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Abstract

Judicial discretion allows judges to make nuanced decisions, taking into account details of legal cases

that are not directly covered by law. However, judicial discretion can also expose behavioral biases

and lead to irrational decision-making. I test for the existence of a particular behavioral bias: age-

based left-digit bias. Speci�cally, I use a regression discontinuity design to test for changes in sentencing

decisions occurring on an o�enders 20th birthday using data on sentencing decisions from the state of

Pennsylvania. I �nd that an o�ender sentenced just after his/her 20th birthday is 3.5 percentage points

more likely to be sentenced to incarceration than an o�ender sentenced just before his/her 20th birthday.

I test for evidence of conscious mechanisms underlying this e�ect and �nd no such evidence, leaving an

unconscious bias as the best available explanation.

1 Introduction

Judges have substantial discretion when levying criminal sentences, enabling them incorporate individual

circumstances speci�c to a case into their decisions. However, judges are human and are therefore subject

to the same behavioral biases as other people. Given the important consequences of judicial decisions, it is

vital to understand the ways in which judicial discretion can lead to irrational or biased behavior in criminal

sentencing.

Any changes in sentencing decisions could have dramatic long run impacts on o�enders' lives. For

example, early experimental evidence suggests that employers �nd former convicts to be less attractive

job candidates (Finn and Fontaine 1985). Empirical evidence supports these experimental �ndings, as

incarceration is found to be associated with reductions in future income and employment (Freeman 1992;

Waldfogel 1994; Mueller-Smith 2015; Harding et al. 2018).
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Changes in incarceration may also a�ect recidivism. An increased likelihood of incarceration has been

associated with higher rates of recidivism, an increased sentence length has been associated with lower

rates of recidivism (Myers 1983, Mueller-Smith 2015). On the other hand, Bhuller et al. (2020) �nd that

incarceration leads to lower rates of recidivism; however, it is worth noting that this result is from Norway

and may not generalize to the United States given the signi�cant di�erences in prison systems and sentencing

between the two countries.

This paper contributes to the growing literature documenting the impact of judicial discretion on the

outcomes of sentencing decisions by estimating the existence and extent of age-based left-digit bias in crim-

inal sentencing. Left-digit bias is a particular behavioral bias whereby agents pay more attention to the

leftmost digit of numbers than the other digits when making decisions, leading to behavior that changes

more drastically across numerical di�erences that include leftmost-digit changes than across similarly-sized

di�erences without left-digit changes.

I use a regression discontinuity design to test for age-based left-digit bias in criminal sentencing in

Pennsylvania. Speci�cally, I test for a discontinuous jump in the probability of o�enders being sentenced to

incarceration just after their 20th birthday relative to those sentenced just before their 20th birthday. To

preview my results, my main speci�cation does �nd evidence of left-digit bias; the estimated probability of

incarceration increases by 3.5 percentage points for those o�enders sentenced on their 20th birthday relative

to those sentenced just before, representing a large change of about 7.2 percent in incarceration probability

on o�enders' 20th birthdays. I also test for changes in the length of incarceration sentences on o�enders'

20th birthday but �nd no evidence of such changes.

Some of the change in incarceration probability is explained by a discontinuous increase in the severity of

o�enders' prior record scores on o�enders' 20th birthday. However, even after adding controls for o�enders'

prior records, evidence for left-digit bias remains.

I test for similar e�ects on o�enders' 19th, 21st, 22nd, and 30th birthdays and �nd no evidence of changes

in sentencing probability. Null results on the 19th, 21st, and 22nd birthdays provide evidence that this is

something di�erent than a simple �birthday e�ect,� and the null result on the 30th birthday suggests that

left-digit bias may be unique to the 20th birthday.

I test for multiple conscious mechanisms to check whether the estimated left-digit bias is at least partially

the result of some conscious consideration by judges, lawyers or o�enders, themselves. I �nd no evidence of

any of these mechanisms, which leaves a simple unconscious behavioral bias the best available explanation.

I theorize that age-based left-digit bias exists due to a magni�cation of perceived di�erences resulting from

the fact that o�enders are teenagers in the days leading up to their 20th birthday but are in their twenties

in the days immediately following their 20th birthday. Despite the fact that underlying characteristics of
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individuals presumably do not change immediately and drastically when a teenager becomes a 20-year-old,

teenagers as a group may be perceived as fundamentally di�erent from people in their twenties as a group,

which could lead a person aged 19-years and 0-days being treated di�erently from a person aged 20-years

and 0-days even if they are otherwise similar people.

This is related to the idea of �coarse thinking� whereby individuals �group situations into categories and

apply the same model of inference to all situations within a category.� (Mullanaithan et al. 2008). In this

case, for example, one may believe that teenagers are less mature and should not be held responsible for

their actions to the same degree as people in their twenties. Alternatively, one may believe that teenagers are

still developing cognitively and need to receive harsher punishments now to dissuade o�enses in the future.

In either case, under a model of coarse thinking, a judge deciding how to sentence to two otherwise similar

individuals who di�er only by the fact that one is barely under 20 years old and the other is barely over 20

years old could could make two signi�cantly di�erent decisions.

Furthermore, models of coarse thinking are a subset of a broader category of behavioral models that

utilize the concept of rational inattention, the idea that decision-makers have a limited amount of attention

and therefore cannot process all available information and so must choose which sets of information to attend

do in the decision-making process. Judges may indeed be fully rational but �nd it impossible to gather every

relevant bit of information related to the crime committed, the context surrounding the crime, and the

background of the o�ender. On the other hand, the mere fact of whether or not an o�ender is a teenager is

readily accessible and easy to apply to the decision-making process.

This paper most directly contributes to the literature on the impact of judicial discretion on sentencing

decisions. Perhaps the most well-documented example is that Israeli judges gave increasingly unfavorable

rulings in parole decisions as time since their last food break elapsed (Danziger et al. 2011).1 Additional

research has found that sentencing decisions are in�uenced by media coverage of other crimes (Phillipe and

Ouss 2018), proximity to elections (Abrams et al. 2019), the outcomes of local and in-state sports games

(Eren and Mocan 2018; Chen and Loecher 2016; Chen et al. 2016), weather (Chen and Loecher 2016; Chen

et al. 2016), and location of the trial (Chen et al. 2016). In each of these cases, sentences are partially

determined by what I will call extralegal factors: factors that bear no relation to the seriousness of the crime

being prosecuted or the level of the o�enders' threat to society.

