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Abstract
What if judges already behave like algorithms? As artificial
intelligence and algorithms are deployed in many settings,
including the judicial system, many have debated whether
judges should be allowed to rely on them. We suggest this de-
bate about the role of algorithms in the justice system tracks
a longstanding debate regarding the comparative benefits of
judges relying on rules versus standards. Rules are clear,
consistent, and predictable, but may not capture individual
and equitable circumstances that more flexible standards rely
on. We do not claim when or whether rules or standards
are preferable. Instead, we ask whether judges follow pre-
dictable, algorithmic-like rules already. If judges already fol-
low consistent, formula-like rules based on discrete and static
factors such as criminal history, age, and charge type, then ju-
dicial behavior may be improved. However, if judges rely on
individualized information that cannot be identified through
court data, then standards-based decision-making may be
more challenging to understand or improve. This work ex-
plores these questions by studying judicial decision-making
in misdemeanor bail hearings in Harris County, Texas. Us-
ing available court data, we investigate whether magistrate
judges follow what resembles an algorithm; whether they
consider the same variables in their decision-making; and
whether they are consistent with themselves and with each
other. To do this, we train machine learning models for each
judge, measure variable importance metrics to determine im-
portant variables for each judge’s decision-making, and an-
alyze outcomes of similar cases for judges. Our results re-
veal that these judges generally behave algorithmically: their
decisions can be captured by small, interpretable formulas.
However, in some cases, judges differ substantially, leading
to surprising inconsistency and unequal treatment across sim-
ilar defendants. Identifying cases where algorithms do not ex-
plain judicial decision-making can improve the justice system
by focusing attention on decisions where individualized stan-
dards, rather than rules, better explains outcomes.

Full Appendix and Public Code —
https://github.com/eychen2/AreJudgesAlgorithms

Introduction
Having an impartial judge decide one’s dispute is an essen-
tial element of due process, or fair trial rights, around the
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world (Garrett 2025; Deeks 2019; Crootof et al. 2023). An
important dimension of due process is having a judicial of-
ficer who makes these decisions in a reasoned and consis-
tent manner. Yet, there has been a longstanding tension be-
tween making decisions based on rules, which can lead to
consistent and predictable outcomes, and the use of more
discretionary standards, which can provide more equitable
outcomes based on individual, case-specific considerations
(Schlag 1985). There are important questions concerning
when and whether rules versus standards are desirable, and
there are tradeoffs concerning the choice of which to em-
ploy in legal decision-making (Kaplow 1992). For more in-
formation about rules and standards, refer to Appendix A. In
recent years, the debate about the use of algorithms and AI
in the justice system has tracked many of the same concerns
expressed in the longstanding debate between the compar-
ative desirability of rules versus standards. One side argues
that many algorithms are reductive and fail to account for
the case-specific factors that a human judge must consider
(Harcourt 2015). This concern is particularly pressing in ar-
eas where equity and a judge’s discretionary moral judgment
are involved (Re and Solow-Niederman 2019). Others note
that human judges are also prone to certain types of incon-
sistencies and biases in their decision-making (Rachlinkski
and Wistrich 2017; Eaglin 2023). The type of data and the
type of judicial task may also affect the choice of whether
algorithms or discretionary judging are more desirable. Us-
ing AI or algorithms is more advantageous if prediction is
straightforward and rule-based, while an element of human
judgment will be more advantageous if omitted variables
make accurate prediction more difficult (Fagan and Lev-
more 2019). Highly relevant to this debate is whether judges
already behave like algorithms and follow rules, or rather,
whether they tend to decide cases based on more case-
specific standards. Let us define this question more carefully.
By an “algorithm,” we refer to a simple formula, perhaps
consisting of a few understandable rules. This simple for-
mula involves only a few additions, subtractions, and mul-
tiplications. We call such formulas “interpretable” or “un-
derstandable,” because the actual factors and weights they
rely upon are provided (Garrett and Rudin 2024a). We are
not referring to “black boxes,” i.e., complicated or propri-
etary mathematical formulas, since we believe those should
be avoided in criminal justice decision-making, as they raise
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serious constitutional concerns and have not been shown
to be better than interpretable models (Garrett and Rudin
2024a,b). The question we ask here is when and whether
judges act like simple formulas. Are judges consistent in
their judgments the same way a simple formula (or rule)
would be? If so, can we identify these formulas or rules? If
instead they employ standards, can we identify them in order
to shed light on how they make their decisions? These ques-
tions are central to debates on whether algorithms should
be used in the justice system. If judges already follow con-
sistent, formula-like rules based on quantifiable cues such
as prior offenses, age, and charge type, then judicial behav-
ior could be understood and even improved through inter-
pretable models rather than being replaced by them. Con-
versely, if their decisions deviate widely from any learnable
rule, then the challenge is to identify these more flexible
standards, assess the consistency of decision-making, and,
in turn, ensure that the use of those standards can be under-
stood and even improved.

We examine this question by focusing on data from
the third-largest urban county in the United States, Harris
County, Texas, which includes the city of Houston. Our data
is from the period after the 2019 entry of the O’Donnell Con-
sent Decree, a landmark reform in Harris County designed
to eliminate wealth-based disparities in bail decisions, and
gave magistrates greater discretion in their cases, particu-
larly regarding a smaller number of more serious misde-
meanor cases.

