literature that explores how 
changes in sentencing policies contributed to the prison boom. First, per-
centage increases in incarceration rates during the 1980s and 1990s are 
even more dramatic than contemporary increases in arrest rates. Second, 
incarceration rates during the 2000s remained at least five times greater 
than the 1970 incarceration rate, while arrest rates for most crimes fell 
sharply. Because persons incarcerated for drug crimes account for a small 
portion of prison populations at any point in time, the contrasts between 

Figure 1.  US incarceration rates, 1970–2013
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the trends in Figures 1 and 2 suggest that changes in sentencing policies 
must have contributed to the growth in incarceration rates. Yet, as we 
explain below, the existing literature contains a collection of empirical re-
sults that appear to support a wide range of positions concerning the im-
portance of changes in sentencing policies as drivers of growth in prison 
populations.

In this paper, we develop a new method for measuring the punitive-
ness of sentencing policies and present simulation models based on this 
method. These tools allow us to better isolate how changes in sentencing 
policies affect prison populations. Our results indicate that a broad shift 
toward more punitive sentences and parole practices was the key factor 
that drove the growth of prison populations in the United States. This 
shift did not affect just a few types of offenders but involved an increase 
in expected punishment for offenders in every major crime category.

We also explore how this shift affected black offenders relative to 
white offenders. Although we find no evidence that changes in state laws 
and regulations created greater increases in expected punishment for 
black offenders than for white offenders, we do find that the move to 
more punitive sentencing policies had a disproportionate effect on black 
communities. The reason is that arrest rates for blacks have been at least 
four times greater than arrest rates for whites for decades. Thus, the shift 

Figure 2.  Arrest rates by crime category
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to more punitive treatment for offenders had a much larger effect on the 
levels of incarceration rates among blacks than among whites.

We begin by reviewing the literature on the role of changes in sen-
tencing policies as drivers of growth in prison populations. We discuss 
the limitations of several commonly employed empirical methods and the 
apparent contradictions among existing findings. We then present a new 
method for characterizing changes in the severity of expected punish-
ments, and we build a new simulation model based on this method. We 
argue that our methods and results resolve apparent conflicts in the liter-
ature and provide clear evidence that changes in sentencing policy drove 
the growth in prison populations in the United States. We are not the 
first to reach this conclusion, but our approach provides the best avail-
able evidence that this conclusion is correct. Finally, we show that the 
shift to more punitive sentencing policies had a disproportionate effect 
on black communities, even though, for the most part, this shift did not 
target blacks or crimes that blacks commit relatively more than whites.

2.  LITERATURE REVIEW

Table 1 summarizes some of the changes that states made as they moved 
to more determinate sentencing practices.1 Before 1980, California, Col-
orado, Illinois, Indiana, Maine, and New Mexico eliminated or severely 
curtailed discretionary releases by parole boards, and since that time, 16 
other states have either eliminated or curtailed the discretionary powers 
of parole boards. Further, a number of these states eliminated discretion-
ary parole as one component of a large set of reforms that also involved 
establishing independent sentencing commissions. These commissions 
developed sentencing guidelines that constrain the sentencing decisions 
of judges. Minnesota, in 1980, was the first state to establish an inde-
pendent sentencing commission. Since then, 24 other states have adopted 
commissions that vary greatly in terms of their missions and powers.

In 1994, the federal government passed the Violent Crime Control 

1. Many factors contribute to determinacy. Sentencing guidelines, narrow presump-
tive sentencing ranges, laws requiring mandatory minimum sentences, and other policies 
restrict the discretion that judges may exercise at sentencing, while restrictions on discre-
tionary parole release limit the ability of parole boards to affect actual time served. We do 
not attempt to code some states as determinate and others as indeterminate at any point 
in time. Instead, we address a number of factors that influence both determinacy and se-
verity in many states.
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Table 1.  The Move to Determinate Sentencing

State
Discretionary  

Parole
Sentencing 

Commission
Truth-in-Sentencing 
Law: Required %

Alabama 1998 [2000]a

Alaska 1980b (partial) 1980c Other
Arizona 1994d 85
Arkansas 1994b (partial) 1994e Other
California 1976d 85
Colorado 1979–85d Other
Connecticut 1981–90d 2010a 85
Delaware 1990b,d 1987c 85
Florida 1983b,d 1983–98c 85
Georgia 85
Idaho 100
Illinois 1978d 2010a 85
Indiana 1977d 50
Iowa 85
Kansas 1993b,d 1993c 85
Kentucky 85
Louisiana 2010a 85
Maine 1976d 85
Maryland 1983c [1996] 50
Massachusetts 1994a 75
Michigan 1984c [1995–2002] 85
Minnesota 1980b,d 1980c 85
Mississippi 1995d 85
Missouri 1997c 85
Nebraska 50
Nevada 100
New Hampshire 100
New Jersey 85
New Mexico 1977d 1978a

New York 2010a 85
North Carolina 1994b 1994c 85
North Dakota 85
Ohio 1996b,d 1996c 85
Oklahoma 85
Oregon 1989b,d 1989c 85
Pennsylvania 1982c 85
South Carolina 85
Tennessee 1989b (partial) 1989–95c 85
Texas 50
Utah 1979c [1983] 85
Virginia 1995b (partial)d 1991c [1995] 85
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and Law Enforcement Act (Pub. L. No. 103-322, 108 Stat. 1796). This 
law established the Truth-in-Sentencing (TIS) Incentive Grants Program, 
which provided grants for prison construction and expansion to states 
that adopted policies requiring sentenced offenders to serve large portions 
of their sentences. Table 1 shows that the majority of states now have a 
TIS law that limits discretionary release by parole boards (on the imple-
mentation of TIS laws during the 1990s, see Ditton and Wilson 1999).

Moreover, many states that never established sentencing commis-
sions have created more determinate systems by simply legislating pre-
sumptive sentences. Stemen, Rengifo, and Wilson (2006, p. 118) report 
that “between 1975 and 2002, every state adopted some form of manda-
tory sentencing,” but the number of crimes covered by such statutes and 
the harshness of the minimum sentences vary greatly among states and 
over time in states. During the past 2 decades, a majority of states have 
also added laws that impose enhanced sentences for habitual offenders, 
but once again, the details of these habitual-violator laws differ greatly 
among states.

States have pursued determinacy using a variety of approaches over 
the past 3 decades or more. In most states, the push for determinacy also 
involved at least some efforts to make sentencing policies more punitive 
as well. Next we review the literature that attempts to establish links be-

Washington 1984b, d 1984c 85
Wisconsin 1999d 1985–95,c 2002–7a Other

Note.  Years in square brackets indicate when a temporary sentencing commission was 
made permanent. Results for truth-in-sentencing laws are the percentages of their mini-
mum sentence that prisoners are required to serve (Ditton 1999, table 1). ”Other” means 
that the statute involved nonstandard provisions; for example, some excluded certain of-
fenses. Some specified requirements in terms of combinations of time in prison and on 
parole.

a Data are from state sentencing commission and legislative websites. For more informa-
tion, see Section D of the online appendix.

b Year in which parole release was abolished (Frase 2005, table 1).
c Commission established (Frase 2005, table 1); ranges indicate if it was later abolished.
d Determinate sentencing enacted (Stemen, Rengifo, and Wilson (2006, tables 1–3); 

ranges indicate that indeterminate sentencing was later reinstated. Mississippi reinstated 
indeterminate sentencing for first-time nonviolent offenses in 2000.

Table 1.  continued

State
Discretionary  

Parole
Sentencing 

Commission
Truth-in-Sentencing 
Law: Required %
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tween sentencing reforms and subsequent growth in state prison popula-
tions.

2.1.  Panel Regressions

One segment of the empirical literature on the growth in prison popula-
tions tries to determine whether particular changes in sentencing policy 
were key drivers of population growth in the 1980s and 1990s. These 
papers attempt to isolate the effects of specific types of legal reforms on 
the growth of prison populations by applying panel regression methods 
to data sets that track variation in outcomes and policies among states 
and over time.

