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1 Introduction

From bureaucrats and tax collectors to judges and police officers, public officials play critical roles
in modern societies. Such officials often enjoy strong job protection and face rigid pay scales (Finan
et al. , 2017). These features—historically implemented to limit patronage and political favoritism
(Xu, 2018)—severely limit the possibilities for formal incentives and have led to worries about in-
efficiencies in public service provision (Burgess & Ratto, 2003). In many settings, public officials
also hold considerable autonomy and discretion in decision-making. Indeed, an extensive literature
has documented substantial disparities in decision-making across bureaucrats and judges, raising
concerns that limited accountability allows individual agents to act on their idiosyncratic prefer-
ences instead of implementing the policies and regulations intended by policy-makers.1 Optimistic
observers, on the other hand, hold the view that public officials are motivated by intrinsic moti-
vation (Prendergast, 2007), career incentives (Bertrand et al. , 2020), and social image concerns
(Bénabou & Tirole, 2006) to fulfill the goals of public policy.

A key question in this context is whether autonomous public officials respond to individualized
feedback from their superiors.2 If they respond to feedback, then the fact that their superiors can
not keep them accountable through formal incentives is less of a concern in practice. If they are
unresponsive to feedback, then worries about unaccountable public officials are reinforced. Un-
derstanding how public officials respond to feedback is, however, hard. First, we typically do not
observe the feedback workers receive from their superiors. Second, it is not easy to assess whether
they respond in the desired direction—both the feedback received and the tasks performed by public
officials are usually highly multidimensional. Finally, the feedback an individual worker receives
is hardly random, making it difficult to assess causality.

In this paper, we consider an essential public official—the judge. The judiciary is an ideal
setting to test whether autonomous public officials respond to individualized feedback. First, the
judge is perhaps the public official most shielded from formal incentives. To safeguard their in-
dependence, judges typically have especially strong job protection, can not be transferred to other
positions against their will, and can not—except under rare circumstances—be held accountable
for their decisions. Second, we have a precise measure of feedback from superiors—reversals of
their decisions by higher-level courts. Reversals have a clear direction—e.g., a milder or a harsher

1Large disparities have been documented in the context of caseworkers (Bolhaar et al. , 2020; Schiprowski, 2020;
Schmieder & Trenkle, 2020) and judges (Anderson et al. , 1999; Kling, 2006; Green & Winik, 2010; Shayo & Zussman,
2011; Abrams et al. , 2012; Di Tella & Schargrodsky, 2013; Loeffler, 2013; Aizer & Doyle Jr, 2015; Mueller-Smith,
2015; Harding et al. , 2017; Arnold et al. , 2018; Dobbie et al. , 2018; Kleinberg et al. , 2018; Bhuller et al. , 2020;
Eren & Mocan, 2021; Norris et al. , Forthcoming).

2An important related question is to what extent public officials comply with general regulations and guidelines,
as opposed to individualized feedback. On this question—in the context of judges—an existing literature studies
compliance with precedents set by higher-level courts (e.g., Songer et al. 1994; Westerland et al. 2010; Boyd 2015;
Benesh & Reddick 2002; Chen et al. 2016b).
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sentence—and we can thus measure whether the judges update in the direction of the feedback by
assessing their future decisions. Finally, as we will explain below, the randomization of appeals to
appeal panels allows us to estimate the causal effect of this feedback on future decisions.

Appeal mechanisms are commonplace in judicial and administrative agencies (Shavell, 1995)
and are many times the main channel through which public officials receive feedback on their
decisions. Whether judges—and other decision-makers—respond to reversals of their decisions
is, however, an unresolved empirical question. A large literature upholds the view that judges are
averse to having their decisions reversed and that the appeals system thus serves to hold trial judges
accountable.3 A reversal, however, has no direct consequences for the judge, and the empirical
evidence in favor of the view that judges are averse to reversals is limited. Indeed, there exists no
causal evidence showing whether judges respond to or learn from reversals.

To provide causal evidence on responses to decision reversals, we use a novel dataset covering
the universe of criminal trial decisions, appeals, and reversals in Norway between 2005 and 2014
and exploit random assignment of criminal cases across two stages of the criminal justice system.
Like the US and several other countries, Norway has a hierarchical court system with three lev-
els—trial courts, appeals courts, and supreme court—and trial decisions are frequently appealed.4

This setting is promising for two reasons. First, the data allows us to link trial court decisions to out-
comes in appeals courts for each case, follow trial judges’ decision-making through unique judge
identifiers and time stamps for each decided case, and link trial and appeal decisions to detailed
case and defendant characteristics. Second, we can utilize random assignment of criminal cases in
the first two levels of the criminal justice system, namely across judges in trial courts and across
judicial panels in appeals courts. Notably, by virtue of randomization at both stages, we can draw
causal inference on trial judges’ responses to decision reversals, ruling out that selection biases or
compositional changes in the assignment of cases to trial judges drive the estimated responses.5

The key question we address is whether decision reversals serve as a tool for the appeals courts
to provide feedback to trial judges. In particular, do trial judges update how they decide randomly
assigned future cases in response to the reversal of a decision they made in a past case? While re-
ceiving a reversal could affect decisions in many different dimensions, we focus here on the effects
on a salient and easy to measure dimension of decision-making in non-confession criminal trial
cases: the decision to impose an incarceration sentence. If trial judges use reversals as feedback,

3E.g., Cameron et al. (2000); Shavell (2006); Gennaioli & Shleifer (2008). Theoretically, reversals are thought to
reduce a judge’s reputation (e.g., Miceli & Cosgel, 1994) and affect a judge’s future career (Levy, 2005).

4Our calculations show that trial decisions in 23.5% of non-confession criminal cases in Norway handled between
2005 and 2014 were appealed, while 7.2% of the cases had the trial decision later reversed in an appeals court. In
comparison, Eisenberg (2004) reports that 39.6% of trial cases handled 1987–1996 in US district courts were appealed
and 7.3% of decisions reversed.

5Bhuller et al. (2020) also exploited random assignment of cases to judges in Norwegian trial courts and used
variation in judge stringency to estimate the causal effects of incarceration on defendants. That paper, however, did not
consider the appeals process.
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one would expect judges to incarcerate less in the future if they receive a reversal that reduces
the sentence length in a previous decision and to incarcerate more if they receive a reversal that
increases the sentence length. Such feedback effects would suggest that trial judges are averse to
reversals and seek to adapt their level of stringency to that of the appeals court.

There are multiple challenges involved in measuring feedback effects of decision reversals.
First, which trial judges have their decisions reversed (or appealed) is not randomly determined, so
we face the standard identification problem related to correlated unobservables. Second, measuring
feedback effects requires linking past decision reversals to future decisions in new cases handled
by each judge. It is important to note that measuring feedback effects also requires the assignment
of future cases to trial judges to be as good as random. Otherwise, an additional concern is that
past reversals may impact the composition of assigned cases. Third, reversal decisions in appeals
courts are by construction non-binary. The direction of reversal is arguably an important part of the
feedback to trial judges, over and above whether a decision was reversed.

Utilizing two key features of our setting—random assignment of appeal cases to appeal panels
that differ in their sentencing stringency and panel data on trial judges’ decisions in cases they
are randomly assigned—we can address the first two challenges. Importantly, we can empirically
test that appeal cases are indeed quasi-randomly assigned across appeal panels and that there are
systematic differences across appeal panels in tendencies to reverse trial decisions in different di-
rections.6 Using time stamps attached to each trial case, we are able to isolate new decisions made
after the appeal decision date. Moreover, we make sure that the new trials are indeed related to a
different case, i.e., had a different case identifier and did not involve the same defendant as in the
appeal case.

In order to address the third concern related to the non-binary nature of decision reversals, we
specify and estimate models that account for the direction of the reversal. Our baseline model
specifies a multivalued reversal treatment, distinguishing between the three possible outcomes of
an appeal hearing—no reversal, sentence reduction, and sentence increase. Using differences in
the randomly assigned appeal panels’ sentencing stringencies, we estimate this model using a two-
stage least squares (2SLS) approach, where the reversal treatment is instrumented with appeal panel
leave-one-out sentencing stringency. To quantify asymmetry in responses to a sentence reduction
versus a sentence increase, we further specify and estimate a model with multiple mutually ex-
clusive and collectively exhaustive treatments. We estimate this model using a multivariate 2SLS
approach, where we exploit two instruments that reflect appeal panels’ latent differences along two
dimensions—their tendency to increase sentences and their tendency to reduce sentences. To fa-
cilitate interpretation of our results in the presence of heterogenous treatment effects, we build on

6In most cases, an appeal panel consists of three experienced, permanently hired, law-graduated professional judges,
who would normally have worked as trial court judges or held other similar legal positions before being promoted to
serve in the appeals court.
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Frandsen et al. (2019) to provide identification results for the random judge design with multival-
ued treatments.

We present several novel results on the feedback effects of decision reversals in trial courts.
First, we document large immediate effects of decision reversals, with trial judges updating their
likelihood of imposing an incarceration sentence in the new cases they decide in the direction of
the reversal. Specifically, our IV estimates reveal that judges who receive a sentence increase
(reduction) have around 15 percentage points higher (lower) probability of deciding the first ten
cases they handle after an appeal decision with an incarceration sentence. The responses are even
stronger in the first couple of cases post appeal decision. In contrast, we document that OLS
estimates are severely downward-biased due to selection in reversals. Strict (lenient) trial judges are
more likely to receive reversals that result in a sentence reduction (increase). Exploring the time-
series profile of trial judges’ decisions before and after an appeal, we further document patterns
consistent with mean reversion in decision-making, which would invalidate inference based on
event-study designs. By contrast, IV estimates do not suffer from these problems. Considering the
asymmetric effects of sentence increases and sentence reductions, respectively, we find that trial
judges respond to reversals in both directions, and we fail to reject a specification with symmetric
responses.

A possible explanation for why judges respond to reversals is learning—appeal decisions lead
judges to update their beliefs about the appeals court’s preferences and, consequently, to adapt
their sentencing to avoid future reversals. We establish several pieces of evidence consistent with
a simple Bayesian learning model. First, we find that the effects of reversals are larger when the
judge’s prior is less precise—the effect is driven by less experienced judges and is larger if the judge
is less likely to have seen the appeals court decide a similar case in the past. Second, we find that
judges respond more to precise signals—the effect is larger for appeals that specifically concern
judges’ sentencing decision, as compared to “comprehensive appeals” that allow for production of
new evidence. Third, we find that judges who likely care less about being in line with the appeals
court—very lenient or very stringent judges—respond less. Finally, we find that the effects of
reversals decay with time as trial judges receive additional signals. While these pieces of evidence
are qualitatively consistent with learning, we, however, argue that the responses are too large to
be explained solely by Bayesian updating. In particular, for the very first case decided by the trial
judge after the appeals court decision, we estimate that a sentence increase (reduction) increases
(decreases) the probability of incarceration by 45 percentage points. Within the context of our
learning model, we derive a formal test for overreaction and can reject the null hypothesis of no
overreaction compared to Bayes’ rule.7

7While significant responses to reversals can be generated in a Bayesian learning model with an imprecise prior and
a precise signal, a precise signal leads to a precise posterior, limiting the responses to future signals. Such responses
could thus only be present for judges with one or two past reversals. Our test, however, rejects no overreaction for
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The strong responses to decision reversals imply that trial judges are unable to foresee the
appeals court’s reversal decisions. One explanation could be that judges often operate under rela-
tive isolation from their judicial peers and thus only learn about the the view of the appeals court
through appellate decisions in their own cases.8 To substantiate this view, we test for spillovers of
decision reversals across judicial peers, using the random assignment of appeal cases and informa-
tion on each trial judge’s pre-existing judicial peers (co-workers). We find no evidence of reversal
spillovers, which suggests limited social learning about decision-making across judicial peers.

Overall, our results demonstrate that public officials can be highly responsive to feedback from
their superiors, even when the feedback can not be backed by hard incentives. In doing this, we pro-
vide evidence in favor of the view that agents are motivated by factors beyond traditional economic
incentives—such as intrinsic motivation or social reputation (Bénabou & Tirole, 2006)—and that
agency problems in the public sector are less severe than predicted by standard principal-agent the-
ory. The existing evidence on responses to feedback in public organizations is scant and with mixed
results.9 While Ashraf et al. (2014) found that public health workers increased their performance
if they received non-financial rewards, Buurman et al. (2020) found that teachers, on average, do
not respond to student evaluations. We are the first to causally estimate whether judges respond
to feedback.10 We view judges as an important case to study since—in addition to providing an
essential function of the state—they are perhaps the public officials that are most shielded from
incentives and thus least likely to respond to feedback.

In providing the first causal estimates of judges’ responses to reversals, we contribute to the
literature on judicial decision-making. A widely held assumption in this literature (e.g., Cameron
et al. , 2000; Levy, 2005; Shavell, 2006; Gennaioli & Shleifer, 2008) is that judges are averse
to reversals of their decisions and take into account the risks of appeals and reversals in their
decision-making. While an important element of existing models and critical for understanding the
effectiveness of the appeals system, the literature has only provided weak tests of this assumption.
A documented tendency of judges in the United States to comply with precedents (e.g., Songer
et al. 1994; Westerland et al. 2010; Boyd 2015; Benesh & Reddick 2002; Chen et al. 2016b) is
often attributed to reversal aversion (Cameron et al. 2000).11 Such correlations between higher and

judges with five or more past reversals.
8For instance, non-confession cases in Norwegian trial courts are handled by a single professional judge.
9There is a broader literature on feedback effects in general. Agents have been found to respond to feedback on

their relative performance in firms (Blanes i Vidal & Nossol, 2011; Delfgaauw et al. , 2013), in the lab (Kuhnen &
Tymula, 2012; Gerhards & Siemer, 2016), and in the classroom (Azmat & Iriberri, 2010; Tran & Zeckhauser, 2012;
Azmat et al. , 2019).

10The closest to our study is Smith (2006), who found a positive correlation between pro-plaintiff (pro-defendant)
decisions and the reversal rate in past pro-defendant (pro-plaintiff) decisions for eleven judges in the US District Court
for the District of Columbia.

11Another piece of evidence consistent with reversal aversion is the finding of Choi et al. (2012) that US federal
trial judges publish fewer and higher quality opinions when the risk of reversal is higher. However, the authors do not
claim that their source of variation in reversal risk, the political diversity of the appellate court, is exogenous.
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lower level court decisions could, however, be driven by omitted variables or be mediated through
other channels than the appeal process.12 In fact, Klein & Hume (2003) found that the US Courts
of Appeals do not depart more from precedents in cases unlikely to be reviewed by the Supreme
Court.13 Our results provide strong evidence in support of the assumption that judges are averse to
reversals and take this into account in their decision-making.

Our paper further relates to a literature documenting biases in judicial decision-making. Recent
studies have documented that factors irrelevant to a particular case affect judicial decision-making,
such as the outcome of a football game (Eren & Mocan, 2018), TV news (Philippe & Ouss, 2018),
the defendant’s birthday (Chen & Philippe, 2019), the outdoor temperature (Heyes & Saberian,
2019), the time since the judge’s last meal (Danziger et al. , 2011), and the decision in the previ-
ous case (Chen et al. , 2016a; Bindler & Hjalmarsson, 2019). Our evidence suggests that while
deviant decision-making might be prevalent among trial judges, feedback mechanisms inherent in
a hierarchical court system might reduce such biases.

A growing literature has exploited the random assignment of cases to judges to estimate the
causal impacts of trial court decisions on defendant outcomes (e.g., Kling, 2006; Di Tella & Schar-
grodsky, 2013; Aizer & Doyle Jr, 2015; Mueller-Smith, 2015; Harding et al. , 2017; Dobbie et al. ,
2018; Bhuller et al. , 2020; Eren & Mocan, 2021; Norris et al. , Forthcoming), or to study biases in
judge behavior (e.g., Shayo & Zussman 2011; Abrams et al. 2012; Arnold et al. 2018; Kleinberg
et al. 2018). We contribute to this literature by documenting systematic differences in appeals
court judges’ sentencing stringencies and reversal tendencies. Furthermore, we contribute to the
literature on judge IV designs by showing how the “average monotonicity” condition proposed by
Frandsen et al. (2019) generalizes to settings with multivalued treatments. Finally, by providing
evidence that judges overreact to reversals compared to Bayes’ rule, we add to a recent literature
documenting overreaction to new information (Bordalo et al. , 2020; Afrouzi et al. , 2020).

The remainder of the article is structured as follows. Section 2 provides an overview of the
institutional setting, describing the key features of the appeal system in Norway, before providing
an overview of the data sources. Section 3 discusses the empirical design and related methodol-
ogy. Section 4 presents our causal evidence on feedback effects in the criminal justice system and
spillovers across judicial peers. Section 5 provides a Bayesian learning model and tests for judicial
learning and overreaction. Section 6 concludes. Appendix A establishes identification results in
random judge designs with multivalued and multiple treatments and derives alternative monotonic-
ity conditions, while Appendix B provides additional empirical results.