This paper di�ers from the above papers in an important way. The variable across which I measure

variation�age�is broadly relevant to the level of threat that an o�ender poses to society. However, any

association between threat and age should not change drastically from the day before to the day of an

1Note that these results have since been disputed on the basis of case ordering in the study being non-random and the e�ect
having alternative explanatory factors (Weinshall-Margel and Shapard 2011; Glöckner 2023)
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o�ender's 20th birthday. Therefore, rather than documenting the impact of a purely extralegal factor on

sentencing, this paper documents the impact of an extralegal attribute of a relevant factor.

This paper also contributes to the general literature documenting instances of left-digit bias. Left-

digit bias has been documented in a variety of di�erent circumstances. Lacetera et al. (2012) document

discontinuous drops in the sales prices of used cars at 1,000-mile and 10,000-mile thresholds. Agents also

appear to perceive one-cent di�erences in prices that change the leftmost digit (e.g. $2.99 to $3.00) to be

larger than they are (Thomas and Morwitz 2005; Manning and Sprott 2009). Expertise in a �eld does not

appear to remove this bias, as world cup alpine skiers discontinuously change their risky behavior as they

cross tenths of a second thresholds in time di�erence from the leader's time (Foellmi et al. 2016). Most

similar to the present research are two papers from the health domain: patients admitted just after their

40th birthday were more likely to be tested for and diagnosed with heart disease than patients admitted just

before their 40th birthday (Coussens 2017), and heart attack patients were more likely to undergo coronary

artery bypass surgery if admitted just after their 80th birthday (Olenski et al. 2020). This paper contributes

to the existing literature by documenting another example of left-digit bias, and crucially an example of the

bias in experts of their �eld who are speci�cally tasked with a role of being unbiased and objective.

The remainder of this paper proceeds as follows. Section 2 describes the background and process of

sentencing in Pennsylvania. Section 3 describes the data set used for analysis. Section 4 describes my

empirical strategy. Section 5 presents my �ndings. Section 6 discusses the �ndings and concludes.

2 Background

The Pennsylvania Commission on Sentencing (hereafter �the Commission�) was established in 1978 with the

intention �to create and maintain a consistent and rational statewide sentencing policy through the adoption

of guidelines that promote fairer and more uniform sentencing throughout the Commonwealth.�2

One of the responsibilities of the Commission is to establish sentencing guidelines for judges to follow

when sentencing felony and misdemeanor convictions. Under these guidelines, each o�ender being sentenced

is assigned two integer scores that partially determine a recommended range of sentencing. The �rst score

is the O�ense Gravity Score (OGS) which describes the seriousness of the current o�ense and falls between

1 and 14, where higher numbers correspond to more serious o�enses. The second score is the Prior Record

Score (PRS) which describes the seriousness and extent of the o�ender's prior record and falls between 0 and

8, where higher numbers correspond to more serious o�enses. The sentencing form in Appendix A1 details

the process of calculating an o�ender's PRS. Given the number of possible o�enses for which one can be

2This quote is taken from the Commission's website: http://pcs.la.psu.edu/about-the-commission
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sentenced, a detailed relation between o�enses and OGS is left to Appendix A2, but some examples of each

possible OGS under the guidelines established in 1997 are listed in Table 1.

In addition to the OGS and PRS, guidelines are based on whether the judge determines the circumstances

of the o�ense to be normal, aggravating, or mitigating. A few examples of mitigating circumstances are that

the o�ender is in poor health, the o�ender has a good reputation in the community, or the o�ender is old.

Some examples of aggravating circumstances are that the o�ender is a poor candidate for rehabilitation, the

o�ender did not cooperate with police or the prosecution, or the crime was racially motivated. For a more

complete list of mitigating/aggravating circumstances, see Appendix A3.

Finally, a �deadly weapon enhancement� is added to the recommended sentence if the o�ender was in

possession of a deadly weapon, involved youths in drug tra�cking, or tra�cked in drugs within 1000 feet of

a school.

Given a particular combination of OGS, PRS, determination of circumstances, and whether a deadly

weapon enhancement is to be applied, the guidelines established by the Commission specify a range of

appropriate corresponding punishments. Table 1 presents a sentencing matrix for the set of guidelines

established in 1997 for cases in which no deadly weapon enhancement is to be applied. While judges do

have the freedom to depart from these guidelines, any such departure must be accompanied by a written

statement detailing the reasons for said departure.

As noted above, these guidelines were established with the intent to produce uniformity and fairness

in sentencing decisions. However, the guidelines do allow for �exibility, both in whether an o�ender of a

particular pro�le is sentenced to incarceration and in the length of incarceration to which an o�ender of a

particular pro�le is sentenced. Thus, it remains possible that extralegal factors that in�uenced sentencing

prior to the implementation of sentencing guidelines will continue to do so after the implementation of

sentencing guidelines.

3 Data

In addition to establishing guidelines, the Commission is responsible for collecting data on sentencing de-

cisions in order to monitor conformity to guidelines and evaluate their e�ectiveness. The data include all

felony and misdemeanor o�enses that are sentenced in Common Pleas Court and reported to the Commis-

sion. The Common Pleas Court is the state trial court system of general jurisdiction in Pennsylvania. This

distinguishes it from the lower-level magisterial courts. For the purposes of this paper, the important charac-

teristic of the Common Pleas Court is that it is the court which hears all felony cases and most misdemeanor

cases.
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In my analysis, I use all o�enses reported to the Commission during calendar year 1998. The raw data

include 111,803 o�enses. However, in some cases, multiple o�enses exist for a single judicial proceeding,

so I collapse the data to the judicial proceeding level since all o�enses in a single judicial proceeding are

sentenced simultaneously. There are 65,448 judicial proceedings in total in the data. Because I use a data-

driven method to determine bandwidth for the regression discontinuity design, the estimation sample varies

depending on the outcome variable and speci�cation used. For my primary speci�cation and the primary

outcome variable, probability of incarceration, the selected bandwidth results in an estimation sample of

37,543 judicial proceedings .

