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Abstract

We study how immigration judges learn from appeal feedback in a set-
ting with substantial discretion and noisy feedback. Using comprehensive
EOIR and BIA administrative data, we construct high-dimensional prediction
models to proxy judges” expected reversal probabilities and identify surprise
reversals where the appeal outcome sharply deviates from judicial expecta-
tions. Event-study estimates show that surprise reversals increase grant rates
by 1.57 percentage points in the following week, with no evidence of reduced
procedural diligence. An attention-based learning model rationalizes these
dynamics, predicting that only attentive judges update strongly in response
to unexpected feedback. Reduced-form and Marginal Treatment Effect (MTE)
analyses confirm this heterogeneity: attentive judges converge to appellate
standards, while inattentive judges remain threshold-misaligned. Learning
operates through both appeal filing and appeal success, and is stronger in
high-salience defensive cases. Our findings highlight attention as a key chan-
nel through which appeal courts effectively discipline lower-court decision-

making.
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Before an Arrest, Officers Tossed a (Virtual) Coin.
New York Times, July 14, 2018

1 Introduction

High stake judicial decisions are routinely made in environments with uncertainty,
heterogeneous expertise, and noisy or delayed feedback. This is particularly ap-
parent than in the U.S. asylum system, where immigration judges determine life
altering outcomes that ultimately shape humanitarian protection, migration flows,
and the credibility of legal institutions. Asylum judges operate with broad discre-
tion: conditioning on case characteristics, grant rates vary by more than 40 per-
centage points across judges on identical dockets, a level of dispersion rare among
expert decision makers. Despite the high policy stakes, the appeal process does not
provide strong feedback since most decisions judges make cannot easily be cate-
gorized as correct or incorrect absent an extreme ruling (Rachlinski and Wistrich,
2017). In addition, the Board of Immigration Appeals reviews lower court deci-
sions often months after the original ruling, and its opinions vary dramatically
in informativeness. As a result, the institutional environment resembles a low
feedback and high discretion system, precisely the type where cognitive biases,
heuristic decision rules, and non-Bayesian updating tend to present (Rachlinski
and Wistrich, 2017).

This setting raises a question: How can judges improve or calibrate their deci-
sion standards when feedback is delayed and ambiguous? Classic principal agent
theories predict compliance with appeal preferences, yet substantial and persistent
disparities remain. Existing empirical studies document that lower courts some-
times respond to reversals, but the mechanisms remain unclear, and the litera-
ture lacks causal evidence on whether judges actually learn from appeal results
or simply react strategically to sanctions. Immigration courts provide an ideal en-
vironment to address this question because the institutional structure generates
large natural variation in appeal signals, and the consequences of error are salient
enough that true learning, rather than strategic signaling, should matter.

In this paper, we provide novel causal evidence on how immigration judges
update their decision standards in response to reversals, defined as cases denied
in the lower court but granted on appeal. Leveraging comprehensive EOIR pro-



ceeding level data, BIA appellate rulings, lower court judge biographies, and high
dimensional case features, we construct separate random forest prediction mod-
els for both courts. These models achieve 76.7% out-of-sample accuracy for lower
court decisions and 74.8% accuracy for appeal decisions. The appeal prediction
model uses only information available to lower-court judges at the time of ruling,
it serves as a proxy for judges’ internal expectations of appeal success. We use it
to isolate surprise reversals, the cases that the model predicts as affirmed denials
but are instead overturned. These reversals represent appeal outcomes that deliver
highly informative, belief updating signals to judges, allowing us to approximate
the information shocks judges plausibly receive.

We design a weekly event-study framework to examine how judges react to
these surprise reversals. It reveals two main results: First, judges increase grant
rates by 1.57 percentage points in the first week following a surprise reversal, and
this shift persists for several weeks thereafter. Second, judges show no evidence of
reduced diligence: rulings do not become more predictable using predetermined
features before case opening, hearing durations do not shorten, written decisions
do not shrink, and other observable effort margins are unchanged. These patterns
rule out mechanical substitution away from effort and instead point to a shift in
attention to evaluation signals.

To interpret these results, we develop a simple attention based learning model
in which judges selectively attend to feedback and update their granting thresh-
olds after reversals revealing new information about the appeal court standard.
The model predicts a sharp distinction between attentive and inattentive judges:
attentive judges place greater weight on surprise reversals and converge to the
appeal standard, while inattentive judges update weakly and remain “sticky” in
their granting thresholds. This mechanism aligns with theories of cognitive fric-
tions, limited attention, and endogenous information acquisition (Spitzer and Tal-
ley, 2013; Buser, Gerhards and Van Der Weele, 2018).

We then bring the model predictions to the data using both the event study
design and the leave-out judge leniency instrument design (Goldsmith-Pinkham,
Hull and Kolesar, 2025). We classify judges into attentive and inattentive types
based on their behavioral response to surprise reversals and test the model’s im-
plications through reduced-form and marginal treatment effect (MTE) analyses
(Heckman and Vytlacil, 2005; Heckman, Urzua and Vytlacil, 2006). We show that



attentive judges converge to appeal court standards and show near zero marginal
reversal elasticity: marginal shifts in their leniency no longer meaningfully affect
reversal probabilities. Inattentive judges, by contrast, display persistent threshold
misalignment, with a large density of borderline cases whose outcomes remain
highly sensitive to small changes in their personal decision thresholds.

We further decompose reversal rates into the extensive margin (appeal filing
among denied cases) and the intensive margin (appeal grant conditional on ap-
peal). Both margins contribute to the observed learning patterns, consistent with
appellate feedback affecting both litigant behavior and appeal evaluation. Finally,
we provide additional validation by comparing defensive cases, which generate
stronger and more salient signals, to affirmative cases. Defensive cases induce con-
vergence even among inattentive judges, whereas affirmative cases trigger mean-
ingful updating only among attentive judges, reinforcing the centrality of attention
in judicial learning.

Our results demonstrate that appeal feedback influences judicial behavior not
through deterrence or effort substitution, but through selective attention to unex-
pected evaluation signals. Identifying this mechanism fills a critical gap in our un-
derstanding of how lower courts adapt to higher court oversight in low feedback
environments. By distinguishing judges along an empirically validated attention
margin, our framework provides a unifying explanation for the coexistence of per-
sistent cross-judge disparities and systematic post-reversal adjustments.

Contribution to Literature Our study speaks to several literatures in law, eco-
nomics, and political science.

First, we contribute to the literature on judicial responses to appeal court over-
sight. Existing work connects strategic compliance, precedent adherence, and er-
ror correction to the assumption that judges are averse to reversals and internal-
ize the risk of reversals into their ruling (Cameron, Segal and Songer, 2000; Klein
and Hume, 2003; Gennaioli and Shleifer, 2008; Westerland et al., 2010; Boyd, 2015;
Chen, 2023). However, earlier studies lack causal evidence on the relationship be-
tween lower- and higher-court decisions, and few studies systematically examine
the feedback embedded in appeal decisions. The closest study to ours is Bhuller
and Sigstad (2025), who provide compelling causal evidence that criminal judges

in Norway respond to reversals in a way consistent with Bayesian updating un-



der limited or selective memory. We differ in three major aspects: (i) we use ran-
dom forest prediction models to identify surprise reversals, which convey effec-
tive belief-shifting information; (ii) we show that behavioral adjustments occur
without reductions in procedural effort, pointing to attention-based rather than
cost-shifting mechanisms; and (iii) leveraging a much larger sample, we develop a
theoretical framework and provide empirical evidence on heterogeneous learning
across the distribution of judge leniency.

Second, our paper relates to the large body of work on behavioral judicial
decision-making. Recent research documents that judicial decisions are sensitive
to irrelevant contextual factors (Eren and Mocan, 2018; Philippe and Ouss, 2018;
Chen and Philippe, 2023; Heyes and Saberian, 2019), exhibit path dependence ten-
dency (Chen, Moskowitz and Shue, 2016; Bindler and Hjalmarsson, 2019), and
reflect group specific biases (Shayo and Zussman, 2011; Abrams, Bertrand and
Mullainathan, 2012; Arnold, Dobbie and Yang, 2018; Kleinberg et al., 2018). We
show that procedure type, defensive versus affirmative cases, is an additional di-
mension shaping judicial behavior, operating specifically through differences in
attention and responsiveness to feedback. This suggests that the judicial hierar-
chy, although vague and delayed in its feedback, can still correct systematic biases
when judges actively attend to the information it provides.

Third, we contribute to the emerging literature on endogenous information ac-
quisition and selective attention in expert decision-making. A central insight in
this literature is that decision-makers do not absorb all available information. In-
stead, they choose what to attend to based on cognitive costs, perceived benefits,
and the informativeness of signals (Schwartzstein, 2014; Enke and Graeber, 2023;
Bastianello and Imas, 2025). Field evidence shows that individuals update only
when feedback is salient, surprising, or costly to ignore (Hanna, Mullainathan
and Schwartzstein, 2014; Buser, Gerhards and Van Der Weele, 2018), and recent
work highlights how professionals balance information processing costs against
the risks of relying on outdated heuristics (Capozza et al., 2021). We provide rare
causal evidence of attention and learning in a high-stakes institutional environ-
ment with noisy feedback, offering a framework for understanding when and why

professionals learn from noisy evaluative signals.



Structure of the Paper The remainder of the paper is organized as follows: Sec-
tion 2 describes the institutional setting of the U.S. asylum system and the data
used in our analysis. Section 3 outlines the construction and implementation of the
random forest prediction models for lower and appeal court decisions. Section 4
presents the event-study design and estimates the causal impact of surprise rever-
sals on judicial behavior. Section 5 develops the attention-based learning frame-

work and provides empirical tests of its key predictions. Section 6 concludes.

2 Background and Data

In this section, we introduce the institutional background of the U.S. immigration
court system and describe the data for the analysis.

2.1 Background: US Immigration Court

The Executive Office for Immigration Review (EOIR) Under the United States
Refugee Act of 1980, the United States may grant asylum to individuals who face
persecution in their home countries on the basis of “race, religion, nationality,

membership in a particular social group, or political opinion.”

Many asylum
seekers are already residing within the United States when they apply for protec-
tion. If an individual’s application is denied by the U.S. Citizenship and Immigra-
tion Services (USCIS) Asylum Office, or if removal proceedings are initiated, they
may renew their asylum claim before an Immigration Judge within the Executive
Office for Immigration Review (EOIR).> A single judge presides over evidentiary
hearings, determines removability, and adjudicates applications for relief such as
asylum, withholding of removal, or protection under the Convention Against Tor-
ture. Decisions are based on testimony, supporting evidence, and the statutory
framework outlined in the Immigration and Nationality Act (INA).

Within each local Immigration Court’, cases are administratively assigned to

individual judges. EOIR guidance provides that upon filing, “the case is randomly

!GovTrack.us. (2025). S. 643 — 96th Congress: Refugee Act of 1979. Retrieved from https://ww
w.govtrack.us/congress/bills /96 /s643.

2U.S. Department of Justice. Immigration Court Practice Manual. Retrieved from https://www.ju
stice.gov/eoir/reference-materials/ic.

3Also referred to as the lower court hereafter.
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assigned to a specific judge within that court,” with subsequent motions gener-
ally decided by the assigned judges absent unavailability.* In practice, this institu-
tional feature underpins empirical strategies that treat judge leniency as a plausibly
quasi-random shifter of outcomes.” Noticably, each judge manages a high volume
of cases while drafting reasoned written opinions. Internal performance evalua-
tions emphasize both timeliness and quality of adjudication, generating tensions
between throughput and legal precision. These operational constraints are central
to understanding the behavioral environment in which judges make discretionary

judgments.

The Board of Immigration Appeals (BIA) If asylum is denied, the applicant may
appeal to the Board of Immigration Appeals (BIA), which exercises nationwide ap-
pellate jurisdiction.® The appellant must file a notice of appeal directly with the
BIA within the prescribed deadline; appeals may not be filed with the Department
of Homeland Security (DHS) or the Immigration Court. Appeals from the EOIR
Immigration Court to the BIA are typically reviewed and decided by a single BIA
member, though cases raising novel or complex legal issues may be assigned to a
three-member panel.” The BIA reviews factual findings under a clear-error stan-
dard and reviews questions of law, discretion, or judgment de novo.* Given that ini-
tial asylum outcomes hinge on the judgment of a single decision-maker, the appeal
process provides a critical safeguard, offering applicants a structured opportunity
to seek a reversal of an asylum denial. BIA decisions themselves can be reviewed
by the regional U.S. courts of appeals via petitions for review, which serve as an

additional layer of judicial scrutiny.

*Office of the Chief Immigration Judge, OPPM 01-02: Change of Venue (Feb. 15, 2002), p. 1.
Retrieved from https://www.justice.gov/sites/default/files/eoir/legacy/2002/02/15/OPPMO01
-02.pdf.

>TRAC, Asylum Success Still Varies Widely Among Immigration Judges (Nov. 25, 2024), discussing
random assignment and persistent judge-level disparities. Retrieved from https://tracreports.or
g/reports/752/.

®EOIR, Board of Immigration Appeals. Retrieved from https://www.justice.gov/eoir/board-of-
immigration-appeals.

7BIA Practice Manual (Composition of the Board). Retrieved from https://www.justice.gov/eo
ir/reference-materials /bia.

88 C.FR. § 1003.1(d)(3); American Immigration Council, Standards of Review Applied by the BIA
(Apr. 22, 2020). Retrieved from https://www.americanimmigrationcouncil.org/wp-content/uplo
ads/2025/01/standards_of_review_applied_by_the_board_of_immigration_appeals.pdf.
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The incentive structure of EOIR judges The institutional design of EOIR and
the two-tier appellate system creates well-defined incentives. Judges face two op-
posing risks. If they are too strict, denying relief in potentially meritorious cases,
applicants are likely to appeal successfully. Reversals by the BIA not only increase
case backlogs but may be perceived as signals of poor judgment. Conversely, if
they are too lenient, granting asylum in marginal cases, they risk criticism from
DHS, internal administrative review, or political oversight tied to aggregate ap-
proval rates—pressures that can be amplified during periods of heightened immi-
gration enforcement. This dual threat leads judges to calibrate decisions carefully
to produce decisions that are legally defensible, while disposing of cases efficiently
to meet performance benchmarks.

For more details of the asylum adjudication process, we refer the interested
reader to Ramji-Nogales, Schoenholtz and Schrag (2007).

2.2 Data

Our analysis employs multiple data sources linked through unique identifiers for

each proceeding, case and judge.

EOIR data Following previous work (Chen, Moskowitz and Shue, 2016; Dunn
etal., 2017), we use administrative records on U.S. refugee asylum cases considered
in immigration courts from 1986 to 2019. The data provide comprehensive cover-
age of all asylum proceedings during this period. After pre-processing and data
cleaning, the final sample comprises 832,946 unique court proceedings. Among
these, 297,965 proceedings—representing 35.8% of all—resulted in a grant of asy-
lum. For each proceeding, the dataset reports detailed information on the proce-
dural timeline (application filing, case opening, and decision dates), adjudication
outcomes, and court location, among other administrative attributes and case in-
formation. In Table A.1 and Table A.2 we present the ten most common countries
of origin for asylum applicants and the ten U.S. states with the highest number of
hearings, respectively.

We complement the proceeding-level data with a separate dataset of hearing-
level records, which contains 24,725,971 individual hearing observations. Among
these, 4,665,402 hearings correspond to cases in our main analytical sample. The



hearing-level data include the precise clock time of hearings and the recorded rea-
sons for adjournments.

BIA data The raw BIA appeal dataset contains 1,108,046 appeal records in total.
We apply several filters to construct the final analytical sample. First, we drop
cases without a proceeding or case identifier, retaining 89.5% of the observations.
Second, we restrict the sample to appeal types relevant to our analysis—Appeal of
I] MTR, Case Appeal, Circuit Court Remand, Interlocutory Appeal, and MTR BIA—
leaving 478,006 observations. Third, for proceedings with multiple appeals, we
retain only the most recent appeal, yielding 357,766 records. We then drop 52 ap-
peals without valid filing year or case type information.

