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It is commonly believed among criminal justice scholars that sentencing
guidelines increase uniformity in sentencing at the cost of fairness. They rea-
son that guideline systems rarely take all relevant case characteristics into con-
sideration, and as a result, impose sentences in particular cases that are biased
relative to the ideal or best sentence. This bias effect is one of the primary theo-
retical and practical challenges faced by courts and sentencing commissions in
the last 30 years, and provides one of the strongest arguments against manda-
tory sentencing guidelines. This article identifies a second effect of guidelines
on fairness, which has not been sufficiently acknowledged by the scholarly lit-
erature: the variance effect increases the fairness of sentences directly by
increasing uniformity. This article uses statistical simulation to examine the
relationship between the variance effect and the bias effect. The results pro-
vide substantial evidence that the variance effect is comparatively large, and
that it may often outweigh the negative effects of bias. Under these conditions,
sentencing guidelines will both increase uniformity and increase fairness.

Until the 1970s, judges in the United States enjoyed nearly
unlimited discretion in assigning sentences to criminal offenders.
Judges were free to adopt their own theory of punishment, to
determine how that theory applied to the facts of a case, and to
select the most appropriate punishment scheme on that basis.
Typically, only very wide statutory ranges constrained judges’
power to individualize sentences (Stith and Koh 1993). Early
empirical research from the 1960s to the early 1980s revealed
that the existing system produced large sentencing disparities,
finding that similar defendants with similar convictions often
received different punishments. Scholars theorized that these dis-
parities arose from variations in judges’ ideological background
(Forst and Wellford 1981; Partridge and Eldridge 1974), from
discrimination based on legally irrelevant characteristics such as
race and ethnicity (Baldus, Pulaski, and Woodworth 1983), and
from differences in local context (see Dixon 1995). Contemporary
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research confirms that these phenomena continue to impact sen-
tencing today (Abrams, Bertrand, and Mullainathan 2012; Albo-
netti 1997; Bushway and Piehl 2001; Kaut 2002; Ulmer and
Johnson 2004).

In response to evidence of disparity, federal and state legisla-
tures established sentencing guideline systems to constrain judi-
cial discretion. These systems typically used a limited number of
variables to determine a sentence range for each defendant.
Judges were then encouraged and in some systems required to
impose a sentence within that range (Frase 1995). The level of
discretion left up to the judge varied widely by jurisdiction, but
no system was more restrictive than the Federal Sentencing
Guidelines, which gave nearly all weight to crime severity and
criminal history (Tonry 1993).

Almost immediately, the Federal Guidelines were criticized
for promoting uniformity at the cost of fairness in individual
cases (e.g., Ogletree 1987). Critics widely argued that the federal
guidelines decreased the fairness of sentences by constraining
judges’ ability to take relevant case characteristics into considera-
tion. I call this the bias effect of sentencing guidelines: guidelines
can bias sentences away from the fairest or most appropriate sen-
tence by limiting judges’ ability to take all relevant case character-
istics into consideration and to fully individualize punishment.
While discussing disparities in the administration of the capital
punishment, Justice Harry Blackmun articulated a well-known
statement of the bias effect: “Experience has shown that . . . consis-
tency and rationality . . . are inversely related to [fairness]. A step
toward consistency is a step away from fairness” (Callins v. Collins
1994). Although Blackmun articulated this thesis in the context
of the death penalty, I take his critique as a paradigmatic formu-
lation of a broad and popular criticism of mandatory sentencing
guidelines echoed by judges (Schwarzer 1991) and scholars
(Alschuler 1991; Freed 1992; Ogletree 1987; Tonry 1993; Ulmer
1996), which persists until today (Kim 2004; O’Hear 2006; Osler
2003).

This article advances the sentencing literature in two ways.
First, it develops a novel framework for conceptualizing the rela-
tionship between uniformity and fairness. Second, it tests Black-
mun’s Thesis by identifying and examining a second effect of
sentencing guidelines that has not been acknowledged by the aca-
demic literature: increasing uniformity through guidelines has a
second effect—a variance effect—of directly increasing the fairness
of sentences on average.

This article uses simulation modeling to examine the relation-
ship between sentencing guidelines, uniformity and fairness. I
begin by defining an “ideal” sentence for a set of equivalent
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criminal cases based on assumptions that are favorable to Black-
mun’s Thesis. I then randomly generate a preguideline distribu-
tion of sentences centered around the “ideal” sentence. Based on
existing estimates from the literature, I introduce a sentencing
guideline system, and posit a series of plausible bias and variance
effects on the sentence distribution. The average distance of sen-
tences in the preguideline and postguideline distributions from
the “ideal” sentence is then compared to determine whether,
under these assumptions, Blackmun’s Thesis would hold. This
approach provides an important methodological benefit. Unlike
many other analytic methods in the sentencing literature, this
article avoids the need to assume a thick normative theory about
the purposes of punishment and the case characteristics that are
relevant in sentencing.

The results of the analysis show that, under plausible condi-
tions, the variance effect of sentencing guidelines is comparatively
large and may often outweigh the negative effects of bias. When
the bias effect is outweighed, Blackmun’s Thesis does not hold,
and the guidelines both increase uniformity and increase or
maintain the existing level of fairness, thereby defusing one of
the most formidable arguments against restrictive sentencing
guideline systems.

The remainder of the article proceeds as follows. I begin with
a brief history of sentencing guidelines, and a review of the
empirical literature on sentencing disparity. Next, I develop a
conceptual framework to clarify and explore the contours of
Blackmun’s Thesis, and then describe the basic design of the
study. I conclude by reporting the results of the analysis, and by
discussing the implications for the academic and policy debate on
sentencing guidelines.

Sentencing Guidelines

From the late 1970s to 1990s, Congress and a number of
state legislatures established sentencing commissions to design
guidelines that would increase uniformity in sentencing. Con-
gress, for example, established the United States Sentencing
Commission through the Sentencing Reform Act of 1984. The
commission was authorized to develop general rules to regulate
the form (e.g., fine, probation, or imprisonment) and intensity
of sentences on the basis of a list of variables including serious-
ness of offense, criminal history, age, education, vocational skills,
mental and emotional condition, family responsibilities, commu-
nity ties, and extent of participation in the offense. In 1987, the
commission passed a guideline system based primarily on two of
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those variables, seriousness of offense and criminal history. A
limited number of additional case features were also given some
weight (e.g., the amount of money stolen or the use of a
weapon) (Ogletree 1987). Based on these characteristics, the
Guidelines were designed to output a narrow range of sanctions
from which judges were required to select the most appropriate
punishment.

A number of states such as Minnesota, Pennsylvania, Vir-
ginia, and Massachusetts also enacted sentencing guidelines
(Frase 1995). These guideline systems varied widely, but in gen-
eral, they were less restrictive, complex, and controversial than
the federal system (Tonry 1993). Unlike the presumptive or
mandatory system enacted by Congress, many state legislatures
adopted advisory guidelines that served as recommendations
rather than binding rules (Frase 1995). Many state guideline
systems, including that of Minnesota and Pennsylvania, have
received approval from legal scholars and social scientists (Tonry
1993).

Today, all federal and state guideline systems are advisory as
a result of two Supreme Court cases, Blakely v. Washington (2004)
and Booker v. United States (2005). The tension between uniformity
and fairness in sentencing guidelines, however, remains a live
policy debate. First, empirical evidence suggests that advisory
guidelines continue to influence judges’ sentencing practices
(Bushway, Owens, and Piehl 2012; Pfaff 2006). Second, the
Supreme Court rendered sentencing guidelines advisory on a rel-
atively narrow issue, and scholars have noted the availability of
mandatory systems that would survive Blakely and Booker review
(Chanenson 2004). Third, the United States Sentencing Commis-
sion has recently proposed legislative and appellate constraints
on judicial discretion, which according to two scholars would
“restore the Guidelines very nearly to the legal status they
enjoyed before Booker” (Starr and Rahavi 2013: 9).

Empirical Research on Sentencing Disparity

I review the empirical literature on sentencing disparity for
two purposes. First, a review of existing empirical methodologies
helps clarify the strengths of the current study. Second, it also
helps set plausible bounds on the parameters of the quantitative
analysis by answering two key questions: what is the magnitude
of sentencing disparity, and what is the effect of sentencing guide-
lines on disparity? Researchers have used two main methodologi-
cal approaches to answer these questions: comparable distributions
and identical cases. I discuss each literature separately.
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The Comparable Distribution Approach

The comparable distribution approach assumes that certain
groups of cases are statistically equivalent either by controlling for
observable variables or by exploiting random assignment of cases to
judges.