Philadelphia Municipal Court sentences and sentences given by district magistrates, which may include

DUI and other misdemeanor o�enses, are not reported to the Commission and therefore do not appear in the

data. Additionally, Murder 1 and Murder 2 sentences are not required to be reported to the commission, as

they do not fall under the guidelines; however they are encouraged to be reported, and many such sentences

do appear in the data. Finally, at the time that the data used in this paper was collected, the Commission

did not have an audit system to determine the extent of non-reporting, so it is not clear what fraction of

the data that should have been reported is not available. It seems unlikely that non-reporting would be a

major threat to validity in this context, given that probability of non-reporting is likely smooth across the

RD threshold; I do test for this to some degree using a manipulation test.

One aspect of the data worth noting is that, due to the Commission's regular reviews and revisions

of guidelines, there were three di�erent sets of guidelines used in the judicial proceedings contained in

this data set. The set of sentencing guidelines used depends on the date of the o�ense being sentenced.

O�enses committed between August 9, 1991 and August 11, 1994 were subject to the 1991 sentencing

guidelines. O�enses committed between August 12, 1994 and June 12, 1997 were subject to the 1994

sentencing guidelines. And o�enses committed on or after June 13, 1997 were subject to the 1997 sentencing

guidelines.

For each judicial proceeding, the data includes every characteristic that is directly relevant to the recom-

mended range of sentences from the Commission's guidelines: the o�ender's prior record score, the highest

o�ense gravity score among the o�enses being sentenced, whether aggravating or mitigating circumstances

were applied, whether a deadly weapon enhancement was applied, and whether the judge gave a sentence

that falls outside of the recommended guidelines. Importantly, each observation also includes data about

the sentencing itself, including the date, location, and outcome. Additionally, there is a small set of o�ender

demographic data: race, gender, and date of birth.
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4 Empirical Strategy

I estimate the extent of left-digit bias using a regression-discontinuity design. I use the day of sentencing

relative to an o�ender's 20th birthday as the running variable (Xit), where negative numbers refer to the

number of days before an o�ender's 20th birthday that a sentencing occurs, zero refers to a sentencing that

occurs on the day of the o�ender's 20th birthday, and positive numbers refer to the number of days after an

o�ender's 20th birthday that a sentencing occurs. The RD threshold in this case is at Xit = 0.3

I use the methods described in Calonico et al. (2019) to estimate the average treatment e�ect at the RD

threshold. That is, I �rst estimate the following model:

Yitg = α+ Titτ +Xitβ− + TitXitβ+ + γg + εitg (1)

where Yitg is an outcome variable for person i sentenced at time t under guidelines g, Xit denotes the running

variable measuring the day of sentencing relative to the o�ender's 20th birthday as described above, Tit is

an indicator variable for Xit ≥ 0, γg are �xed e�ects for the set of sentencing guidelines used for sentencing,

and εitg is an error term. Additionally, I use a triangular kernel in the estimation so that o�enses nearer the

threshold are weighted more heavily. τ is the parameter of interest and measures the discrete change in the

outcome variable that occurs at the RD threshold; I refer to this parameter as the left-digit bias parameter,

as it measures the estimated di�erence in outcomes that occurs as a result of an o�ender being sentenced

after reaching age 20.

In addition to the model shown in Equation 1, due to an imbalance at the RD threshold which I describe

in detail in Section 5 below, I also estimate the model while including �xed e�ects for prior record score:

Yitpg = α+ Titpgτ +Xitpgβ− + TitpgXitpgβ+ + γg + ηp + εitpg (2)

where p indexes the prior record score of o�ender i, and ηp are �xed e�ects for PRS. I include results from

both models in Section 5, but I consider Equation 2 my primary speci�cation since it addresses concerns

with imbalance in predetermined variables.

I use a data-driven procedure that minimizes the asymptotic mean squared error of the treatment e�ect

estimator to determine bandwidth on each side of the threshold for each estimation (see Calonico et al.

2014 for a detailed explanation). Note that this results in di�ering estimation samples depending on which

3O�enders with Xit = 0�those sentenced on their 20th birthday�are considered above the threshold.
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outcome variable is being estimated and which speci�cation is used, so estimation sample size is reported

for each estimate throughout Section 5.

Since the running variable in this RD speci�cation is discrete, I cluster standard errors on the value of

Xit (Lee and Card 2008).

5 Results

5.1 Descriptive Statistics

Table 2 lists the means of a set of descriptive variables. Column 1 lists the means across all judicial

proceedings in the data, and Column 2 lists the means across the judicial proceedings in the sample used to

estimate left digit bias on probability of incarceration.

Compared to the universe of o�enders, the o�enders in the main estimation sample are younger, less

likely to be white, less likely to have a prior record, and they are being sentenced for more serious crimes.

These di�erences are something to keep in mind for any future work that estimates the impact of left digit

bias on longer term outcomes.

5.2 Main Results

I �rst estimate Equation 1 to �nd the extent of left-digit bias in sentencing o�enders to incarceration. These

results are presented in Figure 1 and Column 1 of Table 3. The point estimate of 0.046 indicates an estimated

left-digit bias parameter of 4.6 percentage points; that is, an o�ender sentenced on their 20th birthday has a

4.6 percentage point higher probability of being sentenced to incarceration than an o�ender sentenced just

before their 20th birthday. This represents an increase of about 9.7 percent from the estimated 47.6 percent

probability of incarceration to the left of the RD cuto�. The result is statistically signi�cantly at the 1

percent level.

I also estimate the extent of left-digit bias on decisions regarding the length of incarceration, both

including and excluding sentences of zero incarceration time. The main results are presented in Figure 2 and

Column 1 of Table 4. Neither estimate, whether including or excluding zeros, is statistically signi�cantly

di�erent from zero as the estimates are quite noisy.

These estimates suggest that left-digit bias does play a role in sentencing. An o�ender who is sentenced

just after their 20th birthday is more likely to be incarcerated. However, it appears that the length of

incarceration after reaching age 20 for the compliers�those who would not be sentenced before their 20th

birthday but would be after�is minimal since there is no statistically detectable impact on incarceration
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length despite a sizable increase in the probability of incarceration.

Next, I check for balance in predetermined variables across the RD threshold. While there is not a rich

set of demographic variables available, I am able to test balance of race, gender, OGS, PRS, and an indicator

variable for a nonzero prior record. Results are shown in Column 1 of Table 5. All but one of the variables

tested are balanced across the RD threshold. PRS increases by 0.092 across the threshold, and the increase

is statistically signi�cant. This result is shown graphically in Figure 3.