In this work, we examine the decision-making by magis-
trates who are hired by the County to report to the elected
judges and to make initial decisions regarding the compara-
tively more serious misdemeanor cases. Specifically, we fo-
cused on the cases in which the magistrates decide, after a
bail hearing, during which they hear from the district attor-
ney and public defender, whether to recommend that a per-
son be given a personal bond and released, perhaps with su-
pervision conditions, or whether a person should be given a
secured bond with a cash bail amount that they would have
to pay to be released, possibly also with supervision condi-
tions if they are able to pay or obtain a bond for that amount.
Given the size of the jurisdiction, there are tens of thousands
of these bail hearings and magistrate decisions each year.
Our unique dataset contains over 22,000 unique cases de-
cided by 21 magistrates.

To clarify, this work does not advocate replacing judges
with algorithms. An essential concern is recourse: humans
are always needed, including when an algorithm is wrong,
when cases raise individual or extenuating circumstances,
or in cases where a rule-based decision would be appropri-
ate, but the data about the individual is incorrect and the
algorithm’s input needs to be adjusted (Garrett and Rudin
2024a). Regarding the latter situation, while cases with data
errors should be rare, they are not in practice, partly due
to pervasive errors in administrative criminal justice data
(Pepper, Petrie, and Sullivan 2010). The first type of case
– where equitable discretion or standards should be used –
raises a normative question about the desirability of using
equitable, standards-based approaches. Without addressing
that normative question, we instead ask whether judges act

like algorithms generally, including whether they are con-
sistent with each other; whether they are needed mainly to
intercept unusual cases; and whether there is some category
of individualized decision-making that they already engage
in. Examining the potentially algorithmic nature of judicial
reasoning – and the types of cases that judges do not view
as suitable for rule-based approaches – opens a path toward
improved decision making and greater accountability.
Summary of experiments and results: To investigate our
first question – “When do judges not follow any reason-
able algorithm, and are there circumstances leading to
these inconsistencies?” – we generated the “Rashomon set”
of every possible good model of a flexible, nonparametric
function class, namely, sparse decision trees. Each of these
models represents a possible simple decision function that
matches the judge’s decisions as accurately as possible. For
each magistrate, we identified cases that were misclassified
for every function in the Rashomon set; these “unexplain-
able cases” are judicial decisions where no good model can
predict the judge’s ruling correctly.

Unexplainable cases amount to 2%-33% of each judge’s
cases. Manual analysis of a sample of hearing records and
probable cause forms revealed that 100% of the sample of
these unexplainable cases arose from either: (1) data-entry
or form errors, (2) information about charges outside Har-
ris County that were not represented in the dataset, or (3)
case-specific qualitative details that judges referenced but
were absent from structured data. These findings suggest
that even if much of judicial reasoning were algorithmic,
real-world inconsistencies often stem from gaps in infor-
mation and record-keeping rather than deliberate arbitrari-
ness. These results suggest that there are systematic gaps in
record-keeping that could be mitigated.

Our second question is “Can each judge be described
by a simple algorithm?” We attempted to model each
judge with a simple decision tree and reported the degree
to which each magistrate’s bail decisions can be represented
by such rules (disregarding the unexplainable cases, which
arise from a noisy generative process rather than a delib-
erate one). We found that across thousands of cases, most
judges could be approximated by small decision trees (depth
≤5) using features such as prior revocations, pending cases,
and defendant age, achieving accuracies between 75% and
100%, where at least 85% of the decisions for each judge can
be algorithmically determined for 17 of the 21 judges. This
indicates that a substantial portion of judicial behavior rea-
sonably follows systematic patterns that can be summarized
in a few simple conditions, although some judges behaved
more algorithmically than others.

Digging further, we performed a variable importance
analysis to answer: “Do judges consider the same vari-
ables in decision making?” Most variable importance anal-
yses are flawed since they only consider variable importance
for one model, despite the existence of the Rashomon set –
the set of good models for the data – which often contains
many equally accurate models that use completely differ-
ent variables. Our analysis, instead, averages variable im-
portance over good models to identify variables that are gen-
erally important. We find that there are three generally im-
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portant variables across judges – age, warrantct (number of
previous warrants), and pre-defined flags of specific types
of crime – but the degree to which variables are important
and the choice of additional important variables differ sub-
stantially between judges. Thus, even if each judge behaves
algorithmically, they act like totally different algorithms.

Finally, we delve deeper into the differences between
judges, asking: “Are judges consistent with each other?
When do they disagree?” To do so, we test whether a
model trained to predict one judge’s decisions can accurately
predict another judge’s decisions. We find that it cannot:
judges exhibit meaningfully distinct decision-making pro-
cesses. Specifically, when we evaluated each judge-specific
model on cases decided by other judges, performance de-
teriorated substantially, revealing pronounced heterogeneity
across judge pairs. We then identified structured “disagree-
ment rules” that characterize when particular judges diverge.
For instance, Judge 9 and Judge 4 disagree in 94% of cases
involving individuals aged 24 or younger, suggesting sys-
tematically different treatment of younger individuals. This
indicates that the justice system’s outcomes depend heav-
ily on who the judge is. A triplet consistency experiment,
where we matched similar cases for different judges, con-
firmed these findings: judges were highly self-consistent,
getting similar outcomes for similar cases 76% of the time,
but only modestly consistent with one another, coming to the
same rulings on similar cases only ∼55% of the time (close
to random guessing), indicating that the justice system’s out-
comes depend heavily on who the judge is.