Studies that control for observable variables typically measure
sentencing disparity by variation in the dependent variable.
These studies find that total sentencing disparity decreases after
the enactment of guidelines. Karle and Sager (1991), for exam-
ple, report substantial reductions in the variation of sentences
within broad categories of crime (e.g., robbery) after the enact-
ment of the federal guidelines. A United States Sentencing Com-
mission report examines narrower categories of crime (e.g., bank
robbery of less than $10,000 with no criminal history), and finds
that variation in sentences decreased by 15 to 60 percent for
nearly all categories examined after the federal guidelines were
enacted (USSC 1991). Stolzenberg and D’Alessio (1994) fit a lin-
ear regression model with four independent variables1 and meas-
ured “total sentencing disparity unexplained by legally mandated
sentencing factors.” The authors estimate a relative reduction in
sentencing disparity of roughly 60 percent after the enactment of
the guidelines in Minnesota (Stolzenberg and D’Alessio 1994:
302).

As others have noted, sentencing studies that control on
observable variables have several important methodological limi-
tations. First, the models may not include all relevant independ-
ent variables (Baumer 2013). This is particularly problematic for
studies that measure disparity based on unexplained variation in
sentence lengths (e.g., Stolzenberg and D’Alessio 1994). In these
studies, the omission of any relevant variable will bias the mea-
sure of disparity regardless of its correlational structure. Thus, in
practice, these studies capture both unwarranted and warranted
sources of disparity.

Second, omitted variable bias is particularly problematic in
the sentencing disparity literature because there is little norma-
tive consensus among judges and scholars about the variables
that are relevant to sentencing (Hofer, Blackwell, and Ruback
1999; Rhodes 1991). Some studies have attempted to address this
problem by defining equivalent cases based on the categories of
crimes defined by a sentencing guideline system (e.g., Rhodes
1991). But, unless one believes that the guideline system has cor-
rectly grouped similar cases, these studies merely confirm that

1 Offense seriousness, criminal history, presence of a weapon, and whether the most
serious conviction offense was a personal crime.
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“post-Guidelines sentences are more likely to be in accordance
with the Guidelines” (Anderson, Kling, and Stith 1999: 280;
Tonry 1993). Indeed, testing whether sentencing disparity itself
changed would require a normative theory about the case charac-
teristics that are relevant at sentencing—a theory over which
many readers are likely to disagree.

Third, most sentencing studies that control for observable
variables focus exclusively on sentencing, and do not capture dis-
parities arising from earlier phases in the criminal justice system
(see Baumer 2013). This criticism applies to most studies in the
literature, including those that adopt other methodological
approaches. But, they are particularly relevant for studies that
examine the effects of guidelines on disparity. Guidelines may
introduce disparities into the charging process by increasing the
power of prosecutors during plea negotiations (e.g., Miethe 1987;
Starr and Rehavi 2013). As a result, when studies find that sen-
tencing disparity has decreased after guideline enactment, it is
often unclear whether the disparity has merely moved to an ear-
lier stage in the process.

Some scholars have taken an alternative methodological
approach by exploiting the random assignment of cases to judges. Since
random assignment ensures that judges receive roughly equiva-
lent caseloads, social scientists have compared the mean sentence
of each judge in the same district to assess interjudge sentencing
disparity. The earliest study to use this approach found that
among six judges in one district, one judge imposed a median
sentence of 6 months, while another imposed a median sentence
of 12 (Gaudet, Harris, and John 1934).

More recent studies have used random assignment to estimate
the effect of federal guidelines on interjudge disparity. In a study
of three federal districts, Waldfogel (1991) estimates the mean
absolute deviation—the average difference between the mean sen-
tence length of each judge and the grand mean sentence length
for all judges—before and after the enactment of the federal
guidelines. Preguidelines, the mean absolute deviation was
between 4.5 and 6 months, or between 12 and 26 percent of the
mean sentence length, respectively.2 After enactment, the mean
absolute deviation doubled in two of the districts. Anderson, Kling,
and Stith (1999) use a similar approach with data from 140 federal
judges. The authors find that, prior to the guidelines, two judges
imposed sentences that differed from each other by 16 to 18 per-
cent on average. That estimate declined by 8 to 13 percent after
the guidelines were adopted. Other studies using random

2 The author reports the overall average sentence lengths in bar chart form (1991:
154).
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assignment to judges have used an alternative measure of inter-
judge disparity. Rather than comparing the mean sentences for
each judge, they consider the proportion of variation in sentences
attributable to the judge assigned to the case. Applying this
approach, Payne (1997) and Hofer, Blackwell, and Ruback (1999)
find mixed results: disparity decreased for some crime categories
after guideline enactment and increased for others.

Scholars have also examined the effect of changes to the Fed-
eral Sentencing Guidelines after their enactment. Most importantly,
the United States Supreme Court rendered all sentencing guide-
lines effectively advisory in 2004 and 2005 (Booker v. United States;
Blakeley v. Washington). Two later cases, Gall v. United States (2007)
and Kimborough v. United States (2007), further expanded judicial
sentencing discretion. Scott (2010) uses random assignment in
three federal districts to show that the mean absolute deviation
increased from 4.6 months before Booker (or 15 percent of the
average sentence length) to 6.2 months after Booker (18 percent),
and 9.0 months after Gall/Kimbrough (26 percent).3 Yang (2014)
reports substantively similar results with data from all federal dis-
tricts. Several other studies have examined the effect of Booker spe-
cifically on racial disparities in sentencing, but have reached
conflicting results (Fischman and Schanzenbach 2012; Starr and
Rehavi 2013; Ulmer, Light, and Kramer 2011; USSC 2010).

Taken together, the random assignment literature suggests
that prior to guideline enactment, the mean absolute deviation of
judges’ sentences were between 10 and 26 percent of the average
sentence length (Anderson, Kling, and Stith 1999; Waldfogel
1991). The literature also suggests that guideline enactment and
subsequent guideline policy changes may have resulted in
changes in the mean absolute deviation that range between 0 and
26 percent (Anderson, Kling, and Stith 1999; Scott 2010).

Prior work has acknowledged several limitations in the ran-
dom assignment approach. First, as Hofer, Blackwell, and Ruback
(1999) note, random assignment captures only the “tip of the ice-
berg” because it cannot capture disparities arising from sources
other than judge assignment. Second, by focusing on the mean
sentence of judges, the random assignment approach measures
only a small fraction of all interjudge disparity. Even if they share
the same mean, judges’ sentences may have different functional
forms or standard deviations. And judges may impose the same
sentence on average, without imposing the same sentence in par-
ticular cases. Third, random assignment does not ensure that a
court receives an equivalent caseload over time. As a result, these

3 Scott uses a different measure of interjudge disparity, but provides sufficient data to
calculate the mean absolute deviation (2010: 61).
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studies do not rule out the possibility that changes observed after
guideline enactment are caused by secular trends in the criminal
justice system.

The Identical Case Approach

The identical case approach measures sentencing disparity in
individual cases rather than in distributions of comparable cases. The
typical study provides judges with an identical set of real or hypo-
thetical cases and requests a sentence recommendation for each.
Unfortunately, no identical case studies in the literature are longi-
tudinal. They provide insight on the magnitude of disparity at a
given moment, but cannot estimate the effect of guideline
changes over time.

Two early research initiatives (Seminar and Institute 1962;
Sentencing Institute and Joint Council 1962) asked federal judges
to assign sentences for a diverse set of hypothetical cases. The
recommended sentences varied widely. One tax evasion case
drew recommendations as lenient as a 6-month suspended prison
sentence, and as harsh as a 5-year prison sentence with a $20,000
fine. The recommended sentences for an embezzlement case
ranged from probation to 5 years in prison. Similarly, Partridge
and Eldridge (1974) conducted a study in which fifty federal dis-
trict court judges were given complete presentence reports, and
were asked to recommend a sentence for each. The authors find
evidence of “substantial” disparities in the judges’ sentencing
recommendations.