Following the BIA decision classifications summarized in Table A.3, we group
the 27 distinct appeal outcomes into three categories: positive (granted), negative
(dismissed), and neutral. Only appeals with positive or negative outcomes are re-
tained for the predictive analysis, leaving 286,440 observations. In the final sample,
out of 534,981 denied lower-court proceedings, 355,127 resulted in an appeal filing.
Among these, 93,332 appeals were granted and 191,152 were denied.” Figure A.1
displays the distribution of lower-court and appellate decisions over the sample
period.

Immigration judge biography data We hand-collected biographical information
tor 698 EOIR judges, including their year of appointment, educational background,
and prior professional experience. Table A.4 summarizes selected characteristics
of these judges.

3 Random-Forest Prediction of Asylum Outcomes

In this section, we outline the machine learning framework used to generate pre-
dictions of lower court and appeal court decisions in asylum cases. The objective
is to develop an efficient model that predicts the binary outcome of asylum grant

versus denial at both stages of adjudication.

Due to the length of the appeals process, 54,330 cases filed in 2019 and 27,065 cases filed in 2018
remain undecided at the time of data extraction.



We employ random-forest based models as our primary predictive approach
for two main reasons. First, most explanatory variables are categorical. When
fully dummified, these features create a high-dimensional and sparse design ma-
trix, often with substantial multicollinearity. Random forests handle such settings
effectively without requiring variable selection or strong parametric assumptions
(Breiman, 2001). Second, for binary classification problems, random forest mod-
els generally outperform alternative algorithms in terms of both predictive ac-
curacy and robustness (Fernandez-Delgado et al., 2014; Grinsztajn, Oyallon and
Varoquaux, 2022).

For prediction tasks in both the lower court and the appeal court, we train and
tune random-forest based models sequentially, using only data from cases filed in
previous years to predict outcomes in subsequent years. This rolling design en-
sures that model estimation relies exclusively on information available at the time
of decision making. Details of model specification and hyperparameter tuning are
discussed in Section B.1.

3.1 Lower Court Prediction

For the lower-court decision-making process, our primary objective is to test how
early judges’ decisions can be predicted. By “early”, we refer to predictions based
solely on information predetermined before a case is opened and before any hear-
ings are held. The goal is to evaluate how accurately such ex ante characteristics
can explain actual adjudication outcomes.

To quantify the extent of early predictability, we estimate five models that pro-
gressively incorporate richer sets of predetermined variables. The analysis is based
on 831,656 asylum proceedings, with the test sample defined as cases filed in each
year from 1986 to 2019 and the corresponding training sample consisting of all
cases from previous years. This rolling design extends the previous framework of
Dunn et al. (2017), allowing the model to be re-estimated annually using only in-
formation available at the time of prediction. The five model specifications are as
follows: (1) judge identifier only; (2) judge identifier and applicant nationality; (3)
judge identifier and case opening date; (4) judge identifier, applicant nationality,
and opening year-month; and (5) judge identifier, applicant nationality, opening

year-month, and filing year-month.



As shown in Table A.5, the best-performing early-prediction model achieves
an accuracy of 76.7%. This result indicates that, using only the predetermined in-
formation available at the time a case is opened, the model can anticipate judicial
outcomes with remarkable accuracy. Such a high level of predictability under-
scores the extent to which pre-hearing characteristics already encapsulate much
of the information that ultimately determines the final decision. We interpret this
early-predictability measure as a proxy for how much judges” decisions rely on
predetermined case attributes. It reflects the limited additional informational con-

tent extracted during the hearing process.

3.2 Appeal Court Prediction

For the appeal court prediction, our objective is to construct the most accurate pre-
dictive model possible. The model incorporates detailed case characteristics, in-
formation about the corresponding lower court judge, and time horizon features.
Because all input variables are observable to lower court judges, the model ef-
fectively approximates the information set judges could use to form expectations
about the likelihood of reversal, i.e., the probability that an appeal will be granted.
Accordingly, the fine-tuned random-forest model can be interpreted as a best-case
simulation of judges’ beliefs regarding their own reversal risk.

For the appeal court cases, the model is estimated on 286,440 appeals with bi-
nary outcomes, either denial or grant. For each prediction year from 1986 to 2019,
the model is trained on all appeals filed in previous years and tested on cases filed
in the corresponding year.

The best-performing model achieves an overall accuracy of 74.8%. It performs
particularly well in identifying appeal denials, with a true negative rate (TNR) of
90.0%, but is less effective in predicting appeal grants, with a true positive rate
(TPR) of 43.6%. '° Using the trained model to predict appeal outcomes for appli-
cants who were denied in the lower court but did not file an appeal, we find that
only 7.1% of such non-appealers would have been likely to succeed on appeal.
Moreover, among those whom the model predicts would be granted an appeal,

82.8% in fact appealed. Figure A.2 plots the monthly time series of predicted out-

The true positive rate (TPR) is the share of appeals correctly predicted as granted among all
granted appeals, while the true negative rate (TNR) is the share of appeals correctly predicted as
denied among all denied appeals.
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comes, illustrating the stability of the model’s predictive performance throughout
the sample period. These results further confirm the model’s predictive power and
suggest that most non-appealers correctly assessed their low probability of appeal
succeed. In Section B.2, we provide additional details on the appeal court predic-

tion exercise.

4 Lower Court Judges” Response to Appeal Outcomes

From the perspective of a lower-court judge, a case that is denied at the lower
level but later granted appeal constitutes an effective reversal. Therefore, a natu-
ral question is whether, and to what extent, lower-court judges judges adjust their
subsequent decision making in response to such reversals. In this section, we ad-
dress this question by employing a weekly event-study framework to analyze ad-

justments in judicial behavior.

4.1 Event Study Design

Formally, consider each appeal decision (event) e, with decision date ¢t.. We con-
struct a symmetric event window of 13 weeks centered on the event, indexed by
k € [-6,...,0,...,6], where each k corresponds to a seven-day period relative to
t.. Specifically, we define the first seven-day period following the appeal decision,
te,t. + 6], as the onset period of the reversal £ = 0. For every lower-court case
i decided by judge j on date ¢, we assign that case to a time window k relative
to an event e experienced by the same judge. The resulting panel of case-event-
period observations allows us to trace how judges’ grant probabilities evolve be-
fore and after reversals. We define the event-study periods in seven-day intervals
because, as shown in Figure A.3, the arrival probability of appeal decisions rela-
tive to lower-court rulings exhibits significant weekly periodicity. Aggregating the
data to weekly periods yields a stable treatment probability across cases and over
time, mitigating mechanical day-of-week fluctuations that could violate parallel

trends.

Sample trimming A key challenge to our event-study design is that judges may

experience multiple reversals within a relatively short period, such that the same
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lower-court case could fall within multiple event windows. In particular, a low-
ercourt case may be classified as pre-event for one reversal and post-event for an-
other. In our preferred specification, we address this issue using the nearest-event
attribution rule. As illustrated in Figure 1, each lower-court case is assigned to
the appeal decision closest in time. This midpoint rule partitions the timeline by
the halfway points between consecutive reversals, ensuring that no lower-court
decision is simultaneously classified as both pre-event and post-event.

For robustness, we implement an alternative trimming method, pre-only dedu-
plication. This approach maximizes sample size by retaining all post-event ob-
servations while deduplicating only on the pre-event side. Specifically, for cases
falling into both pre-event windows and post-event windows, we keep only those
closer to the current event than to the previous one as pre-event observations. No

trimming is applied to the post-event side.

Figure 1: Event Study Sample Trimming Methods

nearest-event attribution ° [ + ] °
pre-only dedupe o [ ° ¢
[ ) [ ) e ————————» Date
te—1 le tet1

Notes: The figure illustrates a stylized example of the two overlap-trimming rules, nearest-event trimming and pre-only
dedupe trimming for the event study design described in Section 4. Dots represent the date of the current event e, the last
event e — 1 and the next event e + 1, blue rectangle represents the pre-event sample kept in both methods, red rectangle

represents the post-event sample kept in both methods.

For both methods, we retain lower-court cases that fall exclusively in either pre-
event or post-event windows (pure pre- and pure post-observations). The nearest-
event attribution method effectively eliminates overlapping contamination but re-
duces the estimation sample significantly, retaining 1,760,863 case-event-period
observations (16% of the full sample). Meanwhile, the pre-only deduplication
method retains 7,293,200 observations (66.3% of the full sample) but yields less
precise estimates of post-event trends relative to the main trimming method.

Sample Balancing Figure A.4 plots the distribution of reversals kept in the sam-
ple after trimming with the nearest-event attribution method. The trimmed sam-

ple is concentrated within event windows k € [—2,2]. To improve balance across

12



periods, we aggregate observations from three or more weeks before and after an
event into two broader bins in our main specification.

Another concern is that a lower-court case can appear in the pre-event win-
dows of multiple events (or on the post-event side), giving such observations dis-
proportionate influence in the estimation. In addition, some events contain more
lower-court observations than others and disproportionately affect the estimates.
If outcomes or dynamics differ systematically between large and small events, the
unweighted estimates may reflect that heterogeneity in a biased way. For this, we
also estimate an event-weighted specification. Specifically, for case i associated
with event e at event time £, we calculate the weight w;.(k) = %ﬁv’;k
N. i, denotes the number of lower-court cases linked to event e at event time £, and

E). where

E), is the number of distinct events observed at horizon k. The normalization term
> 1/Ne i sums over all events €’ contributing observations at k.
Figure A.4 plots, for each event time k, the number of equally weighted ob-

servations equivalent in information to the weighted sample, defined as £SS;, =
(ZZZ w%)
raw count distribution, indicating that weighting prevents a few large judges from

. The effective-sample-size (ESS) distribution is noticeably flatter than the

disproportionately influencing the estimates.

Throughout the paper, we report unweighted estimates as our main specifi-
cation, which can be interpreted as the effect of reversals on a randomly drawn
lower-court case. For robustness, we report weighted estimates and interpret them

as event-level average effects of reversals, following Baker et al. (2025).

Specification and Estimation We estimate the following model for lower-court
case i decided by judge j that falls into period k£ around event e:

Yijer = Y _ laxl(k € k) + Bil(k € k) - 1 (Reversal, = 1)] + Xe¢p + €jjer,  (41)
KEK

where the outcome variable Y is an indicator equaling one if case i is granted
in the lower court. K = {[-6,-3|,{—2},{0},{1},{2},[3,6]} indexes the binned
periods. The indicator 1(k € x) equals one if period k for lower-court case ¢ falls
within binned interval € K. The period before the event (k = —1) serves as the
reference period. The reversal indicator, 1(Reversal, = 1), equals one if event e
corresponds to an appeal grant and zero if the appeal is denied. The vector X,

13



includes appeal fixed effects, appeal ruling year-by-day of week fixed effects, and
appeal ruling month-by-day of week fixed effects. Standard errors are clustered at
the judge level. We are primarily intereted in j3;, the estimates of the coefficients
on the interaction between the period indicators and the reversal indicator, which
trace the dynamic effects of reversals over event time.

As previously discussed, not all reversals provide equally informative feedback
to judges. After a surprise reversal, i.e.,, an unexpected appeal grant following
a confident denial, offers a salient signal that the judge’s prior assessment was
incorrect, triggering meaningful belief updates. To test this learning mechanism,
we use the random forest predictions discussed in Section 3.2 as a proxy for judges’
subjective beliefs about the probability of appeal grants and estimate the following
specification:

Yijer = 3 [axl(k € k) + bL(k € k) - 1 (Surp. Rev., = 1)] + Xe@ + €jjer,  (42)
KEK

where the surprise reversal indicator 1(Surp. Rev., = 1) equals one if event e cor-
responds to a surprise reversal (an appeal that is granted despite being predicted
to be denied), and zero if the appeal grant was predicted. Again, We are intereted
in by, the estimates of the coefficients on the interaction between the period indi-
cators and the surprise reversal indicator. Focusing on surprise reversals allows
us to isolate the learning and corrective component of judicial behavior, capturing
how judges adjust their decision thresholds after receiving unexpected negative

teedback rather than simply responding mechanically to an appeal outcome.

4.2 Event Study Results: Lower Court Grant Rate

Figure 2 presents the event-study estimates of the effect of reversals on lower-court
grant rates. We find no evidence of pre-trends, supporting the validity of the em-
pirical design, and no significant post-event changes in grant rates. This suggests
that, when examined over a longer horizon, reversals do not have a lasting impact
on subsequent lower-court decisions. Figure A.5 reports the unbinned event-study
estimates, showing that the results are robust to alternative weighting schemes and
binning choices.

In contrast, we observe a clear increase in lower-court grant rates in the weeks
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Figure 2: Effect of Reversals on Lower Court Grant Rate
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Notes: The figure plots 3y, estimated coefficients of the interaction term of the period indicators and the reversal indicator
of Specification (4.1), comparing unweighted and event-equal weighted estimates. The sample includes all appeal decisions
from 1986 to 2019 as events, trimmed using the nearest-event attribution method described in Section 4.1. Weights are
calculated on the estimation sample as described in Section 4.1. The x-axis indexes seven-day periods around each appeal
decision. All estimations include controls for appeal fixed effects and appeal ruling calendar time fixed effects. Standard
errors are clustered at the judge level. Unweighted estimates are shown as solid dots with shaded 95% confidence intervals,

weighted estimates are shown as open circles with bracketed 95% confidence intervals.

following a surprise reversal, as shown in Figure 3. This effect remains robust
when applying the event-equal weighting method. In Figure A.6, we plotted the
unbinned estimations, which confirm robustness to the choice of binning. These
findings indicate that judges do not respond uniformly to all reversals: following
surprise reversals relative to predicted reversals, judges become more lenient. Ac-
cordingly, we focus on the effect of surprise reversals and the estimation of Spec-
ification (4.2) in what follows. In Figure A.7, we show the unbinned estimation
results under the two sample-trimming methods described in Section 4.1. The
results remain stable across trimming rules, particularly around the treatment pe-
riod, indicating that the observed effects are not driven by sample selection.

The results so far suggest that judges react to surprise reversals by increasing
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Figure 3: Effect of Surprise Reversals on Lower Court Grant Rate
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Notes: The figure plots by, estimated coefficients of the interaction term of the period indicators and the surprise reversal
indicator of Specification (4.2), comparing unweighted and event-equal weighted estimates. The sample includes all appeal
decisions from 1986 to 2019 as events, trimmed using the nearest-event attribution method described in Section 4.1. Weights
are calculated on the estimation sample as described in Section 4.1. The x-axis indexes seven-day periods around each
appeal decision. All estimations include controls for appeal fixed effects and appeal ruling calendar time fixed effects.
Standard errors are clustered at the judge level. Unweighted estimates are shown as solid dots with shaded 95% confidence

intervals, weighted estimates are shown as open circles with bracketed 95% confidence intervals.

their subsequent grant rates. Since surprise reversals can be effectively deemed as
negative evaluation signals, this pattern is consistent with judges attempting to re-
duce their probability of future reversals by granting more cases, thereby sending
fewer to the appeal court. However, this behavioral adjustment raises an impor-
tant question: does the change reflect genuine learning and quality improvement,
where overly strict judges update their beliefs to better align with the appeal court,
or does it instead represent a mechanical response, where judges become exces-
sively lenient simply to avoid being reversed again? Next, we examine how the

diligence of lower court judges adjusts following surprise reversals.
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4.3 Event Study Results: Lower Court Hearing Diligence

We consider two dimensions of lower court hearing diligence: the outcome dimen-
sion, captured by the early predictability of rulings, and the procedural dimension,

reflected in the characteristics of the hearing process.