Our results thus reveal a paradox. On one hand, judges
do behave algorithmically a lot of the time; their decisions
can be captured by small, interpretable formulas that rely
on measurable variables. On the other hand, the algorithmic
behavior differs from judge to judge, leading to inconsis-
tency and unequal treatment across defendants. Identifying
and comparing these implicit rule sets could enable data-
driven judicial training, standardized guidelines, and mech-
anisms to promote interpretability and system-wide fairness.

By understanding when and why judges deviate from in-
terpretable rules, we can better identify errors in data, biases
in reasoning, and opportunities for reform. Ideally, with ad-
ditional data on outcomes, we can focus judges on rules that
produce desirable outcomes (Loeffler and Grunwald 2015),
while being a comparatively inexpensive type of interven-
tion (Ludwig, Mullainathan, and Rambachan 2024). Ulti-
mately, we claim the central question is not whether algo-
rithms belong in the justice system, but whether humans
within it already act like them and whether we can make
both better.

Related Works
A growing empirical literature studies judicial decision-
making as a form of human judgment under uncertainty,
particularly in high-volume and time-constrained settings
such as pretrial bail hearings. This work consistently doc-
uments substantial variation across judges, even when they
are presented with similar cases, raising concerns about con-
sistency, equity, and arbitrariness in legal outcomes.

In the context of bail, several studies compare judicial de-
cisions with algorithmic predictions. Kleinberg et al. (2018)
analyze pretrial release decisions in New York City, showing
that simple machine learning models can outperform judges
in predicting failure to appear while simultaneously reduc-
ing incarceration and racial disparities. Other work (Arnold,
Dobbie, and Hull 2022) demonstrates that judge-specific
preferences contribute meaningfully to variation in bail out-
comes, with some judges systematically imposing more re-
strictive conditions than others, even after controlling for
observable case characteristics. These findings highlight the
limits of unaided human judgment in repetitive, prediction-
driven legal tasks.

These concerns are especially salient in Harris County,
Texas, following the O’Donnell Consent Decree. Before the
decree, misdemeanor bail decisions were governed by a
rigid bail schedule that tied release to the ability to pay, re-
sulting in widespread detention of low-income defendants.
Post-decree evaluations (Heaton, Mayson, and Stevenson
2017) find that the reforms substantially reduced wealth-
based detention, but did not eliminate heterogeneity in mag-
istrate decision-making. In carve-out cases that proceed to
individualized bail hearings, outcomes remain sensitive to
which magistrate presides, suggesting that discretion con-
tinues to play a central role.

Beyond the legal literature, research in cognitive psychol-
ogy provides insight into why judicial decisions may be well
approximated by simple, interpretable rules. A large body of
work shows that human experts frequently rely on heuris-
tics—fast and frugal decision rules that trade optimality for
cognitive efficiency. Foundational work on availability and
representativeness heuristics (Tversky and Kahneman 1974)
demonstrates how humans simplify probabilistic reasoning,
while other works (Marewski and Gigerenzer 2012) show
that in domains such as medical decision-making, heuristic-
based models can rival more complex statistical approaches.
These findings suggest that judicial reasoning, particularly
under time pressure and informational constraints, may nat-
urally take a rule-like or algorithmic form.

Consistent with this perspective, prior studies have found
that expert decisions in high-stakes domains can often be
captured by compact decision rules. Models of bail decisions
in the United Kingdom using fast-and-frugal trees found that
judges rely on a small number of cues applied in a con-
sistent order (Dhami and Ayton 2001). Similar results have
been observed in other expert domains, including military
and medical decision-making, where simple decision trees
achieve accuracy comparable to more complex models while
remaining interpretable.

Again, we do not ask whether algorithms should replace
judges or whether algorithmic predictions outperform those
of human decision-makers. Instead, we ask whether judges
themselves already behave like algorithms: whether simple,
interpretable rules can capture their decisions; whether those
rules are consistent over time; and when no reasonable algo-
rithm explains a judge’s behavior. By shifting the focus from
human-versus-algorithm comparisons to the internal struc-
ture of judicial decision-making, our work connects norma-
tive debates about rules and standards with empirical evi-
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dence on human judgment, offering a new lens on account-
ability and consistency in the justice system.

Data and Processing
In Harris County, the Consent Decree gives the public ac-
cess to certain data concerning misdemeanor pretrial release
and detention decisions, including defendant characteristics
(such as race, sex, and age), case characteristics (such as
charges filed, booking and release dates), which magistrates
and judges are assigned to cases, decisions made at bail hear-
ings, and bail outcomes in cases from 2009 to the present.
We focused on misdemeanor and felony cases from 2020
to 2025, a time period during which the Consent Decree
rules had been adopted and were being used consistently.
The dataset contained 531,921 unique cases, out of which
we filtered out carve-out cases (cases that were not given a
General Order Bond), duplicate cases, and off-docket cases
(pre-screened cases where pretrial services had determined
the defendant was eligible for release on a personal bond
and where the magistrate agrees, granting the personal bond
without a bail hearing). Using this data, we combined the
crime case details and bond analytics information from the
felony dataset and misdemeanor datasets for individual de-
fendants to compute the features in Table 5 in Appendix
B.2. These features mostly pertain to that defendant’s crim-
inal history: one for past misdemeanors and one for past
felonies (with the ‘ f ‘ suffix). Felony crime information is
included because we discovered that magistrates sometimes
grant personal bonds despite pending felony charges, rea-
soning that the ongoing case would ensure punishment if a
reoffense occurred, making it important for modeling their
decisions. A full description of the dataset and processing is
in Appendix B.