Forst and Wellford (1981) distributed hypothetical bank rob-
bery and fraud cases to 264 federal judges. Each hypothetical
provided a limited number of facts about the case. Their results
present evidence of large, and sometimes, huge disparities in rec-
ommended prison length. On average, the bank robbery cases
received a sentence length of 8.7 years, and an average standard
deviation of 5.2. Similarly, the fraud cases received an average
sentence length of 5.2 years and a standard deviation of 3.3.
Thus, the interjudge disparity was roughly 60 percent of the
average sentence length.

Scholars have also applied the identical case approach to state
court judges. Austin and Williams (1977) distributed descriptions
of five hypothetical minor felony and misdemeanor offenses to
47 Virginia district court judges. The case descriptions “conveyed
. . . defendant’s name, the criminal charge and a synopsis of the
testimony” (Austin and Williams 1977: 307). The authors find that
even “when legal cases are equalized within offense categories,
judges still show substantial disparity.” (Austin and Williams 1977:
309).
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Diamond and Zeisel (1975) explore disparity through sen-
tencing councils in New York and Chicago. In these councils,
judges sought advice from each other on sentencing decisions for
real cases on their dockets. Colleague judges were informed of
the facts of each case through presentence reports prepared by
the probation department. The authors find that two judges on
the same council “differ[ed], on the average, by between one-
third and one-half of the mean sentence” (Diamond and Zeisel
1975: 122).

Taken together, the best studies using the identical case
approach observe distributions of sentence recommendations
with standard deviation that are 30 to 60 percent of the mean
sentence length.

Scholars have identified some important limitations on the
validity of data gathered through the identical case approach.
First, judges may understand the aim of the study and “deviate
from their normal sentencing practice” to “dispel an unwanted
reputation” (Diamond and Zeisel 1975: 116). The implication is
that more extreme judges might recommend sentences closer to
the average leading to a conservative estimate of the true magni-
tude of disparity.

Second, scholars have argued that judges receive less infor-
mation for hypothetical cases than real criminal cases, and that
less information will encourage judges to use their imaginations
to fill in the “gaps,” and inflate the estimate of disparity. This is
a limitation, but it seems just as likely that information gaps
would deflate the estimate. As Johnson (2003) has argued,
hypothetical fact patterns with few details abstract away contro-
versial case features over which there is little consensus, and
which might generate great differences in recommended
sentences.4

Third, Diamond and Zeisel (1975) note that judges may rec-
ommend more severe sentences than in true criminal cases
because it is easier to imprison a hypothetical defendant than a
living person. These concerns are somewhat addressed by sen-
tencing council data. Sentencing councils provide an optimal win-
dow to examine disparity because judges receive detailed
presentence reports and “know that their recommendations can
and often do have a real impact on the sentence actually imposed

4 Moreover, most criminal cases are disposed by plea bargain. Thus, judges typically
do not benefit from the wealth of information brought out at trial, and instead receive only
limited information through a presentence investigation report and a brief sentencing hear-
ing (Johnson 2003). This depth of information is similar to the information judges receive
in at least some of the studies that use the identical case approach (e.g., Partridge and
Eldridge 1974).
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. . . [N]o more realistic arrangement can be devised that will allow
several judges to sentence one offender” (Diamond and Zeisel
1975: 116).

Conceptual Framework

Blackmun’s Thesis asserts that imposing uniformity through
sentencing guidelines introduces a bias into sentencing that leads
to an overall reduction in fairness. The following section defines
terms and concepts to clarify the precise contours of Blackmun’s
Thesis.

Definitions

The first key concept is that of the ideal sentence. The ideal
sentence is the best sentence, or the fairest sentence in a particu-
lar case. It is the sentence that a defendant would receive in a
perfect criminal justice system. Of course, views about the ideal
sentence in particular cases will vary from person to person
depending on their normative theory of punishment (Rossi,
Berk, and Campbell 1997; U.S. Sentencing Commission 1987),
and sentencing commissions have faced great theoretical and
organizational challenges in choosing between existing theories
(Savelsberg 1992). Under a retributive theory of punishment, for
example, the purpose of sentencing is to give offenders what
they deserve (Tonry 2006). The ideal sentence, then, depends on
a limited set of case characteristics related to the severity of the
crime and the culpability of the defendant.5 In contrast, under
utilitarian theories of punishment, the purpose of sentencing is to
promote social utility. Utilitarian theories often emphasize reha-
bilitation or specific deterrence. Under these theories of punish-
ment, the ideal sentence may depend on a much larger group of
case characteristics that correlate with recidivism, including age,
gender, employment, and family.6

The current study does not attempt to resolve this long-
standing debate about the correct theory of punishment or the
case characteristics that are relevant to sentencing. Instead, it
attempts to examine Blackmun’s Thesis and the relevant tensions
between bias and uniformity—to the extent possible—without

5 Scholars sometimes note that retributive theories of punishment result in greater
equality in sentencing specifically because retributive theories often recognize relatively few
case characteristics as relevant to sentencing.

6 Scholars sometimes associate rehabilitation-based theories of punishment with
greater individualization because they recognize a very large number of case characteristics
as relevant to sentencing decisions.
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assuming any particular substantive theory of sentencing.7 It does
so by making assumptions about the numeric value of the ideal
sentence that are favorable to Blackmun’s Thesis, and by examin-
ing the underlying mathematical relationships of the concepts of
bias, uniformity and fairness. I leave the definition of the ideal
sentence vague to be inclusive of diverse normative views about
sentencing.

A relevant case feature is a feature of a criminal case that
impacts the ideal sentence. The use of a weapon to facilitate a
crime, for example, is likely a relevant case feature because it
increases the ideal sentence by some length of time.

A sentence is unfair to the extent it differs from the ideal sen-
tence. Sentence unfairness is, thus, some function of the differ-
ence between the ideal sentence and the actual sentence. An
analysis of the first variable in Blackmun’s Thesis, fairness, thus,
involves a comparison of average sentence unfairness in a specific
sentencing system before and after guidelines are introduced.
The preguideline system is fairer than the postguideline system if
it has lower average sentence unfairness.

To analyze uniformity, the second variable in Blackmun’s The-
sis, some concept is needed to identify cases that are similar, and
thus, deserve the same treatment. A set of morally equivalent cases
refers to all criminal cases that share the same set of relevant case
features, and as a result, share the same ideal sentence. In a per-
fect criminal justice system, the judge would impose the same
sentence in these equivalent cases. For example, imagine that one
particular set of relevant case features is: (1) a robbery, (2) with a
gun, (3) that is unloaded, (4) committed by an offender who has
two prior felony convictions for aggravated robbery. For this
hypothetical, all crimes that involve these four relevant case fea-
tures, and no other relevant case features, are morally equivalent.8

Clearly, however, these cases will not all receive the same sen-
tence. Discrepancies between sentences actually received may
arise from any number of sources including differences in the
ideological beliefs of the judge, the competence or resources of
the prosecutor, and other unrelated variables. Sentencing variation
among morally equivalent cases is measured by the standard
deviation of the sentences imposed in those cases. Thus, an

7 Indeed, Blackmun does not invoke any particular theory of sentencing in relation to
Blackmun’s Thesis. Throughout his opinion in Callins v. Collins, Blackmun often refers to
the “fair” sentence in a particular case as the “appropriate” sentence (e.g., 1994: 1149–50).
Thus, another way to frame Blackmun’s Thesis is: a step toward consistency is a step away
from the most appropriate sentence, however your normative theory of punishment defines it.

8 Importantly, a set of morally equivalent cases is not defined by the law in any particular
jurisdiction. Rather, it is a collection of cases that would be deemed morally equivalent by an
idealized or perfect criminal justice system.
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analysis of the second variable in Blackmun’s Thesis, uniformity,
involves a comparison of the standard deviation of sentences
from equivalent cases before and after the introduction of sen-
tencing guidelines.

Defining Blackmun’s Thesis

I now frame Blackmun’s Thesis in the terminology defined
above. The primary goal of sentencing guidelines is to increase
uniformity in sentences among similar cases, that is, to decrease
their standard deviation. Figure 1 provides an illustration of this
process. Recall the unloaded gun robbery hypothetical discussed
above. The black line in Figure 1 represents the preguideline
sentences for these cases. The gray line represents postguideline
sentences—the sentences those cases would have received under
a guideline system. Both distributions share the same mean, but
the postguideline sentences have a smaller standard deviation
because guidelines increase uniformity.