12In the words of Kastellec (2017), “it is difficult to distinguish compliance induced by fear of reversal from compli-
ance induced by respect for the law.” To the best of our knowledge, only Chen et al. (2016b) use a source of random
variation in precedents to address concerns about omitted variables.

13See also Songer et al. (2003).
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2 Institutional Setting and Data Sources

We begin this section by reviewing key aspects of the Norwegian court system, documenting how
cases are randomly assigned to judges at different stages of the criminal justice system, before
we describe our data sources. Our setting builds on Bhuller et al. (2020), who utilized random
assignment of criminal cases to judges in Norwegian trial courts to study the causal effects of
incarceration on defendants’ recidivism and future employment, and some of the discussion below
is taken from there. Since we also utilize random assignment of cases in appeals courts, we provide
a detailed description of the appeal process in Norway.

2.1 The Norwegian Court System

The court system in Norway consists of three levels: the trial courts, the court of appeals, and
the supreme court. Similar systems with trial courts (‘first instance’) and appeals courts (‘second
or third instance’) as in Norway exist in most other countries, including the US where Courts of
Appeals are empowered to hear appeals of decisions made in the trial courts. In this paper, we
focus on the first two levels of courts in Norway. The trial courts and the appeals courts process
both criminal and civil cases. We consider only criminal cases.14

Assignment of Criminal Cases in Trial Courts. Criminal cases are classified into two broad
types, confession and non-confession cases.15 In confession cases, the accused has confessed to
the police or the prosecutor before the case is assigned to a judge. The confession is entered
into evidence, but the prosecution is not absolved of the duty to present a full case and the judge
may still decide that the defendant is innocent. In practice, most confession cases are relatively
straightforward. Non-confession cases are heard by one professional judge, or by two professional
judges in the case of extremely serious crimes.

There are two types of professional judges in trial courts, regular judges and deputy judges.
Regular judges are appointed civil servants and can only be dismissed for malfeasance. One of the
regular judges is appointed as chief judge to oversee the administration of the local court. Deputy
judges, like regular judges, are also law school graduates but are appointed to a court for a limited
period which can not exceed three years (five years in Oslo).16

Court guidelines prescribe that cases shall be assigned to judges according to the ‘principle of

14The reason for considering only criminal cases is data availability.
15The Norwegian criminal justice system does not have plea bargaining, so both confession and non-confession

cases are settled by trial.
16Deputy judges have a somewhat different caseload compared to regular judges. Not all deputy judges become

regular judges. Those who do typically need several years of experience in other legal settings before applying for and
being appointed as a regular judges.
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randomization’ (Bohn, 2000; NOU, 2002:11). The goal is to treat all cases ex-ante equally and
prevent outsiders from influencing the judicial process. In practice, the chief judge assigns cases to
other judges on a mechanical, rotating basis based on the date a case is received. Each time a new
case arrives, it is assigned to the next judge on the list, with judges rotating between criminal and
civil cases.17

Figure 1: Appeal Process in Norway’s Criminal Justice System.
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Note: The figure is based on the authors’ calculations using data from the Norwegian Courts Administration and the Lovdata Foundation. The
sample consists of all non-confession criminal cases processed in trial courts between 2005 and 2014 [N=159,020]. Appeals and appeal outcomes
are measured up to the end of 2019 to avoid right-censoring. Our main analysis uses only non-confession cases randomly assigned to regular trial
court judges between 2005 and 2014 that were later appealed and processed for hearing in an appeals court between 2005 and 2019 [N=13,027].

As described in Bhuller et al. (2020), there are some exceptional instances where the assign-
ment of cases in trial courts does not follow randomization. These include cases involving juvenile
offenders, cases with a statutory sentence length above six years, extremely serious cases which
require two professional judges, and complex cases expected to take a longer time to process. Such
cases can be assigned to more experienced judges and are flagged in our dataset. While all other
cases are randomly assigned, some case types can only be assigned to regular judges, and deputy
judges are assigned confession cases more often. This means that randomization occurs within
judge type but not necessarily across judge types. Therefore, to have a sample of randomly as-

signed cases to the same pool of judges we: (i) exclude the exceptional cases described above and
(ii) focus on regular judges handling non-confession cases, as in Bhuller et al. (2020). This al-
lows us to measure feedback effects from past reversals on trial judges’ future decisions in new
randomly assigned cases, ruling out concerns regarding compositional changes due to non-random
case assignment.

17This has been confirmed by employees in the Norwegian Courts Administration, the Oslo District Court, the
Bergen District Court (the second largest court, after Oslo) and the Nedre Telemark District Court (a medium-sized
court).
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Appeals of Trial Court Decisions. Trial court decisions can either be accepted by all involved
parties or appealed to an appeals court. An appeal can be filed by the defendant, the prosecution,
or both. Appeals may relate to the determination of guilt , sentencing, application of the law, or
procedural steps followed. For the appeal to be considered, it must be filed in writing within two
weeks of the trial court decision. A case decided in a trial court can only be appealed to one of the
six appeals courts in Norway, depending on the geographical jurisdiction of each appeals court.

Figure 1 illustrates how appeal cases are processed in Norway’s criminal justice system. The
figure reports the number of cases at each stage in percentages across all non-confession crimi-
nal cases processed in trial courts between 2005-2014, including the exceptional cases mentioned
above and cases assigned to both regular and deputy judges in trial courts.18 While one-fourth
of trial court decisions were appealed, nine out of ten cases had their final decision reached in a
trial court, including cases in which the initial trial court decisions were sustained after the appeal
process. Almost 87% of appeal cases were appealed only by the defendant, while 5% were ap-
pealed only by the prosecutor and the remaining 8% were appealed by both the defendant and the
prosecutor.

Processing of Cases in Appeals Courts. As illustrated in Figure 1, after a trial court decision
has been appealed there is an appeal screening stage, where it is decided whether the appeal is
accepted for a court hearing. Around half of the appeals are rejected at this stage, meaning that
the trial court decision is sustained. The decision to accept or deny hearing is made by an appeal
commission, consisting of three professional judges assigned this task on a rotating basis. The
appeal commission can reject an appeal when it finds it obvious that the appeal will not succeed.19

In the case of a rejection, the commission must issue a written ruling explaining the reasons to deny
hearing.

While the acceptance or denial of an appeal hearing is an important stage in the appeal process,
our analysis focuses primarily on the next stage of the process, where appeals are brought up for
hearing and may result in a decision reversal. Once accepted for a hearing, the appeal is randomly
assigned to another appeal panel consisting of three professional judges and decided by simple
majority.20 Notably, due to the stated reason of impartiality in the appeal process, the professional

18We focus here on non-confession cases, as confession cases decided in trial courts are rarely appealed.
19An exception applies to cases with statutory sentence length above six years, in which the appeals courts are

obliged to proceed to a full hearing if the trial court decision is appealed. Such cases are excluded from our sample
altogether since these are not randomly assigned across all judges in trial courts.

20Comprehensive appeals that concern the question of guilt further involve four randomly assigned lay judges besides
the three professional judges and require five votes. Moreover, appeals related to criminal cases with statutory sentence
length above six years must be decided by three professional judges and a jury consisting of ten lay judges. Even in the
latter case, the three professional judges have the liberty to discard the jury verdict, and if that happens, the appeal has
to be re-processed. The jury ordinance was abolished on December 31, 2017; all cases in our sample were appealed
before the new regulations went into effect.
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judges sitting in an appeal panel can not be drawn from the same pool of judges who were part of
the appeal commission that decided to accept a case for appeal hearing.21

In our sample of appeal hearings, the majority of cases are registered as ‘comprehensive ap-
peals’, meaning that all aspects of trial court decisions and proceedings could be tried in the appeals
court. The remaining appeals relate specifically to either the sentencing decision, the application
of law or the procedural steps followed. Another difference is that ‘comprehensive appeals’ can
lead to new evidence being presented in the appeals court, while other appeals do not involve the
production of new evidence.22

After concluding a court hearing, the appeals court decides to either reject the appeal and sus-
tain the trial decision, which happens in around one-third of appeal hearings, or reverse the trial
decision, which happens in most of the remaining cases. A key focus of our analysis is the direction
of the reversal. Around two-thirds of reversals reduce the trial court sentence, with the remaining
one-third increasing the sentence. While most appeal hearings resulting in decision reversals in-
volve only sentence adjustments, in around 15% of appeal hearings an incarceration trial decision
is replaced by a no-incarceration decision or the opposite. In less than 3% of appeal hearings, the
appeals court sends the case back to the trial court for reassessment, i.e., a remand. In our baseline
categorization of decision reversals, we define a sentence increase as either a sentence increase
resulting from a sentence adjustment or an overturn of a no-incarceration trial decision. Similarly,
we define a sentence reduction as either a sentence reduction resulting from a sentence adjustment
or an overturn of an incarceration trial decision. We include appeal hearings that result in a remand
as part of the no reversal category.23

After a decision reversal, an automatic electronic message is conveyed to the trial judge who
initially handled the case through a centralized case management software.The trial judge is then
prompted to read the case proceedings in the appeal case leading up to the decision reversal. This
software tool allows the trial judge to be informed about both decision reversals and the delibera-
tions made in the appeals court. In contrast, the trial court judge is not prompted in any particular
way through this system when a past decision is appealed or processed for appeal hearing. We thus
view a decision reversal in appeal cases to be a particularly salient treatment in our setting, which
informs trial judges about how their past decisions compare to the prevailing legal understanding
of the appeals court panel handling the appeal.

21If the same professional judges were involved in both the appeal commission and the appeal panel, the principle
of impartial reassessment would be violated. Moreover, while the appeal commission has access to all earlier police
documents and trial court proceedings, the appeal panel is required to base their decision only on the information
brought up during the appeals court proceedings.

22In Section 5.2, we will rely on this distinction across appeal types to test for the role of “signal precision”.
23There is no obvious direction of reversal in appeal hearings that result in a remand. In Section 4.2, we assess the

robustness of our findings to these choices.
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2.2 Data and Sample Construction

Our analysis employs several data sources we can link through unique identifiers for each case,
defendant, and judge. Our primary source of data on court cases is the Norwegian Courts Admin-
istration’s Lovisa database. The extract we received from this database contains information on all
criminal cases processed in trial courts between 2005 and 2014 (N=264,611). We observe case,
defendant, judge and court identifiers, trial start and end dates, basic case characteristics, and the
trial court decision. Moreover, we can follow appeals and appeal outcomes in each of these cases
up to the end of 2019. The long post-decision window ensures that our appeal outcomes are not
right-censored; by law, appeals must be submitted within two weeks after the trial court decision,
and only extremely exceptional cases have a case processing time above five years in the appeals
courts.

Further, we accessed complete court proceedings in all cases processed for appeal hearing be-
tween 1993 and 2019, available from the Lovdata Foundation (N=28,702). This additional dataset
allowed us to extract information on sentencing in both trial and appeals courts, which we used
to categorize the direction of decision reversals (sentence reduction or increase) for appeal cases.
Since this dataset also contains case identifiers, we were able to link this information to our main
dataset of post-2005 trial court cases. Notably, this additional dataset also allowed us to observe
appeal outcomes and decision reversals in pre-2005 appeal cases, which were not recorded in the
Lovisa database (established in 2005). By following appeal decisions made by each appeals court
judge since 1993, we could thus construct more precise measures of reversal tendencies for each
appeal panel (see details below).

We linked information from court cases to administrative data on all defendants involved in
trial and appeals court cases processed between 2005 and 2014. Our administrative data provided
by Statistics Norway contain each defendant’s complete labor market and criminal histories from
2000 to 2019, including labor earnings, employment, registered charges, and crime incidence in-
formation (type and date of crime). We also merged these data sets with population registers, using
a rich longitudinal database covering every resident from up to 2019. This file contains individ-
ual demographic information for each year, including sex, age, number of children, and years of
education.

Our main analytical sample (appeal hearings) consists of 13,027 non-confession cases assigned
to regular judges in trial courts between 2005 and 2014, in which the trial court decision was
appealed, the appeal was accepted for a hearing in an appeals court, and the decision on whether
to reverse or sustain the trial court decision was made by a randomly assigned appeal panel by
2019. This sample of appeal hearings includes various types of crimes handled in trial cases, such
as violent crimes, property crimes, and drug-related crimes. It excludes, however, cases involving
drunk driving and traffic offenses that are very rarely appealed. To this sample of appeal hearings,
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we merged all future and past decisions in randomly assigned non-confession cases made by the
trial court judge (trial cases). The latter sample of trial cases consists of 74,818 non-confession
cases randomly assigned to regular judges in trial courts between 2005 and 2014, excluding all
confession cases and a subset of non-confession cases that could have been non-randomly assigned
(exceptional cases).24

The linked sample of appeal hearings and trial cases included decisions by 625 regular trial
court judges. We observe at least one new decision by the trial court judge after the appeal hearing
in 89% of cases, and we follow each judge’s decisions in up to 20 future and past trial cases.
Notably, all of these 20 future trial decisions were made after the appeal decision date and related
to a different case (i.e., with a different case identifier and not involving the same defendant as in
the previous appeals court case). Similarly, we include decisions made by the trial judges before

the date of appeal to study pre-appeal behavior. By linking the samples of appeal hearings and trial
cases, we can assess whether trial court judges alter their judicial decisions in future cases they are
randomly assigned as a response to reversals of their previous cases.

We now provide summary statistics for key variables in the sample of appeal hearings. Column
(1) in Appendix Table B1 provides means of variables capturing characteristics of defendants, case
type, trial decision, and trial court judge for this sample. Compared to the population-at-large,
defendants in appeal hearing cases are relatively likely to be single men with little education and
have high unemployment prior to the charge. Serial offenders are common, with 32% of defendants
charged for a different crime in the prior year. More than 40% of cases involve violent crime,
while property, economic, drug, and other crimes comprise the remaining cases. Almost 80% of
defendants in appeal hearing cases were given a prison sentence following trial and were facing
sentences of slightly more than two years (812 days) on average. The trial judges handling these
cases had on average worked in trial courts for 9.4 years, had decided 171 past criminal cases (since
2005), and had an incarceration rate of 45% across these past cases.

The sample of appeal hearings is the main focus of our analysis, as these are the cases at risk
of facing a decision reversal and for which we can use differences in reversal tendencies to draw
causal inference. It is important to note, however, that the sample of appeal hearings does not
represent a random draw from the population of trial cases. Indeed, one would expect the decision
to appeal to be a function of trial decision and case characteristics. In the Appendix Table B1,
we document the selection into appeals (Columns (3)-(4)) and appeal hearings (Columns (5)-(6))
based on characteristics of defendants, case type, trial decision and trial court judge. Comparing

24Between 2005 and 2014, 264,611 criminal cases were processed in trial courts, excluding decisions in strictly
custodial cases. Among these, 159,020 (i.e., 60%) were non-confession cases, and the remaining were confession
cases. Among the 159,020 non-confession cases, 45,607 (i..e, 29%) were assigned to deputy judges. Among the
remaining 113,413 non-confession cases assigned to regular judges, 38,595 (i.e., 34%) were classified as exceptional
cases that are not necessarily randomly assigned. We will thus focus on the resulting sample of 74,818 non-confession
cases randomly assigned to regular judges in trial courts.
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covariate means for trial cases in Column (2) and appeal hearings in Column (1), we also see
noticeable differences. As expected, cases decided with (long) prison sentences and cases decided
by trial judges with higher past incarceration rate are more likely to be appealed. We also find
systematic differences in appeal propensities across some case and defendant characteristics, such
age, education, past offender status and type of crime. While these differences across samples
do not challenge the internal validity of our analysis—we exploit randomization among appealed
cases—it is important to keep in mind the type of cases our evidence pertains to.

3 Research Design

In this section, we provide evidence on random assignment of cases in the Norwegian criminal
justice system, present a regression framework that exploits this randomization to estimate feedback
effects of reversals on judges’ decision-making, and further discuss the validity of our approach.

3.1 Testing for Random Assignment

Cases in the Norwegian criminal justice system are assigned on a mechanical, rotating basis based
on the date a case is received at each court. The actual assignment can therefore resemble random
assignment within groups of cases that enter the same court in the same year. Such an assign-
ment of cases in appeals courts should imply that characteristics of the appeals court panel (e.g.,
reversal tendencies) are unrelated to pre-trial characteristics of the case (e.g., severity of crime),
the defendant (e.g., past offender status), the trial decision (e.g., length of prison sentence), or past
characteristics of the trial court judge (e.g., trial judge stringency). In order to test the random
assignment of cases in appeals courts, we thus perform balancing tests using these pre-appeal char-
acteristics for the sample of appeal hearings while conditioning on fully interacted court and case
entry year fixed effects.