Since PRS is a qualitative rather than quantitative measure, the precise meaning of an increase in 0.092

at the threshold is not easy to concern. With this in mind, Table 6 shows the estimated change in the fraction

of o�enders with each possible PRS at the threshold. From these results, it is clear that the imbalance is

driven primarily by a statistically signi�cant increase in the fraction of o�enders with a PRS of 2 and in

the fraction of o�ender with a PRS of 5 at the threshold. Figure 4 plots the results from the regressions for

these two scores. While visual inspection suggests that the results for PRS values of 5 may be due to poor

linear �t, there is a clear and large visual jump at the threshold for PRS values of 2.

While the increase in PRS across the RD threshold is small, it is concerning. It could be the case that

the increase in incarceration probability is driven by this increase in PRS, invalidating the results entirely.

To test for these concerns, I estimate the Equation 2:

Yitpg = α+ Titpgτ +Xitpgβ− + TitpgXitpgβ+ + γg + ηp + εitpg

I also estimate an additional speci�cation that includes �xed e�ects for OGS in addition to the �xed e�ects

for PRS.

Table 7 lists the results. Column 1 of Table 7 lists the results from Table 3 without PRS controls for

comparison, Column 2 includes PRS �xed e�ects, and Column 3 includes OGS and PRS �xed e�ects. Results

are also shown in Figure 5; note that Figure 5 and any other �gures showing results from a regression with

PRS �xed e�ects show means of the dependent variable after �rst residualizing the dependent variable using

the covariates from Equation 2.

As expected, including PRS �xed e�ects attenuates the magnitude of the estimated left-digit bias pa-

rameter, with a point estimate of 3.5 percentage points, or a 7.4 percent on the estimated 47.5 percent

incarceration probability to the left of the RD cuto�. However, the estimate does remain both statistically

signi�cant and practically meaningful, meaning that the change in PRS at the threshold cannot explain all

of the left-digit bias observed in the main results; left-digit bias exists even within a given PRS. Results

remain stable when adding OGS �xed e�ects.
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Given the imbalance in PRS across the threshold, all regressions in the remainder of this paper include

PRS �xed e�ects.

One potential challenge to the hypothesized mechanism of the left-digit bias �nding is that it could be an

e�ect that occurs more generally whenever an o�ender's age changes rather than an e�ect that is speci�c to

an o�ender's 20th birthday. To check for this, I estimate the same equations as above, replacing the running

variable with the day of sentencing relative to various birthdays surrounding an o�ender's 20th birthday.

Speci�cally, I use o�enders' 19th, 21st, and 22nd birthdays. Additionally, I use o�enders' 30th birthday to

check if a left-digit bias e�ect exists more generally on birthdays which result in a change in the leftmost

digit of an o�ender's age.

Results are presented in Figure 6 and Columns 2-5 of Table 1. For the 19th, 21st, and 22nd birthdays�the

left-digit constant birthdays�estimates are all small and not statistically signi�cant at the �ve percent level.

The largest of these point estimates is 1.2 percentage points on the 19th birthday. Thus it does not appear

that the e�ect observed in the main results can be explained by a general �birthday e�ect.�

For the 30th birthday�the left-digit changing birthday�the point estimate is larger at -2.6 percentage

points but is also not statistically signi�cant. This may be because people in their twenties are not considered

di�erent from people in their thirties to the same extent that the distinction is drawn between teenagers and

people in their twenties.

5.3 Mechanisms

Next, I test for a set of potential explanatory mechanisms through which left-digit bias may arise. As

mentioned in the background section, judges must determine whether the circumstances surrounding a case

are normal, mitigating, or aggravating. If the circumstances are deemed to be mitigating (aggravating),

both the lower and the upper bound of the range of sentences prescribed by the Commission are decreased

(increased). Among the list of reasons that a judge can give for determining mitigating or aggravating

circumstances are �o�ender is old� and �o�ender is young.�4 If it is the case that judges are consciously

determining that an o�ender's status as a teenager is a mitigating circumstance, then they should be applying

mitigating circumstances at di�erent rates on either side of the RD threshold.

I test this hypothesis and report results in Panel A of Table 10 and illustrated in Figure 7. Estimated left-

digit bias parameters on the probability of applying each of normal, mitigating, or aggravating circumstances

in a judicial proceeding are very close to zero and not statistically signi�cant.

Another possibility is that judges' probabilities of applying a sentence outside of the recommended guide-

lines change on an o�ender's 20th birthday, either by decreasing the likelihood of applying a sentence below

4See Appendix A3 for a full list of reasons that a judge can give for applying mitigating or aggravating circumstances.
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the guidelines, increasing the likelihood of applying a sentence above the guidelines, or both. As was the

case with determining mitigating or aggravating circumstances, two of the reasons that a judge can give for

applying a sentence above or below the guidelines are �o�ender is old� and �o�ender is young�.5

I test for changes in guideline adherence at the RD threshold. Results are reported in Panel B of Table

10 and illustrated in Figure 8. The results are similar to the results on circumstances. The point estimates

for each outcome�applying a sentence outside the guidelines, applying a sentence above the guidelines, and

applying a sentence below the guidelines�are near zero and are not statistically signi�cant.

Together these results suggest that left-digit bias does not arise through a conscious change in applications

of circumstances or departures from recommended guidelines. Rather, the judges appear to work within the

guidelines while applying harsher sentences to o�enders after their 20th birthdays.

It could also be that left-digit bias arises in this case from a reaction to external pressure. Judges in

Pennsylvania Common Pleas court are periodically subject to retention elections wherein their constituency

votes for whether or not to retain the judges in their current positions. Even if the judges, themselves, are

fully rational and have perfect information, if they believe that their constituency's collective preferences

exhibit left-digit bias and they factor their own potential for not being retained in a future election into their

sentencing decisions, their sentencing decisions could exhibit left-digit bias.

I hypothesize that if it is indeed the case that left-digit bias arises from external electoral pressure, then

left-digit bias should be most stark in the cases that are most visible to a judge's constituency. While there is

nothing in the data set that directly measures the visibility of a particular sentencing decision, I posit that,

due to their relative seriousness, felony cases are more visible on average than misdemeanor cases. Intuitively,

felony cases should be more discussed and reported in news and other media, as well as via word-of-mouth.