Proponents of Blackmun’s Thesis assert that this reduction in
the standard deviation is not the only effect of guidelines: impos-
ing greater uniformity also has a bias effect. Once again, imagine
that the solid black and gray lines in Figure 2 represent the pre-
guideline and postguideline sentences, respectively. Imagine fur-
ther that the ideal sentence for these hypothetical cases,

Figure 1. Sentences for Equivalent Cases Before and After Guidelines
Decrease Standard Deviation.
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represented by the dotted line, is the mean of the preguideline
distribution. As expected, the standard deviation for the postgui-
deline distribution is smaller. But, the mean has also increased,
representing a bias relative to the ideal sentence.

There are good reasons to expect that guidelines exert this
kind of bias on the mean. Before the guidelines are enacted,
judges have more discretion in identifying and weighing a wider
range of case features during the sentencing process. The intro-
duction of guidelines can bias the sentences imposed by judges
by prohibiting them from considering case features they would
have otherwise. To see this more clearly, suppose that preguide-
lines, most judges mitigate the sentence in our unloaded gun
robbery hypothetical by roughly 2 years because the fact that the
gun is unloaded indicates diminished culpability. If the legislature
adopts a guideline system that recognizes a firearm as an aggra-
vator, but does not distinguish between loaded and unloaded fire-
arms, then judges can no longer mitigate the sentence. The
postguideline distribution would, as a result, be biased upward by
2 years. Blackmun’s Thesis asserts that, due to this bias effect,
sentencing guidelines decrease fairness in individual cases on
average.

However, there is a second potential effect of guidelines on
fairness not considered by proponents of Blackmun’s Thesis.

Figure 2. Sentences for Equivalent Cases Before and After Guidelines
Increase Bias and Decrease Standard Deviation.
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Increasing uniformity in sentences among equivalent cases, on
average, directly increases their fairness. Figure 3 depicts three
possible distributions of postguideline sentences. Each distribu-
tion has a 2-year bias in the mean relative to the ideal sentence
but has a different standard deviation. The black line has a stand-
ard deviation of 6 and represents sentences with the most unfair-
ness. These sentences are, on average, 5 years away from the
ideal sentence. The dark gray line has a standard deviation of 5
and is less unfair. These sentences are, on average, 4 years away
from the ideal sentence. The light gray line has a standard devia-
tion of 4 and is the fairest. These sentences are, on average, 3.5
years away from the ideal sentence. The implication is that
increasing uniformity diminishes the average distance to the ideal
sentence, and thus, increases fairness.9 Blackmun’s Thesis does
not hold when the negative effects of bias are outweighed by the
positive variance effects of uniformity. The remainder of this arti-
cle explores the potential relative sizes of these effects subject to a
wide range of possible conditions.

Figure 3. Sentences for Equivalent Cases with Equal Bias and Varying Levels
of Uniformity.

9 Assuming that sentences are symmetrically distributed, increasing uniformity will
increase fairness as long as there is at least one sentence that falls on both sides of the ideal
sentence. The relationship between uniformity and fairness will hold as long as judges have
not completely missed the mark.
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Before proceeding, two additional clarifying points are in
order. First, the tradeoff between bias and variance is not limited
to the context of sentencing. It is similar, for example, to related
tensions in the selection of statistical estimators. Like the propo-
nents of Blackmun’s Thesis, social scientists often emphasize bias
in the selection of statistical estimators. Some scholars have noted,
however, that overemphasizing bias may lead to unbiased but
inefficient estimators that are “worse” than more efficient but
biased estimators (Lynch and Western 2004; Stolzenberg and
Relles 1997). This article raises a related argument in the context
of sentencing where scholars have not appreciated the impor-
tance of variance for fairness.

Second, in addition to criticizing the federal sentencing
guidelines for promoting uniformity at the expense of fairness,
scholars also commonly criticize the guidelines for prescribing
sentences that are, across the board, too severe (Stith and Cab-
ranes 1998). This critique is distinct from Blackmun’s Thesis. An
increase in severity is not a necessary consequence of sentencing
guidelines. Indeed, scholars have noted that many state guide-
lines successfully maintained historical sentencing averages
(Tonry 1993). Moreover, the Federal Sentencing Commission
deliberately increased sentences due to a perception that the fed-
eral courts were insufficiently punitive (Stith and Cabranes 1998).
The severity of the federal system is not due to tension between
uniformity and fairness in guideline systems, but rather, to a sep-
arate policy decision to increase severity through guidelines and
mandatory minimums.

Analytic Method and Design

An analysis of Blackmun’s Thesis involves four key parame-
ters: (1) the magnitude of sentencing disparity among an equiva-
lent set of cases prior to guideline enactment, (2) the effect of the
guidelines on disparity, (3) the bias effect of the guidelines (i.e.,
effect on the average sentence length), and (4) the ideal sentence.
A simulation modeling approach does not require perfect knowl-
edge of these parameters. Indeed, they would no doubt vary by
jurisdiction, time, and crime category anyway. Instead, I look to
the empirical literature for guidance on plausible bounds on the
parameters, and then test for all values between these bounds.

First, I rely on estimates from the identical case approach for
guidance on the magnitude of preguideline disparity. Diamond
and Zeisel (1975) and Forst and Wellford (1981) observed sen-
tence recommendations with standard deviations ranging from
30 to 64 percent of the mean sentence length. In the preliminary
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analysis below, I assume the preguideline disparity is 25, 50, or
75 percent of the average sentence length. A subsequent analysis
then relaxes this assumption by testing a far greater range of val-
ues including 0.

Second, I rely on the random assignment literature for guid-
ance on the effect of sentencing guidelines on disparity because
no identical case studies in the literature were conducted longitu-
dinally. The random assignment literature observes postenact-
ment changes in the mean absolute deviation of judges’ sentences
that range from 0 to 26 percent (Anderson, Kling, and Stith
1999; Scott 2010; Waldfogel 1991). I, therefore, test for effects
that range from 0 to 30 percent.

Third, the empirical literature provides no guidance on the
magnitude of the bias effect of sentencing guidelines. To be con-
servative, I assume wide bounds for bias effects that range from 0
to 50 percent of the average preguideline sentence length.

Finally, it is necessary to operationalize the ideal sentence for a
set of morally equivalent cases. There is no nonarbitrary method
to peg the value of the ideal sentence. Underlying Blackmun’s The-
sis, however, is the assumption that the preguideline average sen-
tence for equivalent cases is closer to the ideal sentence than the
postguideline average. I, therefore, make the charitable assump-
tion that preguidelines, judges on average get it exactly right: I
assume that the ideal sentence equals the mean of the preguideline
distribution. Unfairness in both the preguideline and postguide-
line sentences is measured relative to that benchmark.

A few further notes about this definition of the ideal sentence
are in order. First, this specification favors Blackmun’s Thesis,
and leads to a conservative test. The mean of the preguideline dis-
tribution is the value that minimizes unfairness for that distribu-
tion.10 Second, perceiving that historical sentences were
insufficiently severe (or overly severe) for particular offenses,
some sentencing commissions have aimed not only to decrease
the standard deviation of sentences, but also to increase (or
decrease) the mean. This reflects a belief that the ideal sentence
is higher (or lower) than historical practice. By assuming the ideal
sentence is the mean of the preguideline distribution, I cannot
account for this kind of “prescriptive” change (Tonry 1993). But,
if the sentencing commission is correct that the ideal sentence is
higher (or lower) than historical practice, then the test of Black-
mun’s Thesis is once again rendered more conservative because

10 It is not unreasonable to expect that the true ideal sentence is somewhere between
the mean of the preguideline and postguideline distributions. If so, the argument against
Blackmun’s Thesis is even stronger than the evidence presented in this article.
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the true ideal sentence will be closer to the postguideline distri-
bution than the ideal sentence assumed in the analysis.

The Design: Statistical Simulation and Computation

This study uses statistical simulation to explore the relation-
ship between uniformity and fairness proposed by Blackmun’s
Thesis.11 I begin by examining this relationship for a particular
preguideline distribution, and later relax this assumption by
exploring a wider range.