We consider three characteristics of the assigned appeal panel. First, we construct a measure of
the panel’s reversal tendency. This measure captures how likely an appeal panel is to reverse a trial
court decision, either with a sentence reduction or a sentence increase, based on all other appeals
handled by judges in this panel, excluding the current case.25 Similarly, we construct two additional

25An appeal panel includes three professional appeal judges, and we observe reversal decisions made in all appeal
cases in which each judge participated between 1993 and 2019. Specifically, our analytical sample of appeal hearings
includes 343 appeal judges, who had handled 203 appeal cases on average. To construct a judge-specific measure
of leave-one-out reversal tendency, we calculate the fraction of all other appeal cases each judge had participated
in that were decided with a reversal decision. Next, averaging the leave-one-out reversal tendency across the three
professional appeal judges, we calculate appeal panel-specific leave-one-out average reversal tendency. Since appeal
hearing cases are assigned to an appeal panel and are decided with a majority, the panel-specific measure of average
reversal tendency has less noise and more predicted power than three separate judge-specific measures. In our baseline
measure of reversal tendencies, we only use appeal panels in which each judge has handled at least 50 appeal cases to
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measures of reversal tendency that take into account the direction of reversal, i.e., the fractions of
all other cases decided with a sentence reduction and a sentence increase, respectively. In Table 1,

Table 1: Testing for Random Assignment of Cases in Appeals Courts.

A. Tendency of B. Tendency of C. Tendency of

Decision Reversal Sentence Increase Sentence Reduction

(1) (2) (3) (4) (5) (6)

Coef.

Estimate

Standard

Error

Coef.

Estimate

Standard

Error

Coef.

Estimate

Standard

Error

Defendant Demographics:

Age 0.0000 (0.0000) 0.0000 (0.0000) 0.0000 (0.0000)

Female -0.0005 (0.0004) -0.0005 (0.0003) -0.0001 (0.0003)

Foreign Born 0.0006 (0.0004) 0.0005 (0.0003) 0.0001 (0.0002)

Married, Year t-1 -0.0000 (0.0016) -0.0021* (0.0015) 0.0021* (0.0015)

Number of Children, Year t-1 -0.0003 (0.0003) 0.0000 (0.0003) -0.0003 (0.0003)

High School Degree, Year t-1 0.0011 (0.0010) 0.0003 (0.0008) 0.0008 (0.0008)

Some College, Year t-1 -0.0009 (0.0017) -0.0009 (0.0011) -0.0001 (0.0014)

Missing Xs 0.0044 (0.0213) -0.0044 (0.0146) 0.0088 (0.0158)

Defendant Past Work and Crime:

Employed, Year t-1 -0.0004 (0.0010) 0.0002 (0.0008) -0.0006 (0.0008)

Ever Employed, Years t-2 to t-5 0.0004 (0.0010) 0.0002 (0.0008) 0.0002 (0.0008)

Charged, Year t-1 -0.0014 (0.0009) -0.0006 (0.0007) -0.0008 (0.0007)

Ever Charged, Years t-2 to t-5 0.0007 (0.0009) 0.0001 (0.0007) 0.0005 (0.0007)

Incarcerated, Year t-1 0.0002 (0.0012) 0.0002 (0.0009) 0.0000 (0.0010)

Ever Incarcerated, Years t-2 to t-5 0.0005 (0.0011) 0.0004 (0.0009) 0.0001 (0.0009)

Trial Court Case Characteristics:

Violent Crime 0.0009 (0.0010) 0.0005 (0.0009) 0.0003 (0.0009)

Property Crime -0.0033* (0.0019) -0.0015 (0.0017) -0.0018 (0.0016)

Economic Crime -0.0006 (0.0018) 0.0001 (0.0014) -0.0007 (0.0014)

Drug-Related Crime 0.0013 (0.0013) 0.0003 (0.0014) 0.0010 (0.0012)

Prison Sentence (in 100 Days) 0.0001* (0.0000) 0.0001* (0.0000) 0.0000 (0.0000)

Trial Judge Past Characteristics:

Judge Stringency -0.0036 (0.0047) -0.0025 (0.0039) -0.0012 (0.0036)

Judge Tenure (in Years) 0.0000 (0.0000) 0.0001 (0.0001) -0.0000 (0.0001)

Judge No. of Past Cases Handled 0.0000 (0.0000) 0.0000 (0.0000) 0.0000 (0.0000)

F-statistic for Joint Test 1.08 1.01 .79

[p-value] [.365] [.447] [.732]

Dependent Mean .460 .185 .275

Number of Cases 13,027 13,027 13,027

Notes: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later
appealed and processed for hearing in an appeals court between 2005 and 2019 [N=13,027]. The estimation includes controls for court x case appeal
year fixed effects. Reported F-statistic is a joint test of the null hypothesis for all explanatory variables. The omitted category is “Less than high
school, year t-1” for education and “Other crimes” for type of crime. *p<0.1, **p<0.05, ***p<0.01.

avoid measurement errors. In Section 4.1, we assess the robustness of our findings to these choices.
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Columns (1)-(2), we show the estimates from a regression of the appeal panel tendency of decision
reversal on pre-trial characteristics of defendants, type of crime, trial decision, and past characteris-
tics of the trial court judge. This test shows no statistically significant relationship between appeal
panel reversal tendency and these pre-appeal characteristics, and the variables are also not jointly
significant (p-value=.37). Similarly, in Columns (3)-(6), we perform the same test using the direc-
tional reversal tendencies of appeal panels, and again reach the same conclusion. This evidence
is consistent with cases being randomly assigned in appeals courts. With this evidence at hand,
we can utilize random assignment of appeals across different appeal panels to estimate the causal
effects of reversals on trial judges’ future decision-making.

As discussed in Section 2.2, our design also relies on random assignment of cases in trial
courts, which allows us to rule out that compositional changes in the assignment of cases to trial
judges influence our evidence on feedback effects. For instance, if trial judges who receive decision
reversals are systematically assigned different cases in trial courts in the future, then one could risk
confounding the estimates of feedback effects due to such compositional changes. In the Appendix
Table B2, we provide evidence consistent with random assignment of cases in trial courts. As in
Bhuller et al. (2020), we use a measure of trial judge stringency using all randomly assigned cases
to each judge, excluding the current case observation, and relate this measure to pre-trial case and
defendant characteristics, finding no statistically significant relationship (p-value=.35).26

3.2 Regression Framework

Our research design exploits random assignment of cases in appeals courts and differences in ten-
dencies of appeal panels to reverse trial decisions with either longer or shorter sentences to estimate
the causal effect of decision reversals. In the following sections, we present two related regression
models—an IV model with multivalued treatment and an IV model with multiple treatments—both
allowing trial judge responses to depend on the direction of reversals.

3.2.1 Multivalued Treatment

The appeal panel handling an appeal case can decide to either sustain the trial court decision (i.e.,
no reversal, N), replace it with a longer (harsher) sentence (H), or a shorter (milder) sentence

26In this analysis, we limit the sample of randomly assigned trial cases [N=74,818] to trial judges who handle at
least 50 such cases and to trial courts with at least two regular judges in a given year [N=70,109]. This sample includes
539 trial judges who had handled on average 281 cases. The stringency of a judge equals the fraction of all other cases
the judge has handled that were decided with an incarceration sentence. By leaving out the current case observation in
the construction of judge stringency, we avoid a mechanical relationship between the characteristics of the current case
and the assigned trial judge’s stringency.
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(M).27 The panel’s decision can thus be summarized by Di ∈ {N,H,M}, which can take either one
of the three mutually exclusive and collectively exhaustive values for a given case i. An alternative,
more parsimonious, way to express the appeal panel’s decision is as follows:

Ti =


1 iff Di = H

0 iff Di = N

−1 iff Di = M

(1)

which reduces the appeal panel’s reversal decision to a single multivalued treatment, Ti.
Consider a trial court judge j who has had a decision she made in a past trial case i processed for

appeal hearing. To assess whether the trial court judge j who decided case i alters future decisions
(e.g., whether or not to impose incarceration) in new randomly assigned trial cases, as a response
to the reversal outcomes in case i, we estimate the following system of equations using two-stage
least squares (2SLS):

Y s
j(i) = β sTi +θ sX

′
i +αs

ct + εs
i

Ti = γZa(i)+ϕX
′
i +φct +ui

(2)

where Y s
j(i) is trial judge j’s average incarceration rate in the next s case(s), Ti is a multivalued

treatment as defined in (1), Za(i) is the conditional expectation of Ti for appeal panel a handling case
i (i.e., the instrument), and β s is the parameter of interest. With symmetry in responses to a sentence
increase and a sentence reduction following a decision reversal, we can interpret β s as capturing
the trial judge’s response to a sentence increase, or, equivalently, as minus one times the response
to a sentence reduction. When the true effects of a sentence increase and a sentence reduction
are asymmetric, then the 2SLS estimand of β s is a weighted average of the effects of a sentence
increase and a sentence reduction.28 To satisfy conditional randomization, we add interacted court
c and case entry year t fixed effects, αs

ct . We further control for defendant, case, and trial judge
characteristics, X

′
i , listed in Table 1. We also present results without these controls.

Our research design exploits that (i) cases accepted for appeal hearing are randomly assigned
to appeal panels (conditional on year and court fixed effects), which implies that the conditional in-
dependence assumption in the 2SLS is automatically satisfied, and that (ii) some appeal panels are
systematically more likely to replace trial court decisions with longer (H) or shorter (M) sentences,
than to sustain (N). Given the definition of Ti in (1), we can interpret its panel-specific conditional

27As noted in Section 2.1, conditional on being accepted for an appeal hearing, less than 3% of appeal cases result in
a remand, while in around 15% of cases the trial decision is completely overturned. For now, we categorize a remand as
part of the no reversal treatment. Overturned cases are either categorized as resulting in a harsher or a milder sentence,
depending on the direction of the reversal. In Section 4.1, we assess the robustness of our findings to these choices.

28This follows from Angrist & Imbens (1995). In Section 3.2.2, we present an IV model with multiple treatments
allowing the estimation of asymmetric effects.

16



expectation, Za(i), as an index measure of appeal panel sentencing stringency. We utilize the varia-
tion in Ti stemming from the differences in appeal panels to make decisions (N,H,M), as captured
by our instrument Za(i), to draw inference about the causal effects of the decision reversals on trial
court judges’ decision-making. We discuss the validity of our IV approach and the assumptions
required in more detail in Section 3.2.3 below. In contrast, an OLS estimation of the outcome
equation in (2) may confound the effects of reversals as trial judges that have their past decisions
reversed could be different in other respects than those who do not receive a decision reversal.

To capture both immediate, short-term, and long-term responses to a decision reversal in case i,
we estimate system (2) using 2SLS separately for each s = {1, ...,20}. Here Y 1

j(i) indicates whether
the trial court judge j incarcerated in the first case she decided after the reversal of case i , and Y 20

j(i)

is the incarceration rate for this trial judge across the next 20 cases she decided. This provides us
with a time profile of trial judge responses, β s, to past decision reversals. An novel feature of our
setting is that we have random assignment of cases across multiple stages of the justice system.
The assignment of future cases s to the trial judge who handled case i is thus also random. By
virtue of this randomization, we can rule out the estimated impacts of decision reversals are due
to compositional changes in the future assigned cases and must reflect ‘pure’ judge responses to
reversals.

3.2.2 Multiple Treatments

We now consider an IV model with multiple unordered treatments. Using appeal panel’s reversal
decision Di ∈ {N,H,M}, we define dummies corresponding to each decision margin k ∈ {N,H,M}
as Dki ≡ 1 [Di = k]. With no reversal (DNi = 1) as the excluded category, we specify the following
equation system:

Y s
j(i) = β s

HDHi +β s
MDMi +θ sX

′
i +αs

ct + εs
i

DHi = γHHZHa(i)+ γHMZMa(i)+ϕHX
′
i +φHct +uHi

DMi = γMHZHa(i)+ γMMZMa(i)+ϕMX
′
i +φMct +uMi

(3)

where Y s
j(i), αs

ct and Xi are defined as earlier. Analogous to Za(i), we now define
{

ZHa(i),ZMa(i)
}

as
the conditional expectations of {DHi,DMi}, respectively, for appeal panel a handling case i, which
we now use as instruments for identification. The parameters of interest are β s

H and β s
M, which

capture the trial judge responses to sentence increase (DHi = 1) and sentence reduction (DMi = 1),
respectively, as compared to a no reversal decision. Compared to (2), the model in (3) allows us to
capture possibly asymmetric effects of a sentence increase and a sentence reduction. The system (3)
can be estimated using a multivariate 2SLS approach. Note that if β s

H = −β s
M = β s , the outcome

equation in (3) reduces to the outcome equation in (2) with Ti = DHi−DMi, which provides a test
of symmetric responses in (2).
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Analogous to (2), we now utilize the variation in {DHi,DMi} stemming from the appeal panels’
propensities to assign decisions {H,M} to draw inference about the causal effects of each direction
of decision reversal on trial court judges’ decision-making. The resulting system (3) thus has
two first-stage equations corresponding to the two endogenous variables {DHi,DMi}, where both
instruments

{
ZHa(i),ZMa(i)

}
enter each of the first-stage equations. Intuitively, we here exploit the

differences in assigned appeal panels’ latent tendencies along two dimensions—their tendency to
increase sentences and their tendency to reduce sentences—to identify the effects of each direction
of decision reversal on trial court judges’ decision-making.

3.2.3 Model Validity

In addition to the quasi-random assignment of cases to appeal panels (and to trial judges), which
ensures that the conditional independence assumption is satisfied (see Section 3.1), more assump-
tions are needed for the validity of our design. These are the measurement of instruments, the
relevance of instruments, the exclusion restriction, and the monotonicity assumption.

First, we consider the measurement of appeal panels’ latent traits, i.e.,
{

Za(i),ZHa(i),ZMa(i)
}

,
which we use as instruments. To estimate model (2), we must measure Za(i), which is the condi-
tional expectation of treatment Ti for appeal panel a handling case i. This latent variable represents
an index of the assigned appeal panel’s sentencing stringency, with higher values for panels that
tend to increase sentences and lower values for panels that do the opposite. We can approximate
this index by averaging across all decisions Ti made by panel a, leaving-out case i, i.e., Z−i

a(i) (su-
perscript −i indicates that case i is dropped when constructing this variable). Similarly, to estimate
model (3), we approximate the latent propensity of an appeal panel a to make decision k ∈ {H,M},{

ZHa(i),ZMa(i)
}

, by the fraction of all other appeal cases handled by panel a that were decided with

reversal treatment k ∈ {H,M}, leaving-out case i, i.e.,
{

Z−i
Ha(i),Z

−i
Ma(i)

}
.

Second, IV estimation of models (2)-(3) requires that the constructed instruments are relevant,
i.e., the actual reversal decisions can be predicted by our measures of appeal panel latent traits.
Instrument relevance can be formally tested by the first-stage coefficient estimates. We return to
this in Section 3.3 below. Note that the asymptotic distributions of the 2SLS estimators of β s in (2)
and (β s

H ,β
s
M) in (3) are unaffected irrespective of instruments having been estimated in an initial

stage (Wooldridge, 2010, pp. 124–125). In Section 4.2, we nonetheless check that our conclusions
do not change materially if we exclude appeal panels with relatively few cases, and perform tests
for weak instruments.

Third, one could be concerned the exclusion restriction is not satisfied since trial court deci-
sions are multidimensional. For instance, appeal panels with high a tendency of sentence increase
may also have a higher tendency to alter trial decisions along other dimensions that may also af-
fect trial judges’ decision-making (e.g., probation). Similarly, one could be concerned that besides
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the direction of reversal, the size of reversal (e.g., change in the days of sentence) may also affect
decision-making. While we imagine that the direction of reversal is a salient treatment which af-
fect decision-making in ways other types of reversals are less likely to, we address such concerns
in Section 4.2. In particular, we include the appeal panels’ propensity to alter other trial deci-
sions as additional controls and test IV models with alternative treatment definitions that account
for changes in both prison and probation sentences. Finally, we test an IV model with variable
treatment intensity based on the size of reversals.

Finally, with heterogeneous effects, an additional concern relates to the validity of a monotonic-
ity assumption. The standard or strict monotonicity assumption (Imbens & Angrist, 1994) requires
that if appeal panel A is overall more stringent than appeal panel B, then panel A must be more
stringent than panel B in all cases. This condition is very strong and requires that judges essentially
only differ along one dimension.29 In Section 3.3, we demonstrate that appeal panels do differ
in at least two dimensions—their tendency to make trial decisions harsher (sentencing stringency)
and their tendency to reverse trial decisions in either direction (reversal tendency)—implying that
strict monotonicity can not hold.30 It turns out, however, that a much weaker average monotonicity

condition is sufficient to ensure non-negative weights on the unit-specific treatment effects in ran-
dom judge designs (Frandsen et al. , 2019). While Frandsen et al. (2019) only consider a binary
treatment, we demonstrate in Appendix A that their result extends to our setting with a multivalued
treatment.31 Furthermore, we show that this monotonicity condition can be tested by assessing
whether the regression coefficients on the appeal panel sentencing stringency (instrument) stay
non-negative across different subsamples when the outcome variables are indicators corresponding
to each decision margin. The indicators corresponding to each margin are (i) a sentence increase
(1 [Di = H]) and (ii) no reversal or a sentence increase (1 [Di ∈ {H,N}]). In Appendix Table B5,
we perform these tests on various subsamples by trial judge past stringency and trial case type of
crime and confirm that the regression coefficients are non-negative.32

29See Condition 1(iii) in Chan et al. (2019).
30To see why strict monotonicity must be violated, assume two panels, A and B, with panel A having a higher

sentencing stringency, Za(i), but a lower probability of imposing a sentence increase than B. This is possible if B’s
reversal tendency is higher than A’s reversal tendency. Then there must be some cases in which B imposes a harsher
sentence than A does, violating strict monotonicity.