I estimate Equation (2) separately using the sample of misdemeanor o�enses and the sample of felony

o�enses. Results are reported in Table (8) and illustrated in Figure (9). The estimated left-digit bias

parameter for misdemeanor cases, 4.8 percentage points, is much larger than for felony cases, 2.6 percentage

points, despite the fact that the baseline incarceration rates for misdemeanors is much lower than for felonies.

Additionally, the estimated e�ect on felony cases is not statistically signi�cant. With such a large e�ect on

misdemeanor cases relative to felony cases, it is di�cult to justify a belief that left-digit bias arises from

external electoral pressure.

Judges are not the only agents in this scenario who can consciously a�ect the extent of left-digit bias

in sentencing. It is possible that lawyers or o�enders are making explicit arguments that sentences should

be lighter or harsher on the basis of an o�ender being a teenager or no longer being a teenager. If these

arguments are being made and judges are being swayed by them, it is reasonable to expect that similar

5See Appendix A3 for a full list of reasons that a judge can give for departing from guidelines.
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arguments would be made regarding o�enders' ages at the time they committed the o�ense. In fact, it can

be reasonably argued that o�enders' age at the time of o�ense should be more relevant than their age at the

time of sentencing.

Figure (10) shows the distribution of time between an o�ense and a sentence. There is wide variation in

the timing of a sentencing relative to the date of o�ense, so the distribution of o�enders at various points of

o�ense dates relative to 20th birthdays should vary noticeably from the distribution of o�enders at various

points of sentencing dates relative to 20th birthdays.

To test for whether left-digit bias arises from explicit arguments by o�enders or lawyers, I estimate an

alternative version of Equation (2) using day relative to o�ense date as the running variable in place of day

relative to sentencing date. Figure (11) plots the results. With a point estimate of 1.1 percentage point and

a standard error of 0.014, this estimate is much smaller than the estimate from the main speci�cation and

is not statistically signi�cant. Unless judges are simply not swayed by arguments based on age at the time

of o�ense to the same degree they are swayed by arguments based on age at the time of sentencing, this

suggests that left-digit bias is not rooted in explicit arguments made by lawyers or o�enders.

Another possibility is that plea bargains are being given at a higher rate prior to o�enders' 20th birthdays

than after o�enders' 20th birthdays, either because they are being o�ered at a higher rate, they are being

accepted at a higher rate conditional on an o�er being made, or a combination of both.

To test for this possibility, I estimate the extent of left-digit bias on the probability of receiving a plea

bargain. Results are plotted in Figure (12). The point estimate is very small, at 0.9 percentage points, and

is not statistically signi�cant, suggesting that o�enders are no more or less likely to receive a plea bargain

immediately after their 20th birthday than immediately before.

The above �ndings provide little evidence that age-based left-digit bias is rooted in any conscious decision-

making process. None of the mechanisms that I tested for yielded statistically signi�cant results in support

of the hypothesized mechanism. Thus, the best remaining explanation for the measured left-digit bias is an

unconscious behavioral bias similar to most prior studies of left-digit bias.

Finally, in addition to the above tests for conscious mechanisms, I test for one mechanism that can either

be conscious or unconscious and has been found elsewhere to play a role in sentencing decisions: racial bias

(Rachlinski et al. 2009). In addition to playing a direct role in sentencing, race was found to interact with

sentencing e�ects based on extralegal factors in at least one other study, which found that black defendants

were more severely impacted by the extralegal factors than other defendants (Eren and Mocan 2018).

To test for an interaction between race and age-based left-digit bias, I estimate Equation 2 separately

for the sample of white o�enders and the sample of non-white o�enders. Results are reported in Panel A

of Table 9 and illustrated graphically in Figure 13. The main results appear to be driven more by white
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o�enders than by non-white o�enders. White o�enders are an estimated 5.0 percentage points more likely

to be incarcerated just after their 20th birthday relative to just before. The point estimate for non-white

o�enders is small, at 0.9 percentage points, and is not statistically signi�cant at the 5 percent level.

This result di�ers from Eren and Mocan (2018) in that the e�ect is less stark among white o�enders than

among non-white o�enders. However, since it is not clear whether left-digit bias is a result of harsher sentences

after o�enders' 20th birthdays, more lenient sentences before o�enders' 20th birthdays, or a combination of

both, it may still be the case that non-white o�enders are relatively worse o� than their white counterparts

as a result of left-digit bias.

5.4 Validation and Robustness Checks

As a robustness check, I estimate the main results while varying the bandwidth and the degree of the

polynomial �tted on either side of the threshold. Table 11 presents these results. Estimates remain stable

and signi�cant across all bandwidths for the linear polynomial. When a quadratic term is included, point

estimates remain similar to those in the linear speci�cation, but half of the estimates are no longer statistically

signi�cant due to a loss of precision in the estimates. Despite the loss of statistical signi�cance in some

quadratic speci�cations, the stability in point estimates across all speci�cations generally supports the main

results.

Next, I check for manipulation in the running variable. It is possible that judges, lawyers, or o�enders,

themselves, may have some control over the precise timing of a judicial proceeding and may have a preference

for the proceeding occurring either before or after the o�ender's 20th birthday. If the proceeding date is suf-

�ciently manipulable, the RD estimates may simply be a rational response to a changing composition across

the threshold. I test for such manipulation by testing for evidence of a discontinuity in the density function

at the RD threshold (Cattaneo et al. 2019). Figure 14 presents a histogram of days of sentencing relative to

o�enders' 20th birthdays. There is insu�cient evidence to reject the null hypothesis of no manipulation, as

the test yields a p-value of 0.121.

Another potential challenge to the results is that they may be partially driven by a di�erent kind of

birthday e�ect. That is, it may be the case that incarceration probability increases on birthdays as a general

rule relative to incarceration probability on all other days, leading to an increase in estimated left-digit bias.