Zhang, Maxwell, and Vaughn (2009) is a prototypical contribution 
to this literature. The authors attempt to explain variation in measures 
of admission rates, incarceration rates, and expected time served among 
states and over time by regressing these outcomes on six measures of 
policy and a set of additional control variables that often include state 
and year fixed effects. They employ data for 1973–98 and a set of in-
dicators for the presence of the following policies: voluntary sentencing 
guidelines, presumptive sentencing guidelines, habitual-offender laws, ab-
olition of discretionary release by parole boards, requirements that sen-
tencing guidelines consider prison capacity, and TIS laws. On the whole, 
their results imply few statistically significant effects for these policy vari-
ables and even fewer that are of the expected sign. They conclude that 
sentencing policies associated with determinacy did not contribute much 
to prison growth over the period they examine. Stemen, Rengifo, and 
Wilson (2006) and Stemen and Rengifo (2011) follow a similar research 
strategy but focus only on incarceration rates as outcomes. Taken as a 
whole, their results are similar to those in Zhang, Maxwell, and Vaughn 
(2009). Indicator variables for adoption of these policies are not strong 
predictors of future growth in prison populations in states.2

These panel regression methods are limited in at least two important 
ways. To begin, they do not directly address a precise counterfactual. In 
the language of the literature on program evaluation, the regressions are 
an attempt to identify treatment effects associated with particular poli-

2. It is worth noting that all three of these studies find that states that abolished dis-
cretionary parole release experienced slower than average growth in prison populations. 
Frase (2005) and Nicholson-Crotty (2004) conclude that mandatory-sentencing guide-
lines reduce prison populations in states where the guidelines are used as a tool to manage 
expenditures on corrections. Marvell (1995) reaches a similar conclusion using earlier 
data.
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cies, but the indicator variables for treatment do not capture the imple-
mentation of homogeneous policies, and therefore the treatments are not 
precisely defined.

For example, Zhang, Maxwell, and Vaughn (2009) note in their con-
clusion that the details of habitual-offender laws, which are often known 
as three-strikes laws, vary among states. While California, Georgia, and 
Florida handed down enhanced sentences to many offenders under these 
laws, a significant number of states define their strike zones so narrowly 
that the statutes are rarely used.3 Researchers cannot correctly interpret 
estimated effects of habitual-offender laws without learning about how 
each habitual-offender law was written and implemented.

Further, because policies with similar effects but different names were 
implemented in nontreated states, the implied control groups in the re-
gressions discussed above are not valid control groups. Because all states 
have adopted new mandatory minimum statutes since 1975, and it seems 
reasonable to conjecture that many also tightened standards for parole 
revocation, applied more public scrutiny to parole board decisions, and 
so forth, in ways that may not be reflected in coding schemes that seek 
to capture the adoption of a specific collection of statutes. The results 
from these panel regression studies tell us little about whether changes 
in the punitiveness of sentencing policies are responsible for the dramatic 
growth in prison populations over the past 3 decades or more. They sim-
ply tell us that states associated with a particular set of readily identifi-
able policies do not stand out as having above-average rates of growth in 
prison populations.

2.2.  Decomposition Methods

Given the limitations of panel regression methods, some scholars adopt 
an indirect approach that treats prison growth as the product of changes 
in a number of factors. Here we derive a simple version of the steady-
state equation that justifies this method.

Consider a fixed population of persons who live forever, and assume 
that at any point in time, t, there exists a fixed population of persistent 
criminals, C, who are always engaged in crime if they are not incarcer-
ated. Let It denote the population of incarcerated persons in period t. Fur-
ther, define the following probabilities: a is the probability of arrest given 

3. Auerhahn (2002) uses a simulation model to demonstrate the large effect that these 
policies had on prison growth in California in the late 1990s and to predict the continued 
growth in the population during much of the 2000s.
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engagement in crime, γ is the probability of conviction given arrest, and δ 
is the probability of admission to prison given conviction.

For now, let us ignore parole and parole revocations. In this thought 
experiment, new entrants to prison are always newly convicted offenders, 
and all prisoners serve their entire sentence.4 Let s = 0, 1, 2, . . . , S denote 
the potential sentence lengths. Then, we can use the following equation to  
describe the prison population at time t: 

	 I C I s it
i

S

t i= - ´ ´ ´ ´ ³
=

-å
1

( ) ( ).a g d Pr 	

This equation indicates that, at any point in time, the criminals who are 
not already incarcerated are the ones at risk of being arrested, convicted, 
and sentenced to various possible prison terms. Further, the current 
prison population reflects the accumulation of past flows in and out of 
prison.

To make things simple, let us consider steady-state prison popula-
tions. If the prison population is in steady state in period t, then It = It+k 
∀ k > 0. The steady-state incarceration rate is the fraction of the popula-
tion that is in prison in steady state. Since s is nonnegative, we know that 
å ³ = º=i

S s i s s1 Pr( ) [ ] . Given this result, we can divide both sides of 
our equation by the size of the total population to yield

	 i c i s= - ´ ´ ´ ´( ) .a g d 	

Here i is the fraction of the population incarcerated and c is the fraction 
of criminals in the population. In our derivation, we assume that a fixed 
fraction of an infinitely lived population exhibits complete persistence in 
crime, but there are several ways to derive the same equation that do not 
require infinitely lived persons or career criminals.5

Our steady-state equation is useful because it spells out the sequence 
of transitions that generate entry into and exit from prison. The first two 
terms in the decomposition indicate that even if prosecutors and judges 
do not change their behavior, changes in the prevalence of criminality or 

4. Our key points are unchanged in a more cumbersome version that models transi-
tions in and out of parole. See Raphael and Stoll (2013) for a steady-state analysis that 
includes parole and parole revocations.

5. This framework also rests on the assumption that no innocent persons are ever 
arrested, convicted, or imprisoned. Further, we implicitly assume that the composition 
of crimes does not vary over time so that it is meaningful to talk about single rates for 
crimes, arrests, convictions, and admissions. Alternatively, some researchers modify this 
formula to incorporate different rates and different average sentences for different types 
of crime.
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the effectiveness of policing may generate changes in the size of prison 
populations. Because data on the probability of conviction given arrest, 
γ, are so scarce,6 scholars often implicitly assume that γ does not vary 
over time, and given this assumption, they focus on admission rates given 
conviction (δ) and expected time served given admission (s ) as empirical 
proxies for the punitiveness of sentencing policies. Further, most papers 
in the literature implicitly assert that if there are changes in sentencing 
policies that lead to more long prison spells—for example, mandatory-
minimum-sentence provisions, restrictions on release to parole, and so 
forth—then researchers can detect the effects of these changes in policy 
by measuring changes in time served among those admitted to prison 
(see Blumstein and Beck 1999; Zhang, Maxwell, and Vaughn 2009; Pfaff 
2011; Raphael and Stoll 2013). However, the imposition of more severe 
sentencing rules does not always generate noteworthy changes in the dis-
tribution of time served among admitted prisoners because changes in 
sentencing policy also change the composition of the population of ad-
mitted prisoners.

Before addressing this issue in detail, we review the empirical findings 
in the existing literature and describe what appears to be an unresolved 
debate concerning the role of mandatory minimum sentences and other 
sentencing enhancements as drivers of growth in prison populations. We 
then show how a different framework for analyzing the data resolves this 
debate, and we confirm some key conclusions from the literature.

2.3.  Decomposition Results

Blumstein and Beck (1999) examine national data for 1980–96 on of-
fense rates, arrest rates per offense, numbers of prison admissions per ar-
rest, expected time served given admission, and incarceration rates. They 
examine linear trends in each of these statistics for six crime categories 
and ask how much trends in the first four statistics contribute to trends in 
incarceration rates by offense. They conclude that 88 percent of growth 
in total incarceration rates for state prisons in 1980–96 was due to trends 
toward more punitive sanctions, which they decompose as follows: “the 

6. Better data on convictions may be available in the future through the National Ju-
dicial Reporting Program, but the Bureau of Justice Statistics does not provide any data 
that allow researchers to trace offenders from the dates of their arrests to the dates of the 
dispositions of their cases—for example, documenting charges dropped, acquittal, convic-
tion, and so forth.
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decision to incarcerate (51 percent) and . . . (increases) in time served by 
those incarcerated (37 percent)” (Blumstein and Beck 1999, p. 43).

Raphael and Stoll (2013) develop a steady-state model of prison pop-
ulations that is richer than the simple steady-state equation above be-
cause it includes parole. The model includes six states: not incarcerated 
or on parole, incarcerated for a violent felony, incarcerated for a property 
felony, incarcerated for a drug felony, incarcerated for a parole violation, 
and on parole. They employ data from the National Corrections Report-
ing Program (NCRP) in a few years around 2004 and a few more years 
around 1984 as well as data from the 1986 and 2004 Survey of Inmates 
in State and Federal Correctional Facilities and the FBI’s Uniform Crime 
Reports. They calculate the transition probabilities between these six 
states and solve for the steady-state incarceration rates implied by these 
transition matrices under the assumption that crime rates in different cat-
egories determine the population at risk for entering the prison system.