Early predictability of lower court rulings In Section 3.1, we built and tuned
the early-prediction models to capture how accurately lower-court decisions can
be predicted by random-forest based models using only pre-hearing information
as inputs. Here, we employ the best-performing model with judge identifier, ap-
plicant nationality, opening year-month, and filing year-month as predictors to
generate both binary predictions (equals 1 if granted) and continuous prediction
probabilities Pr.,(grant) (closer to 1 indicates higher likelihood of a grant). We
use these early-prediction results to construct two early predictability measures:
a binary indicator equal to one if the early-prediction model correctly predicts
the actual lower-court decision, and a continuous accuracy measure defined as
1 — | Prey(granted) — 1(granted)|, where 1(granted) is the binary indicator equals
one if the case is actually granted. This measure ranges from zero (worst per-
formance) to one (perfect prediction) and increases monotonically with predictive
accuracy.

We re-estimate Specification (4.2) using the two early-predictability measures
and present the results in Figure 4. Relative to the seven-day period immediately
preceding a surprise reversal, the early predictability of lower-court decisions does
not vary significantly. The results are robust to the choice of outcome variables:
both the binary indicator and the continuous measure yield nearly identical esti-
mates. For subsequent analysis, we focus on the continuous measure, which pro-
vides more precise estimates.

We observe a mild and statistically insignificant “Ashenfelter’s dip” in the pe-
riods leading up to surprise reversals. To better understand this pattern, we esti-
mate Specification (4.1) to examine the effect of reversals and present the results in
Figure A.8. Similar to our main results, early predictability does not change signif-
icantly after a reversal. However, in contrast to Figure 4, we observe an insignif-
icant upward pre-trend: judges’ rulings are slightly less early-predictable leading
up to a reversal compared with an affirmation. The opposite direction of these

pre-trends indicates that the dip observed in Figure 4 is unlikely to reflect judges’

17



Figure 4: Effect of Surprise Reversals on Lower Court Early Predictability
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Notes: The figure plots plots by, estimated coefficients of the interaction term of the period indicators and the surprise
reversal indicator of Specification (4.2), with two outcome variables described in Section 4.3: the continuous measure of
early predictability and the binary indicator of correct early predictions. The sample includes all appeal decisions from
1986 to 2019 as events, trimmed using the nearest-event attribution method described in Section 4.1. All estimations are
unweighted and include controls for appeal fixed effects and appeal ruling calendar-time fixed effects. Standard errors
are clustered at the judge level. The x-axis indexes seven-day periods around each appeal decision. Estimates using the
continuous early-predictability score are shown as solid dots with shaded 95% confidence intervals, while estimates using
the binary indicator for correct early predictions are shown as open circles with bracketed 95% confidence intervals.

anticipation of upcoming surprise reversals. Instead, the evidence is more con-
sistent with mild anticipation effects before predicted reversals, when judges may
deviate from routine decision patterns and extract more information from hear-
ings more effectively as they perceive a higher risk of being reversed. Overall,
these patterns support our interpretation that surprise reversals constitute unan-
ticipated feedback, whereas predicted reversals are at least partly expected.'' The
results remain robust to alternative binning and weighting schemes as shown in
Figure A.9.

1 In unreported robustness checks, we reestimate the specification in Figure 4 using an indica-
tor equal to one for surprise reversals and zero for affirmations. The results show no pre-trend,
confirming that judges do not systematically anticipate surprise reversals.
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Diligence in lower court hearings Using the constructed measures of early pre-
dictability, we have examined the effect of surprise reversals on how much lower-
court judges incorporate information from hearings into their rulings. We next
turn to hearing-level data to directly test whether judges alter their hearing dili-
gence after surprise reversals. To do so, we adapt the event-study framework de-
scribed in Section 4.1: For each judge j on date ¢, we compute a measure of hearing
diligence and assign that observation to one of 13 event-time periods indexed by
k € [—6,...,0,...,6]. We then estimate:

Yier = Y [0x1(k € &) + 641(k € k) - 1 (Surp. Rev., = 1)] + Xep + ijer,  (4.3)
rEK
where the regressors are defined as in Specification (4.2), and the outcome variable
Yt denotes judge j’s hearing diligence on date ¢ that falls in period £ of event e.

For each proceeding, we use several key variables from the hearing-level data
to construct our measures of hearing diligence. Specifically, we count the total
number of hearings, compute the average duration of adjournments, and calculate
both the share of adjournments granted for preparation and the share of hearings
held on individual calendars. Table A.6 reports summary statistics for these mea-
sures from 1984 to 2019 across all proceedings.'? Among proceedings linked to
our main sample, we observe an average of about 3.8 hearings per case, an aver-
age adjournment duration of roughly 139 minutes, 8% of adjournments granted
for preparation, and 35% of hearings held on individual calendars. To align these
measures with our event-study framework, we compute the four measures for
each proceeding handled on date ¢ by judge j, and then average across all pro-
ceedings within each judge-day unit.

We present the unweighted estimation results of Specification 4.3 in Table 1.
The number of hearings per proceeding shows a small but statistically significant
increase in the week right after a surprise reversal, suggesting that judges may be-
come more diligent by scheduling additional hearings before issuing subsequent
rulings after strong negative evaluation signals. This result is robust to alterna-
tive weighting schemes (see Figure A.10) and remains persistent, though statis-

tically insignificant, in later periods. We find no evidence of significant adjust-

12We winsorize hearing duration at the top 1% of the full hearing-level distribution to mitigate
extreme right skewness before constructing any measures.
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ments in the composition of hearings: the shares of preparation adjournments and
individual-calendar hearings remain largely stable following a surprise reversal.
Finally, adjournment duration exhibits a mild U-shaped pattern around surprise
reversals, echoing our earlier findings on the effects of surprise reversals on early
predictability. Given the presence of a noticeable pre-trend, we interpret these re-
sults as descriptive patterns rather than causal effects.

In the hearing-level data, we observe hearings presided over by judges not only
for cases in the main asylum sample but also for other proceedings including non-
asylum, procedural, and administrative cases, which together account for roughly
81% of all hearings. To examine whether surprise reversals in asylum cases affect
judges’ broader hearing behavior, we reconstruct the four diligence measures us-
ing all hearings, not just those linked to asylum cases, and re-estimate Specification
4.3. The results, reported in Table A.6, show no evidence that surprise reversals in
asylum cases influence judges’ general hearing diligence in terms of the number
of hearings per proceeding, the average duration of adjournments, or the share
of preparation adjournments. We do, however, find a marginally significant and
persistent increase in the share of individual-calendar hearings following surprise
reversals, suggesting a modest reallocation of effort across hearing formats.

Taken together, our results suggest that judges” hearing diligence does change
after surprise reversals: Following unexpected negative feedback, judges’ rulings
become less early predictable, the average number of hearings per proceeding
increases, and the other measures of hearing diligence do not vary significantly.
Although these effects are marginally significant and should be interpreted with
caution, they provide a consistent narrative: judges respond to surprise reversals
not by lowering their hearing diligence. Combined with the observed increase in
grant rates after surprise reversals, this pattern suggests that such singals are likely

to correct overly strict or systematically biased decision-making.

5 Attention and Learning of Lower Court Judges

The empirical evidence presented so far shows that judges react to surprise re-
versals and adjust their ruling behavior following these unexpected evaluation
signals. However, these average effects mask substantial heterogeneity across
judges. In this section, we delve deeper into the learning mechanisms of lower-
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Table 1: Effect of Surprise Reversals on Lower Court Asylum Hearing Diligence

(1) ) ®) (4)

No. Avg. Prep. Ind.

hearings duration  Share Share

1(k € [-6,-3]) -0.007  -5.458"** 0.011 0.004
(0.010) (2.028) (0.011) (0.016)
1(k =-2) -0.012 -4.553* 0.009 -0.024**
(0.014) (2.156) (0.011) (0.012)
1(k=0) -0.025** -2.280 0.012 -0.019*
(0.012) (1.759) (0.009) (0.011)
1(k=1) -0.010 -0.803 0.001 -0.0162
(0.012) (1.880) (0.009) (0.011)

1(k=2) -0.023* -4.604* 0.006 -0.002
(0.013) (2.426) (0.011) (0.011)

1(k € [3,6]) 0.013  -4.241* 0.012 -0.016
(0.015) (2.241) (0.010) (0.013)

1(Surp. Rev., = 1) x 1(k € [-6, —3]) 0.010 6.126™** -0.007 -0.011
(0.010) (1.972) (0.011) (0.014)

1(Surp. Rev., = 1) x 1(k = —2) 0.010 3.731* -0.008 0.014
(0.013) (2.003) (0.009) (0.011)

1(Surp. Rev., = 1) x 1(k = 0) 0.017* 1.881 -0.009 0.013
(0.010) (1.564) (0.008) (0.010)

1(Surp. Rev., = 1) x 1(k = 1) 0.005 1.386 0.001 0.013
(0.010) (1.671) (0.008) (0.010)

1(Surp. Rev., = 1) x 1(k = 2) 0.018 4.475* -0.007 0.007
(0.012) (2.232) (0.010) (0.010)

1(Surp. Rev., = 1) x 1(k € [3,6]) 0.009 3.521 -0.013 0.014
(0.013) (2.166) (0.009) (0.012)

adj. R? 0.151 0.367 0.133 0.117
N 911,110 659,383 621,481 701,833

Note: This table reports ), and 4, estimated coefficients of the period indicators and the interaction term of the period
indicators and the surprise reversal indicator of Specification (4.2), respectively. Each column presents results using one of
the four proceeding-level hearing diligence measures constructed in Section 4.3 on asylum-related hearings: the number
of hearings, the average duration of adjournments, the share of preparation adjournments, and the share of individual
calendar hearings. The sample includes all appeal decisions from 1986 to 2019 as events, trimmed using the nearest-event
attribution method described in Section 4.1. All estimations are unweighted and include controls for appeal fixed effects and
appeal ruling calendar-time fixed effects. Standard errors clustered at the judge level are reported in parentheses. Asterisks
denote significance at the 1% (***), 5% (**), and 10% (*) levels.

court judges in response to feedback from the appeal court. Specifically, we ask
which types of judges are most attentive to signals in appeal decisions, and what
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they appear to learn from such signals. To organize our analysis, we first present
a simple model of lower court reversals that links judges’ learning and attention
to the observed reversal rate. We then bring the model to the data using both
reduced-form diagnostics and marginal treatment effects (MTEs) that trace how
reversal probabilities respond to marginal changes in latent grant propensity for
attentive and inattentive judges.

5.1 A Simple Model of Reversals

Each case i has a latent quality ¢; € [0,1] that summarizes how deserving it is
of asylum from the appeal court’s perspective. The distribution of ¢; has density
f(¢) > 0 and CDF F(q), with f and F continuously differentiable. A lower court
judge j with leniency level /; applies a threshold ¢; = ¢(l;), where the mapping c(-)
is differentiable with ¢/(I) < 0. Judge j grants asylum if and only if

Di = l{ql Z Cj} =1.

An applicant denied in the lower court may file an appeal. We capture this with
a simple appeal rule: an appeal is filed if and only if

A =1{qg > a} =1,

where a < ¢* is the appeal-benefit threshold.”® In other words, among denied
cases, only those with sufficiently high quality find it worthwhile to appeal. This
representation nests richer models in which the benefit of appeal is increasing in
¢;- The appeal court applies a fixed standard ¢* € (0,1): an appeal is granted if and
only if ¢; > ¢*. We focus on the empirically relevant case where judges are stricter
than the appeal board, i.e. ¢; > ¢*.

A reversal occurs when a case is denied in the lower court but granted on ap-

peal. Let

Yi=1g <c¢j, ¢>c"}

13Equivalently, one can think of a cost of appeal that is decreasing in ¢; this is simply the cutoff
representation.
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denote a reversal for case i. The reversal rate for judge j with cutoff ¢; is then

Riep)i=Pr(Yi= 1] e) = [ f@)da
The reversal rate can be decomposed into a product of three components:

R(c;) = Pr(Y; =1]¢)
:PI'(DZIO | Cj) PI'(AZ =1 | Dz :O,Cj) PI‘(Sz: 1 | Az: 1,Di:0,C]‘),

where D; = 0 indicates a denial in the lower court, A; = 1 indicates that a denied
case proceeds to appeal, and S; = 1 indicates that an appealed case is granted by
the appeal court. We refer to the appeal rate of all denied cases E(c;) == Pr(4; =1 |
D; = 0, ¢;) as the selection (extensive) margin, and the appeal grant rate conditional
on appealing I(c;) = Pr(S; = 1| A, = 1,D; = 0,¢;) as the success (intensive)
margin. Under the appeal rule described above, denials occur for ¢; < ¢;, and
among them, appeals are filed when ¢; > a. Then we can rewrite the two margins
as

F(e;) = F(a) F(e;) = F(e")

Ble) ==y 1) = Fe) ~Fa)

To build intuition for how reversals behave as a function of judge leniency,
Figure 5 provides a stylized illustration of the mapping from case quality and
judge leniency to lower-court rulings under three scenarios: a strict appeal court
with ¢* > max{c;}, a lenient one with ¢* < min{¢;}, and a crossing one with
c* € [min{c;}, max{c;}|. Figure 5a shows the lower court decision rules, and Figure
5b shows the corresponding reversal-leniency relationship, which Proposition 5.1

formalizes:

Proposition 5.1. For judges with c; > c* and appeal-benefit threshold a < c*, the reversal
rate R(c;) is decreasing in l;, and both the selection margin E(c;) and the success margin
I(c;) are also decreasing in 1.

Intuitively, stricter judges (higher c;, lower leniency) deny more cases that the
appeal court would grant, generating more reversals overall. Among denials, they
create a large pool of strong cases with both high appeal rates and high success
rates on appeal. Asjudges become more lenient (lower c;), these strong denials are

granted at first instance and disappear from the denial pool, causing the reversal
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Figure 5: A Stylized Illustration of Leniency and Reversal
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Notes: Panel 5a illustrates the stylized relationship case quality, judge leniency and lower court decisions across appeal
courts of varying stringency. Panel 5b displays the corresponding appeal grant rate by leniency for appeal courts of corre-
sponding stringency. Coordinates and slopes are schematic and chosen for expositional clarity.

rate and both the selection and success margins to decline in leniency. Detailed
proofs are provided in Section C.

So far, thresholds c; are static. We now model how attentive judges learn from
reversals and correct their threshold bias dynamically. Let c;, be judge j’s thresh-
old in period t. After observing reversals, the judge compares their own threshold
to the appeal board’s standard c¢* and updates according to

Ciar1 = Cig — Aj (G — 7)),

where \; € [0, 1] is an attention parameter: for inattentive judges, A\; = 0 and they
never update; for attentive judges, A\; € (0,1) and they partially adjust toward the
appeal court’s cutoff. Solving this simple recursion, the judge’s deviation from the
appeal court threshold follows

Cj,t — C>’< = (1 — )\j)t (Cj’() — C*) .

The next proposition formalizes how only attentive judges learn to correct their
threshold bias over time:

Proposition 5.2. For an attentive judge with \; > 0, the threshold converges to the appeal
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court threshold, limy_,., c;; = c*. For an inattentive judge (\; = 0), the threshold remains
fixed at its initial value, c;; = cjo > c* forall t.

The proposition formalizes the idea that an attentive judge gradually moves his
threshold toward the appeal court standard c*, while an inattentive judge keeps
using his initial, stricter cutoff ;. The proof is straightforward.

To understand the empirical implications of this divergence in thresholds, we
examine how sensitive reversals and their components are to marginal changes in
the threshold itself. The relative sensitivities at ¢* versus c;, will play a key role
in interpreting the variation we observe across the two types of judges. Define the
local sensitivity functions of the reversal rate and the two margins with respect to
thresholds as

Vr(c) = %@ = fle),
0B, F@f( _ 9 ) = LOIF() = Fla)
vu(c) = 5 -(c) = “F(eE vile) = 5 (e) = [F(c) = F(a)]*

Under regularity conditions on the case-quality distribution, we then have the fol-

lowing lemma:

Lemma 5.1. Assume that f'(c) > 0and f'(c)F(c) > 2f(c)? on [¢*, ¢;o). Then
Vr(cj0) > Vr(c"), Ve(cio) > ve(ch).
If, in addition, f'(c) [F(c) — F(a)] > 2f(c)? on [c*, ¢;0),
Yr(cjo) > ().