Given that there are only 11 o�enders sentenced on their 20th birthday in the sample, this seems unlikely

to be a major contributing factor; furthermore, the visual evidence from Figure 1 suggests that o�enders

sentenced on their 20th birthday likely have little impact on the estimates. However, o�enders in the data

who are sentenced on their birthday are about 5.1 percentage points more likely to be incarcerated than other

13



o�enders, a di�erence that remains stable when including a polynomial for age in days in the regression.6

Thus, I estimate left-digit bias on incarceration probability while excluding o�enders who were sentenced on

their birthday. This yields an estimated left-digit bias parameter of 3.4 percentage points with a standard

error of 1.5 percentage points, suggesting any di�erence in sentencing induced by an o�ender's birthday has

a negligible impact on estimates of left-digit bias.

5.5 The E�ects of Incarceration and Why Left-Digit Bias Matters

An ideal extension of the preceding analysis would include an analysis of post-sentencing outcomes to test

for longer-term impacts of age-based left-digit bias in sentencing. Unfortunately due to data constraints, I

am not able to do so.

Of course, there is an extensive existing literature on the impacts of incarceration which can inform some

ways in which the individuals impacted by left-digit biased sentencing decisions are a�ected.

The immediate and obvious cost is the direct cost of housing inmates, including sta� payroll costs, facility

maintenance, food, health care, and other services provided to inmates. A 2015 study found that states on

average spent $33,274 per inmate to house an inmate for one year, and for the state of Pennsylvania that

�gure was $42,727 (Mai and Subramanian 2017).

However, that is far from the only cost, as incarceration also results in many indirect costs. Incarcerated

individuals lose employment and earnings, both while serving their sentences and in the years following

their sentences (Finn and Fontaine 1985; Freeman 1982; Waldfogel 1994; Mueller-Smith 2015; Harding et

al. 2018). Some studies also �nd that incarceration increases the probability of re-o�ending in the future

(Myers 1983, Mueller-Smith 2015), though some have also found the opposite (Witte 1980, Bhuller et al.

2009). Increased recidivism imposes a direct cost in the form of additional crime as well as an indirect cost of

additional judicial resources. Mueller-Smith (2015) also �nds that incarceration causes increased food stamp

usage, lower rates of marriage, and higher rates of divorce, each of which imposes additional social costs.

Combining across several sources of social costs of incarceration, Mueller-Smith (2015) �nds that �[u]sing

the most conservative estimates ... a one-year prison term generates $56,200 to $66,800 in costs.�

It is also worth emphasizing that the individuals in this analysis who are impacted by age-based left-digit

bias are mechanically among the youngest adult o�enders, being near their 20th birthdays. If labor e�ects,

impacts on re-o�ense, or other social costs persist throughout an o�ender's lifetime, then left-digit biased

sentencing decisions could represent especially costly sentencing decisions.

All of this is not to suggest that incarceration is an inherently bad thing, of course. Incarceration

6Controlling for age in days yields an estimate of 5.1 percentage points. Controlling for a quadratic polynomial of age in
days yields an estimate of 5.2 percentage points. Controlling for a cubic polynomial of age in days yields an estimate of 5.3
percentage points.
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can have bene�ts in the form of deterring future crime or rehabilitating o�enders. Instead, the important

takeaway is that incarceration can be costly, so making the right decision is incredibly important when

the wrong decision could have serious and lasting consequences. It is di�cult to believe that the optimal

sentencing curve, taking into consideration both costs and bene�ts of incarceration, would have such a stark

discontinuity on an o�ender's 20th birthday. It is both possible that those below the threshold are being

sentenced too lightly and that those above the threshold are being sentenced too harshly compared to an

optimal world, but it is unlikely that neither is true.

6 Conclusion

Results suggest that age-based left-digit bias plays a notable role in sentencing decisions. The probability of

incarceration increases by 3.5 percentage points, or 7.4 percent, on an o�ender's 20th birthday, though there

is no detectable corresponding change in sentence length. This is another example in a growing literature

documenting the impact of extralegal factors on sentencing decisions.

I tested for several candidate conscious mechanisms to potentially explain the existence of left-digit bias

as a result of an intentional conscious process but was unable to �nd evidence of said mechanisms. This leaves

a simple behavioral bias as the best explanation for the results, similar to most prior studies of left-digit

bias.

Discretion is important to the judicial process because it is di�cult�arguably impossible�to create a

function mapping all possible sets of relevant circumstances surrounding a legal case to a deterministic

outcome. Discretion allows judges to process the details that the law does not address and apply the facts

in a way that the law deems fair. However, as shown in this and other papers, discretion comes with the

unintended consequence of decisions made on the basis of extralegal factors.

It is not clear how best to address this bias through policy or even whether it would be optimal to

address it at all. Restrictions on judicial discretion would limit judges' ability to make decisions based on

extralegal factors but would also limit their ability to apply a nuanced understanding of the circumstances

surrounding the case when determining their sentencing decision. Given the inherent behavioral biases in

human behavior, it is unlikely that one could fully remove the drawbacks of judicial discretion without also

fully removing the bene�ts of judicial discretion. If this is the case, then some suboptimal setencing decisions

may exist on an individual level even when the sentencing policy as a whole is optimal.

Signi�cantly more work can be done to determine the costs and bene�ts of age-based left-digit bias. Costs

and bene�ts can come in the form of foregone earnings, increased uptake of social programs, increased or

decreased future crimes, increased or decreased quality of parenting for o�enders' children, and the direct cost
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of housing inmates, among other things. The persistence of costs and bene�ts are a particularly important

characteristic to study in this context, given the young age of o�enders who are impacted by age-based

left-digit bias.
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Figures and Tables

Figure 1: Probability of Incarceration by Day of Sentencing

Notes: Scatter plot points display the means of the dependent variable within bins. Lines are �tted using
regression estimates from Equation (1). Note that regressions include controls for guideline �xed e�ects and
are estimated using a triangular kernel, so the �t lines may not align visually with the scatter plot points.
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Figure 3: Prior Record Score by Day of Sentencing

Notes: Scatter plot points display the means of the dependent variable within bins. Lines are �tted using
regression estimates from Equation (1). Note that regressions include controls for guideline �xed e�ects and
are estimated using a triangular kernel, so the �t lines may not align visually with the scatter plot points.
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Figure 5: Probability of Incarceration by Day of Sentencing, with PRS Fixed E�ects

Notes: The dependent variable is residualized using the covariates in Equation (2). Scatter plot points display
the means of the residualized dependent variable within bins. Lines are �tted using regression estimates from
Equation (2). Note that regressions are estimated using a triangular kernel, so the �t lines may not align
visually with the scatter plot points.
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Figure 7: Probability of Determining Particular Type of Circumstances by Day of Sentencing
A. Normal Circumstances