I begin with a preguideline distribution of sentences with a
mean of eight and a standard deviation of 6. This ratio between
mean and standard deviation is relatively large, but it is consistent
with findings in the empirical literature. Some cases are likely
subject to wide sentencing variation, particularly those involving
multiple characteristics over which little consensus exists on their
relevance to sentencing (e.g., young age, psychological disorders,
history of family abuse, child dependents, stable employment,
positive contributions to the community). The first step is to esti-
mate unfairness in this preguideline distribution. A random sam-
ple of 10,000 elements is generated from a normal distribution
with a mean of 8 and standard deviation of 6.12 Each of the
10,000 elements represents a sentence from one of 10,000 hypo-
thetical morally equivalent criminal cases. Because a sentence
cannot take on a negative value, any of the 10,000 elements that
are less than zero are set to zero.13 Next, to calculate sentence
unfairness, the absolute value of the difference between each of

11 The methodology can be understood as a kind of Monte Carlo simulation that
approximates the integral of the function of sentence unfairness (i.e., actual sentence minus
some constant representing the ideal sentence) for a distribution of morally equivalent cases
that is multiplied by X.

12 To address instability in some estimates, the final analysis actually draws 1,000 sam-
ples with 10,000 elements in each. This translates into an effective “sample” of ten million
sentences per distribution.

13 This deviation from the normal distribution is of only minor concern. Relatively
few negative sentences were actually generated. Sensitivity analyses reveal that resetting
those negative values to zero has little substantive effect on the findings of the study. Parallel
analyses were conducted with precisely the same baseline values, but using means that were
far enough from zero that no negative values were randomly generated. Little substantive
change to the findings of the study were observed. Moreover, setting negative sentences to
zero favors Blackmun’s Thesis, and thus renders the test more conservative. Since the ideal
sentence is always equal to or greater than zero, negative values are always further from the
ideal sentence than zero. Thus, resetting negative values to zero increases the fairness of a
distribution. As the bias in the mean of the postguideline distribution is increased, fewer
negative values are randomly generated. In contrast, the proportion of values set to zero in
the preguideline distribution remains constant. The decreasing number of randomly gen-
erated negative values (reset to zero) in the postguideline distribution decreases the fairness
of the postguideline distribution relative to the preguideline distribution, thereby increas-
ing the difficulty of disproving Blackmun’s Thesis.
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the 10,000 sentences and the ideal sentence is computed. In this
case, the mean of the preguideline distribution is eight, and so
the ideal sentence is also eight. A sentence of 5 years, is therefore,
associated with unfairness of j528j53 years. Finally, a summary
of total sentence unfairness is calculated by computing the mean
unfairness among the 10,000 sentences.

Calculating sentence unfairness for postguideline sentences
is more complicated because sentencing guidelines can have a
wide range of possible effect sizes on uniformity and bias. Thus,
all plausible effect sizes in one-percent increments are esti-
mated. First, I estimate the effect on fairness of a guideline sys-
tem that exerts no change in the standard deviation or the
mean. Ten thousand sentences are randomly generated from a
normal distribution with the same parameters as the preguide-
line distribution (i.e., mean of 8; standard deviation of 6). Of
course, aside from small differences due to random chance, this
postguideline distribution will share the same level of unfairness
as the preguideline distribution. Next, the effect on unfairness
of a guideline system that biases the mean by 1 percent and
exerts no change in the standard deviation is tested. Ten thou-
sand sentences are randomly generated from a normal distribu-
tion with a mean of 81(0.01*8)58.08 and a standard deviation
of 6. Once again, mean unfairness relative to the ideal sentence
is computed. Next, the effect on fairness of a guideline system
that biases the mean by 2 percent and exerts no change on the
standard deviation is tested. Ten thousand sentences are ran-
domly generated from a normal distribution with a mean of
8 1 0.02*8 5 8.16 and standard deviation of 6, and mean unfair-
ness is computed. This process continues by one-percent incre-
ments until the mean is 50 percent higher than its baseline
value (0.50*8 5 12). Next, I perform precisely the same proce-
dure but with a standard deviation that is 1 percent lower than
the preguideline standard deviation (626*0.01 5 5.94), and so
on. This iterative procedure is repeated until mean unfairness
is computed for a postguideline distribution with a mean that is
50 percent larger than the baseline mean of 8 (i.e., 12), and a
standard deviation that is 35 percent smaller than the baseline
standard deviation of 6 (3.9).

At this point, we have estimates of the average unfairness
resulting from a wide range of effect sizes on the mean and
standard deviation of a preguideline distribution with a mean of
eight and a standard deviation of 6. For all postguideline distri-
butions that have the same or less average unfairness than the
preguideline distribution, Blackmun’s Thesis does not hold. For
all postguideline distributions that have higher average unfairness
than the preguideline distribution, Blackmun’s Thesis holds.
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To explore how these effect sizes vary, I provide similar
results for two other preguideline distributions with a smaller
standard deviation of 4 and 2. But, we are not only interested in
Blackmun’s Thesis for three particular preguideline distributions.
If we assume that preguidelines, a distribution of morally equiva-
lent cases can have a mean between 0 and 60 years, and a stand-
ard deviation between 0 and 40, then there are 2,400 possible
preguideline distributions. I perform the same analysis for all
2,400 pairwise combinations.

Assumptions of the Design

Having outlined the basic design of the study, I take this
opportunity to make explicit several important methodological
assumptions. The first assumption is that sentences for morally
equivalent cases are distributed normally. The validity of this
assumption will no doubt vary by context. Equivalent cases with
average sentences that are close to zero, for example, cannot be
normally distributed due to left-side censoring. As another exam-
ple, it is possible that guidelines do not merely reduce the stand-
ard deviation of sentences but also change the functional form.
The normal distribution was selected, however, for a number of
desirable properties.

First, unlike other probability distributions, the parameters of
the normal distribution are defined by a mean and standard
deviation. Thus, the parameters of the normal distribution map
well onto the parameters of Blackmun’s Thesis, and allow for
their direct manipulation.

Second, the normal distribution has relatively thin tails,
meaning it generates few outliers that dominate the results. This
feature is perhaps more important than the exact functional
form. Indeed, the results of the analysis are not intended to be
exactly right. Rather, they are intended to shed light on general
trends in the tension between uniformity and fairness. Similar
analyses can, at least in principle, be conducted for a wider range
of distributional forms.

Third, normality is empirically plausible. The identical case
approach likely provides the most useful evidence on this point.
Yet, studies in the literature are over 30 years old, and thus, little
data is still available. Fortunately, Partridge and Eldridge (1974)
provide sufficient information to reconstruct some of the data
from their study. The authors provided complete sentencing
reports to 50 federal judges in the 1970s prior to the enactment
of the federal sentencing guidelines. The left panel of Figure 4
depicts the sentences recommended for a male defendant with
five prior convictions, two periods of incarceration and no history
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of drug use, and who was convicted at trial of four counts of
bank robbery and conspiracy. While the sample size is small
(n 5 24), the distribution appears to approximate normality. The
right panel of Figure 4 depicts sentences recommended for a
male defendant who was convicted at trial of two counts of theft
and possession of goods from an interstate shipment, and who
had no prior convictions, but did have other felony charges
pending for acts committed after the instant offense. With a
somewhat larger sample size (n 5 45), the distribution also
appears to approximate the normal distribution. Together, these
distributions provide evidence that the assumption of normality is
plausible for at least some sets of equivalent cases prior to the
enactment of guidelines.

The second main assumption of the analysis is the concep-
tion of an ideal sentence. That conception involves three key
components. First, as noted earlier, the design presupposes that
every crime has an ideal sentence. Moral skeptics may wonder
about this ontology, but Blackmun’s Thesis itself invokes a com-
parison between the fairness of sentences under discretionary
and guideline regimes. Such a comparison presupposes some
ideal sentence against which to compare. Second, the design
assumes that the ideal sentence is a discrete point value (e.g., 9
years exactly), rather than a range of values (e.g., 8 to 10 years).
Third, the value of the ideal sentence is the mean of the pregui-
deline distribution. As noted earlier, this is a charitable assump-
tion that favors Blackmun’s Thesis, and renders the test more
conservative.