After feature engineering, we excluded cases with any
existing holds and deferred adjudications, since magistrates
appeared to view these existing constraints as sufficient safe-
guards when granting personal bonds, as well as cases with
null values for any of the features, leading to a total of
22,361 usable cases in our dataset. Out of these, 18,456
cases (82.5%) had personal bond not granted (class 0) and
3,905 cases (17.5%) had personal bond granted (class 1).
Figure 1 shows our data processing workflow. After process-
ing, we decided to use 21 of the 24 judges, excluding those
who adjudicated too few cases to support reliable analysis.
We assigned each included judge an anonymous identifier.

Experiments and Results
We structure our experiments around our four guiding re-
search questions.

When Do Judges Not Follow Any Reasonable
Algorithm?
Here, we find decisions that are not consistent with any rea-
sonable algorithm characterizing the decision-making pro-
cess of the judge, based on the available court data. We call
these “unexplainable cases” since these decisions are seem-
ingly incompatible with the judge’s usual way of reasoning.
Such cases could arise from a variety of situations: evidence

Figure 1: Data Processing Workflow. The flowchart outlines
steps for merging and cleaning judicial case records.

not in the database (missing data), incorrect data, personal
bias of the judge, corruption, or randomness in decisions.

To find such cases, we used the TreeFARMS algorithm
(Xin et al. 2022) to obtain a Rashomon set of interpretable
trees for each judge. A Rashomon set is the collection
of models from a given function class (here, simple de-
cision trees) that are the most performant on the dataset.
Whereas standard machine learning methods provide one
“best” model, we do not, because there can be many mod-
els that perform about equally well, and those models differ
from each other (Semenova, Rudin, and Parr 2022; Semen-
ova et al. 2023; Fisher, Rudin, and Dominici 2019; Rudin
et al. 2024). TreeFARMS is designed to efficiently enumer-
ate and represent the Rashomon set of sparse decision trees
(Xin et al. 2022) for a given dataset. Using TreeFARMS
allows us to study variation across equally good models,
examine which features consistently appear as important,
and highlight areas of uncertainty or flexibility in decision-
making. Details about generating the Rashomon sets are in
Appendix D. Table 1 shows the results of the Rashomon set
generation, including the number of trees for each judge and
best model accuracies, ranging from 60% to 99%.

We examine some trees drawn from the Rashomon sets
generated by TreeFARMS. Figure 2 shows an example tree
for Judge 17. More examples from the Rashomon set of
Judge 17 can be found in Appendix F. One notable pattern
that we observe for these judges is that they seem to grant
personal bonds to individuals with ICE holds. After review-
ing the PC forms, we realized that when a higher authority
places a hold, the judge typically anticipates that this au-
thority will handle the defendant’s outcome. As a result, the
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Judge 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

Rashomon Set Size 1188 612 682 40 272 354 76 24 7 16 852 210 1164 976 62 338 117 513 388 28 1088
Best Model Accuracy 78% 70% 73% 66% 73% 79% 66% 84% 85% 99% 61% 83% 78% 69% 98% 83% 65% 78% 83% 85% 80%

Table 1: Summary of Rashomon set size and representative model accuracy across judges.

Figure 2: Sample decision tree from the Rashomon set for
Judge 17.

judge often releases the defendant on a personal bond. We
show trees from other judges later in this manuscript and in
Appendix E.

Figure 3: Sample PC form for a case where there seems to
be a discrepancy in marking the correct bond type.

Figure 4: Sample PC form for case where judge had infor-
mation outside of our dataset influencing their decision.

Figure 5: Sample PC form for a case where judge had infor-
mation about pending charges outside of our dataset, mean-
ing we had incorrect features in our dataset.

Figure 6: Sample PC forms for cases in which crimes share
similar features but result in different outcomes due to dif-
ferences in crime intensity, a feature we do not have.

Next, we used our Rashomon sets to generate subsets of
each judge’s cases that could not be explained (i.e., predicted
correctly) by any model in the Rashomon set. These cases,
about 18% of all cases, are “unexplainable.” We investigated
a sample of these cases (100) manually and found that all of
them were unexplainable due to noise.

We read the judges’ justifications and discovered that such
cases fell into three main categories: (a) Dataset errors (form
errors); (b) Missing information about other crimes (outside
of Harris County) that are not in our database; (c) Details
about the case that are not in the database but are available
to the judge.