B. Aggravating Circumstances

C. Mitigating Circumstances

Notes: Scatter plot points display the means of the dependent variable within bins. Lines are �tted using
regression estimates from Equation (1). Note that regressions include controls for guideline �xed e�ects and
are estimated using a triangular kernel, so the �t lines may not align visually with the scatter plot points.
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Figure 8: Probability of Sentence Falling Outside, Below, or Above Guidelines by Day of Sentencing
A. Outside Guidelines

B. Below Guidelines

C. Above Guidelines

Notes: Scatter plot points display the means of the dependent variable within bins. Lines are �tted using
regression estimates from Equation (1). Note that regressions include controls for guideline �xed e�ects and
are estimated using a triangular kernel, so the �t lines may not align visually with the scatter plot points.
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Figure 10: Distribution of the Time O�ense to the Time of Sentencing

Notes: Bar width is 50 days. The height of the bar corresponds to the percent of judicial proceedings in the
data with that number of days between an o�ense and a sentencing proceeding.
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Figure 11: Probability of Incarceration by Day of O�ense

Notes: Scatter plot points display the means of the dependent variable within bins. Lines are �tted using
regression estimates from an analogue to Equation (2) with day of o�ense replacing day of sentencing as the
running variable. Note that regressions include controls for guideline �xed e�ects and are estimated using a
triangular kernel, so the �t lines may not align visually with the scatter plot points.
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Figure 12: Probability of Plea Bargain by Day of O�ense

Notes: Scatter plot points display the means of the dependent variable within bins. Lines are �tted using
regression estimates from Equation (2). Note that regressions include controls for guideline �xed e�ects and
are estimated using a triangular kernel, so the �t lines may not align visually with the scatter plot points.
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Figure 14: Density of the Running Variable Near RD Cuto�

Notes: Bar width is two days. The height of the bar corresponds to the number of judicial proceedings in
the data that occurred on that day. The p-value from the maniuplation test is listed below the histogram.
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Table 1: Sentencing Matrix from 1997 Guidelines

Notes: This sentencing matrix displays the sentencing guidelines for an o�ender sentenced under the guidelines established in
1997 when no deadly weapon enhancement is applied. The rows correspond to an o�ender's OGS, and the columns correspond
to an o�ender's PRS. Numeric values in the sentencing matrix refer to months of incarceration. The �nal column refers to
the number of months to add/subtract due to aggravating/mitigating circumstances. �RS� stands for �restorative sanctions,�
which could include �nes, restitution, or probation. �BC� stands for �boot camp,� which may be o�ered as an alternative
to incarceration for young o�enders. �RIP� stands for �Restrictive Intermediate Punishment,� which can be one of multiple
punishments that is more severe than probation but less severe than incarceration. M1, M2, and M3 refer to misdemeanors
1, 2, and 3, respectively; similarly F1, F2, and F3 refer to felonies 1, 2, and 3, respectively. This matrix was taken from the
website of the Pennsylvania Commission on Sentencing here (if the previous link is broken, see a stable link here).34

http://pcs.la.psu.edu/guidelines/sentencing/sentencing-guidelines-and-implementation-manuals/5th-edition/basic-sentencing-guideline-matrix/view
https://web.archive.org/web/20200611182248/http://pcs.la.psu.edu/guidelines/sentencing/sentencing-guidelines-and-implementation-manuals/5th-edition/basic-sentencing-guideline-matrix/view


Table 2: Mean Characteristics of Full Data Set and Main Estimation Sample
Full Data Set Main Estimation Sample

OGS 3.58 3.79
PRS 1.16 0.93

Any Prior Record 0.4 0.35
Age at Sentencing 31.67 23.69

Male 0.83 0.86
White 0.63 0.59
Felony 0.33 0.38

Observations
Notes: Values correspond to the mean of the variable listed in the row within the sample listed in the column.
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Table 3: Estimated Left-digit Bias Parameters on Probability of Incarceration
(1) (2) (3) (4) (5)

Age 20 Age 19 Age 21 Age 22 Age 30
RD Estimate 0.046** 0.019 0.006 0.007 -0.026

(0.016) (0.019) (0.016) (0.018) (0.015)
Observations 32,586 21,451 34,811 34,342 22,841

Notes: This table lists estimates of τ from Equation (1), where each column has a di�erent de�nition
of the running variable. The outcome variable is an indicator variable for an o�ender being sentenced to
incarceration. Column (1) is the primary speci�cation which de�nes the running variable relative to o�enders'
20th birthday. Columns (2)-(5) de�ne the running variable relative to o�enders' 19th, 21st, 22nd, and 30th
birthdays, respectively.
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Table 4: Estimated Left-digit Bias Parameters on Incarceration Length
(1) (2) (3) (4) (5)

Age 20 Age 19 Age 21 Age 22 Age 30
A. Including zeros

RD Estimate -1.642 8.971 7.321 4.968 -5.557
(6.229) (6.340) (5.307) (5.771) (4.731)

Observations 31,383 31,656 28,941 25,806 26,694

B. Excluding Zeros

RD Estimate -9.368 11.490 13.649 7.324 -5.458
(12.061) (11.192) (9.992) (9.950) (7.739)

Observations 16,416 16,077 15,401 14,709 17,466

Notes: This table lists estimates of τ from Equation (1), where each column has a di�erent de�nition of
the running variable. The outcome variable is the number of months to which an o�ender is sentenced to
incarceration. Panel A includes in the sample o�enders who were not sentenced, i.e. o�enders for whom the
outcome is equal to zero. Panel B excludes from the sample o�enders who were not sentenced. Column (1)
is the primary speci�cation which de�nes the running variable relative to o�enders' 20th birthday. Columns
(2)-(5) de�ne the running variable relative to o�enders' 19th, 21st, 22nd, and 30th birthdays, respectively.
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Table 5: Test for Balance in Predetermined Variables
(1) (2) (3) (4) (5)

Age 20 Age 19 Age 21 Age 22 Age 30
O�ense Gravity Score .122 .190* -.121 -.04 -.041

(.092) (.094) (.087) (.089) (.066)
[22,448] [23,094] [24,009] [20,019] [25,250]