31In particular, we show that our treatment assigns non-negative weights if for each case i (a) the appeal panels that
would give a sentence increase in case i are on average not less stringent than appeal panels that would give no reversal
or a sentence decrease in case i are, and (b) the appeal panels that would give a sentence increase or no reversal in case
i are on average not less stringent than appeal panels that would give a sentence decrease in case i are. We refer to this
as average multivalued monotonicity. This condition allows monotonicity to be violated for individual pairs of appeal
panels, as long as appeal panels that impose a longer sentence in a given case are more stringent on average, a much
weaker condition.

32In Appendix A, we also develop the condition for ensuring that the multivariate 2SLS estimand with multiple
treatments (3) corresponding to each treatment only puts non-negative weights on the same treatment. This condition
is more demanding than the condition for multivalued treatment. Specifically, it requires that controlling for the appeal
panel’s tendency to increase sentences, the appeal panel’s tendency to reduce sentences on average does not push a case
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3.3 Instrument Relevance: First-Stage Analysis

We start by illustrating the relationship between the appeal panel leave-one-out sentencing strin-
gency index, Z−i

a(i), and the multivalued reversal treatment, Ti = DHi−DMi, in our IV model (2).
Figure 2a illustrates the distribution of appeal panel leave-one-out sentencing stringency in our
sample, showing that there is substantial variation across appeal panels. The figure also plots the
conditional expectation of the multivariate treatment variable as a function of leave-one-out sen-
tencing stringency of the assigned appeal panel, estimated using local linear regression. A higher
value of the conditional expectation indicates that an appeal case is more likely to be decided
with a sentencing increase, while a lower value indicates the opposite. Intuitively, this evidence
suggests that some appeal panels are systematically more likely to increase sentences set by trial
judges while others panels are likely to reduce sentences. As expected, we find that the estimated
relationship is positive and monotonically increasing in the appeal panel sentencing stringency.

Before we move on to our IV model with multiple treatments (3), we consider the relationship
between a binary non-directional reversal treatment, Ri = DHi +DMi and the corresponding appeal
panel leave-one-out reversal tendency, Z−i

Ra(i). Figure 2b illustrates the distribution of appeal panel
reversal tendency in our analytical sample, showing substantial variation in reversal tendencies
across appeal panels. The figure also plots the probability that a trial case decision is reversed
as a function of the leave-one-out reversal tendency of the assigned appeal panel, estimated using
local linear regression. The likelihood of reversal is estimated to be monotonically increasing in
the reversal tendency of the assigned appeal panel. Intuitively, this indicates that appeal panels
may, for instance, differ in the ‘skills’ needed to detect deviant decisions committed by trial judges,
which would lead some panels to reverse more trial court decisions than other panels, irrespective
of the direction of the reversal.

Using the direction of each reversal decision—sentence increase (DHi = 1) and sentence re-
duction (DMi = 1)—we can further construct the leave-one-out tendencies of each appeal panel to
impose sentence increases and sentence reductions, respectively. To gauge the underlying varia-
tion in these directional reversal tendencies, we next plot the joint distribution of these tendencies
across appeal panels in our analytical sample in Figure 2e. The plot reveals substantial variation in
the appeal panels’ two latent traits—reversal tendency and sentencing stringency. Intuitively, there
exist appeal panels with above-average tendencies to reverse trial decisions with either a sentence
increase or a sentence reduction, i.e., there is probability mass in the upper-right corner in Figure
2e. Similarly, there exist appeal panels that are less likely to reverse trial decisions with neither a
sentence reduction nor a sentence increase, i.e., there is probability mass in the lower-left corner in
Figure 2e. This suggests that appeal panels in our data differ in their latent propensity to reverse trial

into or out of a sentence increase. We refer to this as the no partial cross-correlation condition. Since this condition is
strong, we use the multivalued treatment specification (2) as our baseline regression.
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Figure 2: The Distributions of Appeal Panel Reversal Tendencies.
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(e) Joint Distribution of Directional Reversal Tendencies
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Notes: The sample in all plots consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed and processed for hearing in an
appeals court between 2005 and 2019 [N=13,027]. Plot 2a shows (i) the distribution of leave-one-out sentencing stringency index (left y-axis) across appeal panels, and (ii) the conditional expectation
of the multivalued reversal treatment defined in (1) (along the right y-axis) against leave-one-out appeal panel sentencing stringency (along the x-axis), estimated using local linear regression. Higher
values of the conditional expectation indicate that an appeal is more likely to result in a sentencing increase, while lower values indicate the opposite. Plot 2b shows (i) the distribution of leave-one-out
reversal tendency (left y-axis) across appeal panels, and (ii) the probability a trial case decision is reversed (along the right y-axis) against leave-one-out appeal panel reversal tendency (along the
x-axis), estimated using local linear regression. Similarly, plots 2c-2d shows the distributions of direction-specific leave-one-out reversal tendency and the probability a trial case decision is reversed
in a direction as a function of the direction-specific reversal tendency of the appeal panel the case is assigned, while controlling for the appeal panel’s tendency in the other direction. The plotted
values are mean-standardized residuals from regressions on court x court entry year interacted fixed effects. Appeal panels with top and bottom 1% of reversal tendency are dropped in each plot.
Plot 2e shows the joint distribution of direction-specific leave-one-out reversal tendencies. The dotted lines in 2a-2d show 90% confidence intervals from local linear regression.
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Table 2: The Effects of Appeal Panel Reversal Tendencies on Reversals of Trial Court Decisions.

A. First-Stage Estimates for the B. First-Stage Estimates for the

IV Models with Single Treatment IV Model with Multiple Treatments

Sentence Increased -
Sentence Reduced

(Ti = DHi−DMi)

Sentence Increased +
Sentence Reduced

(Ri = DHi +DMi)

Sentence Reduced

(DMi)

Sentence Increased

(DHi)

(1) (2) (3) (4)

Appeal Panel Reversal Tendencies:

Sentencing Stringency 0.675*** - - -

(Z−i
a(i)) (0.167)

Tendency of Reversal - 1.023*** - -

(Z−i
Ra(i)) (0.131)

Tendency of Sentence Reduction - - 0.682*** 0.219

(Z−i
Ma(i)) (0.161) (0.147)

Tendency of Sentence Increase - - 0.128 1.022***

(Z−i
Ha(i)) (0.165) (0.150)

Dependent Mean -0.091 .588 .339 .249

Controls:

Court x Case Year FEs � � � �

Defendant Xs � � � �

Trial Court Case Xs � � � �

Trial Court Judge Past Xs � � � �

Number of Cases 13,027 13,027 13,027 13,027

Note: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed
and processed for hearing in an appeals court between 2005 and 2019 [N=13,027]. The outcome in Column (1) is the multivalued decision reversal
treatment defined in (1), set equal to 1 if the trial sentence is increased, equal to -1 if the trial sentence is reduced following the appeal, and otherwise
equals 0. The outcome in Column (2) is a binary indicator for decision reversal, equal to 1 if the trial sentence is either increased or reduced
following the appeal, and otherwise equals 0. The outcome in Column (3) is a binary indicator for the trial sentence being reduced, and the outcome
in Column (4) is a binary indicator for the trial sentence being increased following the appeal. All estimations include controls for court x court
entry year fixed effects, besides the defendant, case, and trial judge pre-trial characteristics listed in Table 1. *p<0.1, **p<0.05, ***p<0.01.

court cases, irrespective of the direction of reversal, as is also confirmed by Figure 2b. Moreover,
considering appeal panels’ sentencing stringency, we find a negative correlation of -0.16 between
the tendencies to give sentence reduction and sentence increase, suggesting that appeal panels that
are more likely to increase sentences are also less likely to reduce sentences. Appeal panels thus
also differ in their latent sentencing stringency, i.e., there is probability mass in the upper-left and
lower-right corners in Figure 2e, as also confirmed in Figure 2a. Taken together, this graphical
illustration confirms that appeal panels differ across two latent traits.33

In Figures 2c and 2d, we illustrate the distributions of appeal panel leave-out tendencies of
sentence reduction and sentence increase, respectively. In each figure, we plot the probability that
a trial case decision is reversed in the respective direction as a function of the direction-specific
reversal tendency of the appeal panel the case is assigned, while controlling for the appeal panel

33Note that while this violates strict monotonicity (Chan et al. , 2019), it does not necessarily violate average mono-
tonicity.
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tendency in the other direction in local linear regression. For instance, in Figure 2c, we show that
the likelihood of a sentence reduction is monotonically increasing in the tendency of the assigned
appeal panel to reduce sentences when we condition on the assigned appeal panel’s tendency to
increase sentences. These plots reveal systematic differences in appeal panels’ propensities to
reverse trial decisions with longer and shorter sentences.

To translate the graphical evidence presented above to our regression framework, we estimate
the system (2), controlling for fully interacted court and case entry year fixed-effects. Column
(1) in Table 2, Panel A, provides the estimates for the first-stage equation in this system with the
multivalued reversal treatment, Ti = DHi−DMi, as the outcome. We find a precisely estimated first-
stage coefficient of almost 0.7, which indicates that appeal cases assigned to appeal panels with
higher sentencing stringency are more likely to be decided with a sentence increase (or less likely
to be decided with a sentence reduction). In Section 4.1 below, we also perform weak-instrument
robust inference and provide projection-based Anderson-Rubin confidence sets. Before we move
on to the directional treatments in model (3), we consider the model with a binary non-directional
reversal treatment, Ri =DHi+DMi. The first-stage estimates for this model are presented in Column
(2). The first-stage coefficient is close to 1 indicating that appeal cases assigned to panels with a
higher reversal tendency likely also receive a decision reversal.

Next, we estimate the system (3), controlling for fully interacted court and court entry year
fixed-effects. Table 2, Panel B, Columns (3)-(4), provide the estimates for the two first-stage equa-
tions in this system. We find that appeal panels’ reversal tendency in each direction increases the
probability that an assigned appeal case receives a decision reversal in the same direction, consistent
with the graphical evidence in Figures 2c-2d. We also note that conditional on the same-direction
reversal tendency, an appeal panel’s reversal tendency in the other direction does not affect reversal
outcomes.

4 The Causal Effects of Decision Reversals

In this section, we provide evidence on how trial court judges alter their future judicial decisions in
response to past decision reversals, exploiting random assignment of appeal cases and differences
in tendencies of appeals court panels to reverse trial court decisions. We also provide robustness
analyses and evidence on asymmetric responses to sentence increases and sentence reductions.

4.1 Main Results

We now provide evidence on how trial court judges alter their future judicial decisions in response
to past decision reversals based on the IV model (2). In particular, we investigate whether the
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reversal of a past sentencing decision made by a trial judge affects her future incarceration deci-
sions in non-confession cases. On average, around 55 percent of such cases are decided with an
incarceration sentence in the trial court.

Figure 3a illustrates our evidence based on the IV model (2). Along the horizontal axis, we
index the number of cases handled by each trial court judge, where the positive values indicate
cases handled strictly after the appeal decision in a past case was filed. Negative values indicate
cases handled before the appeal was filed.34 At each point along this axis to the right of zero, we
provide the IV estimates of the effects of a sentence increase in a past case on the trial judge’s
incarceration rate in future randomly assigned non-confession criminal cases she has handled after
the appeal decision.35 The plot thus illustrates both the immediate effects of a reversal on the
probability of imposing an incarceration decision in the next case and the effects on the judge’s
incarceration rate across the next 20 cases. Similarly, at each point to the left of zero, the plot
provides the IV estimates of the effects of a future sentence increase on the trial judge’s average
incarceration rate in cases handled prior to the appeal.

The patterns revealed in Figure 3a are striking. Trial court judges who receive a decision re-
versal in a past case they handled respond immediately. Following a decision reversal, trial judges
who receive a sentence increase have almost 45 percentage points higher probability of deciding
the first case they handle after the appeal decision with an incarceration sentence. The responses are
persistent beyond the first few decisions but display decay over time. Across the next ten cases after
the appeal decision, trial judges who receive a sentence increase have around 15 percentage points
higher incarceration rates. On average, a trial judge handles ten new non-confession cases within a
year after the appeal decision. Beyond those ten cases, the effect estimates become insignificant at
conventional levels but remain positive.

The IV estimates in Figure 3a utilize variation in the sentencing stringencies of randomly as-
signed appeal panels handling appeal cases. We can thus interpret these estimates as causal effects
of decision reversal on trial judges’ future decision-making. The estimates are insulated from any
selection biases due correlated unobservables across trial judges receiving decision reversals with
sentence increases, sentence reductions, or no reversals. In support of this conclusion, we show the
effects on trial decisions in the past (pre-appeal) cases handled by judges facing appeal decisions

34Trial court judges may also respond to the filing of an appeal in a past case at any intermediate steps in the appeal
process. Since our design does not provide exogenous variation in appealing, we focus on cases decided strictly after
the appeal process ended in a past case. Cases handled by a trial judge in the intermediate period between the filing
date of an appeal and the reversal decision date are thus not included in Figure 3.

35As outlined in Section 3.2.1, the coefficient on the multivalued reversal treatment in (2) can be interpreted as
capturing the trial judge’s response to a sentence increase, or, equivalently, as minus one times the response to a
sentence reduction, compared to no reversal. Here, we simply refer to the estimate as the effect of a sentence increase
and return to asymmetric effects in Section 4.3.
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Figure 3: OLS and IV Estimates of the Effects of Decision Reversal on Judges’ Decisions.
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Notes: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed and processed for hearing in an appeals court
between 2005 and 2019, in which we observe the trial judge handling at least one new trial case post appeal decision [N=11,602]. The number of cases handled by each trial court judge are indexed
along the horizontal axis. Positive values indicate cases handled strictly after the appeal decision was filed, while negative values indicate cases handled before the appeal. The figure plots IV (panel
a) and OLS (panel b) estimates from the baseline model specification with the multivalued decision reversal treatment in (2). The multivalued treatment is defined as 1 if the reversal led to a sentence
increase (DMi = 1), as -1 if this led to a sentence reduction (DHi = 1), and otherwise equal to 0 if there was no reversal of the trial court judge’s decision. The coefficient estimates can thus be
interpreted as the effects of a sentence increase, or equivalently, minus one times the effects of a sentence reduction. All estimations include controls for court x court entry year FEs. The vertical
bars show 90% confidence intervals.

to the left of zero line in Figure 3a. We find no evidence of statistically significant differences
in pre-appeal decisions across trial judges. The effects on trial judges’ pre-appeal decisions may

25



serve as placebo tests of our research design, providing additional evidence supporting the random
assignment of appeal cases across panels.

Table 3: IV Estimates of the Effects of Past Decision Reversal on Judges’ Future Decisions.

Outcome: Trial Court Judge’s Incarceration Rate After the Appeals Court’s Decision

A. By Number of Cases Handled Since the Appeals Court’s Decision

First Case 1-10 Cases 11-20 Cases

(1) (2) (3) (4) (5) (6)

Sentence Increase 0.458*** 0.475*** 0.155*** 0.153** 0.065 0.068

(0.160) (0.170) (0.059) (0.060) (0.051) (0.052)

AR Weak IV Test 12.9 12.7 10.8 9.66 1.91 1.97

[p-value] [0.000] [0.000] [0.001] [0.002] [0.167] [0.160]

AR 90% Conf. Set: Lower 0.245 0.250 0.074 0.069 -0.012 -0.011

AR 90% Conf. Set: Upper 0.784 0.830 0.274 0.275 0.159 0.164

Dependent Mean .548 .545 .547

Number of Cases 11,602 11,602 9,486

B. By Time Spent Since the Appeals Court’s Decision

Six Months Year One Year Two

(1) (2) (3) (4) (5) (6)

Sentence Increase 0.231** 0.228** 0.179** 0.184** -0.006 -0.009

(0.093) (0.095) (0.071) (0.075) (0.055) (0.056)

AR Weak IV Test 9.71 9.02 10.0 9.91 0.01 0.03

[p-value] [0.002] [0.003] [0.002] [0.002] [0.911] [0.871]

AR 90% Conf. Set: Lower 0.107 0.102 0.084 0.085 -0.100 -0.105

AR 90% Conf. Set: Upper 0.432 0.433 0.333 0.346 0.085 0.099

Dependent Mean .550 .553 .553

Number of Cases 11,602 11,346 9,48

Controls:

Court x Case Year FEs � � � � � �
Defendant Xs � � �
Trial Court Case Xs � � �
Trial Court Judge Past Xs � � �

Note: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed
and processed for hearing in an appeals court between 2005 and 2019, in which we observe the trial judge handling at least one new trial case post
appeal decision [N=11,602]. The table shows estimates from an IV model with the multivalued reversal treatment in (1). The multivalued treatment
is defined as 1 if following an appeal decision the trial sentence was increased, as -1 if there was a sentence reduction, and otherwise equal to 0 if
there was no reversal of trial judge’s decision. All estimations include controls for court x court entry year fixed effects. Additional controls for the
defendant, case and trial judge past characteristics are listed in Table 1. *p<0.1, **p<0.05, ***p<0.01.