Figure 3 shows a form error. Our dataset indicates that a
personal bond was granted; however, the judge’s comments
suggested against granting a personal bond. When check-
ing the form, we discovered that multiple boxes had been
checked for the type of bail order, which must be an error
since one cannot receive both a personal and a secured bond
in the same hearing. The second category includes cases
where the judge has information outside of Harris County,
which is logistically difficult for us to obtain. Figure 4 shows
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an example where the judge knew that the defendant had
been in custody in another jurisdiction, which influenced
their decision to grant a personal bond; this information was
not available to us in the court data. The last category in-
cludes cases where the judge makes decisions using details
not in our structured data (usually information presented
during the hearing but not previously available). Figure 6
shows a pair of such cases, where both crimes are Class A
misdemeanors of family assault; however, the judge states
that they granted a personal bond in the first case and not in
the second due to the intensity of the crimes.

All three categories lead to flaws in the data that will not
help us understand judges. Ideally, we use data for build-
ing models that is identical to the data the judges use. Form
errors simply provide incorrect information. Missing infor-
mation from other counties results in incorrect features in
our dataset. E.g., if someone commits a crime in a differ-
ent county, our criminal history features would not record it,
creating an error in our data.

The final category is case-specific missing information,
such as the severity of the crime, which is not recorded as
part of the penal code and crime type (e.g., “family assault”);
this could be remedied if it were consistently mentioned, for
instance. Including these three classes of cases would re-
quire our models to predict decisions using an incomplete
representation of the judge’s information. This may cause
models to attribute the effects of these unobserved factors
to the available features, leading to biased estimates of fea-
ture importance and poorer generalization. Excluding these
noisy cases allows models to be trained on observations
where the recorded features mainly reflect the available in-
formation during a judicial decision and avoids diluting re-
sults with noise.

Figure 7: Per-judge distribution of unexplainable vs kept
cases.

The number of unexplainable cases compared to total
cases is shown in Figure 7, and the class distribution before
and after filtering is illustrated in Figure 21 in Appendix G.
In what follows, we will remove all the unexplainable cases
and only use the remaining cases.

Can Each Judge Be Described by an Algorithm?
If a judge follows a systematic method – an algorithm –
to determine whether to grant a personal bond, we should
be able to figure out what that algorithm is. Examining this

Figure 8: Balanced accuracy for the GOSDT models trained
for each judge.

question allows us to evaluate judicial decision making, in-
cluding whether the rules judges follow in practice are de-
sirable. Again, we are not arguing for replacing judges with
algorithms, but rather seeking to identify when and whether
judges already behave like algorithms.

Figure 9: Decision tree for Judge 1 trained using GOSDT.

To answer this question, we trained representative mod-
els using GOSDT (Lin et al. 2020) on the filtered subset
of cases per judge, producing globally optimal sparse deci-
sion trees. As discussed, decision trees are a powerful, non-
parametric function class whose models are understandable.
Each magistrate’s model was fitted with a tree depth budget
of 5, regularization set to 0.001 (a small value, to allow for
higher accuracy), and class balancing enabled. This yielded
concise, interpretable rules that mimic each judge’s decision
style. We report the balanced accuracy in Figure 8 and show
visualizations of some of the resulting decision trees with
per-node class counts to interpret the logic of each model.

We discovered that most of the judges could indeed be ex-
plained reasonably well by simple algorithms. Figure 25 in
Appendix J shows the model for Judge 4 with an accuracy of
91.79% and a balanced accuracy of 92.88%. That is, about
92% of Judge 4’s cases agree with this decision tree, and it
is accurate in explaining decisions for both personal bonds
and secured bonds. For 17 of the 21 judges, the models cap-
ture at least 85% of the judge’s decisions. Another example
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of a good model is presented in Figure 9 for Judge 1, with
an accuracy of 84.37% and a balanced accuracy of 82.44%.
Figure 26 in Appendix J shows a model that explains Judge
16 well, with an accuracy of 92.46% and a balanced accu-
racy of 93.06%.

There are several judges whose decision making we can-
not explain as well. Figure 27 in Appendix K shows an ex-
ample of a tree for Judge 2 that has clearly been overfit
(with fewer than 20 cases per leaf) and yet has an accuracy
of 77.48% and a balanced accuracy of 75.41%. Even after
overfitting to the data, 23% of the cases have no simple rule
characterizing them.

For judges that can be explained, we next examine which
factors they seem to consider when making bail decisions.

Do Judges Consider the Same Variables?
In this section, we will show that judges generally consider
similar types of variables but differ in the importance of spe-
cific variables.

For each judge, we used a bootstrapped feature selection
algorithm. For each bootstrap, we balanced the data by over-
sampling the minority class. Then, we used the Threshold
Guessing Binarizer (which uses a boosted tree classifier) de-
scribed in McTavish et al. (2022), using 50 estimators and
a max depth of 3, to transform the variables into binary in-
dicators. Features that did not appear from the Binarizer are
unimportant to boosted trees and were removed. Then, we
used a boosted tree classifier again on the remaining fea-
tures. We used this classifier to obtain variable importance
scores for each original variable xj , whose importance is
denoted by Ij . We assigned Ij = 0 for all unselected fea-
tures.

Across bootstrap resamples, the selection frequency of
feature j is Fj = P(Ij > 0), the proportion of boot-
straps in which feature j is used. The final feature score
is Sj = Ij · Fj , and we select the top 50 features by Sj

in descending order. From these 50 features, we computed
the following average variable importance metrics over 100
bootstraps: permutation importance, conditional model re-
liance (CMR), and leave one covariate out (LOCO). We also
computed the accuracy of a model that uses these top 50 fea-
tures, and we repeated this for each bootstrap and averaged
the result over bootstraps. The result is in Figure 10.