Prior Record Score .092* .075 -.022 -.036 .065
(.046) (.053) (.047) (.057) (.058)
[21,880] [17,296] [23,989] [23,151] [23,115]

Any Prior Record (=1) .022 .029 -.005 .001 .011
(.016) (.017) (.015) (.017) (.015)
[19,482] [14,613] [21,439] [20,719] [23,183]

Male (=1) .010 .009 .002 .004 .014
(.01) (.012) (.009) (.011) (.012)

[28,436] [26,955] [28,210] [25,769] [22,689]
White (=1) -.026 -.016 .011 -.022 .016

(.016) (.02) (.014) (.019) (.016)
[35,659] [15,658] [36,111] [28,402] [23,986]

Notes: This table lists estimates of τ from Equation (1). Each displayed trio of point estimate, standard
error and observation number comes from a separate regression. Column (1) is the primary speci�cation
which de�nes the running variable relative to o�enders' 20th birthday. Columns (2)-(5) de�ne the running
variable relative to o�enders' 19th, 21st, 22nd, and 30th birthdays, respectively.

38



Table 6: Test for Balance in each Possible Prior Record Score
(1) (1)

Prior Record Score

of 0

-.022 Prior Record Score

of 4

.002

(.016) (.006)

[19,482] [29,653]

Prior Record Score

of 1

-.006 Prior Record Score

of 5

.011*

(.009) (.004)

[25,625] [23,568]

Prior Record Score

of 2

.022** Prior Record Score

of 6

-.0003

(.008) (.003)

[23,683] [26,444]

Prior Record Score

of 3

.004 Prior Record Score

of 8

.0002

(.006) (.0002)

[27,522] [16,552]

*p<0.05, **p<0.01, ***p<0.001

Notes: This table lists estimates of τ from Equation (1). Each displayed trio of point estimate, standard
error and observation number comes from a separate regression. Each outcome is an indicator variable for
an o�ender having the speci�ed prior record score.
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Table 7: Estimated Left-digit Bias Parameters on Probability of Incarceration, With PRS/OGS Fixed E�ects
(1) (2) (3)

RD Estimate 0.046** 0.035* 0.037**
(0.016) (0.015) (0.014)

Observations 32,586 37,543 29,949
PRS Fixed E�ects No Yes Yes
OGS Fixed E�ects No No Yes

Notes: This table lists estimates of τ from Equations (1) and 2. The outcome variable is an indicator
variable for an o�ender being sentenced to incarceration. Column (1) includes the estimate from Table (1)
for comparison. Column (2) adds �xed e�ects for prior record score. Column (3) adds �xed e�ects for prior
record score and �xed e�ects for o�ense gravity score.
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Table 8: Estimated Left-digit Bias Parameters on Probability of Incarceration by Crime Type
(1) (2)

Misdemeanor Felony
RD Estimate 0.048* 0.026

(0.019) (0.019)
Observations 23,999 14,070

Notes: This table lists estimates of τ from Equation (2). The outcome variable is an indicator variable for an
o�ender being sentenced to incarceration. Column 1 is estimated using the sample of misdemeanor o�enses
in the data. Column 2 is estimated using the sample of felony o�enses in the data.

Table 9: Heterogeneity of Left-digit Bias Estimates by Race, Gender, and Type of Crime
(1) (2)

White Non-White
RD Estimate 0.050* 0.009

(0.021) (0.023)
Observations 19,116 13,135

Notes: This table lists estimates of τ from Equation (1). The outcome variable an indicator variable for an
o�ender being sentenced to incarceration. Column (1) is estimated using only the sample of white o�enders.
Column (2) is estimated using only the sample of non-white o�enders.
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Table 10: Estimated Changes in Applications of Circumstances and Guideline Adherence on 20th Birthday
A. Circumstances

Normal Mitigating Aggravating
RD Estimate 0.002 -0.010 0.001

(0.014) (0.009) (0.011)
Observations 31,470 26,785 25,262

B. Guideline Adherence

Outside Guidelines Below Guidelines Above Guidelines
RD Estimate 0.002 0.000 0.003

(0.010) (0.006) (0.009)
Observations 31,328 27,345 30,554

Notes: This table lists estimates of τ from Equation (1). Each column of each panel is from an estimate of
Equation (1) with a di�erent outcome variable. Panel A presents results using each of the possible types of
circumstances as outcome variables. Panel B presents results for the outcome of sentencing decisions relative
to those prescribed by the guidelines.

42



Table 11: Estimated Left-digit Bias Parameters on Probability of Incarceration, Varying Bandwidth and
Polynomial

(1) (2)
Linear Quadratic

MSE, Di�ering Bandwidths 0.035* 0.031
(0.015) (0.019)
[37,543] [42,718]

MSE, Common Bandwidth 0.042* 0.052*
(0.019) (0.026)
[12,043] [12,425]

MSE, Common Bandwidth (sum) 0.043* 0.044
(0.021) (0.025)
[10,422] [13,288]

CER, Di�ering Bandwidths 0.036* 0.039
(0.017) (0.023)
[25,925] [28,093]

CER, Common Bandwidth 0.047* 0.086**
(0.023) (0.032)
[8,792] [8,755]

CER, Common Bandwidth (sum) 0.059* 0.075*
(0.025) (0.03)
[7,001] [9,630]

Notes: This table lists estimates of τ from Equation (1). Each displayed trio of point estimate, standard error
and observation number comes from a separate regression. The columns vary the degree of the polynomial
�tted on either side of the RD threshold. The rows di�er on the objective function for bandwidth selection.
Rows labelled �MSE� minimize the mean squared error of τ . Rows labelled �CER� minimize the coverage
error rate. Rows labelled �Di�ering Bandwidths� allow the bandwidth to the left of the RD threshold to di�er
from the bandwidth to the right of the RD threshold, while rows labelled �Common Bandwidth� require the
bandwidth to be equal on either side of the RD threshold. Rows labelled �(sum)� minimize either MSE or
CER for the sum of regression estimates rather than the di�erence thereof.
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Appendix A1: Sample Sentencing Form
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Appendix A2: O�enses and their Associated O�ense Gravity Scores
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Appendix A3: Reasons for Mitigating or Aggravating Circumstances

or Departure from Sentencing Guidelines
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