In Panel A of Table 3, we report the IV estimates from our regression analysis corresponding
to the graphical evidence provided in Figure 3a. In addition to interacted court and case entry year
fixed effects (randomization units), we also control for defendant characteristics, type of crime,
sentencing decision in the initial appeal case, and trial judge pre-trial characteristics. These controls
are listed in Table 1. The estimates confirm the graphical evidence and are robust to inclusion of
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these additional controls. Comparing the estimates reported across Columns (1)-(6) in Panel A, we
again find that the effect is strongest on the first case after appeal decision, sizable across the first
ten cases, and not statistically significant beyond the first ten cases. In Panel B, we instead focus
on the time spent since the appeal decision. We consider new non-confession cases handled by
the trial judge within the first six months, the first year, and the second year, respectively. These
results also suggest a decay in the impact responses within the first year and no impacts beyond
the first year. Next, to address concerns related to weak instruments for these estimates, we also
provide results from the Anderson-Rubin (AR) test for the null hypothesis of β̂ s = 0 and the 90%
AR projection-based confidence sets suggested by Andrews et al. (2019). These results suggest
that our conclusions are robust to concerns about weak instruments.

In the Appendix Table B3, we further report the IV estimates on trial judges’ future average
sentence lengths, measured as the average days of prison sentence sanctioned to defendants across
the future cases decided by each trial judge after the appeal decision, with non-incarcerated defen-
dants assigned a sentence length of zero days. Consistent with the evidence on trial judges updating
their future incarceration rates, we find that trial judges give prison sentences that are almost eight
months longer post appeal decision compared to a mean prison sentence of seven months. Across
the next ten cases decided by trial judges, the IV estimates show an almost three-month increase
in sentence length. While these estimates are less precisely estimated than the IV estimates on
incarceration rates in Table 3, they confirm the evidence on sizable judge responses to reversals.

To facilitate an interpretation of the estimated impacts in Figure 3a and Table 3, we provide
a stylized model of judicial learning in Section 5, where trial judges seek to avoid reversals but
are not perfectly informed about the appeals court’s average stringency. There, we also provide a
heterogeneity analysis aimed at testing predictions of the judicial learning model.

Comparison to OLS. We now contrast the causal IV estimates to estimates from an ordinary
least squares (OLS) estimation of the outcome equation in (2). The OLS estimates are illustrated in
Figure 3b. Unlike the IV estimates shown in Figure 3a and Table 3, the OLS estimates do not rely
solely on differences in reversals tendencies across appeal panels to identify the effects of reversals
on trial court judges’ decision-making. As a result, the OLS estimates may suffer from selection
bias—trial judges in cases ending with sentence increases are likely different, on average, from trial
judges in cases ending with sentence decreases.

Comparing the IV and the OLS estimates in Figure 3a-3b, we notice clear differences. Unlike
the IV estimates on judges’ pre-appeal trial decisions, which indicated no statistically significant
differences, the OLS estimates indicate that trial judges facing a reversal with a sentence increase
on average are less likely to have imposed an incarceration sentence in the past. These patterns are
also confirmed in the Appendix Table B4, where we regress reversal outcomes on trial judges’ past
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stringency. As expected, trial judges who were stricter in past decisions are more likely to receive
sentence reductions, while the opposite holds for lenient judges. While these results indicate clear
patterns of selection into the direction of reversal, such selection also implies that identifying judge
responses to reversals based on observational comparisons is challenging. The OLS estimates are
likely to be severely downward-biased. Indeed, disregarding the first few cases handled by trial
judges after an appeal decision, we can not reject the null hypothesis for the first ten cases in Figure
3b.

In a related ‘event study’ approach, the researcher may seek to exploit the time-series profile of
trial decisions around the event of an appeal decision to infer judge responses to decision reversals.
Our evidence in Figure 3b indicates that such comparisons are likely to lead to biased estimates
due to an ‘Ashenfelter’s dip’ in trial decisions prior to an appeal. In the context of judicial decision-
making, this finding can be explained by the presence of mean reversion in trial decisions. Trial
judges who received a sentence-increasing reversal might have been especially lenient in the period
around the appeal and revert to their historic mean after the reversal. Meanwhile, disregarding the
few cases handled around the event of a decision reversal (and assuming stationarity), the researcher
may use differences in mean incarceration rates before and after the event to construct an estimate
of judge responses to decision reversals. This pre-post estimator would also indicate that judges
increase their incarceration rates in response to a sentence increase. The impact responses would,
however, be muted compared to the IV estimates in Figure 3a.

As discussed earlier, our IV approach circumvents both types of selection biases—selection
on permanent unobserved judge characteristics and selection on transitory shocks to decision-
making—by exploiting differences in randomly assigned appeal panels’ reversals tendencies.

Complier Characterization. Following Imbens & Angrist (1994), it is well-known that under
heterogeneous effects, the standard IV provides a local average treatment effect for the subpopu-
lation of compliers, while OLS provides an appropriate population-weighted average of responses.
Angrist & Imbens (1995) provide generalizations of this result to IV models with a multivalued
treatment. When treatment is multivalued, the IV estimator is a weighted average of causal re-
sponses from a unit change in treatment among complier-judges. On the contrary, OLS weighs
judges more equally.

Characterizing compliers is more complicated in settings with a multivalued treatment than in a
standard IV model with a binary treatment (Imbens & Rubin, 1997). Nonetheless, we can investi-
gate differences in compliance across different subgroups at each margin of treatment separately.36

The results from this exercise are presented in the Appendix Table B6. In Panel A, we find that

36Dahl et al. (2014) provide an approach to characterize compliers in an IV model with a binary treatment and a
continuous instrument. We adopt this approach to characterize compliers with a multivalued treatment by focusing on
each margin of treatment.
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trial judges placed in the medium or upper part of the stringency distribution are more likely to
be compliers at either margin of treatment, i.e., receive a reversal solely due to the appeal panel
sentencing stringency. Intuitively, this means that appeal panels are more likely to disagree on re-
versing cases decided by stricter judges in a harsher direction. Lenient judges, on the other hand,
likely face harsher reversals irrespective of the stringency of the appeal panel (i.e., they are more
likely to be always takers). In Panel B, we also find larger complier shares to decision reversals in
violent crimes. A possible explanation could be that the evidence is less clear in such cases giving
more scope for discretion in reversals. These results may provide some guidance on the type of
judges that our IV estimates likely weigh more heavily than the OLS estimates.

4.2 Robustness Analysis

We now consider the robustness of our main findings presented in Table 3 to alternative choices in
the empirical modeling. We start by considering robustness to alternative controls for pre-appeal
characteristics. As discussed in Section 3.2, our empirical design requires us to control for inter-
acted court and case entry year fixed effects in order to exploit the conditional randomization of
cases to appeal panels. In our baseline estimates in Table 3, we also add a large set of controls for
defendant characteristics, such defendant’s age, gender, immigrant status, education, past marital
status, number of children, past employment status and past offender status. We further include
indicators for the type of crime, the days of prison in the trial sentence , and past characteristics
of the trial court judge such as past incarceration rate (stringency), judicial tenure (in years) and
the total number of past cased handled. In the Appendix Table B7, Columns (1)-(4), we show that
our estimates are robust to the inclusion of the various sets of additional controls. Another con-
cern could be that the composition of cases assigned to a trial judge might change after the appeal
decision. While random assignment of cases would rule out such changes in case composition, to
test this we further include controls for the type of crime in future cases assigned to the judge in
Column (5), besides controls for pre-appeal decision characteristics.

We now consider the robustness of our estimates to the construction of the appeal panel sen-
tencing stringencies, i.e., the instrument used in (2). In particular, as mentioned in Section 3.1, we
only used appeal panels in which each judge has handled at least 50 appeal cases in our baseline to
avoid measurement errors. In the Appendix Table B8, we show the robustness of our estimates to
alternative thresholds for the number of cases handled by each appeal judge. Note that by including
judges who have handled too few cases, one could be worried that measurement errors in the instru-
ment would lead to lower precision. On the contrary, if the threshold for including appeal panels is
made stricter, one would be reducing the sample size used for instrument construction and perhaps
be using too little of the available variation in appeal panel sentencing stringency. The results from
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this exercise, however, show that our estimates are robust to using the alternative thresholds of 25,
75 or 100 cases handled by each appeals court judge, respectively.

Next, we consider concerns related to the validity of the IV exclusion restriction in our setting.
In our baseline estimates in Table 3, we rely on the variation in prison sentence changes stemming
from appeal panel’s sentencing stringency. Appeal panels, however, likely also differ along other
dimensions, such as their tendencies to reverse, remand, and impose probation. If these dimensions
are correlated with sentencing stringency and influence trial judge decisions through other channels
than sentence increases, the exclusion restriction is violated.

To address this concern, we start by adding to our baseline specification controls for the as-
signed appeal panel’s reversal tendency (Z−i

Ra(i)). This measure captures the assigned appeal panel’s
likelihood of reversing a trial prison sentence in either direction. We also add controls for probation
sentencing stringency (directional) and probation sentence reversal tendency (non-directional). As
shown in the Appendix Table B9, Columns (2)-(3), neither of these controls affect our baseline
IV estimates materially. Next, analogous to the assigned appeal panel’s sentencing stringency, we
construct measures of appeal panel’s tendency to overturn incarceration decisions (i.e., changing
an incarceration sentence to a non-incarceration sentence or vice versa) and its tendency to impose
remand (non-directional). We then add these two additional appeal panel tendencies as controls to
our specification in Columns (4)-(5), again finding that our IV estimates are robust.

In related exercises, we consider alternative treatments. We start by replacing our baseline
prison sentence increase treatment with a treatment that combines changes in both prison and pro-
bation sentences using our baseline instrument (prison sentencing stringency) and controlling for
the additional appeal panel tendencies described above. Specifically, in cases where there were no
changes in the prison sentence but the probation sentence is increased or reduced, this alternative
treatment variable is coded on a similar scale as in (1) based on changes in probation sentencing.
In other cases, for which only the prison sentence or both prison and probation sentences are al-
tered, this treatment is identical to our baseline treatment. In another exercise, we account for any
changes in prison sentences that result from trial judges’ sentencing adjustments that follow an
appeals court’s remand decision. For this exercise, we similarly adjust our baseline treatment to
account for differences in the pre- and post-remand trial decisions. Finally, in another exercise, we
replaced the multivalued treatment in (1) with a continuous treatment based on the relative change
in days of prison sentence compared to the trial sentence, which also can be either negative, pos-
itive, or zero depending on the direction of the reversal.37 The estimates using these alternative
treatments are presented in the Appendix Table B9, Columns (6)-(8), and are again similar to our

37To avoid small changes in short sentences to receive very large importance (e.g., from 1 day to 1 week versus 1
week to 2 weeks), we truncate this variable to a maximum of 100% increase. Similarly, we assigned a small number of
cases that received a prison sentence after the appeal case from having no prison sentence after the trial case with the
maximum value of 100% increase.
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baseline estimates.38

4.3 Asymmetric Effects

We now consider evidence based on the IV model with multiple treatments (3), which allows us
to separately estimate the effects of sentence increases and sentence decreases, respectively. For
completeness, we also show the corresponding OLS estimates for the outcome equation in model
(3). Both estimates are shown in Figure 4. Figure 4a illustrates the IV estimates with multiple
treatments. As earlier, we follow each trial court judge across the 20 decisions she made after the
decision reversal (to right of the zero line) and across the 20 decisions made before the appeal was
filed (to left of the zero line). For each point along the horizontal axis, we provide the IV estimates
corresponding to the two reversal treatments—sentence increased (red dots) and sentence reduced
(blue dots)—on the trial judge’s average incarceration rate across all non-confession criminal cases
handled prior to (since) appeal (decision).

The patterns revealed in Figure 4a again indicate that trial judges respond immediately to past
decision reversals by updating their future decisions in the direction of the reversal. Trial judges
who received a sentence reduction are much less likely to decide the first few cases they handle
after an appeal decision with an incarceration sentence. Similarly, judges who receive a sentence
increase are more likely to decide the next five cases with an incarceration sentence. In both com-
parisons, the base treatment category is no reversal. We again find no evidence of statistically
significant effects of either treatment once we consider the past 20 cases handled by judges before
the appeal (i.e., placebo), consistent with random assignment of appeal cases. Considering the first
ten cases handled, we only find significant positive effects of a sentence increase. For sentence re-
ductions, we estimate a negative effect but can not reject the null hypothesis. In the Appendix Table
B10, panel B, we provide the point estimates based on the IV model (3). Notably, while we can
reject coefficient equality (β̂ s

H = β̂ s
M), we are unable to reject symmetric responses (β̂ s

H =−β̂ s
M).

The OLS estimates in Figure 4b show that trial judges who received a sentence reduction also
incarcerated more often in past cases. These judges have lower incarceration rates immediately af-
ter the appeal decisions relative to their past incarceration rate. However, compared to trial judges
who received no reversal, judges who received a sentence reduction continue to have higher incar-
ceration rates post appeal decision. These patterns suggest strong selection into decision reversals.

38In Section 4.3 below, we provide evidence on asymmetric effects of sentence increases and sentence reductions
based on the multivariate IV model (3). We also attempted to estimate extended versions of this model with remand and
overturn as additional treatments. However, we lacked the precision to draw meaningful conclusions about the relative
impacts of sentence overturning compared to sentence increases or reductions stemming from sentencing adjustments.
These results are available upon request.
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Figure 4: IV Estimates of the Asymmetric Effects of Sentence Reduction and Sentence Increase.
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Note: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed
and processed for hearing in an appeals court between 2005 and 2019, in which we observe the trial judge handling at least one new trial case post
appeal decision [N=11,602]. The number of cases handled by each trial court judge are indexed along the horizontal axis. Positive values indicate
cases handled strictly after the appeal decision was filed, while negative values indicate cases handled before the appeal. The blue dots show the
IV estimates corresponding to the treatment effect of receiving a sentence reduction. The red dots show the treatment effect of receiving a sentence
increase as compared to the base treatment of no reversal based on the IV model (3) with two endogenous treatment variables. All estimations
include controls for court x court entry year fixed effects. The vertical bars show 90% confidence intervals.

Trial judges who received a sentence increase had a similar incarceration rate prior to the appeal
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compared to judges with no reversals, a higher incarceration rate immediately after the appeal
decision, and no differences in their incarceration rate in future cases.

5 Mechanisms

One explanation for why judges respond to reversals is learning—reversals inform judges about the
appeals court’s view on sentencing. For instance, after receiving a sentence increase, a judge might
update her belief about the appeals court’s stringency and incarcerate more in the future, perhaps
to avoid future reversals. In this section, we consider several tests of this learning hypothesis based
on a Bayesian learning model.

5.1 Model of Judicial Learning

Consider a trial judge who seeks to learn about the appeals court’s level of stringency to avoid re-
versals of her decisions. In particular, let K ∈ [0,1] denote the appeals court’s average incarceration
rate. Assume the judge has a prior belief K ∼ Beta(a0,b0) with precision n0 = a0 + b0.39 The
judge receives signals about K through randomly assigned appeal panels reviewing her past cases.
In each period t ∈ {1,2, ...,τ}, she receives a signal Wt = Bt/nt with Bt ∼ Binominal (nt ,K) and
precision nt ∈N known to the judge.40 A higher value of the signal corresponds to a more stringent
appeal panel. We assume that the judge’s incarceration rate is given by

Y τ (w1, ...,wτ) = (1−λ )ρ +λE [K |W1 = w1, ...,Wτ = wτ ] ,

where λ represents the trial judge’s reversal aversion—how much the judge cares about being in
line with the appeals court. The parameter ρ ∈ [0,1] represents the judge’s incarceration rate absent
reversal aversion, i.e., a measure of the judge’s “judicial ideology”. By standard Bayesian updating,
the judge’s posterior mean belief is

E [K |W1 = w1, ...,Wτ = wτ ] =
a0 +∑

τ
t=1 ntwt

n0 +∑
τ
t=1 nt

.

Signals affect judicial decisions by influencing judges’ posterior mean beliefs about the strin-
gency of the appeals court. From the above, we can derive that the effect of receiving a high-valued

39When the prior belief K is beta distributed, the parameter n0 can be interpreted as a measure of precision of the
prior since Var(K) is strictly decreasing in n0 given E (K). Note that since K is bounded between 0 and 1, we let the
prior be beta distributed rather than normally distributed. All our predictions, however, are robust to assuming normally
distributed priors and signals.