Raphael and Stoll (2013) perform these steady-state calculations for 
the 1984 and 2004 parameter values and then calculate a counterfactual 
2004 steady state assuming 2004 crime levels and 1984 policy parame-
ters. They repeat the counterfactual calculation, making adjustments for 
the fact that 2004 crime rates would have been higher if incarceration 
rates had been lower. However, even with these adjustments, they con-
clude that more than 90 percent of the difference between the 1984 and 
2004 steady states reflects differences in sentencing policies. When dis-
cussing the relative contribution of various components of policy to the 
growth in prison populations, they echo the conclusions of Blumstein and 
Beck (1999): “[O]ur enhanced tendency to sentence convicted felons to 
prison is particularly responsible for incarceration growth, though longer 
sentences are also a contributing factor” (Raphael and Stoll 2013, p. 80 
and figure 3).7 Both Raphael and Stoll (2013) and Blumstein and Beck 
(1999) conclude that expected time served given admission to prison rose 
sharply for violent criminals over time, and they identify this change as a 
noteworthy driver of growth in prison populations.

In contrast, Pfaff (2011) concludes that changes in expected time 
served for admitted prisoners played no role in the growth of prison pop-
ulations over a similar time period. The analysis in Pfaff (2011) differs 
from much of the related literature in three ways. First, Pfaff does not rely 

7. Raphael and Stoll also demonstrate that their 1984 and 2004 steady-state calcula-
tions are reasonable approximations for the 1984 and 2004 prison populations and effec-
tively approximate the change in prison populations between the 2 years.
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on steady-state methods but follows cohorts in and out of prison over 
time. Second, while Blumstein and Beck (1999) rely on national aggre-
gates and Raphael and Stoll (2013) employ data from all states that filed 
reports with the NCRP, Pfaff (2011) relies on NCRP reports from 11 
states that he identifies as providers of reliable data. Third, Pfaff (2011) 
does not calculate admission rates and time-served distributions that are 
specific to particular crime categories but instead uses aggregate flows.

Pfaff (2011, p. 495) finds that, among newly admitted prisoners, ex-
pected time served prior to release remained roughly constant over the 
1980s and 1990s and thus concludes that “attention to sentencing matters 
is at least partially misplaced.” He contends that growth in mandatory-
minimum-sentence provisions and other policies that enhance sentences 
played little or no role in the growth of prison populations.8

In the process of making his argument, Pfaff (2011) acknowledges that 
if states made sentencing harsher by dictating positive sentences for some 
offenders who previously received probation and longer sentences for 
offenders convicted of more serious crimes, average time served among 
admitted prisoners could remain constant even though the adoption of 
more punitive sentencing rules happened to be the sole factor causing 
growth in the stock of prisoners. However, Pfaff then claims that because 
various percentiles of the time-served distribution—the 10th, 25th, 50th, 
75th, and 90th—did not change much over time, one must conclude that 
changes in sentencing policies cannot be important drivers of growth in 
prison populations.

We demonstrate in Section 3 that a move to more punitive sentenc-
ing rules can create growth in prison populations without creating any 
noteworthy changes in the distribution of time served among admitted 
prisoners. Further, we argue in Section 5 that this is precisely how prison 
populations grew in the United States.

The relative stability of the distribution of time served among admit-
ted prisoners during the 1980s and 1990s resulted from offsetting in-
creases in various types of admissions. The number of persons serving 
short terms increased as the number of admissions associated with parole 
revocations and convictions for minor crimes increased, but the number 
serving medium and long terms also increased as offenders charged with 
more serious crimes began serving more time in prison. Prison popula-

8. In fact, Pfaff (2011) concludes that the widespread view that the increased use of 
long prison spells has been an important driver of prison growth is a myth. He argues that 
changes in admissions policies drove prison growth.
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tions grew because sentencing policies became more punitive. The overall 
distribution of time served among admitted prisoners changed little be-
cause sentencing became more punitive for offenders in all crime catego-
ries.

Changes in expected time served given admission to prison are not, per 
se, germane to scholarly assessments of the effects of changes in rules that 
govern sentencing and parole on rates of growth in prison populations. 
Although the literature contains the repeated contention that changes in 
s  provide direct evidence of whether harsher sentencing policies—such 
as elevated mandatory minimum sentences, enhanced penalties for habit-
ual violators, TIS laws, and so forth—are important drivers of growth, 
this is simply not true.9

We contend that neither panel regression models that attempt to mea-
sure the links between specific laws and prison growth nor decomposition 
methods that attempt to measure changes in expected time served among 
admitted prisoners provide clean information about the effects of changes 
in sentencing policies on the growth in prison populations. In Section 3 
we propose an alternative approach that characterizes sentencing policy 
as a collection of probabilities that describe the likelihoods that offenders 
convicted of various crimes will serve prison terms of various lengths.

3.  NEW METHOD

If researchers want to know the extent to which policies that result in 
longer time served, given the severity of crimes committed, contribute to 
growth in prison populations, they do not want to measure changes in 
the fraction of admitted prisoners who serve long sentences. Instead, they 
want to measure changes in the fraction of convicted offenders who serve 
long sentences. Further, because prosecutors have some discretion over 
which charges to file and how to bargain the terms of plea agreements, 

9. Langan (1991, p. 1570) makes a similar mistake when analyzing data from an ear-
lier period. He argues that mandatory-sentencing laws did not drive growth in prison 
populations and cites as evidence that “[p]rison sentence lengths have not gotten longer 
since 1973, although mandatory sentencing laws commonly authorized or required lon-
ger sentences.” Changes in the average lengths of sentences among admitted prisoners 
provide no information about the effects of changes in sentencing policy.
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one can argue that researchers should take another step back and focus 
on the fraction of arrested offenders who serve long sentences.10

Instead of characterizing sentencing policy as a choice of an admis-
sions probability and an expected sentence length, we characterize it as a 
set of probability weights, ρs, where s = 0, 1, 2, . . . , S are the potential 
sentence lengths that a convicted offender may serve and ρs is the proba-
bility of serving a sentence of s given conviction. Here s = 0 denotes being 
fined, sentenced to probation, or some other punishment that does not 
involve prison time. At the other extreme, s = S denotes serving the max-
imum possible sentence.

Again, we deal with the simplest case and ignore parole. Given our 
new notation, it is straightforward to rewrite our steady-state equation as

	 i c i s
s

S

s= - ´ ´ ´
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Moreover, the entire distribution of time served among admitted pris-
oners is the same under ρ′ as under ρ. Changes in sentencing policy can 
create enormous growth in prison populations while having little or no 
effect on the distribution of time served among admitted prisoners. Fur-
ther, it is easy to construct scenarios in which a move to more punitive 
sentencing increases prison populations while reducing the average time 
served among admitted prisoners.

The framework we describe can easily be extended to include 
crime-specific sentencing probabilities. Let j = 1, 2, . . . , J denote an ex-
haustive and mutually exclusive list of crime categories. We define ρjs as 

10. We argue below that prosecutors may bargain more aggressively when sentenc-
ing provisions allow them to file initial charges that will result in long prison terms given 
conviction.
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the baseline probability of serving a sentence of s years given conviction 
for crime j and then, for each j and for all s > 0, define ¢ =r rjs js jsk .11 Here 
ρ′ and ρ are J × S matrices that describe sentencing policies, and given 
any flow of persons convicted for various crimes and an initial matrix ρ, 
we can create an infinite number of ρ′ matrices that imply higher admis-
sion rates and larger steady-state prison populations but no change in the 
distribution of time served among admitted prisoners.

Below we show that, compared with arrested offenders in 1985, those 
arrested in more recent years faced much higher likelihoods of serving 
short, medium, and long prison spells, and this result holds for almost 
all offense categories. In terms of the notation above, the best way to de-
scribe how policy has changed since 1985 is to state that kjs > 1 for every 
s > 0 for almost all j.12

4.  DATA

In this section, we present results from our analyses of data on arrests, 
admissions, releases, and prison populations. We use NCRP data to con-
struct measures of admissions, releases, and time served for different 
states and time periods. We follow Pfaff’s (2011) approach of auditing 
the NCRP data to select a set of states that provide reliable data over a 
long period. However, our audits are more extensive, and we take the ad-
ditional step of using microdata on arrests to create offense-specific mea-
sures of arrests for each state-year-race cell in our NCRP data.