Finally, we need to draw some assumptions for calculating the
unfairness of deviations from the ideal sentence. My analysis
begins with the assumption that unfairness is both linear and

Figure 4. Histograms of Sentences from Equivalent Cases.14

14 The data derive from Partridge and Eldridge (1974).
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symmetric. If so, a 2-year or 3-year deviation from the ideal sen-
tence is twice or three times more unfair than a 1-year devia-
tion. This assumption appears plausible particularly when
examining smaller margins such as a 10 or 20 percent change
in bias. In a subsequent analysis, I relax the assumptions of lin-
earity and symmetry. Given the difficulty of examining an
unlimited number of possible nonlinear and asymmetric func-
tions, I explore several illustrative examples. First, I relax non-
linearity by modeling fairness as (X2), (X2)/3 and (X2)/5, where
X represents the distance of a sentence from the ideal sentence.
As I discuss in greater detail below, relaxing the assumption of
linearity has only minor effects on the results of the analysis.
Second, I also relax the assumption of symmetry by applying a
different functional form for sentences below the ideal sentence
than for sentences above. It is not possible to test all possible
functional forms,15 but these additional analyses provide added
insight on the behavior of Blackmun’s Thesis if unfairness
increases at different rates above and below the ideal sentence.

Results and Analysis

I present my results in three stages. I begin by presenting
what I refer to as conditional margin graphs. These graphs present
the range of possible effects of sentencing guidelines conditional
on a specific preguideline distribution. They provide granular
information on whether Blackmun’s Thesis holds subject to a
wide range of plausible effects on uniformity (standard deviation)
and bias (mean). I then present additional results in unconditional
margin graphs (Figures 7 and 8), which summarize the conditional
margin graphs for all 2,400 possible preguideline distributions
that have means ranging from 0 to 60, and standard deviations
ranging from 0 to 40. Unsurprisingly, Blackmun’s Thesis behaves
predictably across different preguideline distributions. Finally, I
illustrate how the results of the analysis are affected when we
relax the assumptions of linearity and symmetry for fairness
(Tables 1–3).

15 For example, one blind reviewer noted that the pain or discomfort of an additional
year of prison likely diminishes over a prisoner’s tenure behind bars. As a result, a pure
retributivist might believe that if a sentence over the ideal is lengthened, the marginal
impact of each additional year on unfairness becomes smaller, and that as a sentence under
the ideal is shortened, the marginal impact of each additional year becomes greater. The
exponential functions of fairness I implement can account for the latter, but cannot account
for the former. I merely note that such a nonlinear function of fairness would favor Black-
mun’s Thesis, and thus, render my test more conservative. As the mean of the postguideline
distribution increases, the fairness of a larger proportion of sentences in the distribution
would be computed based on the above-ideal-sentence function.
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Conditional Margin Graph Analysis

Figure 5 is a conditional margin graph for a preguideline distri-
bution with a mean of eight and a standard deviation of 6. Each
dot in the figure represents a comparison of fairness between the
preguideline distribution and a postguideline distribution with a
percentage change in the mean and standard deviation. The
X-axis represents a percent change in the mean relative to the
value of the preguideline mean of eight, and the Y-axis repre-
sents a percent change in the standard deviation relative to the
value of the preguideline standard deviation of 6. In other words,
the point at 0.10 on the X-axis and 20.10 on the Y-axis
represents a comparison between the preguideline distribution
(mean 5 8; SD 5 6), and a postguideline distribution on which
sentencing guidelines have exerted a 10 percent increase in the
mean and a 10 percent decrease in standard deviation (mean
5 8.8; SD 5 5.4). A gray dot signifies that the guidelines have
decreased fairness, and thus, that Blackmun’s Thesis holds. A
black dot signifies that the guidelines have maintained or
increased fairness overall, and that Blackmun’s Thesis does not
hold. Accordingly, the black dot at the point (0.1, 20.1) indi-
cates that a guideline system that decreases the standard

Figure 5. Conditional Margin Graph, Mean 5 8, SD 5 6.
Fairness of Preguideline and Postguideline Sentences Subject to Percentage

Shifts in Mean and Standard Deviation of Postguideline Sentences.
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deviation of the preguideline distribution by 10 percent will
increase or maintain fairness even if the guidelines add 10 per-
cent bias.

The implications of Figure 5 are rather striking. Point (0.28,
20.1) reveals that, for a preguideline distribution with mean of
8 and standard deviation of 6, a sentencing system that
decreases the standard deviation by 10 percent and causes a 28
percent bias in the mean will increase or maintain the preguide-
line level of fairness. At this cut point, standard deviation has a
positive effect on fairness that is almost three times larger than
the negative effect of bias. Similarly, point (0.4, 20.2) reveals
that, a sentencing system that decreases the standard deviation
by 20 percent and causes a 40 percent bias in the mean will
increase or maintain fairness overall. At this cut point, standard
deviation has a positive effect on fairness that is almost twice as
large as the negative effect of bias in the mean. This is evidence
against Blackmun’s Thesis, as it suggests that decreases in uni-
formity can play a larger role in fairness than bias: even where
guidelines increase the severity of an entire distribution of cases,
small reductions in standard deviation may nonetheless deliver
an overall increase in fairness.

Figure 6 is a conditional margin graph for a preguideline dis-
tribution with a mean of eight and a standard deviation of 4. The
implications of Figure 6 are similar. Point (0.2, 20.1) reveals
that, for this distribution, a guideline system that decreases the
standard deviation by 10 percent and causes a 20 percent bias
in the mean will nonetheless increase or maintain the preguide-
line level of fairness. At this cut point, standard deviation has a
positive effect on fairness that is twice as large as the negative
effect of bias. Similarly, point (0.28, 20.2) reveals that a sentenc-
ing system that decreases the standard deviation by 20 percent
and causes a 28 percent bias in the mean will increase or main-
tain fairness. At this cut point, standard deviation has a positive
effect on fairness that is almost 50 percent larger than the nega-
tive effect of bias in the mean.

Figure 7 is a conditional margin graph for a preguideline dis-
tribution with a mean of 8 and standard deviation of 2. Even
where there is little sentencing variation to begin with, the story
is similar: decreasing the standard deviation continues to have a
substantial effect on fairness. Point (0.1, 20.1) reveals that, for
this preguideline distribution, a sentencing system that decreases
the standard deviation by 10 percent and causes a 10 percent
bias in the mean will increase or maintain the preguideline level
of fairness. At this cut point, standard deviation has a positive
effect on fairness that is equal to the negative effect of bias. Point
(.15, 20.2) reveals that a guideline system that decreases the
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standard deviation by 20 percent will increase or maintain fair-
ness overall, even if it also causes as large as a 15 percent bias in
the mean. At this cut point, standard deviation has a positive
effect on fairness that is 75 percent the size of the negative effect
of bias.

One clear generalization across Figures 5 through 7 is that
small reductions in the standard deviation can have a large effect
on fairness when compared to the effects of bias. A second gener-
alization is that reductions in standard deviation have diminishing
marginal returns: the first 10 percent reduction in standard devi-
ation has a larger effect on fairness than a second 10 percent
reduction.

Unconditional Margin Graph Analysis

Conditional margin graphs are “conditional” because they
represent the relationship between uniformity, bias and fairness
conditioned on a preguideline distribution with a specific mean
and standard deviation. All possible 2,400 conditional margin
graphs are summarized in two unconditional margin graphs, Fig-
ures 8 and 9.

Figure 6. Conditional Margin Graph, Mean 5 8, SD 5 4.
Fairness of Preguideline and Postguideline Sentences Subject To Percentage

Shifts in Mean and Standard Deviation of PostGuideline Sentences.
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Figure 8 is an unconditional margin graph that answers the
question, does standard deviation or bias in the mean have a
greater impact on fairness? Each of the 2,400 points in the figure
represent a summary of the key findings from the possible pre-
guideline distributions. For example, the point at 8 on the X-axis,
and 6 on the Y-axis summarizes the findings of the conditional
margin graph for a preguideline distribution with a mean of 8
and a standard deviation of 6. A white point indicates that a
guideline system that decreases standard deviation by 10 percent
and increases the mean by 10 percent would decrease fairness
overall. Thus, the white point at (8, 1) indicates that, for a pre-
guideline distribution with a mean of eight and a standard devia-
tion of 1, a guideline system that decreases the standard
deviation by 10 percent and causes a 10 percent bias in the mean
will decrease fairness overall. A light gray point indicates that a
guideline system that decreases the standard deviation by 10 per-
cent and increases the mean by 10 percent would increase or
maintain fairness overall. Thus, the light gray point at (8, 2) indi-
cates that, for a preguideline distribution with a mean of 8 and
standard deviation of 2, a guideline system that decreases the
standard deviation by 10 percent and causes a 10 percent bias in
the mean will increase or maintain the preguideline level of
fairness. A dark gray point indicates that a guideline system

Figure 7. Conditional Margin Graph, Mean 5 8, SD 5 2.
Fairness of Preguideline and Postguideline Sentences Subject To Specified

Percentage Shifts in Mean and Standard Deviation of PostGuideline
Sentences.
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which decreases the standard deviation by 20 percent and
increases the mean by 20 percent would increase or maintain
fairness. Thus, the dark gray point at (8, 3) indicates that, for a
preguideline distribution with a mean of eight and a standard
deviation of three, a guideline system that decreases the standard
deviation by 20 percent and causes a 20 percent bias in the mean
will increase or maintain fairness. Of course, since reductions in
standard deviation have a diminishing marginal effect on fairness,
all dark gray dots also satisfy the conditions for a light gray dot.
Finally, a black point indicates that a guideline system that
decreases the standard deviation by 30 percent and increases the
mean by 30 percent would increase or maintain the preguideline
level of fairness. Point (8, 5) is one such example. Once again,
because of diminishing marginal returns, a black dot satisfies the
conditions for a light gray dot and a dark gray dot.