The lemma captures a central administrative feature of asylum adjudication.
Stricter judges deny many cases that lie just below their cutoff, including a large
number that would be granted by the appeal court. When the threshold is high,
this “borderline” region contains substantial probability mass, so a small reduc-
tion in the cutoff reclassifies many cases. Reversals, appeal rates among denials,
and appeal success among appealed denials therefore become highly sensitive to
marginal changes in the threshold. In contrast, when a judge’s threshold converges
to the appeal court standard c*, the borderline region shrinks drastically: almost
all strong cases are correctly granted in the lower court. Consequently, reversals
and both margins become much less sensitive to the threshold.
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Lemma 5.1 indicates that an inattentive judge’s threshold c;y > ¢* remains in
this high-sensitivity region, while an attentive judge eventually moves to the low-
sensitivity region around c*. This difference in the local responsiveness of out-
comes to the threshold provides the theoretical foundation for the empirical diver-
gence we examine in the next subsections. We prove Lemma 5.1 and discuss the

necessary regularity conditions in Section C.

5.2 Characterizing Judge Heterogeneity

Understanding how judges differ in their behavior is central to our analysis of
learning. The model points to two key dimensions of judge heterogeneity: judges’
attentiveness to feedback signals and their leniency in ruling. In this section, we

construct the empirical measures of these two judicial characteristics.

5.2.1 Attentiveness to Feedback

We modify Specification (4.2) to estimate the attentiveness of judges to surprise re-
versals. Instead of K = {[—6, —3],{—2},{0}, {1}, {2}, [3,6]}, we use an alternative
event-time binning K’ = {[-6, —3], {0, 1}, [2, 6]} and estimate for each judge j

Yiew =Mi1(k € [=6,—3]) + u1(k € [-6,—3]) - 1 (Surp. Rev., = 1) (5.1)
+ Xo1(k € {0,1}) + po1(k € {0,1}) - 1 (Surp. Rev., = 1)
+ As1(k € [2,6]) + ps1(k € [2,6]) - 1 (Surp. Rev., = 1)
+ X + Viek,

where the two 7-day periods immediately before the reversal serve as the reference
category, while controlling for long leads (at least three 7-day periods before) and
long lags (at least two 7-day periods after). We use the estimated coefficient /i,
to construct our Measures of attentiveness, capturing each judge’s reaction in the
outcome variable during the first two periods following a surprise reversal. This
binning strategy provides tighter control for pre-trends, reduces noise in judge-
level estimation, and ensures that the estimated effects reflect sustained behavioral

adjustments rather than mechanical or transient responses.
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Grant rate attentiveness Figure A.11 plots the estimated effects of surprise re-
versals on subsequent rulings for 354 judges with valid estimates out of 698 judges
in the full sample. Both the median and mean of these estimates are positive, con-
sistent with the aggregate event-study results above: on average, judges increase
their grant rates following a surprise reversal. At the same time, judges’ response
adjustments in granting probabilities following negative evaluation signals are not
unidirectional and vary widely across individuals. Judges who are initially overly
strict could increase their probability of granting asylum after a surprise reversal,
whereas judges who are overly lenient tend to decrease it. This could be due to
a bias-correction mechanism, where feedback from the appeal court helps judges
recalibrate their over-strict or over-lenient ruling tendencies. Accordingly, we take

the absolute value of the estimated effects as our main attentiveness measure.

Hearing diligence attentiveness The second dimension of attentiveness we con-
sider speaks to the hearing diligence of judges. We construct two attentiveness
measures to capture judges’ behavioral adjustments in hearing diligence after sur-
prise reversals.

First, we consider changes in the quality of rulings, proxied by the early pre-
dictability of a decision. We construct a judge-level early predictability reaction
measure by re-estimating Specification (5.1) with the continuous early predictabil-
ity score described in Section 4.3 as the outcome variable. Figure A.12 plots the
estimated effects of surprise reversals on early predictability for 380 judges with
valid estimates. Unlike in the grant-rate dimension, if judges respond to appeal
feedback and correct their ruling bias in any meaningful way, we would expect a
decline in early predictability following surprise reversals. Accordingly, we use
the raw estimated effects as our early predictability reaction measure.

Second, we directly measure changes in the average number of hearings per
proceeding. We adopt the same modification used in Specification (5.1) to Specifi-

cation (4.3) and estimate, for judge 7,

Yiek =M1(k € [-6,-3]) + 1 1(k € [-6,-3]) - 1 (Surp. Rev., = 1) (5.2)
+ X1(k € {0,1}) + p21(k € {0,1}) - 1 (Surp. Rev., = 1)
+ As1(k € [2,6]) + ps1(k € [2,6]) - 1 (Surp. Rev., = 1)
+ X + Vieks-
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We then plot the estimates /i, for 380 judges with valid estimates in Figure A.13.
The number of hearings per proceeding is expected to be positively related to the
quality of rulings. Therefore, a positive estimate implies that judges become more
diligent after surprise reversals. As with the early-predictability reaction measure,
we use the raw estimated effects as our hearing-diligence reaction measure.

Figure 6 plots the pairwise correlations among the three attentiveness mea-
sures. We do not observe significant correlations between any two dimensions.
This suggests that the three measures capture distinct aspects of judges” behav-
ioral responses to appeal feedback.

Due to sample size limitations, our main analysis constructs the attentiveness
measures at the judge level. Admittedly, judges’ attentiveness may vary over
time. As a robustness check, we construct the three attentiveness measures for
each judge-year unit. Figure A.14 plots the pairwise correlations among the three
judge-year level measures and confirms the consistency of our earlier findings: the

three measures remain largely orthogonal to one another.

Patterns of judicial attentiveness After constructing the three measures of atten-
tiveness, we examine how they vary with judges’ biographical characteristics and
over time. Figure 7 shows that, at the judge level, grant-rate attentiveness is signif-
icantly and positively associated with the number of years of professional experi-
ences between law school graduation and appointment, as well as with prior non-
INS government or academic experiences. These relationships are robust across
both univariate and multivariate specifications. In contrast, prior military and
NGO experience are marginally associated with lower grant-rate attentiveness,
but only in the multivariate specification. In Figure A.15, we show that prior NGO
experience is associated with lowering early predictability, and this relationship
is robust across specifications. Both military and NGO experience are associated
with reducing hearing diligence, but only in the multivariate specification.

We repeat this analysis using the judge-year level attentiveness measures and
report the results in Figures A.16 and A.17. INS experience, non-INS government
experience, and being male are associated with higher grant rate attentiveness,
whereas prior judicial experience and private-practice experience are negatively
related to grant rate attentiveness. INS experience and years of judicial service are

also negatively correlated with early-predictability reactions, while non-INS gov-
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Figure 6: Correlations of Judge Level Attentiveness Measures
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Notes: The figure plots the correlations between the three attentiveness measures described in Section 5.2.1. Each dot rep-
resents a judge’s attentiveness in the two dimensions shown on the axes. The size of each dot reflects the number of
observations used to generate the estimate for the dimension on the x-axis. The fitted line is weighted by the number of
observations used to construct each corresponding estimate, and the gray shaded area indicates the 95% confidence interval
around the fitted line.

ernment experience and total years of pre-appointment professional experience are
associated with an increase in hearings per proceeding. The discrepancies between
the judge-level and judge-year level results may partly reflect sample composition
changes across years.

Lastly, we examine how the three attentiveness measures evolve over time.
Specifically, we compare judge year level attentiveness across six presidential cy-
cles from 1993 to 2016 with that observed during the Trump presidency, controlling
for judge fixed effects. Figures A.18, A.19, and A.20 show that all three attentive-
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Figure 7: Judge Level Grant Rate Attentiveness and Judge Characteristics
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Notes: The figure plots the correlations between the judge-level grant-rate attentiveness measure and judges’ biographical
characteristics. Diamonds represent coefficients from multivariate regressions including all characteristics as regressors,
with solid lines denoting 95% confidence intervals. Circles represent coefficients from univariate regressions, with dashed
lines denoting 95% confidence intervals. All regressions are weighted by the number of proceedings ruled by each judge.
Standard errors are robust to heteroskedasticity.

ness measures remain relatively stable over time, suggesting that judges’ learning
patterns are not strongly influenced by changes in the political climate. However,
we observe that judges during Democratic administrations (Clinton 1993-2000 and
Obama 2009-2016) appear marginally and insignificantly less attentive across all
three measures compared with the subsequent Republican administrations (W.
Bush 2001-2008 and Trump 2017-2019).

5.2.2 Judge Leniency

Next, we follow Dobbie, Goldin and Yang (2018) and Arnold, Dobbie and Yang
(2018) and construct a residualized, leave-out judge leniency measure that ac-
counts for the case-assignment process. Specifically, we first regress lower-court
decisions on court-by-year-by-day of week and court-by-month-by-day of week
fixed effects, the levels at which cases are quasi-randomly assigned to judges. We
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then use the residuals from this regression to calculate the leave-out mean grant
rate for each proceeding. In all subsequent analyses, we reconstruct the judge le-
niency measure within each relevant subsample.

Existence of first stage To validate our leniency instrument, we first document a
strong first-stage relationship between lower court grant rates and the constructed
leniency measure. We residualize the indicator for lower-court grants using the
same set of court-by-time fixed effects and plot a local linear regression of the resid-
ualized grant rate against judge leniency. As shown in Figure 8, the residualized
grant rate increases monotonically with the leniency measure, confirming a strong

and consistent first-stage relationship.

Exclusive restriction Next, we test whether case assignment is random after con-
trolling for the full set of court-by-time fixed effects. Table A.8 reports the results
of this randomization test. In Column (1), we find that applicants’ origin regions,
the presence of a lawyer, the issuance of written decisions, the timing and order of
cases within a day, and the number of charges and applications for a case are all
significant predictors of lower-court grants. In Column (2), we examine whether
these case characteristics are systematically correlated with the constructed judge
leniency measure. While leniency remains correlated with applicants” origin re-
gions, we find no significant differences in administrative complexity (number
of charges and applications) or assignment procedures (order and timing) across
judges with different levels of leniency. We argue that, similar to the role of defen-
dants’ race in earlier work (Arnold, Dobbie and Yang, 2018; Dobbie, Goldin and
Yang, 2018), the constructed judge leniency measure may not fully capture poten-
tial biases associated with these underlying factors. To the extent that the exclusion
restriction is violated, the results we present can be interpreted as the causal impact

of being assigned to a more or less lenient lower court judge.

Monotonicity The final assumption we check is the monotonicity, which requires
that a case granted by a strict judge would also be granted by lenient judges, and
a case denied by a lenient judge would also be denied by strict judges. This as-
sumption is necessary for estimating marginal treatment effects using the standard

local instrumental variables (LIV) approach (Angrist, Imbens and Rubin, 1996;
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Heckman and Vytlacil, 2005). A testable implication of monotonicity is that the
first-stage relationship between judge leniency and grant rates should be positive
across all subsamples. We assess this by plotting the residualized judge leniency
measures calculated for different subsamples defined by applicants’ origins and
case characteristics in Figure A.21. Each subplot reports the corresponding correla-
tion coefficient and standard error. Consistent with the monotonicity assumption,
we find that judge leniency measures across subsamples are always significantly
positively correlated, suggesting that judges’ relative tendencies are stable across

observably different cases.

Figure 8: Judge Leniency and Lower Court Grant Rates

03 |5

_.G_.J

©

o

i<

o

Q@ 25 O

o s

g .02 5

© @)

(4)] (@)

ke 0 o
C

£ E

<§ .01 8

L -25 N

©

=]

S

[72]

0 -5 £

-5 -.25 0 25 5
Judge Leniency

Notes: The figures plot the relationships between judge leniency and lower-court grant rate. The leave-out judge leniency
measure is constructed as described in Section 5.2.2. The solid line shows a local linear regression of residualized lower-
court asylum grants on judge leniency. Lower court grants are residualized using the same set of court-by-time fixed effects
applied in constructing the leniency measure in the full sample. Standard errors are clustered at the judge level, and dashed
lines denote 95% confidence intervals.

5.3 Testing Model Predictions

After establishing the two dimensions of judicial heterogeneity, we present the
reduce-form evidence and marginal treatment effect (MTE) estimation results to

test the predictions of our model.
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5.3.1 Reduced-Form Evidence

The model in Section 5.1 delivers a set of clear reduced-form predictions. Propo-
sition 5.1 predicts that when judges employ thresholds stricter than the appeal
court standard c*, the reversal rate and its extensive and intensive margins should
all be decreasing in leniency. Moreover, the slope of this relationship should be
steeper in the strict region, where judges operate far from c*, and gradually flatten
as thresholds approach c*.

In Figure 9, we plot a local linear regression of residualized lower-court rever-
sals on judge leniency. Consistent with the model, we find a significant negative
correlation: more lenient judges face lower reversal risk up to a leniency threshold,
beyond which the residualized reversal rate stabilizes around zero. This flattening
is consistent with the implication that once thresholds approach the appeal court
standard, further changes in leniency have limited impact on reversals.

Figure 9: Judge Leniency and Lower Court Reversal Rates
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Notes: The figure plots the relationship between judge leniency and the lower-court reversal rate. The leave-out judge
leniency measure is constructed as described in Section 5.2.2. The solid line shows a local linear regression of residualized
lower-court reversals, defined as lower-court denials that are granted in the appeal court, on judge leniency. Lower-court
reversals are residualized using the same set of court-by-time fixed effects applied in constructing the leniency measure in
the full sample. Standard errors are clustered at the judge level, and dashed lines denote 95% confidence intervals.

Next, we test the predictions for both margins, appeal among denials and ap-
peal success among appealed denials, in Figure A.22. Figure A.22a plots the resid-

ualized selection (extensive) margin against the constructed leave-out leniency. We
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find a statistically significant negative correlation: cases denied by more lenient
judges are indeed less likely to be appealed. Figure A.22b plots the residualized
success (intensive) margin against leniency, and again we find a significant nega-
tive correlation: among denials that are appealed, those handled by more lenient
judges are less likely to be granted on appeal.

A key assumption of the model is that the appeal court standard c* is inde-
pendent of lower-court judges’ leniency. In Figure A.23, we test this assumption.
Using the random-forest model trained on realized appeal decisions described in
Section 3.2, we generate predicted probabilities of appeal grants for all cases as a
proxy for appeal-court leniency. We then residualize these predicted probabilities
and regress them on judge leniency. The results reveal a modest positive relation-
ship: cases handled by more lenient judges are slightly more likely to be granted by
the appeal court. In Figure A .24, we calibrate our stylized illustration to reflect this
deviation and show that it modestly flattens the reduced-form reversal-leniency
relationship, but does not alter the key comparative static that reversals are de-
creasing in leniency and steepest in the strict region.

Proposition 5.2 and Lemma 5.1 predict that attentive judges converge to the
appeal-court standard while inattentive judges do not. This implies that rever-
sal rates should be less sensitive to leniency for attentive judges than for inatten-
tive judges. We use the constructed attentiveness measures to classify proceedings
according to the attentiveness of the presiding judge and test these predictions.
Specifically, within each ruling year, we rank proceedings by the attentiveness val-
ues of their ruling judges. For our main measure, grant-rate attentiveness, we de-
fine the top tercile of proceedings as those ruled by attentive judges and the bottom
tercile as those ruled by inattentive judges. For the two hearing-diligence atten-
tiveness measures, we classify proceedings based on the sign of the corresponding
judge’s attentiveness measure, labeling judges that decrease early predictability or
increase the daily average number of hearings per proceeding as attentive, and oth-

ers as inattentive.'* We then replicate the analysis presented in Figures 8 and 9 for

4These different classification rules reflect the distinct nature of the three attentiveness mea-
sures. The grant-rate attentiveness measure is defined as the absolute value of the estimated effect
of surprise reversals on lower-court grants. As shown in Figure A.11, the distribution of the raw es-
timates is concentrated around zero; hence, splitting the absolute values into terciles distinguishes
inattentive judges (values near zero) from attentive judges (values significantly different from zero).
For the hearing-diligence attentiveness measures, we rely on the raw estimates of the effects of sur-
prise reversals, since positive and negative reactions have clear monotonic interpretations. In the
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proceedings ruled by attentive and inattentive judges separately.