We also use agency-level data from the UCR to construct state-level 
data on arrests by offense for various years, and we demonstrate that our 
ability to track comovements in arrests and admissions over time by of-
fense is key to developing a more complete understanding of how prison 
populations grew over time. In particular, we show how ratios of admis-
sions to arrests evolved for various offense categories. These ratios do not 
tell us everything we want to know about how the likelihood of impris-
onment changed over time for persons arrested for specific offenses be-
cause some offenders are convicted of crimes that differ from the charges 
associated with their arrests and because there are lags between arrest 

11. Because the sum over s of the ρjs values for each j must equal 1, this transforma-
tion also implicitly defines ρ0j for each j.

12. The one exception is that the likelihood of serving short prison terms fell among 
those arrested for some violent crimes. However, the likelihoods that these same arrested 
offenders serve medium or long terms increased by even more.
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and conviction. However, we gain useful insights by tracking the ratios 
over time, and in some analyses below, we treat them as proxies for the 
likelihood of entering prison given arrest for a particular offense.

4.1.  Data Quality

Available data on crimes, arrests, admissions to prison, releases from 
prison, and stocks of prisoners in the United States are usually of lower 
quality than well-known data series that track employment or education 
levels. Data sets on crimes and outcomes in the criminal justice system 
are typically compilations of self-reports from government agencies in the 
criminal justice system concerning their own activities. This reliance on 
self-reports results in missing reports and data that are internally incon-
sistent or transparently wrong.

Social scientists typically respond to these data-quality problems either 
by avoiding certain data series altogether or by hoping that at least the es-
timates of national aggregates derived from various series are somewhat 
reliable. We take a different approach. We analyze NCRP data from each 
state separately and then restrict our attention to a set of states for which 
NCRP data pass a number of reliability tests. We then clean the UCR 
data on arrests for those states to make sure that we have reliable infor-
mation on the evolution of arrests over time.

4.1.1.  Cleaning the National Corrections Reporting Program Data.   We be-
gan by auditing the NCRP data.13 Pfaff (2011) performed similar audits 
on the NCRP admission and release files, but his sample ended in 2002, 
and our cleaning and checking procedures are more involved and include 
consistency checks with data on prison populations that are available 
only starting in 2005.

The NCRP data provide detailed records of admissions and releases 
for many states and years for the period 1983–2009 as well as stocks of 
prisoners in custody for 2005–9. We begin our audit process by restrict-
ing our attention to states that filed NCRP reports on a fairly consistent 
basis, especially during the 1990s, when prison populations were rising 
quite rapidly. This requirement eliminates 16 states and the District of 
Columbia.

For the 34 states that remain, we conduct several checks for internal 
and external consistency. In our first check, we examine the dates in the 
release and admission data in the NCRP to ensure internal consistency in 

13. See Section A of the online appendix for details of our data cleaning and construc-
tion procedures.
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the following sense: for any given year t, the total number of prisoners 
in the release files with recorded admission dates in year t should not be 
greater than the number of prisoners recorded in the admissions files for 
year t.

In our second check, we use the admission and release flows from 
1987 through 2009 to determine whether the age-specific stocks in the 
post-2005 NCRP files are consistent with the flow data on admissions 
and releases prior to 2005. For example, if we assume that offenders 15 
and younger are not entering regular prisons, the difference between total 
admissions and total releases after 1987 among the cohorts who were 15 
or younger in 1987 will tell us what the stocks of prisoners under age 35 
should be in 2007.

Our third and fourth checks involve comparisons of NCRP data on 
admissions and releases of prisoners and National Prisoner Statistics 
(NPS) data on flows and stocks. These data series should not match ex-
actly because they do not define the prisoner populations of interest in 
exactly the same way. However, large deviations in reported flows or be-
tween the reported changes in NPS stocks and the implied NCRP changes 
in stocks are cause for concern.14

These four checks allow us to identify eight states with continuous re-
ports that appear to be of acceptable quality: California, Colorado, Mich-
igan, New Jersey, New York, South Carolina, Washington, and Wiscon-
sin.15 We do not use New York because its release records contain no 
information on the type of admission or year of admission to prison for 
several years. Without these variables, we cannot determine how distri-
butions of time served for different types of offenders evolved over time.

Figure 3 uses data from the NPS to display incarceration rates for 
1985–2010 for three samples: state prisons in the seven states in our main 
sample, all state prisons, and all state and federal prisons. Our main anal-
yses are of state prison populations, and the overall growth pattern for 
the total incarceration rate in our seven states is similar to that observed 
for all states. Growth is slightly more rapid early and levels off earlier in 
our sample, but the data for California account for most of these discrep-
ancies. California is a large state that experienced rapid growth in prison 

14. For years before 1999, the stock data for the National Corrections Reporting Pro-
gram (NCRP) and National Prisoner Statistics are comparable: both contain counts of all 
prisoners in custody. However, stock data after 1998 and flow data are not comparable. 
See Section A of the online appendix for details.

15. Illinois also provides reliable data but stopped reporting in 2003.
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populations early in the sample period, and, in part because of capacity 
constraints, California prison populations stopped growing while many 
others continued to grow.

The federal prison population has always been much smaller than the 
total population in state prisons, but over this period the federal prison 
population grew more rapidly, in percentage terms, and by 2010 fed-
eral prisons housed more than 10 percent of all inmates. (We address 
the growth of federal prison populations in Section 7.) The patterns of 
growth in the federal system are quite different than those in our seven-
state sample.

4.1.2. Reliable Data on Crime and Arrests.  The FBI’s UCR system collects 
data on crimes and arrests through reports from local law enforcement 
agencies. However, missing reports are also rife in these data. Further, 
while the FBI uses them to produce national estimates of annual crime 
and arrest rates by offense, we are not aware of any FBI efforts to pro-
duce comparable estimates at the state level. Here we describe how we 
clean the data in the UCR arrest files.16

16. For edited versions of the Uniform Crime Reports (UCR) crime files, see Jus-
tin McCrary, UCR and LEOKA Files, 1960–2005, from FBI (http://emlab.berkeley.edu 
/~jmccrary/UCR/index.html). We describe the construction of our arrest files in Section B 
of the online appendix. When we apply our cleaning procedures to the UCR crime files, 
we are able to create edited versions of the crime data that closely match McCrary’s files.

Figure 3.  Prison populations for three samples
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As a first step, we examine the monthly reports to identify incidences 
of backlog filing. Some agencies periodically place the crimes and arrests 
for a several-month period in one monthly report, and it is necessary to 
identify these reports before determining the monthly frequency of crimes 
or arrests in an agency over a specific period. Using monthly averages 
of agencies’ valid reports of arrests for specific calendar years, we make 
imputations for missing monthly reports that do not result from backlog 
filing.17

Figures 1a–c in the online appendix document arrest-rate trends for 
our seven states and the nation as a whole. Arrest rates are always higher 
in our NCRP sample, but the two series track each other quite closely.18

5.  RESULTS FROM NATIONAL CORRECTIONS REPORTING PROGRAM DATA

Table 2 displays information about changes in the distribution of punish-
ments that arrested offenders receive in the states with clean NCRP data. 
The results are for two cohorts of arrested offenders: those arrested in 
1985 and those arrested in 2000. The organization of the table follows 
the statistical model of prison populations presented in Section 3.1.

Recall that, for a person who is arrested and convicted of crime j, 
we define ρjs as the probability that the offender serves a prison spell of 
length s given some baseline set of sentencing policies. We then define 
a new set of sentencing policies, ¢rjs , using a matrix of constants kjs that 
scale these punishment probabilities up or down for all s > 0; that is, 
¢ =r rjs js jsk . Further, we collect these probabilities in matrices ρ and ρ′ 

that fully characterize the two sentencing policy regimes.
Now consider data on corrections outcomes for two cohorts of ar-

rested offenders, where the first cohort faces ρ and the second cohort 
faces ρ′. Further, make three assumptions about the charging and sen-
tencing processes that govern both regimes. First, assume that each con-
victed defendant in both cohorts is convicted of the offense listed in the 
UCR record that documents his arrest—that is, the most serious charge 
against him at the time of arrest. Next, assume that the probabilities of 
conviction given arrest for specific crimes are identical for both cohorts. 

17. When agencies do not report for entire years, we use the interpolation procedures 
described in Section B of the online appendix to fill in the missing data.

18. In Neal and Rick (2014), we show that crime rates track arrest rates in our NCRP 
sample. However, in those seven states, rates of violent crime fell even faster than arrest 
rates for violent crime in the late 1990s and 2000s.
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Finally, assume that prisoners enter prison in the same year they are ar-
rested.