The straight lines labeled by ratio in Figure 8 demonstrate
that conditional margin graphs present consistent and predictable
behavior. The line labeled, ‘1:1,’ illustrates that any conditional
margin graph associated with equal preguideline parameters
(e.g., mean of 5, standard deviation of 5) is associated with a
black dot. In other words, wherever the preguideline distribution
has a mean and standard deviation of equal values, a 30 percent
decrease in standard deviation and 30 percent bias in mean will
increase or maintain the fairness of the distribution. Similarly,

Figure 8. Unconditional Margin Graph: Fairness of Preguideline and Postgui-
deline Sentences for Percentage Change in Mean and Standard Deviation of

10%, 20%, and 30%.
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conditional margin graphs associated with preguideline values
with a ratio of 3:1 (e.g., mean of 6, standard deviation of 2) are
associated with a light gray dot. Wherever the preguideline distri-
bution has a mean and standard deviation in a ratio of 3:1, a 10
percent decrease in standard deviation and 10 percent bias in the
mean will increase or maintain fairness. Finally, all conditional
margin graphs associated with preguideline values with a ratio of
5:1 (e.g., mean of 10, standard deviation of 2) are white. Thus,
wherever the preguideline distribution has a mean and standard
deviation in a ratio of 5:1, a 10 percent decrease in standard
deviation and 10 percent bias in mean will decrease fairness
overall.

Unlike Figure 8, which depicts whether standard deviation or
bias has a greater impact on fairness, Figure 9 depicts how much
greater an impact standard deviation has on fairness. More spe-
cifically, Figure 9 indicates the level of bias needed to counteract
the positive effect of a 10 percent decrease in standard deviation.
A white point indicates that a 10 percent decrease in standard
deviation has a smaller effect on fairness than a 10 percent bias
in the mean. The point at (8, 1), for example, indicates that for a
preguideline distribution with a mean of eight and a standard
deviation of one, a guideline system that decreases the standard
deviation by 10 percent and biases the mean by 10 percent
decreases fairness overall. A light gray point indicates that a 10
percent decrease in standard deviation has an equal or larger
effect on fairness than a 10 percent bias in the mean. The point
at (8, 2), for example, indicates that for a preguideline distribu-
tion with a mean of eight and a standard deviation of two, a
guideline system that decreases the standard deviation by 10 per-
cent and biases the mean by 10 percent increases or maintains
the level of fairness overall. A dark gray point indicates that a 10
percent decrease in standard deviation has an equal or larger
effect on fairness than a 20 percent bias in the mean. Accordingly,
dark gray points indicate that standard deviation has an effect on
fairness that is over twice as powerful as bias. Finally, a black
point indicates that a 10 percent decrease in standard deviation
has an equal or larger effect on fairness than a 30 percent bias in
the mean. Accordingly, black points indicate that standard devia-
tion has an effect on fairness that is over three times as powerful
as bias in the mean.

As in Figure 8, the findings are consistent within ratios. All
preguideline distributions with equal mean and standard devia-
tion values are associated with black dots, meaning that a 10 per-
cent decrease in standard deviation has an effect on fairness that
is equal to or greater than a shift in the mean that is three times
larger. All preguideline distributions with mean and standard
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deviation values with a ratio of 2:1 are associated with dark gray
dots, meaning that a 10 percent decrease in standard deviation
has an effect on fairness that is equal to or greater than a bias
effect two times larger. All preguideline distributions with mean
and standard deviation values with a ratio of 4:1 are associated
with light gray dots, meaning that a 10 percent decrease in stand-
ard deviation has an equal or greater effect on fairness than a
comparable bias effect. All preguideline distributions with mean
and standard deviation values with a ratio of 5:1 are associated
with white dots, meaning that a 10 percent decrease in standard
deviation has a weaker effect on fairness than a comparable bias
effect.

Nonlinear Fairness

I began with the assumption that unfairness is both linear
and symmetric with respect to the ideal sentence. Here, I relax
these assumptions by exploring several alternative functions of
unfairness. I relax the linearity assumption by examining the
behavior of Blackmun’s Thesis if unfairness follows an exponen-
tial form of (X2), (X2)/3 or (X2)/5 where X represents the differ-
ence between a sentence and the ideal sentence. I then relax the
symmetry assumption by allowing for different functional forms
for sentences above and below the ideal sentence.

Figure 9. Unconditional Margin Graph: Fairness of Preguideline and Postgui-
deline Distributions for 10% Decrease in Standard Deviation and 10%, 20%,

and 30% Increase in the Mean.
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Table 1 presents the results for a preguideline distribution
with a mean of eight and a standard deviation of six. The top
panel shows the amount of bias necessary to equal the positive
effects of a 10 percent decrease in the standard deviation after
the enactment of guidelines. The bottom panel shows the amount
of bias necessary to equal the positive effects of a 20 percent
decrease in standard deviation. The rows of the tables indicate
the functional form of unfairness for sentences that are greater
than the ideal sentence, and the columns indicate the functional
form of unfairness for sentences that are less than the ideal
sentence.

The main diagonal presents the results when the assumption
of linearity is relaxed while maintaining symmetry. Perhaps
unsurprisingly, relaxing linearity while maintaining symmetry has
little impact on the results of the analysis. For example, Table 1
shows that a 10 percent decrease in standard deviation for a pre-
guideline distribution with a mean of eight and a standard devia-
tion of six is equivalent to a 28 percent increase in bias if fairness
is linear. The results are relatively stable if fairness is modeled
using a different functional form (24 percent, 25 percent, and 25
percent).

The results change more substantially when the symmetry
assumption is also relaxed. The first column of Table 1 provides
the results when the fairness of sentences below the ideal is mod-
eled linearly, but the functional form of unfairness above the
ideal is varied. Here we can observe the relative magnitude of
the variance and bias effects when the unfairness of sentences
increases more rapidly for sentences above the ideal sentence.

Table 1. Percent Increase in Bias Equivalent to 10% and 20% Decrease in
Standard Deviation2Mean 5 8, SD 5 6

10 Percent Reduction in SD

Under Ideal

Linear X2/5 X2/3 X2

Over Ideal Linear 28% 43% 77% 190%
X2/5 18% 24% 39% 92%
X2/3 13% 16% 25% 63%
X2 11% 11% 13% 25%

20 Percent Reduction in SD

Under Ideal

Linear X2/5 X2/3 X2

Over Ideal Linear 40% 60% 84% 210%
X2/5 31% 37% 56% 99%
X2/3 25% 30% 37% 75%
X2 21% 21% 24% 38%
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When the fairness of sentences over the ideal sentence follows
the exponential function (X2)/5 rather than a linear function, the
impact of the standard deviation is smaller. As Table 1 reveals, for
a preguideline distribution with a mean of eight and a standard
deviation of six, a 10 percent reduction in standard deviation has
an equivalent effect on fairness of an 18 percent increase in bias.
And a 20 percent reduction in standard deviation has an equiva-
lent effect on fairness of a 31 percent increase in bias. The var-
iance effect is smaller when the fairness of sentences above the
ideal is modeled as (X2)/3. A 10 percent reduction in standard

Table 2. Percent Increase in Bias Equivalent to 10% and 20% Decrease in
Standard Deviation2Mean 5 8, SD 5 4

10 Percent Reduction in SD

Under Ideal

Linear X2/5 X2/3 X2

Over Ideal Linear 20% 23% 42% 113%
X2/5 18% 19% 32% 69%
X2/3 12% 13% 20% 49%
X2 8% 8% 10% 20%