As we have reduced the noise by filtering out unexplain-
able cases, we intentionally overfitted the models to the data
to ensure that the variables are meaningfully important to the
data we have. We see in Figure 10 that the average accuracy
for most judges is extremely high. Reviewing the variables
among all judges in Table 2, we see that age is extremely im-
portant, being important for every single judge. Meanwhile,
most judges use warrant count and “rule” variables, which
we define as flags for specific crimes that are algorithmic
in nature for bond trials, indicating that many judges are
using them correctly. Furthermore, we can see that race is
only important to some judges, allowing us to uncover po-
tential biases that different judges may have. Furthermore,
the collection of variables is not consistent among judges,
suggesting that judges generally have quite different values
when making pretrial decisions. For example, when we com-

Figure 10: Model accuracy, built from top 50 features, av-
eraged over bootstraps, for each judge. Standard deviations
are also shown.

pare the top 10 variables for Judges 4 and 6 in Table 3, we
see a trend where they share many common variables, such
as age, warrant count, and “rule” variables, but also have
unique variables that each weighs heavily. Judge 6 weighs
family assault and criminal history more heavily than Judge
4. In terms of demographics, both judges consider age and
citizenship status, but Judge 6 appears to weigh gender and
homelessness much more than Judge 4, showing how we can
use this framework to see the differences in what different
judges value.

Feature Appear. Mean rank Prop. Score

Age 21 3.238 1.000 0.309
Warrant Count 19 5.263 0.905 0.172
Charged with a new offense while on pre-
trial release? (rule)

15 4.800 0.714 0.149

Arrested after a bond forfeiture or revoca-
tion? (rule)

13 7.359 0.619 0.084

Arrested while on supervision for a class B
misdemeanor? (rule)

11 8.136 0.524 0.064

First warrant is a CAPIAS warrant? 10 8.667 0.476 0.055
African American? 12 11.444 0.571 0.050
Violation of bond conditions for penal code
25.07 (rule)

9 9.500 0.429 0.045

Family Assault? 9 10.519 0.429 0.041
How many past felonies? 9 11.037 0.429 0.039

Table 2: Variable importance summary across
judges. Features are ordered by score, defined as
proportion/mean rank, where mean rank is the aver-
age rank when the feature appears in a judge’s model and
proportion is the fraction of judges for which the feature
appears in the top 15.

Could All Judges Be Using Similar Algorithms?
Are Judges Consistent With Themselves and Each
Other?
In order to ensure fairness in our justice system, we want
judges to make decisions consistently. That is, presented
with the same information, we want them to make the same
decision. We also want different judges to make the same
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Judge 4 Judge 6
Feature Rank CMR LOCO Feature Rank CMR LOCO
Age 1 1 1.0 Age 2.0 2 1.0
Arrested after a bond forfeiture or revocation? (rule) 4 3 3.0 Female? 1.0 1 10.0
Criminal Trespassing? 3 4 4.0 Harrasement with previous conviction 4.0 4 4.0
Assault with Bodily Injury? 5 5 2.0 Family Assault? 7.0 5 12.5
ICE hold 2 2 8.5 Unknown Citizenship 13.0 14 3.0
Unknown Citizenship 6 6 5.0 Charged with a new offense while on pretrial release? (rule) 17.0 10 5.0
Warrant Count 7 7 7.0 Warrant Count 15.0 19 2.0
Charged with a new offense while on pretrial release? (rule) 12 8 10.0 Penal Code 28.03 11.0 9 17.5
Violation of bond conditions for penal code 25.07 (rule) 10 12 15.0 Homeless? 3.0 3 33.0
First warrant is a CAPIAS warrant? 14 13 11.0 How many past felonies 9.0 17 14.0

Table 3: Variable importance ranks for Judge 4 (left) and Judge 16 (right) for the top 10 variables. The variables are ordered by
mean ranking over the three importance metrics for each judge, with rank referring to permutation importance.

decisions when presented with similar information; i.e., we
want all judges to follow the same algorithms. In this sec-
tion, we hope to analyze the consistency of a judge’s own
decisions and those of others, as well as provide a way to
give feedback to current judges and judges in the future. To
do this, we performed three different sets of experiments.

Are Judges Consistent with Each Other? Pairwise Loss
Distribution Analysis. We carried out a cross-judge eval-
uation to examine consistency in decision rules across
judges. For each judge, we took the full Rashomon set of
near-optimal decision trees and used them as source mod-
els. Every model was evaluated not only on the judge’s own
cases but also on the cases belonging to every other judge.
To make this feasible, we standardized the input space by re-
constructing the engineered features for all judges and align-
ing them by case ID. Any features expected by a source
model but missing in a target judge’s dataset were added
as zero columns, ensuring comparability across evaluations.
Losses were computed separately for the source judge’s data
and for each target judge’s data. By repeating this for all
models in every Rashomon set, we obtained a full distri-
bution of losses rather than a single point estimate. These
distributions were visualized with violin plots.