None of these assumptions are strictly valid. However, they allow us 
to link data on arrests and admissions in a useful way. We consider com-
binations of offense categories j = 1, 2, . . . , J and prison-spell lengths s 
= 1, 2, . . . , S. Then, in each cohort of arrested offenders, we calculate 
ratios of the total number of inmates convicted of offense j who served 
s periods in prison to the total number of persons originally arrested for 
offense j.19 Given our assumptions, the ratio associated with any pair ( j, 
s) in our baseline cohort is a consistent estimator of the quantity (γj × 
ρjs), where γj is the probability of conviction given arrest for offense j. 
The corresponding ratio for the latter cohort is a consistent estimator for 
( )g rj js´ ¢ .

We seek to measure kjs js js= ¢r r/ , the probability that an alleged of-
fender arrested for crime j in the latter cohort serves a sentence of length 
s divided by the corresponding probability for the baseline cohort. For 
each pair ( j, s), we form a consistent estimator of kjs by calculating the 
ratios we describe above; that is,

	 js
j js

j js

k̂ .=
´ ¢

´

g r

g r





	

The J × S matrix K  containing elements k̂js describes how sentenc-
ing policies changed between the two cohorts. The 84 cells in the first 14 
rows and six columns of Table 2 describe results for J = 14 offense cate-
gories and S = 6 sentence lengths. The cells contain time-served outcomes 
for both the 1985 and 2000 cohorts as well as the corresponding ( J × S) 
elements of K.

For example, consider the cell in Table 2 that corresponds to the row 
“Drug Trafficking” and the column “2–3 Years.” The first entry tells us 
that for every 1,000 persons arrested for drug trafficking in 1985, there 
were just over seven persons who entered prison in 1985 and served be-
tween 2 and 3 years for drug trafficking. The second entry implies that 
the corresponding figure for 2000 is almost 27 persons. The final entry, 
3.68, is the ratio of these two ratios, k̂js. Given our assumptions above, 
this value indicates that the probability of serving between 2 and 3 years 

19. We track persons who entered prison following a conviction for a specific offense. 
We include those who go directly to prison and those who enter prison after a court re-
vokes their probation. Table 2 does not employ data on prison spells that result from 
parole violations.
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Table 2.  Number of Persons per 1,000 Arrests Who Serve Prison Terms of Length s

0–1 
Years

1–2 
Years

2–3 
Years

3–4 
Years

4–5 
Years

5+ 
Years

All  
Term 

Lengths

Violent crime:
  Murder and homicide:
    1985 37.84 55.55 45.56 35.58 23.02 239.74 437
    2000 31.26 36.96 29.36 25.35 23.87 478.39 625
      Ratio .83 .67 .64 .71 1.04 2.00 1.43
  Forcible rape:
    1985 9.01 21.72 22.77 20.68 10.34 38.80 123
    2000 11.00 13.36 20.04 13.36 14.93 80.04 153
      Ratio 1.22 .62 .88 .65 1.44 2.06 1.24
  Robbery:
    1985 26.76 37.75 22.85 14.90 8.61 20.37 131
    2000 34.62 37.67 24.78 17.49 13.73 69.76 198
      Ratio 1.29 1.00 1.08 1.17 1.60 3.43 1.51
  Aggravated assault:
    1985 9.76 11.24 5.59 2.48 1.14 2.75 33
    2000 11.74 9.90 4.48 3.26 2.02 6.72 38
      Ratio 1.20 .88 .80 1.32 1.77 2.44 1.16
  Other assault:
    1985 1.22 1.06 .30 .13 .08 .13 2.9
    2000 3.39 3.01 .90 .48 .32 .66 8.8
      Ratio 2.77 2.85 2.95 3.74 3.94 5.11 3.00
Property crime:
  Burglary:
    1985 27.14 16.74 7.33 3.24 1.50 3.17 59
    2000 40.34 23.49 13.54 6.06 3.89 9.67 97
      Ratio 1.49 1.40 1.85 1.87 2.59 3.05 1.64
  Motor vehicle theft:
    1985 13.37 5.18 1.46 .45 .16 .59 21
    2000 41.74 18.32 5.59 1.81 .97 1.78 70
      Ratio 3.12 3.54 3.82 4.01 6.17 3.04 3.31
  Larceny or theft:
    1985 6.52 2.73 .82 .40 .14 .38 11
    2000 12.74 5.55 2.07 .80 .45 .71 22
      Ratio 1.95 2.03 2.53 1.99 3.21 1.88 2.03
  Other property crime:
    1985 2.56 1.69 .97 .55 .22 .32 6.3
    2000 3.29 2.33 1.00 .55 .35 .89 8.4
      Ratio 1.28 1.38 1.02 1.01 1.58 2.84 1.33
Drug crime:
  Drug trafficking:
    1985 29.81 29.96 7.29 2.05 1.21 3.50 74
    2000 62.36 59.44 26.84 11.91 6.42 9.45 176
      Ratio 2.09 1.98 3.68 5.82 5.31 2.70 2.39
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in prison, conditional on being arrested for drug trafficking, increased by 
268 percent between 1985 and 2000. 

The last row of Table 2 presents aggregate results that map total ar-
rests into total counts of prisoners who serve prison terms of different 
lengths. The last column of the table gives, for each crime category, the 
total number of persons who serve any prison time per 1,000 persons ar-
rested. The ratios in the last column are ratios of admission probabilities 
for 2000 to the corresponding probabilities in 1985. 

Table 2 documents a clear shift to more punitive treatment of arrested 
offenders between 1985 and 2000. To see this, let us start with the results 
in the last column. In both the 1985 and 2000 cohorts, only a small frac-
tion of arrested alleged offenders ever serves prison time. Nonetheless, 

  Drug possession or use:
    1985 7.23 2.04 .42 .18 .07 .46 10
    2000 21.47 6.92 2.33 .86 .51 .85 33
      Ratio 2.97 3.39 5.60 4.80 7.76 1.84 3.17
Other:
  Other sex crime:
    1985 9.71 17.29 13.98 11.00 6.00 19.57 78
    2000 21.75 23.70 24.53 12.55 17.28 62.73 163
      Ratio 2.24 1.37 1.75 1.14 2.88 3.21 2.10
  White-collar crime:
    1985 14.95 5.95 1.74 .70 .23 .41 24
    2000 23.07 8.19 3.12 1.17 .57 .68 37
      Ratio 1.54 1.38 1.79 1.67 2.49 1.66 1.54
  Other crime:
    1985 1.70 .54 .16 .07 .04 .14 2.7
    2000 3.12 1.63 .63 .31 .17 .40 6.3
      Ratio 1.84 3.00 3.96 4.13 4.89 2.78 2.36
All offenses:
  1985 5.45 3.49 1.52 .83 .43 1.53 13
  2000 10.13 6.00 2.74 1.36 .92 3.19 24
    Ratio 1.86 1.72 1.81 1.63 2.16 2.09 1.84

Sources.  Arrest records are from Federal Bureau of Investigation (1980–2009); restricted-
use data on prison releases and prison populations are from Bureau of Justice Statistics  
(1984–2009). Population data for generating incarceration rates are from Census Bureau 
historical population estimates.
Note.  Results are based on data from California, Colorado, Michigan, New Jersey, South 
Carolina, Wisconsin, and Washington “Other” crimes include prostitution, gambling, and 
vice offenses, driving under the influence and drunkenness, and weapons charges.

Table 2.  continued
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in percentage terms, the increase from 13 admitted prisoners in 1985 to 
24 admitted prisoners in 2000 is noteworthy. Overall, the probability of 
entering prison given arrest increased by 84 percent, and this result is not 
driven by a change in the composition of arrests. Within every crime cat-
egory, the fraction of arrested offenders admitted to prison rose between 
1985 and 2000, and in many categories, the probability of admission 
given arrest more than doubled. 

Next, if we focus on the last row, we see that the aggregate increase 
in prison admissions per arrest does not simply reflect an increase in the 
number of persons serving short prison terms. In 2000, arrested alleged 
offenders faced a higher likelihood of serving short, medium, and long 
prison terms. While the overall pattern likely implies a modest increase 
in expected time served among admitted prisoners, time served among 
persons who entered prison following parole revocations declined during 
this same period, and like Pfaff (2011), we find only minor changes in 
the overall distribution of time served among those admitted to prison.  
However, we contend that the overall stability of this distribution tells us 
nothing about changes in the severity of sentencing policies between 1985 
and 2000. Arrested offenders faced higher risks of serving short, medium, 
and long prison terms in 2000 than in 1985, and this result is not driven 
by a change in the composition of arrests but by more punitive sentencing 
within each crime category. 