Grant-rate attentiveness In Figure 10, we compare proceedings ruled by atten-
tive and inattentive judges. For both groups, the residualized lower-court grant
rate is strongly and significantly positively correlated with judge leniency. Impor-
tantly, the slope is significantly flatter for proceedings ruled by attentive judges
than for those ruled by inattentive judges. This flatter correlation is consistent
with attentive judges aligning their rulings more closely with the appeal-court
standard, as suggested by Figure A.23. When examining the relationship between
the residualized reversal rate and judge leniency, we find a similarly flatter slope
for proceedings ruled by attentive judges, indicating that reversal risk is much less
sensitive to individual leniency for attentive judges. In Figure A.25, we show that
the patterns observed in Figure 10 are robust and even more pronounced when
using the judge-year level construction of attentiveness measures. The disparity
between attentive and inattentive subsamples also remains robust under an alter-
native classification based on top-versus-bottom halves, as shown in Figure A.26.
Taken together, these results validate the model’s prediction that attentive judges
learn from negative evaluation signals and converge toward the appeal-court stan-
dard, whereas inattentive judges do not.

Hearing-diligence attentiveness We then repeat the same exercise by splitting
the sample using the two hearing-diligence attentiveness measures. First, we clas-
sify proceedings based on whether the ruling judges’ early predictability decreases
after surprise reversals. As discussed earlier, if judges reduce early predictability
after surprise reversals, they are likely incorporating more information during the
hearing process and thus making higher-quality rulings. Accordingly, judges with
negative reactions are considered more attentive. Figure A.27a shows that the two
groups of judges do not differ significantly in the correlation between the residual-
ized lower-court grant rate and leniency. Figure A.27b shows that, among judges
who reduce early predictability after surprise reversals, the correlation between
residualized reversal risk and leniency is more modest than for positive-reacting
judges, although the difference is less pronounced than in the grant-rate attentive-

ness results.

Appendix, we report the robustness of our results to alternative classification methods.
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Figure 10: Leniency and Lower Court Outcomes by Grant Rate Attentiveness
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Notes: The figures plot the relationships between judge leniency and lower-court outcomes for attentive and inattentive
judges, defined by the magnitude of the effect of surprise reversals on grant rates and classified into the top and bottom
terciles, as described in Section 5.3. The leave-out judge leniency measure is constructed as described in Section 5.2.2 for the
two subsamples. The left panel shows local linear regressions of residualized lower-court asylum grants on judge leniency,
and the right panel shows local linear regressions of residualized lower-court reversals, defined as lower-court denials
that are granted on appeal on judge leniency. Both lower-court outcomes are residualized using the same set of court-by-
time fixed effects applied in constructing the leniency measure. In both panels, the black line represents the subsample of
cases ruled by attentive judges, with dashed lines indicating 95% confidence intervals, while the gray line represents the
subsample of cases ruled by inattentive judges, with shaded areas denoting 95% confidence intervals. Standard errors are
clustered at the judge level.

Next, we classify proceedings based on whether the ruling judges increase
the average number of hearings per proceeding after surprise reversals. We hy-
pothesize that ruling quality should be non-decreasing in the number of hearings
per proceeding, implying that positive-reacting judges are more attentive. Fig-
ure A.28a shows that the two groups of judges again do not differ significantly
in the correlation between residualized lower-court grant rates and leniency. Fig-
ure A.28b further shows that, for judges who host more hearings per proceeding
after surprise reversals, the correlation between residualized reversal risk and le-
niency is also not significantly different from that of negative-reacting judges. In
the unpublished appendix, we show that the results are robust to constructing at-
tentiveness measures at the judge-year level and to alternative classifications based
on top-versus-bottom tercile splits.

Taken together, these results suggest that while behavioral diligence, such as
hosting more hearings per proceeding or incorporating additional information
during hearings, does not substantially alter the reduced form relationship be-
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tween leniency and lower-court outcomes, the direction of these responses is con-
sistent with the interpretation that more attentive judges internalize appeal-court
feedback and reduce the role of individual bias in their rulings.

5.3.2 Estimating Marginal Treatment Effects

The reduced-form evidence in Section 5.3.1 is consistent with the comparative stat-
ics of the model but does not condition on latent case quality. We now take the
model directly to the data by estimating marginal treatment effects (MTEs) fol-
lowing the local instrumental variables (LIV) framework of Heckman and Vytlacil
(2005) and its empirical implementation in Arnold, Dobbie and Yang (2018). This
allows us to measure how reversal probabilities respond to marginal changes in le-
niency at any point of the leniency/quality distribution, providing a more robust
counterpart to the reduced-form patterns.

Let D, ;; denote the lower-court grant decision for case i ruled by judge j at time
t, and let Z;;; be the constructed leniency instrument. The first-stage relationship
defines a propensity score

Dijt = Pr(Dijt =1 | Zijt7 Xijt) = E[Dijt | Zijtaxijt]a (5.3)

which summarizes how likely a case is to be granted conditional on judge assign-
ment. Section 5.2.2 provides evidence validating the instrument and the strength
of this first stage. The MTE is defined as

OE Yy | pije = pl
op ’

MTE(p) = (5.4)
where ffijt is our outcome of interest—the indicator for whether a denied case is
granted on appeal—residualized with the full set of court-by-time fixed effects.
Following Heckman, Urzua and Vytlacil (2006), we residualize the lower-court de-
cisions D;;; and leniency Z;;; with the same set of fixed effects. Intuitively, MTE(p)
measures how the expected reversal outcome changes with a marginal increase in
the latent grant propensity p, among cases of a given underlying quality p. Since
p is constructed as a positive monotone transformation of leniency, the sign and
shape of the MTE align with the model’s comparative statics in Section 5.1.

We estimate the MTE in three steps. First, we construct a common grid by
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regressing residualized lower-court decisions on judge leniency and computing
the predicted value p;;; = Dijt + éZZ'jt. We then trim p;;; to the 10th-90th per-
centiles and create a fixed grid of 200 evaluation points that is common to all
samples and bootstrap replications. Second, for attentive and inattentive judges
separately, we residualize the reversal indicator on the same fixed effects and esti-
mate E[Yij; | p;j; = p| using local linear regression with a bandwidth of 0.08. The
derivative with respect to p is obtained numerically. Third, we compute bootstrap
confidence intervals by re-sampling at the judge level (500 replications) and con-
structing reverse-percentile intervals at each grid point. Since greater lower-court
leniency corresponds to higher p;;;, MTE(p) can be interpreted as the marginal
change in the reversal probability caused by a small increase in leniency, evalu-
ated among cases of latent quality p.

Figure 11 plots the estimated MTEs separately for attentive and inattentive
judges, evaluated on a common grid of predicted grant probabilities. For atten-
tive judges, the MTE curve is consistently close to zero across the support of p.
This indicates that, conditional on case quality, marginal changes in leniency gen-
erate little to no change in reversal rates. This pattern is exactly what the model
predicts for judges whose thresholds have converged to the appeal court standard
c* operated in the low sensitivity region. In contrast, inattentive judges exhibit a
markedly negative MTE, especially at low values of p associated with stricter ef-
fective thresholds. In this strict region, small increases in leniency sharply reduce
the probability of reversal, and the MTE is uniformly more negative than for at-
tentive judges. As p increases, the MTE for inattentive judges gradually flattens,
consistent with the diminishing mass of borderline strong denials at higher levels
of leniency. These results mirror the reduced-form patterns in Figures 9: attentive
judges’ reversal leniency relationships are nearly flat, while inattentive judges” are
steep, consistent with the predictions of Lemma 5.1.

In Figures A.29 and A.30, we plot the distribution of MTEs for subsamples
defined by judges” hearing-diligence attentiveness. A similar but weaker pattern
emerges: judges who reduce early predictability or host more hearings per pro-
ceeding after surprise reversals tend to exhibit MTEs that are close to zero, whereas
their less attentive counterparts display more negative MTEs. However, as shown
in Figures A.27 and A.28, the differences between the two groups are small in mag-
nitude and generally not statistically significant. Overall, these results suggest that
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Figure 11: Marginal Treatment Effect, Grant Rate Attentiveness
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Notes: The figure plots the marginal treatment effects (MTEs) of lower-court decisions on lower-court reversals separately
for cases ruled by attentive and inattentive judges, classified by grant-rate attentiveness as described in Section 5.2.1. The
MTEs are estimated following the procedure outlined in Section 5.3. The black solid line shows the MTEs estimated on the
subsample of cases ruled by attentive judges, with the dashed lines as 90 percent confidence intervals. The gray solid line
shows those estimated on the subsample of cases ruled by inattentive judges, with the shaded area as 90 percent confidence
intervals. Standard errors are computed using 500 bootstrap replications clustered at the judge level.

attentiveness in grant rate behavior is the primary channel through which judges
attenuate the influence of personal leniency on reversal outcomes; hearing dili-
gence adjustments move in the same direction but play a more limited role.

We next estimate MTEs separately for the two distinct margins in the reversal
process: whether a denied case proceeds to the appeal court at all, and whether an
appealed case is granted. Specifically, we decompose Y;;; as

Yije = Aijt - Sijt,

where A;;; = 1 if the denied case i is appealed (and 0 otherwise) and S;;; = 1 if
case 7’s appeal is granted, conditional on A;;; = 1. Differentiating with respect to p

39



yields

0 ~
MTEy (p) = 5 V15| (5.5)
— MTE4(p) -E[S | A=1,p]+ E[A | p]- MTEs(p)
H/~—/ 5,_/
=2 E[Alp] =£Z E[S|A=1p|
selectio;mrmargin succes:margin

We begin with the selection margin. Figure 12a plots the estimated MTEs for
the probability that a denied case proceeds to appeal, separately for attentive and
inattentive judges. For inattentive judges, the MTE is consistently and significantly
negative, especially in the strict-judge region (low p), indicating that greater le-
niency sharply reduces the likelihood that a denial is appealed. In contrast, the
MTE for attentive judges is close to zero across the distribution of p, suggesting
that they have learned from past reversals and stabilized their granting threshold
to align with the appeal court standard.

We now turn to the intensive margin, which captures variation in appeal suc-
cess among appealed cases. Figure 12b plots the estimated MTEs for the probabil-
ity that an appeal is granted, conditional on appeal, for attentive and inattentive
judges. For inattentive judges, the MTE is again negative, particularly at low val-
ues of p, indicating that stricter judges deny some strong cases that later win on ap-
peal. As judge leniency increases, these strong denials disappear from the appeal
pool, lowering the overall success rate of appeals and generating a negative MTE
in the lower part of the distribution. The much flatter curve for attentive judges
indicates that, conditional on appeal, the quality of their denials is stable across the
leniency distribution. This again suggests that attentive judges” denials are close
to the appeal court’s threshold, leaving little room for systematic correction in the
appeal court.

Taken together, the overall MTEs in Figure 11 further confirms the composi-
tional bias operating through both extensive and intensive margins as predicted
by our model. Inattentive judges exhibit greater threshold noise: small changes
in leniency move many borderline cases across the grant/deny boundary, produc-
ing steep negative MTEs. On the contrary, attentive judges learn from surprise
reversals, this learning process eliminates most of the compositional bias on both

margins, yielding flat and near-zero MTEs.
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Figure 12: Marginal Treatment Effect Decomposition on Two Margins
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Notes: The figure plots the marginal treatment effects (MTEs) of lower-court decisions on appeals and appeal success sepa-
rately for cases ruled by attentive and inattentive judges, classified by grant-rate attentiveness as described in Section 5.2.1.
The MTEs are estimated following the procedure outlined in Section 5.3. The left panel plots the MTEs on appeal filing
among all denied cases, the right panel plots the MTEs on appeal grant, conditional on appealing. In both panels, the black
solid line shows the MTEs estimated on the subsample of cases ruled by attentive judges, with the dashed lines as 90 percent
confidence intervals. The gray solid line shows those estimated on the subsample of cases ruled by inattentive judges, with
the shaded area as 90 percent confidence intervals. Standard errors are computed using 500 bootstrap replications clustered
at the judge level.

In Figures A.31 and A.32, we replicate the MTE decomposition for judge group-
ings based on early predictability attentiveness and hearings per proceeding atten-
tiveness. Consistent with the total MTE patterns shown in Figures A.29 and A.30,
differences between attentive and inattentive judges are less pronounced along
both the extensive and intensive margins. These findings reinforce that the learn-
ing and calibration documented in Figures 11 and 12 do not come at the expense
of hearing diligence; rather, more attentive procedural behavior complements the
stabilization of decision thresholds aligned with appeal court standards.

Finally, we examine whether the learning patterns documented above vary
across the two major procedural categories of asylum adjudication: defensive and
affirmative cases. Defensive cases are filed when the asylum seeker is already in
the removal proceeding, typically involving higher-stakes consequences for appli-
cants, more developed evidentiary records and more structured hearings. Affir-
mative cases are filed voluntarily by asylum seekers that are not in the removal
proceeding yet. This procedural difference does not necessarily reflect systematic

distinctions in case quality, but it does shape the informational environment sur-
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rounding adjudication: When a defensive case is denied, appeals tend to be filed
more consistently by applicants with strong claims, generating clearer directional
feedback for judges. Affirmative cases, by contrast, exhibit greater heterogene-
ity in representation and appeal incentives, producing weaker or noisier signals
when reversals occur. Under the learning framework in Section 5.1, these differ-
ences imply that inattentive judges may update their thresholds more effectively
in defensive cases than in affirmative ones, while attentive judges should realign
thresholds in both settings.

Figure 13: Marginal Treatment Effects, Affirmative versus Defensive
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Notes: The figure plots total marginal treatment effects (MTEs) for defensive and affirmative proceedings, separately for
attentive and inattentive judges. Both panels use the common grid and estimation procedure described in Section 5.3.2. In
both panels, the black solid line shows the MTEs estimated on the subsample of cases ruled by attentive judges, with the
dashed lines as 90 percent confidence intervals. The gray solid line shows those estimated on the subsample of cases ruled
by inattentive judges, with the shaded area as 90 percent confidence intervals. Standard errors are computed using 500
bootstrap replications clustered at the judge level.

Figure 13 plots the total MTEs for affirmative and defensive proceedings sepa-
rately for attentive and inattentive judges. Among attentive judges, MTEs are uni-
formly close to zero for both case types, indicating that these judges have moved
their effective thresholds toward the appeal court standard c* across procedural
contexts. Among inattentive judges, defensive cases also display relatively flat
MTEs, consistent with the idea that the clearer feedback generated by defensive
denials helps even inattentive judges converge to c*. In contrast, inattentive judges
exhibit sharply negative MTEs in the strict region for affirmative cases, which in-

dicates the inattentive judges’ lack of learning or affirmative cases.
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Taken together, these patterns reinforce the learning mechanism of the model.
Judges appear to allocate more attention to defensive cases, and, as a result, even
inattentive judges tend to update their defensive thresholds. For affirmative cases,
inattentive judges fail to update while attentive judges converge to the appeal
court standard.