We found that most of the judges are not consistent with
one another. For example, Figure 11 shows the violin plot of
the loss distribution for all the models within the Rashomon
set of Judge 16 when evaluated on their own cases (source
cases) versus those of Judges 1 and 8 (target judges). We
see that the models perform consistently well on the source
data, with the error rates clustering tightly around 6%, which
indicates coherent decision logic. However, when the same
models are applied to the target judges, the losses see a sharp
rise, with larger ranges and more errors for the target judges.
Although the model found for Judge 16 captures multiple
near-optimal explanations for their own decisions, these ex-
planations do not apply to the decisions made by Judges 1
and 8. This contrast suggests that both judges behave differ-
ently from Judge 16 in their decision-making processes.

However, in some judge pairs, the difference between the
source and target distributions is less pronounced, as shown
in Figure 28 (left) in Appendix L. Here, the Rashomon mod-
els of Judge 2 maintain comparable performance when eval-
uated on Judge 3, with overlapping distributions and similar
median error rates of 0.24 to 0.27. While the variance in-
creases slightly when predicting on the target judge’s cases,

the overall shape of the distributions suggests partial align-
ment in decision behavior between the two judges. This im-
plies that both judges may rely on the same features and fol-
low similar reasoning patterns when deciding cases. Figure
28 (left) also shows that Judge 2 may be internally incon-
sistent since their loss distribution seems to be quite spread-
out. We also found several examples with partial overlap.
The violin plots in Figure 28 (right) show that while the
Rashomon models of Judge 6 perform reasonably well on
their own decisions, their performance varies widely when
applied to Judge 15. The source distribution is reasonably
compact, with a median error around 0.20. In contrast, the
target distribution is widest near both the lowest and highest
ends of the loss scale, suggesting a bimodal pattern of gen-
eralization. Some models from the source set transfer well,
achieving low errors on the target judge, while others per-
form poorly, reaching error rates above 0.50. This pattern
could imply that the two judges share overlapping logic on
certain subsets of cases but may diverge on others.

Figure 11: Rashomon model loss distributions on Judge 16
source cases. Compares the source-judge model (S16) with
target-judge models (T1 and T8).

When Do Judges Disagree? Rule Mining Analysis. We
then conducted rule mining to extract interpretable condi-
tions under which specific pairs of judges’ decision rules di-
verged. For each ordered judge pair, we used majority-vote
predictions from both Rashomon sets on the source judge’s
cases to define a binary disagreement variable, which would
be true if the labels did not match and false otherwise.
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In rule mining, support measures how frequently an item-
set appears in the dataset, confidence indicates how often
the rule’s consequent occurs given its antecedent, and lift
quantifies how much more likely the consequent is to oc-
cur with the antecedent than it would be by chance. The

Judge A Judge B Disagreement Rules Supp. Conf. Lift Cases

Judge 4 Judge 7 Age ≤ 24 AND
assault on a family
member AND ≤ 1

prior warrant

0.193 0.935 1.70 305/326

Judge 1 Judge 17 Assault on a fam-
ily member AND ≤
1 prior felony AND
new offense on super-
vision

0.229 0.852 2.09 420/493

Judge 9 Judge 14 ≤ 1 past crime 0.623 0.750 1.43 138/184

Judge 2 Judge 18 Indigent AND first
arrest due to non-
appearance AND ≤
1 prior warrant

0.195 0.769 1.81 337/438

Judge 7 Judge 9 first warrant issued
for crime commit-
ment

0.356 0.757 1.15 69/105

Table 4: Five sample rules identified by FP-Growth that
characterize situations where pairs of judges disagree.

antecedent space is defined as the union of the engineered
binary features used by both judges. We mined candidate
rules of length one to three under minimum support (0.02 –
meaning 2% of the data must obey the left side of the rule)
and minimum confidence (0.60 – meaning at least 60% of
the right side of the rule obeys it) thresholds, with the top 50
rules per length.

We used FP-Growth (Han, Pei, and Yin 2000) to gener-
ate our set of rules for each judge pair. Each rule was then
used on the underlying cases to compute canonical counts of
covered cases, disagreements, and agreements, from which
support, confidence, and lift were recomputed relative to the
global disagreement rate. This procedure, applied in both
directions for all judge pairs, yielded a set of concise, un-
derstandable rules highlighting the specific feature combi-
nations most predictive of inter-judge disagreement.

We find that most judges with distinct loss distributions
exhibit strong, interpretable rules that explain their disagree-
ments. For example, the rule “age ≤ 24 → Judges 9 and 4
disagree” is highly predictive (support = 0.18, confidence
= 0.94, lift = 1.67), indicating that disagreements between
Judges 9 and 4 occur in nearly all cases involving defen-
dants aged 24 or younger. Similarly, the rule “charged with
family assault AND charged with new offense on pretrial
release → Judges 21 and 17 disagree” identifies a substan-
tial subset of cases: 24% satisfy both conditions, and the
judges disagree in 85% of them. These patterns suggest
that outcomes in such cases are driven more by individ-
ualized judicial discretion rather than by standardized risk
cues. These rules can identify specific case-qualities where
judges most often disagree, providing an avenue to under-

stand when judges disagree and potentially reduce inconsis-
tencies in their decision-making by aligning judge’s deci-
sions in these scenarios.

Additional examples are in Table 4.

Figure 12: Triplet Example. This is an example of a triplet,
where the blue points are from Judge i and the green points
are from Judge j. Given an anchor point from Judge i, a
triplet is then made from choosing a random nearest neigh-
bor from Judge i and Judge j. In this example, any point
within the purple circle is available to be chosen as a ran-
dom nearest neighbor for the triplet.