40The binomial distribution is assumed to get a closed-form solution for the posterior mean. When Bt is binomially
distributed, the parameter nt can be interpreted as a measure of signal precision since Var(Wt) is strictly decreasing in
nt given K.
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signal w′1 > w1—a more stringent appeal panel—in period 1 on the trial judge’s incarceration rate
in period τ is given by

β
τ ≡ Y τ

(
w′1, ...,wτ

)
−Y τ (w1, ...,wτ) =

λn1 (w′1−w1)

n0 +∑
τ
t=1 nt

,

where Y τ (w′1, .) and Y τ (w1, .) are the trial judge’s potential incarceration rates under randomly
assigned signals w′1 and w1, and β τ captures the causal effect of receiving signal w′1 compared to
receiving signal w1. Using this equation, we can derive a series of comparative statics that we can
use to test for judicial learning.

Proposition 1. The causal effect β τ is

Prediction (a). Decreasing in time τ .

Prediction (b). Decreasing in the precision of the prior n0.

Prediction (c). Increasing in the precision of the signal n1.

Prediction (d). Increasing in the reversal aversion λ .

We discuss and test these predictions in the following section.

5.2 Testing for Judicial Learning

Decay. Evidence consistent with prediction (a) was presented in Section 4.1, where we observed
that trial judges responded immediately to decision reversals and with a decay in responses over
time. The intuition behind this decay is that as judges receive additional signals—through new
appeals or decision reversals—the weight they put on the initial signal declines. Indeed, the fact
that incarceration rates converge over time and that there remain no long-term impacts is consistent
with learning effects. In particular, consider the two judges, A and B, in Table 4 holding identical
priors with mean Y 0 = a0

a0+b0
. In period 1, judge A is assigned a lenient appeal panel corresponding

to a signal w1 = K− δ whereas judge B is assigned a stringent appeal panel corresponding to a
signal w1 = K + δ . If priors and signals have equal precision and reversal aversion is maximal
(λ = 1), then the incarceration rates in period 1 are

(
Y 0 +K−δ

)
/2 and

(
Y 0 +K +δ

)
/2, respec-

tively, differing by δ . In period 2, however, both judges, in expectation, receive signals equal to
the average appeals court stringency, E [w2] = K. The expected period 2 incarceration rates of(
Y 0 +2K−δ

)
/3 and

(
Y 0 +2K +δ

)
/3 differ only by 2

3δ . As the judges receive further signals,
incarceration rates will converge even more.
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Table 4: Illustration of Learning Dynamics with Three Periods.

Period 0 Prior(
a0

a0+b0

) Randomly

Assigned Appeal

panel

Period 1 Signal

(w1)

Period 1

Incarceration

Rate (y1)

Expected Period

2 Signal (E [w2])

Expected Period

2 Incarceration

Rate (E [y2])

Judge A Y 0 Mild K−δ
Y 0+K−δ

2 R Y 0+2K−δ

3
Judge B Y 0 Stringent K +δ

Y 0+K+δ

2 R Y 0+2K+δ

3

Note: In this table, we assume that the priors and signals have equal precision, n0 = n1 = n2, and that judges care maximally about reversals, λ = 1.

Imprecise Priors. In order to test prediction (b), we consider two proxies for the precision of
the judge’s prior. First, more experienced judges are likely to be better informed about the appeals
court’s stringency. Second, judges might have more precise priors about the appeals court’s position
in types of cases with more frequent appeal hearings. We thus expect reversals to have a smaller
impact if the judge is (a) experienced or (b) likely to have seen the appeals court deciding a similar
case in the past. Our approach to testing for heterogeneous responses uses an extended version of
the IV model (2). We first construct dummy variables that split the sample of cases in mutually
exclusive groups based on pre-trial judge experience and then interact both the treatment variable
and the instrument with these dummies. Similar interacted IV models are used in all heterogeneity
analyses that are reported below.

In Panel A of Table 5, we show the estimated effect of reversals on judges with years of experi-
ence less than five, between six and ten, between 11 and 15, and above 15, respectively. Consistent
with learning, we estimate large responses among judges with less than five years of experience
and largely absent or muted responses among the more experienced judges. Furthermore, we can
reject equality of the coefficients across judges with less than five years of experience and judges
with more than five years of experience. In Panel B of Table 5, we show heterogeneous effects
depending on the reversal case’s propensity of appeal hearing.41 We estimate a large and statisti-
cally significant effect for cases with a below median propensity of appeal hearing and a smaller
and statistically insignificant effect for cases with an above median likelihood of appeal hearing.
This evidence is consistent with judges learning more from reversals if they have less prior knowl-
edge about the appeals court’s position in the case.42 To complement this result, in Panel C of

41To predict each case’s propensity of appeal hearing, we used the sample of non-confession trial cases and estimated
a logistic regression between an indicator for whether a case was accepted for appeal hearing and all available pre-trial
case, defendant, and trial judge characteristics listed in the Appendix Table B1. These characteristics have an adjusted
R2 of 0.205.

42In an alternative analysis, we used the estimated propensity score in an inverse probability weighted regression
to construct estimates of how judges are expected to respond to decision reversals in randomly selected trial cases.
Consistent with the results in Panel B of Table 5, we estimated responses that are an order of magnitude higher based
on the weighted regression (available upon request). This estimate can be conceptualized as the response to decision
reversal following a random audit, in contrast to the response to reversal following a selective appeal. See Shavell
(1995, 2006) for comparisons of random audits and the appeals process.
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Table 5: Heterogeneous Effects – Testing for Judicial Learning.

Outcome: Incarceration Rate in the Ten Cases Handled After the Appeals Court’s Decision

A. Judge’s Past Judicial Experience

0-5 Years 6-10 Years 11-15 Years > 15 Years

(1) (2) (3) (4)

Sentence Increase 0.435*** 0.219* 0.078 0.009

(0.147) (0.115) (0.108) (0.088)

Test of Coeff. Equality [p-value] 6.57 [0.010] 6.49 [0.010] 6.58 [0.010]

Dependent Mean .526 .548 .563 .557

Number of Cases 4,014 3,104 2,112 2,339

B. Appeal Hearing Propensity C. Appellant Identity

Low High Prosecutor

Appealed

Defendant

Appealed

(1) (2) (1) (2)

Sentence Increase 0.196*** 0.085 0.408*** 0.088

(0.065) (0.113) (0.132) (0.098)

Test of Coeff. Equality [p-value] 0.86 [0.353] 3.88 [0.049]

Dependent Mean .538 .552 .535 .549

Number of Cases 5,858 5,744 3,214 8,388

D. Type of Appeal E. Judge’s Past Stringency

Sentencing

Decision

Other

Appeals

Moderate Deviant

(1) (2) (1) (2)

Sentence Increase 0.538** 0.044 0.232*** 0.069

(0.238) (0.084) (0.088) (0.068)

Test of Coeff. Equality [p-value] 3.93 [0.048] 2.91 [0.088]

Dependent Mean .541 .548 .543 .547

Number of Cases 5,140 6,462 5,803 5,799

Controls:

Court x Case Year FEs � � � �
Defendant Xs � � � �
Trial Court Case Xs � � � �
Trial Court Judge Past Xs � � � �

Note: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed
and processed for hearing in an appeals court between 2005 and 2019, in which we observe the trial judge handling at least one new trial case post
appeal decision [N=11,602]. The table shows estimates based on an IV model with the multivalued reversal treatment in (1), defined as 1 if following
an appeal decision the trial sentence was increased, as -1 if there was a sentence reduction, and otherwise equal to 0 if there was no reversal of trial
judge’s decision. To assess heterogeneous impacts by different values of each pre-determined characteristic, an extended version of this IV model
was estimated, where dummy variables that split the sample of cases in mutually exclusive groups by different values of each characteristic were
interacted with both the treatment variable and the instrument. The tests for coefficient equality in Panel A test whether the coefficients in Columns
(2)-(4) are equal to the coefficient in Column (1). All estimations include controls for court x court entry year fixed effects, besides the defendant,
case, and trial judge pre-trial characteristics listed in Table 1. *p<0.1, **p<0.05, ***p<0.01.

Table 5, we present heterogeneous effects based on whether the prosecutor appeals the case—most
appeals are filed by defendants only, making trial judges less informed about the appeals court’s
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view in cases appealed by prosecutors.43 Our estimates indicate that the judge responses are driven
by appeal cases in which the prosecutor is either the sole appellant or both the prosecutor and the
defendant appealed.44

Signal Precision. In order to test prediction (c), we exploit the fact that some types of appeals
are more informative about the appeals courts’ stringency than others. The two most common
appeals are comprehensive appeals—essentially appeals that involve a new trial before the appeals
court—and appeals that focus specifically on the trial judge’s sentencing decision.45 The trial
judge can not automatically infer from a sentence increase in a comprehensive appeal that she
was too lenient—new evidence could have been presented during the appeal hearing. Appeals
focusing specifically on sentencing, however, do not involve the production of new evidence and
thus give the judge much more precise signals about whether her decision was too lenient or too
stringent as viewed by the appeal panel. In Table 5, Panel D, Columns (1)-(2), we report the
results from our heterogeneity analysis by whether the appeal focus specifically on the sentencing
decision. Consistent with prediction (c), we estimate large responses for appeals related explicitly
to sentencing, and small, if any, responses to decision reversals for other types of appeals. Indeed,
we can reject the equality of coefficients at conventional levels.

Reversal Aversion. Testing prediction (d) is harder, as we do not directly observe the judges’
aversion to reversals. To generate a testable implication, note that judges with low λ—low aversion
to reversals—have observed stringency closer to their preferred stringency ρ . If the distribution of ρ

across judges is independent of λ , judges with low λ would thus be overrepresented among deviant

judges—judges with very high or very low observed stringencies. Prediction (d) then implies that
the effect of reversals should be smaller for deviant judges than for moderate judges. We test
this implication in Panel E of Table 5, defining a judge as deviant if her stringency in past cases
is above the 75th percentile or below the 25th percentile and moderate otherwise. Consistent with
prediction (d), we estimate large and statistically significant effects of reversals for moderate judges
and much smaller and statistically insignificant effects for deviant judges. However, we reject the
null hypothesis of coefficient equality only at the 10 percent level.

43In our sample of appeal hearings, we calculate that 72% of appeals are filed solely by defendants, while 10% of
appeals are filed only by the prosecutor and the remaining 18% are filed by both the defendant and the prosecutor.

44An alternative explanation, however, could be that trial judges simply pay more attention to appeals filed by
prosecutors.

45In our sample of appeal hearings, around 55% of appeals were registered as comprehensive appeals, one-third re-
lated to the sentencing decision, and the remaining related to either the application of law or mistakes in the procedural
steps followed.
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5.3 Testing for Overreaction

While the results presented so far are qualitatively consistent with learning, the estimated effects of
reversals seem too large to be explained by Bayesian updating solely. The point estimate 0.458 on
the first case in Column (1) of Table 3, Panel A, implies that the incarceration rate of a judge differs
by 0.916 percentage points depending on whether she receives a sentence increase or a sentence
decrease. In other words, judges receiving a sentence increase (decrease) incarcerate with almost
probability one (zero) in the next case.

To derive a formal test of overreaction, define the causal effect of a reversal after having seen q

previous signals (past decision reversals) on the next case decided by the judge as

β̃
q ≡ Y q+1 (w1,w2, ...,wq,w

)
−Y q+1 (w1,w2, ...,wq,w

)
where w and w are the signal values corresponding to a sentence increase and a sentence decrease,
respectively. Assuming that signals have equal precision ni = n, this effect is bounded above by
β̃ q = an(w̄−w)

n0+(q+1)n ≤
1

q+1 . Thus, with constant signal precision, an effect of 0.916 is only possible for
the very first reversal experienced by the judge.46 The intuition is that while an imprecise prior and
a precise signal can generate a large response, a precise signal will lead to a precise posterior and,
thus, a much lower effect of subsequent signals.

Using this upper bound, we can test for overreaction by formally testing whether the effect of
a sentence increase on the next case decided is above 1

2(q+1) for judges having experienced q or
more previous reversals, for different values of q. We divide the upper bound by two since moving
from a sentence decrease to a sentence increase corresponds to an increase of two in the treatment
variable Ti in equation (2). In Table 6, we implement this test for judges having experienced at least
one, five, and ten past decision reversals, respectively. We test whether β > 1

2(q+1) against the null
hypothesis that β = 1

2(q+1) , using a one-sided t-test. The estimated effect of a sentence increase for
judges having experienced at least one past reversal in Column (2) is much larger than the upper
bound of 1

2(q+1) = 0.25. We can not, however, reject the null hypothesis of the coefficient being
equal to this upper bound. In Columns (3) and (4), we consider judges who has experienced at
least five and at least ten past decision reversals, respectively. Here, the upper bounds are much
tighter— 1

12 and 1
22—and we can reject that the true coefficients are below these upper bounds at the

one percent and the ten percent levels, respectively. Thus, within the framework of our Bayesian
learning model, we can conclude that judges overreact compared to Bayes’ rule.47

46If signals are allowed to have different precision, one could generate large effects for q > 1 by exponentially
increasing the signal precision. We do not, however, see a reason why the precision of signals received through
reversals should increase with time—especially not at an exponential rate.

47One could slacken the upper bounds if one allows the stringency of the appeals court to change over time—making
past signals less valuable—or if one admits that the complier cases contributing to our IV estimates are especially
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Similar evidence on overreaction to new information has recently been documented elsewhere
(Bordalo et al. , 2020; Afrouzi et al. , 2020) and might be driven by, for instance, selective or
limited memory (Bordalo et al. , 2018).48 If judges overreact to reversals, this could have adverse
consequences for the speed of learning, fairness, and the predictability of judicial decisions. With-
out being able to measure the judges’ priors and posteriors and the signal precision, however, we
can not rigorously assess the extent and consequences of deviations from Bayes’ rule.

Table 6: Past Decision Reversals – Testing for Overreaction.

Baseline By Number of Past Decision Reversals (q):

q≥ 1 q≥ 5 q≥ 10

(1) (2) (3) (4)

Outcome: Incarceration Decision in the First Case After the Appeals Court’s Decision

Sentence Increase 0.475*** 0.487*** 0.405*** 0.297**

(0.170) (0.184) (0.118) (0.147)

Test H0 : β = 1
2(q+1) 1.66 7.43 2.94

[p-value] [0.198] [0.006] [0.086]

Dependent Mean .548 .550 .565 .581

Number of Cases 11,602 10,689 6,765 3,619

Controls:

Court x Case Year FEs � � � �
Defendant Xs � � � �
Trial Court Case Xs � � � �
Trial Court Judge Past Xs � � � �

Note: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed
and processed for hearing in an appeals court between 2005 and 2019, in which we observe the trial judge handling at least one new trial case post
appeal decision [N=11,602]. The table shows estimates based on an IV model with the multivalued reversal treatment in (1), defined as 1 if following
an appeal decision the trial sentence was increased, as -1 if there was a sentence reduction, and otherwise equal to 0 if there was no reversal of trial
judge’s decision. In Columns (2)-(4), separate estimations are performed depending on the number of past decision reversals faced by the trial judge.
All estimations include controls for court x court entry year fixed effects, besides the defendant, case, and trial judge pre-trial characteristics listed
in Table 1. *p<0.1, **p<0.05, ***p<0.01.

5.4 Testing for Social Learning

The evidence in Section 4 suggests that trial judges respond to reversals of their past decisions by
changing their decision-making in the future cases they handle in the direction of the reversal. We
now ask whether there are spillover effects on the judicial peers of a trial judge facing a reversal. In
order to test for such spillovers across judicial peers, we used detailed information on the trial court
division and the date of trial case decision for each ‘focal’ trial judge facing an appeal decision.

precise signals. We believe, however, that these modifications are unlikely to reconcile the large point estimates with
Bayes’ rule.

48While most lab experiments measuring deviations from Bayes rule have found that people under-infer from signals
compared to Bayes, several studies have found that people tend to under-use prior information—base-rate neglect
(Benjamin, 2019). In our setting, base-rate neglect would imply that judges overreact to new information.
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Using this information, we were able to link each focal trial judge to judicial peers, defined as all
judges working in the same trial court division and who were active when the focal trial judge made
the trial decision. On average, we were able to link each focal trial judge to around ten trial judge
peers. We could follow these peers across their future 10 cases after the date of reversal decision
in the focal trial judge’s case. Replacing the outcome in (3) with each judicial peer’s incarceration
rate across his or her future cases, we can thus investigate spillover effects of reversals faced by the
focal trial judge on judicial peers.49

Table 7: Spillover Effects – Testing for Social Learning.