In summary, our marginal treatment effect estimates provide a structural coun-
terpart to the reduced form results in Section 5.3.1. Across all specifications, at-
tentive judges exhibit MTEs that are flat and close to zero, indicating that once
their thresholds move toward the appeal court standard c*, marginal changes in
leniency have virtually no effect on reversals. Inattentive judges, by contrast, dis-
play steep and negative MTEs in the strict region, reflecting persistent threshold
misalignment and a large mass of borderline strong cases whose outcomes remain
highly sensitive to marginal shifts in leniency. The extensive intensive decompo-
sition shows that these patterns operate through both appeal filing and appeal
success. The case type analysis further demonstrates that this learning mechanism
depends critically on attention: defensive cases generate strong signals that induce
convergence even among inattentive judges. Overall, the evidence aligns closely
with the model’s predictions: learning from appeal court feedback occurs when
judges attend to evaluation signals, and attentiveness is what drives convergence

toward consistent decision standards.

6 Conclusion

In this paper, we study how immigration judges learn from appeal court feedback
in an environment characterized by substantial discretion, heterogeneous decision
styles, and noisy review.

Using comprehensive EOIR and BIA administrative records, we construct high
dimensional prediction models that recover judges’ expected reversal probabilities
and allow us to isolate surprise reversals which deviate sharply from lower court
judges” anticipation. These surprise reversals serve as plausibly exogenous infor-
mation shocks that induce significant changes in judicial decision making: Our
event study results show that, following a surprise reversal, grant rates increase
by 1.57 percentage points in the first week, and the adjustment persists over sub-
sequent weeks. Importantly, we find no evidence of reduced diligence.

43



To interpret these findings, we develop a simple model of attention based be-
lief updating. The model predicts a clear division between attentive judges, who
place greater weight on surprising signals and move decisively toward the ap-
peal court standard, and inattentive judges, whose decision thresholds remain
misaligned. Both reduced-form evidence and marginal treatment effect (MTE)
estimation strongly support these predictions: Attentive judges exhibit near-zero
marginal reversal elasticity, while inattentive judges’ reserval ratee remain sensi-
tive to small changes in leniency. Learning operates through both the extensive
margin of appeal filing and the intensive margin of appeal success. We further
highlight procedural heterogeneity: defensive cases, which tend to attract more
judicial attention, induce convergence even among inattentive judges, while affir-
mative cases generate meaningful updating only among attentive judges.

Together, these findings point to an attention-based mechanism through which
appeal courts discipline lower courts. This perspective reconciles the coexistence
of persistent cross-judge disparities with observed post-reversal adjustments, and
it underscores the importance of understanding the cognitive foundations of pro-
fessional learning in low-feedback environments. Our results suggest that raising
judges” attention to informative feedback is crucial for the judicial hierarchy to
function efficiently and reduce administrative burdens of avoidable appeals.

For future work, one promising direction is to study double learning: how
judges integrate experiential learning from their own caseloads and evaluative
learning from appeal court decisions. A second direction concerns collective learn-
ing: whether judges working in the same court cluster diffuse information or imi-
tate one another’s responses to feedback. More broadly, the empirical strategy we
have developing, using prediction-based surprise measures to detect learning, of-
fers a general approach for studying other expert decision makers whose decisions
are shaped by incomplete and irregular feedback.

In summary, this paper demonstrates that immigration judges do learn from
reversals, but only when the information provided is sufficiently unexpected to
command attention. The institutional design of review systems should therefore
account not only for accuracy and incentives, but also for the cognitive channels
through which decision-makers process information. Even modest improvements
in the salience and attention could yield meaningful gains in consistency and fair-

ness across a wide range of expert decision environments.
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A Figures and Tables

Table A.1: Top Countries of Origin in Asylum Proceedings, 19862019

Country of Origin Number of Proceedings
China 140,783
El Salvador 88,869
Guatemala 70,506
Mexico 51,210
Haiti 48,022
Honduras 44 432
Colombia 29,420
India 28,597
Nicaragua 22,173
Albania 13,104

Note: Counts reflect unique court proceedings in EOIR administrative data, 1986-2019.

Table A.2: Top U.S. States by Number of Asylum Hearings, 1986-2019

Hearing State Number of Proceedings
New York (NY) 201,353
California (CA) 173,029

Florida (FL) 121,238

Texas (TX) 59,301
Maryland (MD) 26,212
New Jersey (NJ) 25,744

Virginia (VA) 25,213
Massachusetts (MA) 18,754
[linois (IL) 18,003
Pennsylvania (PA) 16,696

Note: Counts reflect unique court proceedings in EOIR administrative data, 1986-2019. State abbreviations follow EOIR
hearing location codes.
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Figure A.1: Share of Asylum Cases by Adjudication Outcome, 1986-2019
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Notes: The figure displays the distribution of asylum case outcomes over the sample period, based on all proceedings in the
EOIR administrative data between 1986 and 2019. Each area represents the share of cases that fall into one of five categories:
(i) granted by the lower court; (i) denied by the lower court without appeal; (iii) denied and appealed but no result; (iv)
appealed and denied by the BIA; and (v) appealed and granted by the BIA. Percentages are computed relative to the total
number of cases decided in the lower court in a given month.

Figure A.2: Share of Appeals by Realized and Predicted Outcome, 19862019
1
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Notes: The figure displays the distribution of realized and predicted appeal outcomes over the sample period, based on all
appeals in the BIA data from 1986 to 2019. Each area represents the share of cases falling into one of four categories: (i) appeal
not granted and predicted not granted (true negatives); (ii) appeal not granted but predicted granted (false positives); (iii)
appeal granted but predicted not granted (false negatives); and (iv) appeal granted and predicted granted (true positives).
Percentages are computed relative to the total number of cases decided in the lower court in a given month.
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Table A.3: BIA Decision Classes

Category Decision Type

Background Check Remand
Grant With No Remand
Granted

Positive Remand
Sustain
Temporary Protected Status
Termination

Denied

Dismiss Appeal/Affirm IJ’s Decision
Dismissed (Grant V/D 30 days)

Dismissed (Voluntary Departure Granted)
Rejection

Summary Affirmance

Summary Dismiss

Summary Dismissal (O) Other

Summary Dismissal (a) inad reason on appeal
Summary Dismissal - Both (a) & (e)

Negative

Summary Dismissal (e) no brief
Administrative Return
Dismiss as Untimely
Lacks Jurisdiction - BIA
Neutral Moot Bond
Withdrawal of Appeal
Continued
Other
Other Soriano

Note: This table lists 27 distinct BIA decision outcomes grouped into three categories used in the analysis: positive (granted),
negative (dismissed), and neutral. Classification follows EOIR BIA decision codes.
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Table A.4: Summary of Judge Characteristics

Variable Mean
Male 0.617
Years between law school graduation and appointment 18.821
Years between college and law school graduation 5.195
Private-practice experience (yes/no) 0.437
Military experience (yes/no) 0.173
NGO experience (yes/no) 0.129
INS experience (yes/no) 0.342
Other government experience (yes/no) 0.686
Academic experience (yes/no) 0.069

Note: This table reports the mean of selected judge characteristics based on 698 EOIR judges.

Table A.5: Predictive Performance of Early-Predictability Models

Model ROCAUC Accuracy LogLoss
Judge ID only 0.7406 0.7437 0.5884
Judge ID + Nationality 0.7967 0.7699 0.7142
Judge ID + Opening Date 0.6915 0.7039 0.7918
Judge ID + Nationality + Opening YM 0.7918 0.7625 0.5541
Judge ID + Nationality + Opening YM + Filing YM 0.7963 0.7669 0.5038

Notes: Each row reports the predictive performance of one of the five early-predictability models described in Section 3.1.
Metrics include the area under the receiver operating characteristic curve (ROC AUC), classification accuracy, and log loss.

All models are trained sequentially using random-forest estimators with rolling-year cross-validation.
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Figure A.3: Arrival Probability of Appeal Decisions
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Notes: The figure plots kernel density estimates of the timing of appeal decisions in the 30 days preceding a lower-court rul-
ing. Reversals and surprise reversals are defined as described in Section 4. Densities are estimated using an Epanechnikov
kernel with a bandwidth of 1, based on all lower-court observations in the sample.
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Figure A.4: Nearest Event Attribution Trimmed Sample Distribution
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Notes: The figure plots the distribution of observations across event periods of the nearest event attribution trimmed sample
described in Section 4. Raw observations refer to the raw count of case-event-period observation in each period, effective
sample size is calculated as desribed in Section 4. Episodes refer to the number of reversals that have observations of certain
periods.
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Figure A.5: Effect of Reversals on Lower Court Grant Rate, Unbinned
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Notes: The figure plots plots By, estimated coefficients of the interaction term of the period indicators and the reversal
indicator of Specification (4.1) with unbinned periods indexed by K = [—6, 6], comparing unweighted and event-equal
weighted estimates. The sample includes all appeal decisions from 1986 to 2019 as events, trimmed using the nearest-event
attribution method described in Section 4. Weights are calculated on the estimation sample as described in Section 4.1.
The x-axis indexes seven-day periods around each appeal decision. All estimations include controls for appeal fixed effects
and appeal ruling calendar time fixed effects. Standard errors are clustered at the judge level. Unweighted estimates are
shown as solid dots with shaded 95% confidence intervals, weighted estimates are shown as open circles with bracketed

95% confidence intervals.
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Figure A.6: Effect of Surprise Reversals on Lower Court Grant Rate, Unbinned
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Notes: The figure plots plots by, estimated coefficients of the interaction term of the period indicators and the surprise
reversal indicator of Specification (4.2) with unbinned periods indexed by K = [—6, 6], comparing unweighted and event-
equal weighted estimates. The sample includes all appeal decisions from 1986 to 2019 as events, trimmed using the nearest-
event attribution method described in Section 4. Weights are calculated on the estimation sample as described in Section
4.1. The x-axis indexes seven-day periods around each appeal decision. All estimations include controls for appeal fixed
effects and appeal ruling calendar time fixed effects. Standard errors are clustered at the judge level. Unweighted estimates
are shown as solid dots with shaded 95% confidence intervals, weighted estimates are shown as open circles with bracketed
95% confidence intervals.

56



Figure A.7: Effect of Surprise Reversals on Lower Court Grant Rate, Sampling
Trimming
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Notes: The figure plots plots by, unweighted estimated coefficients of the interaction term of the period indicators and the
surprise reversal indicator of Specification (4.2) with unbinned periods indexed by K = [—6,6]. The sample includes all
appeal decisions from 1986 to 2019 as events, trimmed using the nearest-event attribution method and the pre-only dedupe
method described in Section 4. All estimations include controls for appeal fixed effects and appeal ruling calendar time
fixed effects. Standard errors are clustered at the judge level. Estimates on the nearest-event attribution trimmed sample are
shown as solid dots with shaded 95% confidence intervals, estimates on the preonly-dedupe trimmed sample are shown as

open circles with bracketed 95% confidence intervals.
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Figure A.8: Effect of Reversals on Lower Court Early Predictability
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Notes: The figure plots B &, estimated coefficients of the interaction term of the period indicators and the reversal indicator
of Specification (4.1), with the continous early predictability measure described in Section 4.3 as the outcome variable.
The sample includes all appeal decisions from 1986 to 2019 as events, trimmed using the nearest-event attribution method
described in Section 4.1. Weights are calculated on the estimation sample as described in Section 4.1. The x-axis indexes
seven-day periods around each appeal decision. All estimations include controls for appeal fixed effects and appeal ruling
calendar time fixed effects. Standard errors are clustered at the judge level. Unweighted estimates are shown as solid
dots with shaded 95% confidence intervals, weighted estimates are shown as open circles with bracketed 95% confidence
intervals.
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Figure A.9: Effect of Surprise Reversals on Lower Court Early Predictability, Un-
binned
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Notes: The figure plots by, estimated coefficients of the interaction term of the period indicators and the surprise reversal in-
dicator of Specification (4.2) with unbinned periods indexed by K = [—6, 6] and the continous early predictability measure
described in Section 4.3 as the outcome variable, comparing unweighted and event-equal weighted estimates. The sample
includes all appeal decisions from 1986 to 2019 as events, trimmed using the nearest-event attribution method described in
Section 4. Weights are calculated on the estimation sample as described in Section 4.1. The x-axis indexes seven-day periods
around each appeal decision. All estimations include controls for appeal fixed effects and appeal ruling calendar time fixed
effects. Standard errors are clustered at the judge level. Unweighted estimates are shown as solid dots with shaded 95%
confidence intervals, weighted estimates are shown as open circles with bracketed 95% confidence intervals.
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Table A.6: Hearing Diligence Measures, 1984-2019

Measure Mean Median N
Panel A: Proceedings related to the main sample

No. hearings per proceeding 3.79 3 1,227,280
Average duration of hearings (min.) 139.18 122 1,079,585
Share of preparation adjournments 0.08 0 1,103,956
Share of individual calendar hearing 0.35 0.33 1,227,053
Panel B: All proceedings

No. hearings per proceeding 2.75 2 8,604,714
Average duration of hearings 104.76 70 6,433,513
Share of preparation adjournments 0.09 0 6,471,725
Share of individual calendar hearings 0.16 0 8,599,564

Notes: This table reports summary statistics for the four hearing diligence measures described in Section 4.3. Panel A restricts
the sample to proceedings associated with cases in the main analysis, while Panel B includes all proceedings between 1984
and 2019. The measures capture, respectively, the number of hearings per proceeding, the average duration of hearings
(winsorized at top 1% level before calculation), the share of adjournments granted for preparation, and the share of hearings
held on individual calendars.
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Figure A.10: Effect of Surprise Reversals on Hearings per Proceeding
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Notes: The figure plots dy, estimated coefficients of the interaction term of the period indicators and the surprise reversal
indicator of Specification (4.3), with the number of hearings per proceeding described in Section 4.3 as the outcome variable,
comparing unweighted and event-equal weighted estimates. The sample includes all appeal decisions from 1986 to 2019 as
events, trimmed using the nearest-event attribution method described in Section 4. Weights are calculated on the estimation
sample as described in Section 4.1. The x-axis indexes seven-day periods around each appeal decision. All estimations
include controls for appeal fixed effects and appeal ruling calendar time fixed effects. Standard errors are clustered at the
judge level. Unweighted estimates are shown as solid dots with shaded 95% confidence intervals, weighted estimates are
shown as open circles with bracketed 95% confidence intervals.
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Table A.7: Effect of Surprise Reversals on Lower Court General Hearing Diligence

D) () 3) 4)

No. Avg. Prep. Ind.

hearings  duration Share Share

1(k € [-6,-3]) -0.001 -0.963 -0.003 0.001
(0.002) (1.599) (0.005) (0.008)

1(k=-2) 0.000 -0.351 0.003 -0.001
(0.002) (2.090) (0.008) (0.010)
1(k=0) -0.001 0.133 -0.001 -0.017*
(0.003) (1.522) (0.005) (0.009)

1(k=1) -0.001 0.081 0.001 -0.012
(0.003) (1.658) (0.006) (0.012)

1(k=2) 0.001 -1.474 -0.003 -0.009
(0.002) (1.883) (0.008) (0.010)
1(k € [3,6]) -0.004 -1.929 0.001 -0.019**
(0.003) (1.822) (0.007) (0.009)

1(Surp. Rev., = 1) x 1(k € [-6,—3]) 0.003 1.449 0.003 -0.000
(0.002) (1.481) (0.005) (0.008)

1(Surp. Rev., = 1) x 1(k = —2) 0.001 -0.059 -0.003 -0.001
(0.002) (1.932) (0.007) (0.009)

1(Surp. Rev., = 1) x 1(k = 0) -0.000 -0.641 0.002 0.012
(0.003) (1.425) (0.004) (0.008)

1(Surp. Rev., = 1) x 1(k = 1) 0.000 0.229 0.001 0.011
(0.002) (1.523) (0.005) (0.011)

1(Surp. Rev., = 1) x 1(k = 2) 0.000 1.343 0.004 0.013
(0.002) (1.714) (0.007) (0.009)

1(Surp. Rev., = 1) x 1(k € [3,6]) 0.004 0.499 -0.000 0.016*
(0.003) (1.688) (0.007) (0.008)

adj. R? 0.217 0.417 0.217 0.171
N 911,110 882,764 852,820 911,043

Note: This table reports ), and Jy, estimated coefficients of the period indicators and the interaction term of the period
indicators and the surprise reversal indicator of Specification (4.2), respectively. Each column presents results using one of
the four proceeding-level hearing diligence measures constructed in Section 4.3 on all hearings: the number of hearings, the
average duration of adjournments, the share of preparation adjournments, and the share of individual calendar hearings.
The sample includes all appeal decisions from 1986 to 2019 as events, trimmed using the nearest-event attribution method
described in Section 4.1. All estimations are unweighted and include controls for appeal fixed effects and appeal ruling
calendar-time fixed effects. Standard errors clustered at the judge level are reported in parentheses. Asterisks denote
significance at the 1% (***), 5% (**), and 10% (*) levels.
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Figure A.11: Grant Rate Reactions of Lower Court Judges

\

Estimates
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Notes: The figure plots the estimated coefficients fi2 from Specification (5.1), the estimated coefficient of the interaction
between the surprise reversal indicator and the period indicator for the first two periods following a surprise reversal. The
outcome variable is an indicator for whether a case is granted. The sample includes all appeal decisions from 1986 to 2019,
trimmed using the nearest-event attribution method described in Section 4.1. All estimations are unweighted and include
appeal fixed effects and appeal ruling calendar-time fixed effects. Standard errors are robust to heteroskedasticity. Each dot
represents an estimate for one of 354 judges, ranked by the magnitude of /i2; gray lines denote 95% confidence intervals.