Are Judges More Consistent with Their Own Decisions
Than with Others? Triplet Analysis. Even if two differ-
ent judges follow different algorithms, it is still important
to see whether they make similar decisions. To do this, we
performed a triplet analysis that compares two judges. For
each pair of judges, there is an anchor judge and a target
judge. A triplet is defined by an anchor case from the an-
chor judge, a nearest neighbor case from the anchor judge,
and a case from the target judge that is similar to the anchor
case. We define similar cases to be cases with a low normal-
ized weighted Euclidean distance, where highly important
variables like offense type, rules, and age are weighted more
heavily than other variables. Figure 12 shows a visualiza-
tion of how these triplets are formed. In this triplet analysis,
we randomly sampled ∼1000 triplets for each pair of anchor
and target judges. Analyzing these triplets, we consider the
following questions: When two judges disagree, does each
judge predict themselves better than the other?, When two
cases presented to the same judge are similar, do they make
the same decision?, and Does the choice of judge affect the
decision of a case? Let us answer these. We use the same
triplets in our entire analysis so that we can directly com-
pare our metrics.

When two judges disagree, does each judge predict
themselves better than the other? To evaluate this, we
calculate the percentage of triplets where Judge i makes the
same decision as the anchor point, meaning Judge i predicts
themselves correctly, while Judge j disagrees. We define this
metric as the win rate. If a judge predicts themselves better
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Figure 13: Average win rates of judges. All win rates exceed
0.5, indicating that judges predict their own outcomes better
than those of other judges in the majority of cases.

than other judges do, they have a high win rate. We see in
Figure 13 that most judges have a win rate between 60%
and 80%, meaning that each judge is a better predictor of
themselves than other judges most of the time. While this is
good, we also see that there can be improvement, as the win
rates cap out at around 85%.

Figure 14: Judge’s consistency in decision-making. The av-
erage percentage of triplets where a judge predicts the same
outcome as the anchor case. All judges are above 50%, indi-
cating performance better than random guessing, with most
around 60–70% and some near 80%.

When two cases presented to the same judge are similar,
do they make the same decision? For a fair justice sys-
tem, we expect a judge to always make the same decision
when given the same case. To evaluate whether this happens
or not, we find the percentage of triplets (using just the an-
chor and the other point from the same judge) where the
anchor judge makes the same decision. As we see in Figure
14, most judges have a percentage between 60% and 80%,
indicating that while they are generally more consistent than
random, there is still a large gap between judges always be-
ing consistent with themselves. This is an important evalua-
tion to ensure that judges are maintaining consistency.

Does the choice of judge affect the decision of the same
case? While we cannot test giving two different judges the
same case, we can use our triplets to approximate this. To
evaluate whether the choice of judge matters, we find the
percentage of triplets (using just the anchor from Judge i
and the point from Judge j) where Judge i makes the same
decision as Judge j. A higher percentage means the choice
of judge does not matter, while a low percentage near 50%
suggests that it does. As we see in Figure 15, the percent-
age is about 50%, maxing out at ∼ 60%, which is the min-
imum percentage for both the win rate and how consistent
each judge is with themselves. This means that the choice of

judge is very important in deciding whether a defendant will
receive a personal bond or not.

Figure 15: Consistency between judges. The average per-
centage of triplets where a judge predicts the same outcome
as the second judge in the triplet. We see that all judges are
slightly better than random guessing. This shows that agree-
ment between judges is somewhat random.

Discussion
In our justice system, we expect judges to make decisions
consistently. Thus, we expect judges to follow rules: deci-
sion patterns using algorithmic logic. However, some cases
require the application of standards, i.e., contextual under-
standing and moral reasoning that computational models
cannot replicate. If judges do follow rules, we can poten-
tially improve them through better predictive modeling; im-
proving rules is comparatively inexpensive and quite fea-
sible (Ludwig, Mullainathan, and Rambachan 2024), and
would make judicial decisions more accurate (DeMichele
et al. 2021) and transparent. If judges do not follow algo-
rithms, it is important to know why, because arbitrariness in
judicial decision-making is undesirable. We have provided
and used a framework that evaluates how often judges fol-
low algorithms and how and whether their algorithms differ.
We saw that judges often follow algorithms and that differ-
ent judges follow different algorithms, which produce differ-
ent outcomes in similar cases. This means judges could po-
tentially be made more consistent and accurate. The frame-
work also includes a variable importance analysis that can
uncover whether judges may heavily consider features like
race or other demographic characteristics to make decisions.
We also found many cases where missing or erroneous data
required the use of standards rather than rules. Better data
collection could then lead to more consistent, rule-based de-
cisions. Given high quality recidivism data, it is possible to
extend the framework by evaluating judge’s algorithms to
determine whether judges accurately predict long-term out-
comes.

Instead of viewing algorithms as replacements, they
should be seen as instruments to inform and enhance human
judgment. No one can accurately estimate risks from suffi-
ciently large and complex data in their head, but ensuring
human oversight remains central, especially in high-stakes
cases that could determine an individual’s freedom. By mak-
ing judges’ internal rules, i.e., algorithms, as well as their re-
liance on standards, more explicit and accountable, we can
move towards a judicial system that is both transparent and
self-improving.
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