Note that in all nonviolent crime categories, every value of k̂js is 
greater than 1. This demonstrates that among those arrested for nonvi-
olent crimes, prison terms in each of our S = 6 duration categories be-
came more likely. In each nonviolent crime category, arrested offenders 
in 2000 faced significantly greater risks of serving 0–1, 1–2, 2–3, 3–4, 
4–5, and 5+ years in prison. This pattern is clear evidence of a shift to-
ward more punitive sentencing. 

In our results for violent offenders, there are a few  values that are less 
than 1. Some of those arrested for violent crimes did face lower proba-
bilities of serving short prison terms in 2000, but overall, these offend-
ers almost surely faced more punitive sentencing than their 1985 coun-
terparts. The “Total” column shows that they faced higher probabilities 
of entering prison, and the “5+ Years” column shows that they faced 
much higher probabilities of serving long prison terms. We cannot ex-
amine composition changes in the 5+ years category, but our results 
strongly suggest that those arrested for violent crime in 2000 faced longer 
expected prison time.  Between 1985 and 2000, the fraction of arrested 
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offenders who served more than 5 years in prison increased by at least a 
factor of two in every violent crime category. 

Table 2 contains three key results. First, within all crime categories, 
the likelihood that an arrested offender would serve prison time rose be-
tween 1985 and 2000. Second, for those charged with violent crimes, 
these increases in the likelihoods of prison admission disproportionately 
reflect increases in the number of offenders who serve long prison terms. 
Finally, among those charged with nonviolent crimes, Table 2 documents 
striking increases in the likelihoods of serving short, medium, and long 
prison terms. 

If we assume that the probability of conviction given arrest was 
roughly constant between 1985 and 2000, the only way to explain these 
results is to recognize that these states greatly increased the severity of 
their sentencing policies between 1985 and 2000. Existing data sources 
do not provide measures of convictions per arrest at the state or national 
level. Thus, we cannot rule out the possibility that some portion of the 
changes that we are measuring over time reflects an increase in the rate of 
convictions per arrest. However, if such an increase occurred, it too may 
have been the result of changes in sentencing policies. Most convictions 
are the product of plea bargains, and worst-case scenarios for defendants 
shape the bargaining between defendants and prosecutors. We provide a 
more detailed discussion of this issue in Section 6.2.

6.  SIMULATION RESULTS

Table 2 shows that, in our NCRP sample, arrested offenders faced much 
harsher expected punishments in the early 2000s than in 1985. None-
theless, these results do not provide precise information about the total 
contribution of the implied changes in sentencing policies to the growth 
of prison populations after 1985. Thus, we next describe a simulation 
model that directly maps changes in arrest rates and policies that govern 
expected punishments for arrested offenders onto changes in prison pop-
ulations.

Our simulation model fills a hole in the literature. To date, Raphael 
and Stoll (2013) provide the most detailed empirical model of prison 
populations. However, they employ data from only 2 years, 1984 and 
2004, and they treat the prison populations in those years as steady-state 
populations. Further, they do not remove states that report inconsistent 
data but include all states that report NCRP data in 1984 and 2004.
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As demonstrated above, the NCRP data from many states are not re-
liable, so we employ data only from states that report NCRP data that 
pass our basic quality checks. Given the upward trend in prison popu-
lations over much of our sample period, we do not impose steady-state 
restrictions but instead produce actual and counterfactual prison popula-
tions for each year between 1985 and 2005. This allows us to show that 
even during the late 1980s and early 1990s, when arrest rates were rising 
for many crime categories, changes in sentencing policy were still import-
ant drivers of growth in prison populations.

Previous studies employ simulation models that are similar in spirit 
to ours, but none involve the detailed measurements that we employ. 
McCrary (2010) develops a mathematically similar model with a single 
offense and no parole, and McCrary and Sanga (2012) use a parameter-
ized version of this model to illustrate how deterrence elasticities shape 
the paths of prison populations following exogenous shifts in the severity 
of sentencing. Here we provide an overview of our methods.20

We assume, as before, that each convicted offender is convicted of the 
most serious charge listed in his arrest file—the charge recorded in UCR 
arrest files—and that he enters prison in the year of his arrest. Given these 
assumptions, we use our arrest data, data from the 1985–2009 NCRP 
files,21 and NPS data for 1982–85 to estimate the following probabilities:

1.	 the probability that an offender arrested in 1985 enters prison as 
a new court commitment, 

2.	 the probability that an offender who was paroled from prison in 
year (1985 – p) enters prison in 1985 as the result of a parole re-
vocation,

3.	 the probability that an offender exits prison to parole in year 
(1985 + s) given that he entered prison in 1985 as the result of a 
new court commitment,

4.	 the probability that an offender exits prison to parole in year 
(1985 + s) given that he entered prison in 1985 as the result of a 
parole revocation,

20. Section C of the online appendix provides details.
21. We do not employ the actual admissions data from the NCRP. Rather, we use 

the most recent NCRP stock data for a given state and the NCRP release files from the 
previous years to construct admissions files that are consistent with the stock and release 
data for 1985 and subsequent years. Given our rules for selecting states, the admissions 
series that we construct closely track the actual NCRP admissions series. By using these 
constructed admissions data, we ensure that the probabilities that we calculate for use in 
our simulation model are between 0 and 1.
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5.	 the probability that an offender exits prison without parole super-
vision in year (1985 + s) given that he entered prison in 1985 as 
the result of a new court commitment, and

6.	 the probability that an offender exits prison without parole super-
vision in year (1985 + s) given that he entered prison in 1985 as 
the result of a parole revocation.

In the NCRP data, only trivial numbers of parolees face parole revo-
cation more than 3 years after their release to parole. Thus, we let p = 0, 
1, 2, 3, and we treat all revocations after 3 years as if they happened in 
p = 3. We do not need to keep track of releases from parole to freedom 
because they do not change the stock of prison inmates.

We let s = 0, 1, 2, . . . , 20. Because we are examining the evolution of 
prison stocks between 1985 and 2005, we do not need to know anything 
about the release probabilities for s > 20.

We calculate the elements of items 1–6 separately for the interaction 
of three race groups (black, white, and other), the 14 offense categories 
used in Table 2, and two geographies, California and the other six NCRP 
states. California is a large state that, not only in recent years but also in 
1985, followed corrections policies that are notably different than those 
of our other NCRP states.

Note that item 1 is a single probability but items 2–6 are vectors of 
probabilities. Thus, for each of the 14 × 3 × 2 cells, we calculate a prob-
ability of commitment, a vector of probabilities of parole revocation, and 
four vectors of probabilities of prison release. Given any hypothetical co-
hort of arrested offenders for any crime in any year in any (race × geog-
raphy) cell, we simulate the transitions that follow offenders’ arrests—
namely, transitions to prison, from prison to supervised parole release, 
from parole back to prison because of parole revocation, and from prison 
to release without parole supervision. We do not attempt to measure 
transitions from release without supervision back to prison because they 
begin as future arrests.

Thus, we can feed various sequences of hypothetical annual arrest lev-
els through our simulation model and track the resulting counterfactual 
evolution of prison populations in each of the 14 × 3 × 2 cells from 1985 
through the end of 2005 under the assumption that the transition prob-
abilities that describe the experiences of offenders arrested in 1985 apply 
to subsequent arrest cohorts.

Our goal is to address the following question: how would incarcer-
ation rates in our NCRP states have evolved over time if the transition 
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probabilities described above had been held fixed at their 1985 levels? If 
we are willing to assume that crime rates and resulting arrest rates evolve 
independently of sentencing policies and prison populations, the transi-
tion probabilities we describe above provide all the information we need 
to address this counterfactual.22 Although this is a natural starting point, 
some may argue that independence is not a reasonable assumption. The 
introduction of harsh sentencing policies may reduce arrest rates if severe 
expected punishments deter crime or if the imposition of longer sentences 
incapacitates criminals who are not replaced by new participants in crim-
inal activity. On the other hand, harsh sentencing policies may increase 
arrest rates if time in prison hardens young criminals and extends their 
criminal careers.