Figure A.12: Early Predictability Reactions of Lower Court Judges
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Notes: The figure plots the estimated coefficients fi2 from Specification (5.1), the estimated coefficient of the interaction
between the surprise reversal indicator and the period indicator for the first two periods following a surprise reversal.
The outcome variable is the continuous early predictability score described in Section 4.3. The sample includes all appeal
decisions from 1986 to 2019, trimmed using the nearest-event attribution method described in Section 4.1. All estimations
are unweighted and include appeal fixed effects and appeal ruling calendar-time fixed effects. Standard errors are robust to
heteroskedasticity. Each dot represents an estimate for one of 416 judges, ranked by the magnitude of fi2; gray lines denote

95% confidence intervals.

63



Figure A.13: No. Hearings per Proceeding Reactions of Lower Court Judges
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Notes: The figure plots the estimated coefficients fi2 from Specification (5.2), the estimated coefficient of the interaction
between the surprise reversal indicator and the period indicator for the first two periods following a surprise reversal. The
outcome variable is the daily average number of hearings per proceeding described in Section 4.3. The sample includes
all appeal decisions from 1986 to 2019, trimmed using the nearest-event attribution method described in Section 4.1. All
estimations are unweighted and include appeal fixed effects and appeal ruling calendar-time fixed effects. Standard errors
are robust to heteroskedasticity. Each dot represents an estimate for one of 380 judges, ranked by the magnitude of fi2; gray

lines denote 95% confidence intervals.
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Figure A.14: Correlations of Judge-Year Level Attentiveness Measures
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Notes: The figure plots the correlations between the three attentiveness measures described in Section 5.2.1. Each dot repre-
sents the attentiveness of a judge in a year in the two dimensions shown on the axes. The size of each dot reflects the number
of observations used to generate the estimate for the dimension on the x-axis. The fitted line is weighted by the number of
observations used to construct each corresponding estimate, and the gray shaded area indicates the 95% confidence interval
around the fitted line.
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Figure A.15: Judge Level Early Predictability and Hearing Diligence Reaction and
Judge Characteristics
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Notes: The figure plots the correlations between judges’ biographical characteristics and two attentiveness measures. The
left panel shows correlations with the judge-level early predictability reaction, and the right panel shows correlations with
the judge-level hearing diligence reaction. Diamonds represent coefficients from multivariate regressions including all char-
acteristics as regressors, with solid lines denoting 95% confidence intervals. Circles represent coefficients from univariate
regressions, with dashed lines denoting 95% confidence intervals. All regressions are weighted by the number of proceed-
ings ruled by each judge. Standard errors are robust to heteroskedasticity.
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Figure A.16: Judge-Year Level Grant Rate Attentiveness and Judge Characteristics
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Notes: The figure plots the correlations between the judge-year level grant-rate attentiveness measure and judges’ biograph-
ical characteristics. Diamonds represent coefficients from multivariate regressions including all characteristics as regressors,
with solid lines denoting 95% confidence intervals. Circles represent coefficients from univariate regressions, with dashed
lines denoting 95% confidence intervals. All regressions include calendar year fixed effects and are weighted by the number
of proceedings ruled by each judge in each year. Standard errors are robust to heteroskedasticity.
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Figure A.17: Judge-Year Level Early Predictability and Hearing Diligence Reaction

and Judge Characteristics
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Notes: The figure plots the correlations between judges’ biographical characteristics and two attentiveness measures. The left
panel shows correlations with the judge-year level early predictability reaction, and the right panel shows correlations with
the judge-year level hearing diligence reaction. Diamonds represent coefficients from multivariate regressions including all
characteristics as regressors, with solid lines denoting 95% confidence intervals. Circles represent coefficients from univari-
ate regressions, with dashed lines denoting 95% confidence intervals. All regressions include calendar year fixed effects and
are weighted by the number of proceedings ruled by each judge. Standard errors are robust to heteroskedasticity.
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Figure A.18: Judge-Year Grant Rate Attentiveness Over Presidential Cycles
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Notes: The figure plots the trend of judges” grant rate attentiveness from 1993 to 2019, using the Trump presidency (2017-
2019) as the reference period. Circles represent the estimates for the period indicators, with shaded area representing 95%
confidence intervals. All regressions include judge individual fixed effects and are weighted by the number of proceedings
ruled by each judge in each year. Standard errors are robust to heteroskedasticity.
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Figure A.19: Judge-Year Early Predictability Reaction Over Presidential Cycles
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Notes: The figure plots the trend of judges’ early predictability reaction from 1993 to 2019, using the Trump presidency (2017-
2019) as the reference period. Circles represent the estimates for the period indicators, with shaded area representing 95%
confidence intervals. All regressions include judge individual fixed effects and are weighted by the number of proceedings
ruled by each judge in each year. Standard errors are robust to heteroskedasticity.
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Figure A.20: Judge-Year Hearing Diligence Reaction Over Presidential Cycles
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Notes: The figure plots the trend of judges” hearing diligence reaction from 1993 to 2019, using the Trump presidency (2017-
2019) as reference period. Circles represent the estimates for the period indicators, with shaded area representing 95%
confidence intervals. All regressions include judge individual fixed effects and are weighted by the number of proceedings
ruled by each judge in each year. Standard errors are robust to heteroskedasticity.
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Table A.8: Randomization Test

(1) 2)
With a lawyer 0.077*** 0.013***
(0.004) (0.002)
Defensive -0.098*** -0.019***
(0.005) (0.003)
Written decisions -0.089*** -0.019*
(0.013) (0.008)
Asian applicants 0.114*** 0.029***
(0.020) (0.006)
European applicants 0.158*** 0.023***
(0.021) (0.006)
Latin American applicants -0.146™** 0.002
(0.021) (0.006)
African applicants 0.177*** 0.020***
(0.021) (0.006)
Spanish speaking applicants 0.021** -0.000
(0.008) (0.002)
Order within the day 0.013*** 0.001
(0.001) (0.001)
Hour of starting -0.005 -0.005
(0.015) (0.013)
Clock time of starinng 0.000 0.000
(0.000) (0.000)
In morning -0.005 -0.014
(0.018) (0.018)
During lunchtime -0.009 -0.019**
(0.008) (0.008)
Number of Charges -0.015** -0.001
(0.004) (0.002)
Number of applications -0.193*** -0.014
(0.013) (0.012)
Days between filing and opening 0.000*** -0.000
(0.000) (0.000)
Joint F-test 239.54 10.21
[0.000] [0.000]

Note: This table reports the randomization test results for the case assignment in the lower court. The sample include all
lower court cases from 1984 to 2019. The leave-out judge leniency measure is constructed as described in Section 5.2.2.
Column (1) reports the estimates from an OLS regression of lower court grant on the list of variables, controlling for the
court-by-time fixed effects. Column (2) reports the estimates from an OLS regression of constructed leniency on the list
of variables, controlling for the court-by-time fixed effects. The F'—statistics and p—values of the joint significance test
are reported at the bottom. Standard errors clustered at the judge level are reported in parentheses. Asterisks denote
significance at the 1% (***), 5% (**), and 10% (*) levels.
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Figure A.21: Judge Leniency by Case Characteristics
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Notes: The figures show the correlation between the residualized judge leniency measure for different groups of cases. The
solid line shows the best linear fit estimated with OLS regressions. Correlation coefficients and standard errors are reported.
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Figure A.22: Leniency and the Two Margins of Reversals
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Notes: The figures plot the relationships between judge leniency and the two margins of the reversal rate. In the left panel,
we plot the residualized selection margin, appeal rate of denied cases, against leniency. In the right panel, we plot the
residualized success margin, appel grant rate of cases that have filed an appeal, against leniency. In both panels, the leave-
out judge leniency measure is constructed as described in Section 5.2.2. The solid line shows a local linear regression of
the residualized margin on judge leniency. Both margins are residualized using the same set of court-by-time fixed effects
applied in constructing the leniency measure in the full sample. Standard errors are clustered at the judge level, and dashed
lines denote 95% confidence intervals.

Figure A.23: Judge Leniency and Predicted Appeal Grant Rates
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Notes: The figures plot the relationships between judge leniency and the predicted appeal grant rate of all cases in the lower
court. The leave-out judge leniency measure is constructed as described in Section 5.2.2. The solid line shows a local linear
regression of residualized predicted appeal grant rates on judge leniency. Predicted appeal grant rates are generated with
the random forest model trained on the actual appeal decisions described in Section 3.2, and are residualized using the
same set of court-by-time fixed effects applied in constructing the leniency measure in the full sample. Standard errors are
clustered at the judge level, and dashed lines denote 95% confidence intervals.
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Figure A.24: A Stylized Illustration of Leniency and Reversal, Calibrated
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Notes: Panel A.24a illustrates the stylized relationship case quality, judge leniency and lower court decisions across appeal
courts of varying stringency, the gray area represents denied cases that do not appeal, they are assumed to be of quality
lower than any quality threshold. Panel A.24b displays the corresponding appeal grant rate by leniency for appeal courts
of corresponding stringency. Coordinates and slopes are schematic and chosen for expositional clarity.
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Figure A.25: Leniency and Lower Court Outcomes by Judge-Year Grant Rate At-
tentiveness
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Notes: The figures plot the relationships between judge leniency and lower-court outcomes for attentive and inattentive
judges, defined by the magnitude of the judge-year effect of surprise reversals on grant rates and classified into the top and
bottom terciles, as described in Section 5.3. The leave-out judge leniency measure is constructed as described in Section
5.2.2 for the two subsamples. The left panel shows local linear regressions of residualized lower-court asylum grants on
judge leniency, and the right panel shows local linear regressions of residualized lower-court reversals, defined as lower-
court denials that are granted on appeal on judge leniency. Both lower-court outcomes are residualized using the same
set of court-by-time fixed effects applied in constructing the leniency measure. In both panels, the black line represents
the subsample of cases ruled by attentive judges, with dashed lines indicating 95% confidence intervals, while the gray
line represents the subsample of cases ruled by inattentive judges, with shaded areas denoting 95% confidence intervals.
Standard errors are clustered at the judge level.
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Figure A.26: Leniency and Lower Court Outcomes by Grant Rate Attentiveness,
Top Half versus Bottom Half
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Notes: The figures plot the relationships between judge leniency and lower-court outcomes for attentive and inattentive
judges, defined by the magnitude of the effect of surprise reversals on grant rates and classified into the top and bottom
halves, as described in Section 5.3. The leave-out judge leniency measure is constructed as described in Section 5.2.2 for the
two subsamples. The left panel shows local linear regressions of residualized lower-court asylum grants on judge leniency,
and the right panel shows local linear regressions of residualized lower-court reversals, defined as lower-court denials
that are granted on appeal on judge leniency. Both lower-court outcomes are residualized using the same set of court-by-
time fixed effects applied in constructing the leniency measure. In both panels, the black line represents the subsample of
cases ruled by attentive judges, with dashed lines indicating 95% confidence intervals, while the gray line represents the
subsample of cases ruled by inattentive judges, with shaded areas denoting 95% confidence intervals. Standard errors are
clustered at the judge level.
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Figure A.27: Leniency and Lower Court Outcomes by Early Predictability Atten-
tiveness
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Notes: The figures plot the relationships between judge leniency and lower-court outcomes for attentive and inattentive
judges, defined by the effect of surprise reversals on early predictability and classified into positive reacting and negative
reacting, as described in Section 5.3. The leave-out judge leniency measure is constructed as described in Section 5.2.2 for the
two subsamples. The left panel shows local linear regressions of residualized lower-court asylum grants on judge leniency,
and the right panel shows local linear regressions of residualized lower-court reversals, defined as lower-court denials that
are granted on appeal on judge leniency. Both lower-court outcomes are residualized using the same set of court-by-time
fixed effects applied in constructing the leniency measure. In both panels, the black line represents the subsample of cases
ruled by positive reacting judges, with dashed lines indicating 95% confidence intervals, while the gray line represents the
subsample of cases ruled by negative reacting judges, with shaded areas denoting 95% confidence intervals. Standard errors
are clustered at the judge level.
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Figure A.28: Leniency and Lower Court Outcomes by No. Hearings per Proceed-
ing Attentiveness
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Notes: The figures plot the relationships between judge leniency and lower-court outcomes for attentive and inattentive
judges, defined by the effect of surprise reversals on the number of hearings per proceeding and classified into positive
reacting and negative reacting, as described in Section 5.3. The leave-out judge leniency measure is constructed as described
in Section 5.2.2 for the two subsamples. The left panel shows local linear regressions of residualized lower-court asylum
grants on judge leniency, and the right panel shows local linear regressions of residualized lower-court reversals, defined
as lower-court denials that are granted on appeal on judge leniency. Both lower-court outcomes are residualized using the
same set of court-by-time fixed effects applied in constructing the leniency measure. In both panels, the black line represents
the subsample of cases ruled by positive reacting judges, with dashed lines indicating 95% confidence intervals, while the
gray line represents the subsample of cases ruled by negative reacting judges, with shaded areas denoting 95% confidence
intervals. Standard errors are clustered at the judge level.
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Figure A.29: Marginal Treatment Effect, Early Predictability Attentiveness
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Notes: The figure plots the marginal treatment effects (MTEs) of lower-court decisions on lower-court reversals separately
for cases ruled by attentive (negatively reacting) and inattentive (positively reacting) judges, classified by early predictabil-
ity attentiveness as described in Section 5.2.1. The MTEs are estimated following the procedure outlined in Section 5.3.2.
The black solid line shows the MTEs estimated on the subsample of cases ruled by inattentive judges who increase early
predictability after surprise reversals, with the dashed lines as 90 percent confidence intervals. The gray solid line shows
those estimated on the subsample of cases ruled by attentive judges who decrease early predictability after surprise rever-
sals, with the shaded area as 90 percent confidence intervals. Standard errors are computed using 500 bootstrap replications
clustered at the judge level.
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Figure A.30: Marginal Treatment Effect, No. Hearings per Proceeding Attentive-
ness
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Notes: The figure plots the marginal treatment effects (MTEs) of lower-court decisions on lower-court reversals separately
for cases ruled by attentive (positively reacting) and inattentive (negatively reacting) judges, classified by no. hearings per
proceeding attentiveness as described in Section 5.2.1. The MTEs are estimated following the procedure outlined in Section
5.3.2. The black solid line shows the MTEs estimated on the subsample of cases ruled by attentive judges who increase
the average number of hearings per proceeding after surprise reversals, with the dashed lines as 90 percent confidence
intervals. The gray solid line shows those estimated on the subsample of cases ruled by inattentive judges who decrease the
average number of hearings per proceeding after surprise reversals, with the shaded area as 90 percent confidence intervals.