20 Percent Reduction in SD

Under Ideal

Linear X2/5 X2/3 X2

Over Ideal Linear 28% 31% 46% 115%
Linear 28% 31% 46% 115%
X2/5 26% 30% 38% 72%
X2/3 21% 21% 28% 56%
X2 13% 15% 18% 28%

Table 3. Percent Increase in Bias Equivalent to 10% and 20% Decrease in
Standard Deviation2Mean 5 8, SD 5 2

10 Percent Reduction in SD

Under Ideal

Linear X2/5 X2/3 X2

Over all Linear 10% 7% 10% 33%
X2/5 18% 10% 17% 36%
X2/3 10% 7% 11% 26%
X2 5% 5% 5% 11%

20 Percent Reduction in SD

Under Ideal

Linear X2/5 X2/3 X2

Over Ideal Linear 15% 9% 13% 34%
X2/5 21% 14% 20% 37%
X2/3 16% 11% 14% 28%
X2 10% 8% 9% 14%
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deviation is equivalent to a 13 percent increase in bias, and a 20
percent reduction in standard deviation is equivalent to a 25 per-
cent increase in bias. Again, the effect is smaller when the fairness
of sentences above the ideal sentence is modeled as (X2). Here, a
10 percent decrease in standard deviation is equivalent to an 11
percent decrease in bias, and a 20 percent decrease in standard
deviation is equivalent to a 21 percent increase in bias.

A similar pattern is observed in Tables 2 and 3, which present
the results for a preguideline distribution with a mean of 8 and a
standard deviation of 4 and 2, respectively. Consistent with ear-
lier results, the smallest variance effect is present in Table 3 for a
preguideline distribution with a standard deviation of 2. Under
the assumptions most favorable to Blackmun’s Thesis—where
unfairness for sentences above the ideal is modeled as (X2) and
the fairness of sentences below the ideal is modeled as linear—a
10 percent and 20 percent reduction in the standard deviation is
equivalent to a 5 percent and 10 percent increase in the bias. To
summarize, while the variance effect decreases under these
assumptions of asymmetry and nonlinearity, it is remarkable that
the effects remain substantial in size given how much more rap-
idly unfairness is assumed to increase for sentences above the
ideal (X2) than for sentences below (linear).16

The reverse pattern is observed for the relative magnitude of
the variance and bias effects if the functional form for the fairness
of sentences above the ideal sentence is held constant, while the
form for the fairness of sentences below is varied. The first row in
each table provides the results when the fairness of sentences
above the ideal sentence is modeled linearly, but the functional
form of unfairness below the ideal is varied. Across most rows in
Tables 1 throught 3, the magnitude of the variance effect
increases substantially.17

In summary, fairness may not follow a linear or symmetric
pattern above and below the ideal sentence. It is impossible, how-
ever, to examine all plausible nonlinear functional forms of fair-
ness. This section has attempted to illustrate how the primary
results of the analysis may be affected when the assumptions of
linearity and symmetry are relaxed. The results provide little evi-
dence that relaxing the linearity assumption has a substantial

16 For example, a sentence of 13 years and a sentence of 3 years are both 5 years away
from the ideal sentence of 8 years. If we assume that the fairness of sentences below the ideal
follow a linear function, and the fairness of sentences above the ideal follow the exponential
function X2 then a 3-year sentence has an unfairness of 5 while a 13-year sentence has an
unfairness of 25.

17 The few exceptions are in Table 3 due to the substantial proportion of sentences
that have a numeric value of unfairness that is between 21 and 1. In this small range of val-
ues, the exponential function is less steep than the linear function.
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effect on the results unless the symmetry assumption is also
relaxed. Under the assumption of asymmetry, the magnitude of
the variance effect relative to the bias effect may shrink but it
remains substantial, and substantively important. This is true
even if the functional definition of fairness strongly favors Black-
mun’s Thesis, as it does when the fairness of sentences above the
ideal is modeled as X2, and the fairness of sentences below the
ideal is modeled as linear.

Discussion

This article set out to critically examine Blackmun’s Thesis, a
widely expressed view among legal scholars and practitioners
that increasing uniformity in sentencing through guidelines
decreases the fairness of sentences in individual cases on average.
To avoid the need to draw thick normative assumptions about
morally equivalent cases and ideal sentences, and to overcome
limitations in the availability of baseline data collected through
the individual case approach, the article did not use data on a
specific guideline enactment. Instead, it took a more general
approach by estimating plausible bounds of the relevant parame-
ters, and by exploring the effects for all possible values between
these bounds. The article also made some simplifying assump-
tions about the distribution of sentences from morally equivalent
cases. It assumed, for example, that these distributions are nor-
mally distributed.

The quantitative analysis revealed that increasing sentencing
uniformity (i.e., decreasing in standard deviation) through guide-
lines can have a dramatic positive effect on fairness, and that this
effect may often outweigh the negative effects of bias. The analy-
sis began with the assumption that the fairness of sentences is lin-
ear and symmetric with respect to the ideal sentence. For morally
equivalent cases with larger standard deviations (mean to stand-
ard deviation ratio of 4:3), increases in uniformity under these
assumptions can have a two or three times greater positive effect
on fairness than the negative effect of bias. Similar results were
observed for cases with more moderate standard deviations (2:1).
Reductions in standard deviation have a less impressive impact
on fairness for preguideline distributions in which the standard
deviation is low relative to the mean (i.e., ratio of 4:1 or 5:1).
However, where the mean to standard deviation ratio is 4:1, each
percentage change in the mean represents a dramatically larger
shift than each percentage shift in the standard deviation: where
the preguideline distribution has a mean of eight and a standard
deviation of two, a 10 percent change in the mean is 0.8, while a
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10 percent decrease in the standard deviation is 0.2. It is remark-
able that even in this circumstance, where the bias in the mean is
four times larger than the change in standard deviation, we still
observe that a 10 percent decrease in standard deviation has a
greater or equal effect on fairness than a 10 percent bias in the
mean.

In a subsequent analysis, I relaxed the assumptions that the
fairness of sentences follows a linear and symmetric function.
Given the difficulty of examining the unlimited number of pos-
sible nonlinear and asymmetric functions, I explored several
illustrative examples. First, I relaxed nonlinearity by modeling
fairness according to several different exponential functions.
This had only minor effects on the results. Second, I also
relaxed the assumption of symmetry by applying a different
functional form for sentences below the ideal sentence than for
sentences above. The magnitude of the variance effect relative
to the bias effect decreased when the slope of unfairness steep-
ened more rapidly for sentences above the ideal sentence, but
its size remained substantial and of continued substantive
importance. This finding was observed even when functional
forms of fairness were applied that strongly favored Black-
mun’s Thesis (e.g., X2 for sentences above the ideal sentence,
and a linear function for sentences below). The reverse pattern
was observed when the slope of unfairness steepened more
rapidly for sentences below the ideal sentence. Under these
assumptions, the variance effect grew substantially relative to
the bias effect.

Ultimately, the simulation models illustrate that decreasing
the standard deviation of sentences from morally equivalent cases
through sentencing guidelines may have large positive impacts
on fairness that outweigh the negative effects of bias even when
model assumptions favor Blackmun’s Thesis. This is an important
insight because it suggests that even where guideline systems
increase (or decrease) the severity of sentences for an entire dis-
tribution of cases, modest increases in uniformity can yield a net
increase in fairness. This bolsters the view that carefully devel-
oped guidelines likely increase rather than decrease fairness on
average in individual cases. In turn, this provides significant evi-
dence against Blackmun’s Thesis.

The results of the study have two general policy implications.
First, the large effect on fairness resulting from decreases in the
standard deviation suggest that legislators and sentencing com-
missions can be less concerned about the potential of producing
unfairness by constraining judicial discretion through robust sen-
tencing guidelines. Second, the common legislative practice of
enacting comprehensive guidelines that cover all criminal
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offenses, such as the Federal Sentencing Guidelines, may be mis-
guided. Some crime categories are likely characterized by low lev-
els of sentencing disparity. Attempts to decrease sentencing
variation among those cases will have only small positive effects
on fairness that will more likely be outweighed by the bias effect.
Sentencing commissions should collect data through the identical
case approach to identify offense types or case features associated
with high levels of disparity. They should then develop guidelines
that focus on those cases.
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