All Judicial Peers By Judicial Peers’ Past Judicial Experience:

0-5 Years > 5 Years

(1) (2) (3)

Outcome: Judicial Peer’s Incarceration Decision in the First Case After the appeals court’s Decision

Sentence Increase 0.008 0.048 -0.049

(0.060) (0.067) (0.087)

Dependent Mean .533 .534 .533

Number of Cases 99,313 53,559 45,754

Outcome: Judicial Peer’s Incarceration Rate in the 10 Cases After the appeals court’s Decision

Sentence Increase -0.042 -0.050 -0.032

(0.029) (0.035) (0.039)

Dependent Mean .550 .545 .555

Number of Cases 99,313 53,559 45,754

Controls:

Court x Case Year FEs � � �
Defendant Xs � � �
Trial Court Case Xs � � �
Trial Court Judge Past Xs � � �
Trial Court Judicial Peer Past Xs � � �

Note: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed
and processed for hearing in an appeals court between 2005 and 2019, in which we could link the focal trial judge facing an appeal to judicial peers
handling up to 10 cases post appeal decision [N=99,313]. The table shows estimates from an IV model with the multivalued reversal treatment in
(1). The multivalued treatment is defined as 1 if following an appeal decision the trial sentence was increased, as -1 if there was a sentence reduction,
and otherwise equal to 0 if there was no reversal of the trial judge’s decision. All estimations include controls for court x court entry year fixed
effects, besides the defendant, case, and trial judge pre-trial characteristics listed in Table 1, besides additional controls for judicial peer’s years of
experience and an indicator for peer judge type (deputy or regular). *p<0.1, **p<0.05, ***p<0.01.

Table 7 reports the results from our spillover analysis. In Column (1), we report estimates for
all judicial peers. We can not reject the null hypothesis of no change in judicial peers’ incarceration

49As discussed in Section 2.1, all trial cases in our sample are heard by a panel of one professional trial judge and two
lay judges. Thus, the ‘focal’ trial judge and his or her judicial peers could not have decided the same trial case and faced
the same appeal, which would have lead us to confound spillover and direct effects of decision reversals. Moreover, to
avoid any such direct effect from decision reversals on judicial peers, we also dropped cases handled by judicial peers
involving the same defendant as in the initial trial case handled by the ‘focal’ trial judge when constructing the judicial
peers’ future incarceration rates.
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rate as a response to the focal trial judge receiving a sentence increase, and the point estimates
are close to zero, indicating that there are no spillovers in decision-making across judicial peers
from reversals. In Columns (2)-(3), we further split judicial peers by their past judicial tenure to
investigate whether less versus more experienced judicial peers respond to a focal judge’s decision
reversal. In this analysis, we estimate an extended version of (2) with treatment and instrument
interacted with dummies for judicial peers’ having past judicial tenure above or below five years,
respectively. We again find no evidence of spillovers in decision-making across judicial peers from
reversals. One explanation of these results could be that trial judges make judicial decisions in
relative isolation from their peers. The absence of ‘social learning’ in courts could be a possible
explanation for the widespread dispersion in judges’ decision-making.

6 Discussion

Many public officials are highly autonomous and shielded from formal incentives. Do these agents
still respond to feedback from their superiors? Using a novel dataset linking trial court decisions
to appeal outcomes and random assignment of criminal cases across the first two stages of the
Norwegian court system, we provide evidence that judges—perhaps the most independent public
officials—respond strongly to reversals of their past decisions. This evidence suggests that agency
problems in the public sector are less severe than predicted by standard principal-agent theory
and that public officials are driven by motivations beyond formal incentives such as reputational
concerns or intrinsic motivation. In our view, the fact that even highly autonomous public officials
respond strongly to feedback from superiors should allay fears about unconstrained public officials.
Responses to feedback likely reduce disparities between decision-makers and ensure that public
officials follow regulations and guidelines in general. In the case of judges, we expect responses
to reversals to increase the adherence to laws and precedents, streamline the interpretation of law
across judges, and reduce legal uncertainty. In particular, judges’ aversion to reversals—which we
find strong evidence in favor of—should motivate judges to follow superior court decisions more
generally. Our evidence thus supports the widespread belief that the appeals system induces judges
to follow precedents set by superior courts.

The welfare implications are not entirely clear-cut, however. On the one hand, reversals are
typically thought to indicate errors or biases of trial judges (e.g., Posner, 2000, Alesina & Ferrara,
2014), in which case reversal aversion should reduce the extent of errors and biases. Reversals
could, however, also be due to errors or biases among appeal panels, and responses to feedback
could cause trial judges to “learn” such biases. While our results indicate that trial judges learn
about the average stringency of the appeal’s court, this level of stringency may not necessarily be
socially optimal. Moreover, if judges overreact to reversals compared to Bayes’ rule, feedback
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effects could increase rather than decrease volatility in judicial decisions and legal uncertainty, at
least in the short run. While our results are consistent with a model of Bayesian learning in judicial
decision-making—which should lead judges to converge to the same beliefs in the long run—the
speed and extent of this convergence is, unfortunately, difficult to estimate without making strong
assumptions. First, the effect of reversals for the complier cases in our IV strategy is likely different
from the effect of an average reversal. Second, a large response to a reversal could either be
explained by the judge’s prior belief being imprecise or by the reversal being a precise signal. The
two explanations have opposing implications for convergence and are hard to disentangle.

A broader question relates to the efficacy of the appeals system as a whole. For instance,
Shavell (1995, 2006) contrasts the appeals system to a system based on random audits of trial court
decisions. Our research design focuses on estimating the learning effects of receiving a reversal.
The mere threat of a reversal—inherent in an appeals system—could also affect judicial decisions.
As our design does not allow us to quantify the threat effects of reversals, we can not provide
guidance regarding the efficacy of the appeals system more generally.
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A Appendix – Identification of Treatment Effects with Multi-
valued Treatment and Multiple Treatments

We now derive monotonicity conditions that ensure that the IV estimands place non-negative
weights on the unit-specific treatment effects in the multivalued and multiple treatment specifica-
tions, respectively. This generalizes the average monotonicity condition of Frandsen et al. (2019).

A.1 Definitions

Consider a treatment that can take three mutually exclusive and collectively exhaustive values,
Di ∈ {N,H,M}, and an outcome variable Yi.50 The treatments are determined by the random
assignment to an appeal panel Ai ∈ {1, ...,m}. Denote individual i’s potential treatment status as
a function of the appeal panel assigned by Di (a) for a ∈ {1, ...,m}, and the potential outcome by
Yi (k) if Di = k. The treatment effects for case i are then defined by

βi ≡

[
βHi

βMi

]
≡

[
Yi (H)−Yi (N)

Yi (M)−Yi (N)

]

The observed variables are Di = Di (Ai), Yi = Yi (Di) and Ai. We assume the following throughout:

Assumption 1. (Random Assignment and Exclusion). For all a ∈ {0, ...,m}

{Yi (N) ,Yi (M) ,Yi (H) ,Di (a)} ⊥ Ai

A.2 Multivalued Treatment

Define the following multivalued treatment

Ti =


1 if Di = H

0 if Di = N

−1 if Di = M

We define the potential treatment Ti (a) analogously, in terms of Di (a). Denote the expected
level of treatment for appeal panel a by Z (a)≡ E [Ti (a)]. We refer to Z (a) as the stringency of the

50For notational ease, we drop the scripts s and j in the outcome variable Y s
j(i). Otherwise, this setup corresponds to

Section 3.2.2.
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appeal panel. Define the average appeal panel stringency by Z̄ ≡ 1
m ∑

m
a=1 Z (a). Assume Z (a) is a

non-trivial function of a. Define the IV estimand by:

β
IV ≡ Cov(Z (Ai) ,Yi)

Cov(Z (Ai) ,Ti)

Further, define the following two indicators corresponding to each treatment margin

G0i (a) = 1 [Di (a) ∈ {H,N}]

G1i (a) = 1 [Di (a) = H]

Proposition 2. Under Assumption 1

β
IV = E [ω1iβHi−ω0iβMi]

where for k ∈ {0,1}

ωki =
1
m ∑

m
a=1 (Z (a)− Z̄)Gki (a)

Cov(Z (Ai) ,Ti)

Non-negative weights of case-specific treatment effects are thus ensured by the following aver-

age multivalued monotonicity condition.

Corollary 1. (Average Multivalued Monotonicity). The estimand β IV is a weighted average of the

case-specific treatment effects βHi and−βMi. All weights are non-negative iff for all i and k∈ {0,1}

m

∑
a=1

(Z (a)− Z̄)Gki (a)≥ 0

Thus, the IV estimand places non-negative weights on the case-specific treatment effects if and
only if the following two conditions hold for all cases i:

1. appeal panels who would give a harsh reversal in case i are on average not less stringent than
appeal panels who would give no reversal or a mild reversal in case i

2. appeal panels who would give a harsh reversal or no reversal in case i are on average not less
stringent than appeal panels who would give a mild reversal in case i

The average multivalued monotonicity condition extends the average monotonicity condition of
Frandsen et al. (2019) to the case of a multivalued treatment.
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A.2.1 Testing for Average Multivalued Monotonicity

Corollary 1 can not be directly assessed since we only observe Gki (a) for the assigned appeal
panel. Similar to what Frandsen et al. (2019) recommend in the case of average monotonicity,
however, the condition can be tested on subsamples of cases. In particular, if average multivalued
monotonicity holds, we must have

Cov(Z (Ai) ,Gki (Ai))≥ 0

for k ∈ {0,1} and all subsamples of cases. We implement this test by regressing outcome variables
G0i and G1i on the sentencing stringency instrument for different subsamples of cases, and testing
whether the coefficients on the instrument stays non-negative. This test can be seen as a combina-
tion of the test for average monotonicity proposed by Frandsen et al. (2019) and the test proposed
by Angrist & Imbens (1995) in the context of multivalued treatment—assessing the correlation
between the instrument and dummy indicators for each treatment margin.

A.3 Multiple Treatments

Identification under heterogeneous effects with multiple instruments and multiple treatments is
much more demanding.51 We define dummy variables corresponding to treatments k ∈ {H,M} by
Dki ≡ 1 [Di = k] and Dki (a) ≡ 1 [Di (a) = k], and denote the propensity to assign treatment k by
appeal panel a with pk (a)≡ E [Dki (a)]. We assume the propensities pk (a) are non-trivial functions
of a. Define the IV estimand by:

β
IV ≡

[
β IV

H

β IV
M

]
≡ Cov(p(Ai) ,Di)

−1 Cov(p(Ai) ,Yi)

where Di ≡

[
DHi

DMi

]
and p(a)≡

[
pH (a)

pM (a)

]

Identification Results

Let a be a randomly drawn appeal panel.

Proposition 3. Under Assumption 1
51This problem has been considered by Mountjoy (2019) and Galindo (2020), both relying on “partial monotonicity”

assumptions. Similar assumptions are used when treatment is binary (Mogstad et al. , 2019; Goff, 2020). Partial
monotonicity requires that if appeal panel A has a higher tendency to increase sentences than appeal panel B—and
they have the same tendency to decrease sentences—panel A must increase the sentence in all cases where panel B
increases the sentence. We view this assumption as too strong in our setting, and prefer to rely on a weaker “average
partial monotonicity” assumption, applicable in random judge designs.
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β
IV = E [ωiβi]

where

ωi ≡ Var(p(Ai))
−1 Cov(p(Ai) ,Di (Ai) | i)

This immediately leads to the following corollary (the result for coefficient β IV
M is analog).

Corollary 2. The IV estimand β IV
H is a weighted sum of βHi and βMi where the weights on the first

sum to one and the weights on the latter sum to zero.

Note that the formula determining the weights in Proposition 3 is the same as the formula for a
hypothetical regression of the potential treatments for individual i on the appeal panel propensities
to assign treatments 1 and 2. Thus, the weights in the IV estimand would have the same sign
as the partial correlations between the potential treatments and the appeal panel propensities.We
are interested in knowing under which conditions will (i) all the weights on βHi be non-negative
and (ii) all the weights on βMi be zero. In the case with a single appeal panel instrument and one
treatment variable, Frandsen et al. (2019) show that the IV weights are non-negative if and only if
the following average monotonicity condition holds:

Assumption 2. (Average Monotonicity). For all i the correlation between p1 (Ai) and D1i (Ai) is

non-negative.

In the case with two instruments and two treatment variables we instead rely on the following
condition:

Assumption 3. (Average Partial Monotonicity). For all i the partial correlation between p1 (Ai)

and D1i (Ai) given p2 (Ai) is non-negative.

Intuitively, this condition implies that, controlling for the appeal panel’s propensity to assign
treatment 2, there is a positive correlation between the appeal panel’s propensity to assign treat-
ment 1 and (potential) treatment 1 for each individual. If there is no correlation between the two
instruments (Cov(p1 (Ai) , p2 (Ai)) = 0), Assumption 3 coincides with the average monotonicity
condition.52

Corollary 3. All weights on βHi are non-negative if and only if Assumption 3 holds.

In order to make sure that all the weights on βMi are zero we need the following much stronger
condition.

52Note that the average partial monotonicity allows monotonicity to be violated across some pairs, as long as mono-
tonicity is satisfied for enough pairs so that overall partial correlation stays nonnegative.
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Assumption 4. (No Partial Cross-Correlation). For all i, the partial correlation between p1 (Ai)

and D2i (Ai) given p2 (Ai) is zero.

Intuitively, this implies that, controlling for the appeal panel’s propensity to assign treatment 2,
instrument 1 can not on average push an individual into or out of treatment 2. If this condition does
not hold, and if the individuals who are pushed into treatment 2 by instrument 1 have on average
different treatment effects from treatment 2 than those pushed out of treatment 2, then this will
contaminate the coefficient on treatment 1.

Corollary 4. All weights on βMi are zero if and only if Assumption 4 holds.

A.4 Proofs

Proof. (Proposition 2). First, note that

Cov(Z (Ai) ,Yi)

= E [(Z (Ai)−E [Z (Ai)])Yi]

= E [E [(Z (Ai)−E [Z (Ai)])Yi | Ai]]

= E [(Z (Ai)−E [Z (Ai)])E [Yi | Ai]]

= E [(Z (Ai)−E [Z (Ai)])(Yi (M)+βHiG1i (Ai)−βMiG0i (Ai))]

= E [(Z (Ai)−E [Z (Ai)])(βHiG1i (Ai)−βMiG0i (Ai))]

where the third equality uses the law of iterated expectations and the fifth equality uses Assumption
1. Thus

β
IV = E [ω1iβHi−ω0iβMi]

where

ωki =
1
m ∑

m
a=1 (Z (a)− Z̄)Gki (a)

Cov(Z (Ai) ,Ti)

for k ∈ {0,1}.

Proof. (Corollary 1). This follows immediately from Proposition 2, noting that Cov(Z (Ai) ,Ti) >

0.
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Proof. (Proposition 3). First, note that for l,k ∈ {H,M}

Cov(pl (Ai) ,Dki)

= E [(pl (Ai)−E [pl (Ai)])Dki]

= E [(pl (Ai)−E [pl (Ai)]) pk (Ai)]

= Cov(pl (Ai) , pk (Ai))

Thus
β

IV = Cov(p(Ai) ,p(Ai))
−1 Cov(p(Ai) ,Yi) (A1)

Furthermore

Cov(p(Ai) ,Yi)

= E [(p(Ai)−E [p(Ai)])(Yi−E [Yi])]

= E [(p(Ai)−E [p(Ai)])Yi]

= E [E [(p(Ai)−E [p(Ai)])Yi | Ai]]

= E [(p(Ai)−E [p(Ai)])E [Yi | Ai]]

= E [(p(Ai)−E [p(Ai)])(Yi (0)+Di (Ai)βi)]

= E [(p(Ai)−E [p(Ai)])Di (Ai)βi]

= E [Cov(p(Ai) ,Di (Ai) | i)βi]

where the third equality uses the law of iterated expectations and the fifth equality uses random
assignment and exclusion. The result is obtained by inserting into (A1).

Proof. (Corollary 2). Note that for l,k ∈ {1,2}

E [Cov(pl (Ai) ,Dki (Ai) | i)]

= Cov(pl (Ai) ,Dki (Ai))−Cov(E [pl (Ai) | i] ,E [Dki (Ai) | i])

= Cov(pl (Ai) ,Dki (Ai))

= Cov(pl (Ai) , pk (Ai))

where the first equality uses the law of total covariance. Thus
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E [ωi] = Var(p(Ai))
−1 Cov(p(Ai) ,p(Ai)) =

[
1 0
0 1

]

Proof. (Corollary 3 and Corollary 4). These results follow immediately from Proposition 3.
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B Appendix – Additional Results

Table B1: Summary Statistics and Correlates of Appeals.