Standard errors are computed using 500 bootstrap replications clustered at the judge level.
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Figure A.31: Marginal Treatment Effect Decomposition, Early Predictability Atten-

tiveness
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Notes: The figure plots the marginal treatment effects (MTEs) of lower-court decisions on appeals and appeal success sep-

arately for cases ruled by attentive and inattentive judges, classified by early predictability attentiveness as described in

Section 5.2.1. The MTEs are estimated following the procedure outlined in Section 5.3.2. The left panel plots the MTEs on

appeal filing among all denied cases, the right panel plots the MTEs on appeal grant, conditional on appealing. In both

panels, the black solid line shows the MTEs estimated on the subsample of cases ruled by attentive judges, with the dashed

lines as 90 percent confidence intervals. The gray solid line shows those estimated on the subsample of cases ruled by inat-

tentive judges, with the shaded area as 90 percent confidence intervals. Standard errors are computed using 500 bootstrap

replications clustered at the judge level.
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Figure A.32: Marginal Treatment Effect Decomposition, No. Hearing per Proc.

Attentiveness
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Notes: The figure plots the marginal treatment effects (MTEs) of lower-court decisions on appeals and appeal success sepa-

rately for cases ruled by attentive and inattentive judges, classified by number of hearings per proceeding attentiveness as

described in Section 5.2.1. The MTEs are estimated following the procedure outlined in Section 5.3.2. The left panel plots

the MTEs on appeal filing among all denied cases, the right panel plots the MTEs on appeal grant, conditional on appealing.

In both panels, the black solid line shows the MTEs estimated on the subsample of cases ruled by attentive judges, with

the dashed lines as 90 percent confidence intervals. The gray solid line shows those estimated on the subsample of cases

ruled by inattentive judges, with the shaded area as 90 percent confidence intervals. Standard errors are computed using

500 bootstrap replications clustered at the judge level.
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B Details of ML

In this section, we describe the details of the random-forest based prediction model
and present additional results for the appeal court analysis. For the lower court
prediction exercise, we refer interested readers to the detailed discussion in Dunn
et al. (2017).

B.1 Model Training and Implementation

First, we describe the implementation details of the machine-learning framework,
including the data preprocessing procedures, the hyperparameter tuning strategy,
and the sequential modeling design used for both the lower-court and appeal-
court predictions.

B.1.1 Data Preprocessing Pipeline

We implemented a structured data-preprocessing pipeline to prepare the lower-
court and appeal-court samples for model estimation. The process consisted of
three main steps. First, we imputed missing values using customized functions
that allowed variable-specific methods with explicit handling of numerical fea-
tures that lacked a defined imputation rule. Second, we coerced numerical and
categorical variables into their appropriate data types to ensure consistency across
the modeling pipeline. Third, we one-hot encoded categorical variables using a
tixed set of possible values to guarantee that the training and testing data shared
identical feature spaces. After transformation, we split the data into training and
testing samples using a reproducible random partition and applied the same pre-
processing to both sets. This modular pipeline allowed transparent control over
imputation, data-type conversion, and feature encoding, ensuring that all input
features were standardized, comparable across datasets, and suitable for down-

stream random-forest model training.

B.1.2 Hyperparameter Tuning

For the lower-court prediction, we conducted a grid search with three-fold strati-
tied cross-validation. The parameter grid included combinations of maximum tree
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depth (30 or unrestricted), the number of estimators (50, 100, 200, or 400), mini-
mum samples required for a split (2 or 5), and minimum samples per leaf (1 or
2). We selected the model that maximizes the ROC-AUC score. The final spec-
ification is a random forest with 400 trees and a minimum split size of 5. The
out-of-sample ROC-AUC is 0.873 and and the accuracy is 0.809. Due to computa-
tional constraints, the tuning was performed on the full sample instead of sequen-
tially. The chosen parameter set was then applied consistently across the smaller
early-predictability model variants based on the combined feature set (Judge ID,
Nationality, Opening Year-Month, and Filing Year-Month).

For the appeal court prediction, we tuned the random-forest model similarly
with a three-fold stratified cross-validation grid search. The parameter grid in-
cluded maximum tree depth values of 20, 40, and unrestricted; the number of esti-
mators (50, 100, 200, and 400); minimum samples per split (2 or 5); and minimum
samples per leaf (1, 2, or 5). The ROC-AUC-maximizing specification, with 400
trees, a minimum split size of 2 and minimum sample leaf of 1, achieved an out-
of-sample ROC AUC of 0.854 and an accuracy of 0.797. As with the lower-court
model, tuning was conducted on the aggregate sample rather than sequentially.
To benchmark model performance, we compared random forests with alternative
algorithms, including Extra Trees, Gradient Boosting, Histogram-based Gradient
Boosting, and Logistic Regression. The random-forest model consistently outper-

formed these alternatives as shown in Figure B.1.

B.1.3 Sequential Modelling Approach

To mimic the sequential nature of the decision process, we estimated a series of
prediction models separately for each year from 1986 to 2019. For each prediction
year, the model is trained only on cases filed in preceding years; for instance, to
predict outcomes for cases filed in 1986, the training sample includes all cases filed
in 1985 and earlier. As shown in Figure B.2, the appeal grant rate fluctuates consid-
erably over time, suggesting that the predictive relevance of past cases may decay
as they become temporally distant. To account for this, we applied an exponential
sample-weighting scheme that discounts older observations in the training data.
Formally, let 7 denote the number of years between the prediction year and the
year of the training observation. Each observation is assigned a weight o given by

a =071, where § € [0, 1] controls the decay rate.
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We tuned the optimal decay parameter 0* in two stages. In the first stage, we
searched over a coarse grid from 0.1 to 1.0 in increments of 0.1; in the second, we
refine the search using a 0.01 grid centered around the best-performing value from
the first stage. Model performance is evaluated using the ROC AUC criterion. The
optimal decay parameter is 0.90 for the lower-court prediction model and 0.89 for
the appeal-court prediction model.

B.2 Appeal Prediction Evaluation

In this section, we further analyze the appeal prediction results. Figure B.3 plots
the model’s annual accuracy over the sample period. Three main patterns stand
out: First, as expected, the sequential modeling approach where only data from
preceding years are used for training yields slightly lower accuracy than the ag-
gregate model trained on the full sample. Second, exponential decay weights do
not meaningfully improve predictive performance, suggesting that patterns in ap-
peal decision making are relatively stable over time rather than short-lived. Third,
while the model performs consistently well overall, it exhibits some year-to-year
variation. The most pronounced decline occurs in 2009, largely driven by cases
involving Haitian applicants. Following the catastrophic earthquake that struck
Haiti in January 2010, many individuals whose asylum applications were denied
in 2009 were subsequently granted relief on appeal. As shown in Figure B.4, the
temporary drop in model accuracy is almost entirely attributable to this shock and
Haitian applicants, underscoring how large, unanticipated geopolitical events can
reduce predictive accuracy.

To have a better understanding of the model, we examine the relative impor-
tance of each feature across specifications. The variables with the highest predic-
tive power include the time elapsed between the lower-court decision and the ap-
peal filing, applicant nationality, and the lower-court decision date. Nationality is
as the most important predictor in the sequential models. In the aggregate model,
the algorithm can infer contemporaneous shocks and trend effects by exploiting
correlations among appeals filed within the same period. By contrast, the sequen-
tial model cannot incorporate information from concurrent or future events.

Lastly, we group all features of the appeal prediction model into six categories,

as summarized in Table B.1, and evaluate their relative importances by group. This
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aggregation allows us to quantify the influence of the lower-court judges who ini-
tially denied the cases on subsequent appeal outcomes. As shown in the table, fea-
tures related to lower-court judges account for 0.285 of the total model importance,
underscoring the substantial role of judge characteristics in explaining appeal suc-

Cess.
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Figure B.1: Appeal Prediction Model Comparison
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Notes: The figure compares the predictive performance of five classification algorithms for the appeal-court prediction task
using receiver operating characteristic (ROC) curves. The models were trained and tested on the aggregate level.
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Figure B.2: Monthly Appeal Grant Rate, 1984-2019
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Notes: The figure plots the monthly average appeal grant rate (solid line, left axis) and the number of appeals filed (gray
bars, right axis) from 1984 to 2019.

Figure B.3: Prediction Accuracy of the Tuned Models, 1986-2019

Model Accuracy: Aggregate vs. Sequential Models vs. Weighted Sequential Models
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Notes: The figure plots the prediction accuracy of the aggregate model, the unweighted sequential model and the optimally

weighted sequential model over the sample period.
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Accuracy

Figure B.4: Prediction accuracy, Haiti vs. Others, 19862019
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Notes: The figure plots the prediction accuracy of the optimally weighted sequential model over the sample period, for

applicants from Haiti versus other countries.

Figure B.5: Feature Importances of the Appeal Prediction Model

Feature Importances of Aggregate vs. Sequential Models
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Notes: The figure compares the relative feature importances of the aggregate model for predicting appeal outcomes, and the

mean feature importances of the unweighted sequential model and the weighted sequential model.
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Table B.1: Feature Groups and Aggregate Importance

Feature Group Feature Importance Features Included

Time horizon features 0.375 appeal filing year, appeal filing year month,
lower court decision year, lower court decision
year month, days between lower court filing
and case opening, days between lower court
case opening and decision, days between lower
court decision and appeal filing

Judge features 0.285 judge id, male, year of appointment, year of
college graduation, year of law school gradu-
ation, years in government, years in non-INS
government, years in INS, years in military,
years in NGO, years in private practice, years
in academia, indicator of missing biography,
years since appointment, years since law school
graduation, average appeal grant rate of last 10

occasions
Respondent features 0.174 origin nationality, language
Trend features 0.073 average appeal grant rate of last 10 occasions

for a judge, average appeal grant rate of last 10
occasions for a judge-nationality group

Proceeding features 0.071 with lawyers, defensive, affirmative, oral, writ-
ten, case type text, detailed decision text, cus-
tody, probono

Location features 0.045 base city, indicator of hearing locations match-

ing with base cities

Notes: The table reports grouped average feature importances derived from the sequential random-forest model. The third
column lists all individual features included within each group.
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C Proof of Proposition 5.1 and Lemma 5.1

Proof of Proposition 5.1 For ¢ > ¢*, under the assumption that f(c) > 0, ¢(I) <0,

the reversal rate is defined as
Re) = [ fla)da

By the Fundamental Theorem of Calculus,

dR(c) dR(c) dc
dl - de dl

The selection margin E(c) is defined as

then

then
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Proof of Lemma 5.1 The sensitivities are defined as function of the threshold c:

Ule) = Si(e) = £6),
0B, Fa)f(0) o1 fOIF(E) - Pla)
YE(c) = E(C) = TFoE Yr(c) = %(C) = TR0 - Fla)

Assume f'(¢) > 0and f'(c)F(c) > 2f(c)* on [¢*, ¢ ], then

SR ()= () > 0,
We, | f(F() - 2f(c)
o) - PR

that is, the reversal sensitivity and the selection margin sensitivity functions are
both monotonically increasing in c on [¢*, ¢;o]. Assume f'(c) [F(c) — F(a)] > 2f(c)?,
then

sy f'()[Fe) = F(a)] = 2f(c)*
de [F(c) — F(a))’

[F(c") = F(a)] > 0,

that is, the success margin sensitivity function is also monotonically increasing in

con [c*, ¢jol. |

Assumptions of Lemma 5.1 The regularity conditions we assume for Lemma 5.1,

on [C*, Cj70],

f'e) >0, F(e)F(c) > 2f(c)* F(e)[F(e) = Fla)] > 2f(c)*,

ensure that the sensitivity of reversals and its margins to the grant threshold in-
creases monotonically with judicial strictness over the relevant range.

The first condition requires that the case quality density f(c) increasing over the
range of strict thresholds [¢*, ¢;o]. The second condition requires that the density
rise sufficiently quickly relative to the mass of denials, captured by F'(c), such that a
small movement in a strict threshold reclassifies many denials. The third condition
is stricter, requiring that the density rise sufficiently quickly relative to, F'(c)—F'(a),
the mass of appealable denials. Economically, this corresponds to an environment
where stricter judges face a thick concentration of borderline cases just below their

cutoff and above the appeal-benefit threshold a and are strong enough to succeed
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if appealed. Therefore, marginal shifts in the threshold have large effects on re-
versals, appeal filing, and appeal success. In contrast, when the judge’s threshold
is already close to the appeal court standard c*, the pool of borderline strong but
denied cases becomes thin and small threshold adjustments have limited effects.

These regularity conditions we impose align with both prior evidence and our
own data. Ramji-Nogales, Schoenholtz and Schrag (2007) documented that case
difficulty in the U.S. asylum system increases sharly near the higher quality region,
where more cases accumulate because they are more likely to be filed, pursued,
and appealed. In Figure C.1, we plot the empirical distribution of the estimated
grant propensity p as discussed in Section 5.3.2. The distribution is unimodal and
right skewed: The density increases drastically from the lower tail and peaks in
the interior of the distribution. The interval of relevance [c*, ¢; o] lies in this rising
segment of the density, implying that stricter judges operate in the part of the dis-
tribution with many appealable denials. Hence, we argue that the regularity con-
ditions are empirically plausible and consistent with the observed distributional
shape.
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Figure C.1: Distribution of Estimated Propensity Scores

Propensity Score

— Attentive Judges ---- Inattentive Judges

Notes: The figure plots the distribution of the estimated propensity scores p;;+ as described in Section 5.3.2. The solid line
plots the distribution of cases ruled by attentive judges, the dashed line plots the distribution of cases ruled by inattentive
judges. The classification of judges is defined in Section 5.2.1. The vertical lines denote the 10th and 90th percentile of the

distribution of all cases.
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D Decomposing MTEs

In this section, we derive the MTE decomposition of Equation (5.5). For the sake
of simplicity and clarity, we ignore the subscripts for case i ruled by lower court
judge j at time ¢ here. Since we define A € {0,1} as the indicator that a denied
case files an appeal, and S € {0, 1} as indicator that an appealed case is granted on

appeal. The reversal rate can then be written as
Y;jt = Aijt : Sijt;

By the law of iterated expectations, we get

EY |pl=E[AxS|p]
=E[E[AxS|Ap]|p
—EAxE[S|A=1,p|
=E[A|plE[S]A=1,p]

Within court-time cells C,,
EY |p,Cl=E[A|p,C|l-E[S|A=1,p,C]. (D.1)

Let the residualized variable W € {Y, A, S} controlling for court-time fixed effects
be

W=W-E[W|C],
we can then derive the decomposition for the expectation of Y as
E|Y|p,C| =EY |p,Cl-E[Y | C]
_E[A|p,CIE[S | A=1,p,C]— E[A|C]E[S| A=1,C]

=(E[A[p.C]-E[A[C]) E[S|A=Lp,C]
+E[A|C](E[S | A=1,p,C] — E[S | A=1,C)).

Thus, the residualized mean of Y decomposes into a selection deviation and a stc-

cess deviation around their C—specific baselines.
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Differentiate D.1 w.r.t. p, we get

0 0

N

Vv
selection margin

0

-

~
success margin

Since E[W | C], W € {Y, A, S} does not depend on p, the same derivative holds

for residuals:

0 = 0
—E|\W |p,C|=+—EW]|pC
o [ | P, } oy IV P, Cl,
that is, residualization does not change the local derivative (the MTE), it only re-
centers the levels within court-time cells. We can then decompose the total MTE

as
MTEy (p) E%E [Yf | p}

—MTE(p)-E[S | A=1,p,C] + E[A| p,C]- MTEs(p) ,
———— ————
E[A|p] E%E[SM:L})]

9
Op
where we use E[- | C] and E [] interchangeably since the residualization for all
variables controls for court-by-time fixed effects.
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