It is quite difficult to produce credible measures of the extent to which 
harsh sentencing policies deter or harden criminals, but several studies 
directly investigate the importance of incapacitation by examining how 
much crime rates increase in the short term when amnesty programs or 
court decisions trigger sudden releases of large numbers of prisoners. Mo-
tivated by this literature, we build a second simulation model based on 
the assumption that, ceteris paribus, the number of arrests in each year 
is a decreasing function of the stock of incarcerated persons at the begin-
ning of the year. Given this assumption, we can simply include additional 
arrests for 1987 and after to reflect the fact that arrest rates would have 
been higher in those years if the 1985 policies had been in place begin-
ning in 1986.

We parameterize this adjustment with crime-specific elasticities of 
criminal activity to lagged prison populations, and we adopt parameter 
values that likely yield upper bounds on how much the move to more pu-
nitive sentencing policies affected arrest rates. Among the studies of inca-
pacitation that we have reviewed, Levitt (1996) reports by far the largest, 
in absolute value, estimated elasticities of prison stocks to crime rates (see 
Johnson and Raphael 2012; Lofstrom and Raphael 2015; Marvell and 
Moody 1996; McCrary and Sanga 2012; Owens 2009). He uses court or-
ders targeting prison overcrowding as instruments for changes in prison 
populations and concludes that, at the state level, the elasticity of crime 
rates in year t to incarceration rates in year t – 1 is –.4 for violent crimes 
and –.3 for property crimes. These estimates are more than double, in ab-
solute value, most estimates in the related literature.

22. See Section C of the online appendix for details.
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We assume that, in each crime category, there is a constant ratio of 
arrests to reported crime over time. This allows us to treat Levitt’s esti-
mated elasticities of crime to lagged prison stocks as estimates of the cor-
responding elasticities of arrests to lagged prison stocks.

Figure 4 presents our results. The solid line tracks actual end-of-year 
incarceration rates over time. The long-dashed line tracks simulated in-
carceration rates under the assumption that the 1985 sentencing policies 
remained in place and, as a result, arrest rates rose in 1987 and future 
years. The short-dashed line tracks simulated incarceration rates under 
the assumption that arrest rates evolved independently of sentencing pol-
icies.

To begin, note that the actual and counterfactual prison populations 
diverge quickly. Figure 2 documents positive trends in arrest rates across 
all crime categories during the late 1980s, and arrests for drug crimes and 
violent crimes continued to increase in the early 1990s. However, these 
trends in arrests cannot account for the rapid growth of prison popula-
tions during the late 1980s and early 1990s.

Now consider the sample end points. The incarceration rate at the 
end of 1985 is 177. The 2005 rate is 431. The simulated 2005 incarcera-
tion rates associated with holding time-served probabilities at their 1985 
values are 251 and 219. The former number reflects our adjustments for 
incapacitation effects, and the latter reflects the assumption that arrest 

Figure 4.  Actual and counterfactual incarceration rates
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flows evolve independently of prison stocks. Our simulation results thus 
suggest that changes in the severity of sentencing policies generated be-
tween 71 and 83 percent of the growth in incarceration rates between 
1985 and 2005 in our seven states.

We note above that Raphael and Stoll make similar calculations con-
cerning changes in steady-state incarceration rates implied by the sentenc-
ing policies and arrest rates that prevailed in 1984 and 2004. In Raphael 
and Stoll (2013, figure 3.1), they report that 91 percent of the growth in 
these implied steady states is attributable to changes in policy. The key 
differences between our methods and those in Raphael and Stoll (2013) 
are that they decompose growth in implied steady states rather than ac-
tual populations, they do not restrict their analyses to states that report 
clean NCRP data, and they use smaller adjustment factors, in absolute 
value, to correct for incapacitation and deterrence.

It is not clear how the first two differences should affect Raphael and 
Stoll’s results compared to ours.23 However, it is clear that they attribute 
a larger role to changes in sentencing policies, at least in part because 
they assume that the effects of the growth in prison populations on arrest 
rates are significantly smaller than those reported by Levitt (1996). The 
methods they employ to create their estimates are defensible and produce 
results that are more in line with the rest of the literature. By using Lev-
itt’s estimates, we are most likely creating a conservative estimate of the 
effects of more severe sentencing and corrections policies on the growth 
in prison populations.

Yet some may challenge this characterization because Levitt exploits 
only year-to-year variation in prison populations induced by court or-
ders. If court orders are less salient for potential criminals than sustained 
long-term shifts toward more punitive policies, Levitt’s research design 
may not capture the full deterrence effects of recent growth in prison 
populations on crime rates. Nonetheless, Nagin (2013) presents a com-
prehensive review of the literature on deterrence and concludes that the 
deterrence effects of shifts to longer prison terms are modest at best.24 
In addition, while a sustained commitment to punitive policies may de-
ter some potential offenders, it may also harden others. Several recent 

23. However, there are reasons to believe that some of the data Raphael and Stoll 
(2013) employ are quite noisy. For example, their table 2.2 reports that in 2004 their 
data contain almost 40 percent more prison admissions for murder than actual arrests 
for murder.

24. The most relevant studies that Nagin (2013) reviews are Helland and Tabarrok 
(2007) and Lee and McCrary (2009).
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studies suggest that putting more offenders in prison and keeping them 
there longer may have criminogenic effects (see Aizer and Doyle 2013; 
Bayer, Hjalmarsson, and Pozen 2009; Chen and Shapiro 2007; Di Tella 
and Schargrodsky 2013).

In Figure 4, we track total and simulated prison populations. We re-
peated the exercise while keeping separate track of the populations of 
prisoners who last entered prison following conviction for crime and the 
populations who last entered prison following parole revocations. The 
results show that, in most years, the number of prisoners associated with 
new court commitments is at least three times that associated with pa-
role revocations. Further, at the end of 2005, both stocks of prisoners are 
roughly twice the levels implied by the simulations that impose the 1985 
corrections policies throughout the sample period. Although there appear 
to have been some changes over time in how California made decisions 
concerning parole revocations, the key driver of growth in the number 
of prisoners serving terms that began as the result of parole revocations 
is the growth in the stock of persons on parole and therefore at risk for 
revocation, and this growth in the stock of parolees was driven primarily 
by growth in the number of persons serving time for new convictions.

6.1.  Race-Specific Results

Figures 5 and 6 repeat the simulations in Figure 4 separately for whites 
and blacks, respectively. These figures highlight the striking racial dif-
ference in incarceration-rate levels that exist throughout the time frame 
we consider. Further, the increases in incarceration-rate levels observed 
among blacks are more than three times those observed among whites.

On the other hand, these results provide no evidence that the changes 
in sentencing policies that drove the prison boom created greater changes 
in the punitiveness of sentences applied to black offenders relative to 
white offenders. In fact, the percentage of the increase in incarceration 
rates that cannot be attributed to trends in arrests is greater among whites 
than blacks.25 In Neal and Rick (2014, tables A6 and A7), we provide ev-
idence that, even in our base year 1985, black offenders were already 
more likely to receive significant prison time for some offenses (for exam-
ple, robbery, burglary, motor vehicle theft, and larceny), but this baseline 

25. However, because we cannot identify Hispanics in a consistent way over time and 
because the Hispanic population is growing over time, we cannot rule out the possibility 
that punishments applied to both black and Hispanic defendants became more severe 
over time relative to those applied to non-Hispanic white defendants.
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differential is a minor part of the story. Our NCRP states pursued an 
across-the-board shift to more punitive sentencing and parole policies for 
all offenders, and this change had much more significant effects on black 
communities than white communities because arrest rates for blacks have 
been at least four times as large as arrest rates for whites since 1980.26

6.2.  Conviction Rates

No existing sources provide representative data on conviction rates given 
arrest at either the state or national level. Thus, to create our simulation 
results, we follow the common practice of assuming that conviction rates 
given arrest do not vary over time in our sample.

At least three scenarios could have generated rising conviction rates 
for arrested offenders between 1985 and 2005. First, more severe sen-
tencing policies may have dealt prosecutors a stronger hand in negotia-

26. We do not claim that racial disparities in charges filed against arrested offenders 
or sentences given to convicted defendants do not exist. Rehavi and Starr (2013) not 
only review the substantial literature on racial disparities in sentencing but also provide 
clear evidence of discriminatory behavior by federal prosecutors prior to the sentencing  
stage. When dealing with comparable arrested offenders, federal prosecutors are more 
like to file formal charges that bring mandatory-minimum-sentence provisions into play if 
the offenders are black, and we cannot rule out the possibility that state prosecutors en-
gage in the same biased behaviors. Still, our results provide no evidence that these types of 
discriminatory behaviors have become worse over time.