Summary Statistics: Appeal Outcome:

Covariate Means Appealed Appeal Hearing

(1) (2) (3) (4) (5) (6)

Appeal

Hearings

Trial

Cases

Coefficient

Estimate

Standard

Error

Coefficient

Estimate

Standard

Error

Defendant Demographics:

Age 34.87 33.25 0.002*** (0.000) 0.001*** (0.000)

Female 0.090 0.111 -0.007*** (0.002) -0.000 (0.001)

Foreign Born 0.229 0.179 0.008*** (0.002) 0.004*** (0.001)

Married, Year t-1 0.138 0.101 0.032*** (0.005) 0.034*** (0.004)

Number of Children, Year t-1 0.757 0.696 0.003* (0.001) -0.000 (0.001)

High School Degree, Year t-1 0.185 0.171 0.002 (0.004) -0.000 (0.003)

Some College, Year t-1 0.079 0.052 0.038*** (0.006) 0.027*** (0.005)

Missing Xs 0.182 0.129 0.385*** (0.067) 0.246*** (0.054)

Defendant Past Work and Crime:

Employed, Year t-1 0.317 0.298 0.004 (0.004) 0.012*** (0.003)

Ever Employed, Years t-2 to t-5 0.414 0.410 0.002 (0.004) -0.003 (0.003)

Charged, Year t-1 0.317 0.404 -0.023*** (0.003) -0.015*** (0.003)

Ever Charged, Years t-2 to t-5 0.454 0.567 -0.037*** (0.003) -0.037*** (0.003)

Incarcerated, Year t-1 0.108 0.121 -0.007 (0.005) -0.004 (0.004)

Ever Incarcerated, Years t-2 to t-5 0.223 0.249 -0.010*** (0.004) -0.007** (0.003)

Type of Crime:

Violent Crime 0.401 0.292 0.082*** (0.004) 0.068*** (0.003)

Property Crime 0.063 0.143 -0.054*** (0.005) -0.036*** (0.004)

Economic Crime 0.091 0.099 0.029*** (0.005) 0.041*** (0.004)

Drug-Related Crime 0.220 0.180 -0.008* (0.004) 0.044** (0.003)

Trial Case Decision (Pre-Appeal):

Prison Sentence (Binary) 0.782 0.514 0.251*** (0.003) 0.104*** (0.003)

Prison Sentence (in 100 Days) 8.121 3.214 0.006*** (0.000) 0.011*** (0.000)

Trial Judge Past Characteristics (Pre-Appeal):

Judge Stringency 0.446 0.434 0.112*** (0.013) 0.088*** (0.010)

Judge Tenure (in Years) 9.43 8.56 0.001** (0.000) 0.002*** (0.000)

Judge No. of Past Cases Handled 170.8 163.4 0.001 (0.002) 0.000 (0.002)

F-statistic for Joint Test [p-value] 605.7 [.000] 483.0 [.000]

R2-adjusted .180 .205

R2-within .135 .111

Dependent Mean .277 .143

Number of Cases 13,027 91,111 91,111 91,111

Note: The estimation uses a sample of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 [N=113,413],
excluding cases involving drunk driving [N=9,187] and other traffic violations [N=13,115], resulting in an analytical sample of 91,111 trial cases,
among which 13,027 (i.e., 14.3%) were processed for appeal hearing. The appeal outcomes are measured up to the end of 2019 to avoid right-
censoring. All estimations include controls for court x court entry year fixed effects, besides the defendant, case, and trial judge characteristics listed
in Table 1. *p<0.1, **p<0.05, ***p<0.01.
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Table B2: Testing for Random Assignment of Cases in Trial Courts.

Outcome: Trial Court

Judge Stringency

Summary

Statistics

(1) (2) (3)

Coefficient

Estimate

Standard

Error

Covariate Mean

Defendant Demographics:

Age 0.0000 (0.0000) 33.28

Female -0.0004 (0.0004) 0.110

Foreign Born -0.0000 (0.0004) 0.160

Married, Year t-1 -0.0012 (0.0009) 0.101

Number of Children, Year t-1 0.0001 (0.0002) 0.723

High School Degree, Year t-1 0.0012* (0.0007) 0.170

Some College, Year t-1 -0.0004 (0.0007) 0.049

Missing Xs 0.0090 (0.0107) 0.110

Defendant Past Work and Crime:

Employed, Year t-1 -0.0007 (0.0006) 0.313

Ever Employed, Years t-2 to t-5 -0.0003 (0.0006) 0.426

Charged, Year t-1 -0.0007 (0.0006) 0.426

Ever Charged, Years t-2 to t-5 -0.0000 (0.0007) 0.590

Incarcerated, Year t-1 -0.0001 (0.0007) 0.125

Ever Incarcerated, Years t-2 to t-5 0.0010 (0.0010) 0.266

Type of Crime:

Violent Crime 0.0003 (0.0007) 0.302

Property Crime 0.0007 (0.0008) 0.169

Economic Crime 0.0011 (0.0009) 0.123

Drug-Related Crime -0.0004 (0.0009) 0.158

F-statistic for Joint Test 1.10

[p-value] [.349]

Dependent Mean .464

Number of Cases 70,109

Notes: The sample consists of non-confession criminal cases randomly assigned to regular judges in trial courts between 2005 and 2014 [N=70,109].
The estimation includes controls for court x case entry year fixed effects. Reported F-statistic refers to a joint test of the null hypothesis for all
explanatory variables. The omitted categories are “Less than high school, year t-1” for education and “Other crimes” for type of crime. *p<0.1,
**p<0.05, ***p<0.01.
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Table B3: Trial Court Judge’s Sentencing Decisions in Future Cases.

Outcome: Trial Court Judge’s Average Days of Sentence After the appeals court’s Decision

A. By Number of Cases Handled Since the appeals court’s Decision

First Case 1-10 Cases 11-20 Cases

(1) (2) (3) (4) (5) (6)

Sentence Increase 242* 256* 85.8* 87.4* 14.1 16.4

(126) (133) (46.7) (48.9) (43.6) (44.5)

AR Weak IV Test 4.6 4.7 4.2 4.0 0.11 0.15

[p-value] [0.032] [0.030] [0.040] [0.045] [0.738] [0.702]

AR 90% Conf. Set: Lower 58.1 62.1 17.9 16.3 -58 -57

AR 90% Conf. Set: Upper 483 519 175 180 86 92

Dependent Mean 208 208 206

B. By Time Spent Since the appeals court’s Decision

Six Months Year One Year Two

(1) (2) (3) (4) (5) (6)

Sentence Increase 259*** 259*** 80.2 81.9 -62.4 -62.9

(95) (97) (56.5) (59.0) (53.5) (54.9)

AR Weak IV Test 13.7 13.1 2.42 2.33 1.54 1.55

[p-value] [0.000] [0.000] [0.120] [0.127] [0.215] [0.213]

AR 90% Conf. Set: Lower 134 131 -1.9 -3.7 -161 -164

AR 90% Conf. Set: Upper 465 476 191 198 18.6 19.0

Dependent Mean 208 208 206

Controls:

Court x Case Year FEs � � � � � �
Defendant Xs � � �
Trial Court Case Xs � � �
Trial Court Judge Past Xs � � �
Number of Cases 11,602 11,602 9,486

Note: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed
and processed for hearing in an appeals court between 2005 and 2019, in which we observe the trial judge handling at least one new trial case post
appeal decision [N=11,602]. The table shows estimates from an IV model with the multivalued reversal treatment in (1), defined as 1 if following
an appeal decision the trial sentence was increased, as -1 if there was a sentence reduction, and otherwise equal to 0 if there was no reversal of trial
judge’s decision. All estimations include controls for court x court entry year fixed effects. Additional controls for the defendant, case and trial judge
past characteristics are listed in Table 1. *p<0.1, **p<0.05, ***p<0.01.

57



Table B4: The Effects of the Trial Judge’s Past Characteristics on Reversal Outcomes.

Reversal Outcomes: Multivalued Treatment: Binary Treatment: Binary Treatment: Binary Treatment:

Sentence Increased Sentence Increased Sentence Reduced Sentence Increased

– Sentence Reduced + Sentence Reduced

(Sample: Conditional on Appeal Hearing)

(1) (2) (3) (4)

Trial Court Judge Characteristics:

Past Judge Stringency -0.415*** 0.121*** 0.268*** -0.147***

(0.067) (0.044) (0.042) (0.038)

Past Judicial Tenure 0.004*** 0.001 -0.002** 0.003***

(in years) (0.001) (0.001) (0.001) (0.007)

Number of Past Cases Handled -0.005 0.016*** 0.011** 0.006

(in 100s) (0.008) (0.005) (0.005) (0.005)

Dependent Mean -0.092 .587 .340 .248

Number of Cases 13,027 13,027 13,027 13,027

Controls:

Court x Case Year FEs � � � �
Defendant Characteristics � � � �
Type of Crime � � � �
Trial Case Decision (Pre-Appeal) � � � �

Note: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed
and processed for hearing in an appeals court between 2005 and 2019 [N=13,027]. The outcome in Column (1) is the multivalued decision reversal
treatment defined in (1), set equal to 1 if the trial sentence is increased, equal to -1 if the trial sentence is reduced following the appeal, and otherwise
equals 0. The outcome in Column (2) is a binary indicator for decision reversal, equal to 1 if the trial sentence is either increased or reduced
following the appeal, and otherwise equals 0. The outcome in Column (3) is a binary indicator for the trial sentence being reduced, and the outcome
in Column (4) is a binary indicator for the trial sentence being increased following the appeal. All estimations include controls for court x court
entry year fixed effects, besides the defendant and case characteristics listed in Table 1. *p<0.1, **p<0.05, ***p<0.01.
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Table B5: Testing for Average Multivalued Monotonicity.

Treatment Margin:

No Reversal or Sentence Increase Sentence Increase

(DNi +DHi) (DHi)

(1) (2) (3) (4)

A. Overall Estimation Sample

0.392*** 0.394*** 0.441*** 0.439***

(0.111) (0.111) (0.102) (0.102)

Dependent Mean 0.667 0.667 0.249 0.249

Number of Cases 11,602 11,602 11,602 11,602

B. Sub-Samples By Trial Judge Past Stringency

1st tercile 0.030 0.024 0.032 0.020

(0.198) (0.197) (0.186) (0.185)

Dependent Mean 0.670 0.670 0.257 0.257

Number of Cases 3,868 3,868 3,868 3,868

2nd tercile 0.467** 0.468** 0.762** 0.761***

(0.197) (0.197) (0.191) (0.191)

Dependent Mean 0.695 0.695 0.280 0.280

Number of Cases 3,866 3,866 3,866 3,866

3rd tercile 0.729*** 0.736*** 0.712*** 0.703***

(0.204) (0.204) (0.173) (0.173)

Dependent Mean 0.634 0.634 0.212 0.212

Number of Cases 3,866 3,866 3,866 3,866

C. Sub-Samples By Initial Trial Case Type of Crime

Violent Crimes 0.555*** 0.548*** 0.585*** 0.594***

(0.178) (0.178) (0.170) (0.170)

Dependent Mean 0.665 0.665 0.283 0.283

Number of Cases 4,682 4,682 4,682 4,682

Non-Violent Crimes 0.225 0.236 0.352*** 0.344***

(0.147) (0.147) (0.133) (0.132)

Dependent Mean 0.667 0.667 0.229 0.229

Number of Cases 6,920 6,920 6,920 6,920

Controls:

Court x Case Year FEs � � � �
Defendant Xs � � � �
Initial Trial Case Xs � � � �
Trial Judge Past Xs � � � �
Tendency of Reversal (Z−i

Ra(i)) � �

Note: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed
and processed for hearing in an appeals court between 2005 and 2019, in which we observe the trial judge handling at least one new trial case post
appeal decision [N=11,602]. The table shows the coefficient estimates on the appeal panel sentencing stringency (instrument) from OLS regressions
using as outcomes indicators for each treatment margin; No Reversal or Sentence Increase (DNi+DHi) and Sentence Increase (DHi). All estimations
include controls for court x court entry year fixed effects, as well as controls for the defendant, case and trial judge past characteristics listed in Table
1. *p<0.1, **p<0.05, ***p<0.01.
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Table B6: Characterization of Compliers.

Treatment Margin:

No Reversal or Sentence Increase Sentence Increase

(DNi +DHi) (DHi)

Sub-Sample Complier Sub-Sample Complier

Population Complier Relative Complier Relative

Share Share Likelihood Share Likelihood

Pr[Xi = x] Pr[Complier |Xi = x] Pr[Complier |Xi=x]
Pr[Complier] Pr[Complier |Xi = x] Pr[Complier |Xi=x]

Pr[Complier]

(1) (2) (3) (4) (5)

A. Sub-Samples By Trial Judge Stringency

1st tercile 0.33 0.005 0.073 0.000 0.005

2nd tercile 0.33 0.080 1.144 0.131 1.660

3rd tercile 0.33 0.127 1.811 0.124 1.575

B. Sub-Samples By Initial Trial Case Type of Crime

Violent Crimes 0.40 0.101 1.444 0.107 1.354

Non-Violent Crimes 0.60 0.038 0.548 0.060 0.763

Overall Estimation Sample 1 0.070 1 0.079 1

Note: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed
and processed for hearing in an appeals court between 2005 and 2019 [N=13,027]. We split the sample into three mutually exclusive and collectively
exhaustive subgroups based on trial court judge’s past stringency in Panel A and in two groups by type of crime in Panel B. Following Dahl et al.
(2014), we calculate the subgroup proportion of compliers for each treatment margin; No Reversal or Sentence Increase (DNi +DHi) and Sentence
Increase (DHi). For each subgroup, we report the population share (Column 1), the complier shares at each treatment margin (Columns 2 and 4),
and the corresponding complier relative likelihood (Columns 3 and 5), which is the ratio of group-specific complier share to the overall complier
share at each margin.
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Table B7: Robustness – Controls for Defendant, Case and Trial Judge Characteristics.

Controls Additional Controls:

Satisfying Pre-Appeal Pre-Appeal Pre-Appeal Post-Appeal

Randomization Defendant Initial Trial Case Trial Judge Trial Case

Design Characteristics Characteristics Characteristics Composition

(Baseline)

(1) (2) (3) (4) (5)

Outcome: Incarceration Rate in the Ten Cases Handled After the Appeals Court’s Decision

Sentence Increased 0.155*** 0.153*** 0.150*** 0.153** 0.139**

(0.059) (0.059) (0.059) (0.060) (0.057)

Dependent Mean .545 .545 .545 .545 .545

Controls:

Court x Case Year FEs � � � � �
Defendant Xs � � � �
Initial Trial Case Xs � � �
Trial Judge Past Xs � �
Case Composition �
Number of Cases 11,602 11,602 11,602 11,602 11,602

Note: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed
and processed for hearing in an appeals court between 2005 and 2019, in which we observe the trial judge handling at least one new trial case post
appeal decision [N=11,602]. All estimations include controls for court x court entry year fixed effects. For detailed list of defendant characteristics,
pre-appeal trial case type (statutory sentence length and type of crime) and trial judge characteristics used in Panels B-D, see Table 1. Panel E further
adds controls for the composition of trial cases assigned to the judge post-appeal based on the type of crime. *p<0.1, **p<0.05, ***p<0.01.
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Table B8: Robustness – Number of Cases Decided By Appeal Panel Judges.

Sample of Appeal Cases Used to Construct Instruments:

Appeal Judge Appeal Judge Appeal Judge Appeal Judge

Has Handled Has Handled Has Handled Has Handled

≥ 50 Cases ≥ 25 Cases ≥ 75 Cases ≥ 100 Cases

(Baseline)

(1) (2) (3) (4)

Outcome: Incarceration Rate in the Ten Cases Handled After the Appeals Court’s Decision

Sentence Increased 0.153** 0.109** 0.192** 0.145**

(0.060) (0.052) (0.082) (0.063)

Dependent Mean .545 .545 .545 .558

Controls:

Court x Case Year FEs � � � �
Defendant Xs � � � �
Trial Court Case Xs � � � �
Trial Court Judge Past Xs � � � �
Number of Cases 11,602 11,602 11,598 11,586

Note: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed
and processed for hearing in an appeals court between 2005 and 2019, in which we observe the trial judge handling at least one new trial case post
appeal decision [N=11,602]. All estimations include controls for court x court entry year fixed effects, besides the defendant, case, and trial judge
pre-trial characteristics listed in Table 1. *p<0.1, **p<0.05, ***p<0.01.
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Table B10: IV Estimates of the Asymmetric Effects of Sentence Reduction and Sentence Increase.

Outcome: Incarceration Rate in the Ten Cases Handled After the Appeals Court’s Decision

Baseline IV Model With
Multivalued Reversal

Treatment

(Symmetric Effects)

Multivariate IV Model
With Sentence

Reduction and Sentence
Increase Treatments

(Asymmetric Effects)

(1) (2)

Sentence Increased 0.153**

(0.060)

Sentence Reduced -0.074

(0.091)

Sentence Increased 0.221***

(0.076)

Test of Coeff. Equality 5.93

[p-value] [0.02]

Test of Symmetric Effects 1.61

[p-value] [0.205]

Controls:

Court x Case Year FEs � �
Defendant Xs � �
Trial Court Case Xs � �
Trial Court Judge Past Xs � �
Dependent Mean .548 .545

Number of Cases 11,602 11,602

Note: The sample consists of non-confession criminal cases assigned to regular judges in trial courts between 2005 and 2014 that were later appealed
and processed for hearing in an appeals court between 2005 and 2019, in which we observe the trial judge handling at least one new trial case post
appeal decision [N=11,602]. All estimations include controls for court x court entry year fixed effects, besides the defendant, case, and trial judge
pre-trial characteristics listed in Table 1. *p<0.1, **p<0.05, ***p<0.01.
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