Figure 5.  Actual and counterfactual incarceration rates: whites
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tions over plea bargains. If this was the case, increases in conviction rates 
were simply mechanisms through which changes in sentencing policies 
drove the growth in prison populations.

Second, state and local governments may have allocated more gen-
erous budgets to prosecutors over time. Such changes in budget would 
not qualify as changes in sentencing policy per se. However, the same 
political forces that influence sentencing policy also likely affect budgets 
for prosecutors and correctional institutions. Laws that mandate harsher 
punishment for offenders cannot accomplish their stated objectives if leg-
islators do not allocate sufficient resources to both prosecute and confine 
offenders.

Finally, characteristics of arrested offenders may have changed over 
time in ways not captured by our NCRP data. If the composition of of-
fenders shifted in adverse ways in crime categories, our simulation results 
may overstate the importance of changes in sentencing policies as drivers 
of growth in prison populations.

We cannot examine this possibility directly because no national or 
state data on defendants’ characteristics and case outcomes exist. How-
ever, we have examined reports that summarize the State Court Process-
ing Statistics (SCPS) collected by the Bureau of Justice Statistics during 
the month of May in 1990, 1992, 1994, 1996, 1998, 2000, 2002, and 
2004 (Bureau of Justice Statistics 1990–2004). The SCPS samples are not 

Figure 6.  Actual and counterfactual incarceration rates: blacks
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representative of the nation or any particular state. The SCPS sampling 
scheme defines 75 large urban counties as the population of interest, and 
each SCPS survey draws cases from only about 40 counties.

Conviction rates rise and fall over time in the SCPS data.27 While it is 
hard to know the extent to which these changes reflect sampling variation 
or secular trends in conviction rates, the SCPS data provide no evidence 
that movements in conviction rates are correlated with movements in of-
fenders’ characteristics. In each major crime category, the proportions of 
arrested offenders who have prior arrests, prior convictions, or ongoing 
court supervision do not covary with conviction rates.28

Although California is well represented in the SCPS data, the SCPS 
sample contains fewer than 10 counties that are in our other NCRP 
states. Thus, the SCPS data do not rule out the possibility that unmea-
sured trends in offenders’ characteristics drove secular increases in con-
viction rates over time in some of our NCRP states. Nonetheless, we have 
found no data that support this possibility.

7.  FEDERAL PRISONS AND JAILS

To this point, we have focused on growth in state prisons. The NCRP 
contains spotty data on federal prisons, so we have pieced together in-
formation on stocks of federal prison inmates from other sources. Table 
3 presents incarceration rates in federal prisons for 1970–2010 and sep-
arate rates by offense category for 1989–2010. Between 1980 and 2010, 
federal incarceration rates increased by more than a factor of 6. During 
the 1990s and 2000s, the federal prison population grew at a significantly 
faster rate than the population of state prisons.

We do not have federal arrest data that are comparable to the arrest 
data we employ in analyzing the growth of state prison populations. 
Thus, we cannot clearly assess the extent to which changes in federal 
corrections policies mirrored the changes at the state level. Nonetheless, 
the available data highlight an important difference between federal and 
state prisons. The growth of federal prison populations does not reflect 
increases in incarceration rates for all federal crime categories. Three of-

27. The felony conviction rate for violent offenses ranges from 40 percent in 1990 to 
52 percent in 2004, and there are ups and downs in between. The felony conviction rates 
for property offenses, drug offenses, and public-order offenses follow a similar pattern 
overall but tend to be 10–20 percent higher than those for violent offenses.

28. Details are available from the authors on request.
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fense categories—drug crimes, weapons violations, and immigration of-
fenses—account for the majority of the increase in the federal incarcera-
tion rate. The incarceration rate for “other” federal crimes also rose, but 
Table 3 shows that the federal incarceration rates for standard violent 
and property crimes were higher in 1989 than in 2010.

Further, the literature shows that, in contrast to our results for state 
prisons, growth in the federal prison population was not the result of a 
color-blind shift toward more punitive sentencing. The Anti-Drug Abuse 
Act of 1986 was one of the major federal actions in the War on Drugs, 
and it drew distinctions between crack and powder cocaine that appeared 
to target black drug offenders. Many black offenders received much lon-
ger sentences than comparable white offenders who possessed and dis-
tributed the same drug in a different form.29

While the federal prison population grew even faster than state prison 
populations over the past 3 decades, jail populations grew at similar 
rates, at least over the long term. Over the period 1983–2010, the ratio 
of inmates in state prisons to inmates in local jails rarely fell below 1.8 
and never rose as high as 2.1. Jail populations follow the same long-term 
trends as state prison populations.

Without more detailed information on the movements of prisoners be-
tween jails and prisons, it is not possible to know exactly why jail stocks 
track prison stocks so closely. Some sentenced prisoners serve time in jail 
while awaiting transfer to state prisons, and other convicted prisoners 
with short sentences serve their entire sentences in jail without ever en-
tering state prison. Thus, it seems reasonable to expect that the move to 
more punitive sentencing that caused prison populations to grow also in-
creased jail populations. Nonetheless, more work is required to pin down 
the different sources of growth in jail populations over the past several 
decades.

29. See Alexander (2012) for an extensive discussion of this issue and related as-
pects of the War on Drugs. In 2010, President Barack Obama signed the Fair Sentencing 
Act, which greatly reduced but did not completely eliminate disparities in mandatory-
sentencing provisions among drugs that are chemically similar. Finally, Rehavi and Starr 
(2013) find that black offenders receive sentences that are almost 10 percent longer than 
comparable white offenders arrested for the same crimes.
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8.  CONCLUSION

Over the past 40 years, state legislatures and the federal government have 
passed numerous laws and changed many regulations that affect the pun-
ishments that criminal offenders receive, and often these changes were 
intended to make punishments both more determinate and more severe. 
Over this same period, incarceration rates increased by more than a fac-
tor of 4 before declining slightly during the Great Recession as some 
states struggled to fund their expanded prison systems (see Pew Center on 
the States 2010).

Yet the literature contains conflicting claims concerning the contribu-
tion of more punitive sentencing to the growth of prison populations over 
this period. Here we focus on the period 1985–2005, and we use new 
methods and data-cleaning procedures to provide evidence that more pu-
nitive sentencing policies drove the majority of growth in prison popula-
tions. Our results cover only seven states, but crime and arrest trends in 
these states follow national trends, and we conjecture that our results are 
broadly applicable to the nation as a whole.

We make several important methodological choices. First, we clean 
and audit the data we use to characterize flows in and out of prisons. Sec-
ond, we do not focus on the distribution of time served given admission 
to prison as a summary measure of sentencing policies. Instead, we focus 
on the distribution of time served given arrest. Third, we analyze these 
distributions separately by offense category and build simulation models 
that track the dynamics of various components of prison populations sep-
arately over time.

Taken together, these approaches allow us to demonstrate that no sin-
gle set of statutes that affect particular groups of offenders is responsible 
for the prison boom, at least in our seven NCRP states. On the contrary, 
we document a broad shift toward more punitive treatment for offenders 
in every major crime category. In state courts, both black and white of-
fenders faced similar changes in the overall severity of the punishments 
they received. However, because arrest rates for blacks are much higher 
than arrest rates for whites, this secular shift to more punitive sentencing 
policies was particularly devastating for black communities. In federal 
courts, the shift toward more punitive sentencing for drug crimes affected 
black offenders more than white offenders, and drug offenders account 
for a significant portion of growth in the federal prison population in re-
cent decades.
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Since the early 1980s, the real value of labor market opportunities for 
less-skilled men has declined significantly, and decades of education re-
form have done little to narrow the skill gaps among youth from different 
racial or economic backgrounds. Yet we know that these secular inequal-
ity trends did not drive the growth of prison populations. Only a small 
portion of the recent growth in prison populations can be attributed to 
higher crime and arrest rates. Changes in policies that govern the treat-
ment of arrested offenders account for the majority of prison growth.

It may be decades before we understand the long-term consequences 
of the policy choices that created the prison boom. However, it is possible 
that the wide-ranging shift to more severe sentencing policies contributed 
to growing inequality by greatly increasing the stock of adult men whose 
time in prison cost them current and future opportunities to gain work 
experience in legal employment (for reviews of this literature, see Holzer 
2009; Neal and Rick 2014; Raphael and Stoll 2013). If this is the case, 
future research must also explore how these losses of employment and 
income affected the families, and especially the children, of these men.
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