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APPENDIX 

UNWARRANTED WARRANTS?  
AN EMPIRICAL ANALYSIS OF JUDICIAL REVIEW  

IN SEARCH AND SEIZURE∗ 

* * * 

APPENDIX I: EXAMPLES OF WARRANT AFFIDAVITS 

FIGURE I.A: STANDARD DUI WARRANT EXAMPLE 

 

––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––– 
 ∗ This is the Appendix to Miguel F.P. de Figueiredo, Brett Hashimoto & Dane Thorley, Un-
warranted Warrants? An Empirical Analysis of Judicial Review in Search and Seizure, 138 HARV. 
L. REV. 1959 (2025). 
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FIGURE I.B: “FORM” AFFIDAVIT FOR GENERAL WARRANT 
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FIGURE I.C: “FORM” AFFIDAVIT FOR DUI BLOOD DRAW 
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FIGURE I.D: EXAMPLE AFFIDAVIT AND  
WARRANT LACKING SPECIFICITY 
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FIGURE I.E: MINUTE WARRANT EXAMPLE 
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APPENDIX II: ADDITIONAL FIGURES AND TABLES 

TABLE II.A(1): WARRANT APPROVAL TIME (MINUTES)  
BY MIXED CRIME CATEGORY  

CRIME 
CATEGORY OBS. MIN. 

FIRST 
DECILE 

FIRST 
QUART. MED. 

ADJ. 
MEAN 

THIRD 
QUART. MAX. 

VIOLENT 1,595 0:08 1:08 2:00 3:35 8:51 6:56 721:31 

PROPERTY 1,055 0:10 1:16 2:03 3:35 8:42 6:12 1,058:03 

DRUG 1,245 0:08 1:05 1:55 3:12 6:53 5:31 662:40 

VICE/MORALS 1,589 0:10 1:11 2:08 3:51 10:07 7:34 1,150:30 

MOTOR VEHICLE 6,375 0:01 0:47 1:14 1:59 2:49 3:11 133:20 

OTHER CRIMES* 4,613 0:07 1:07 1:58 3:26 7:25 6:16 1,109:13 

ALL APPROVALS 29,810 0:01 0:57 1:37 2:50 6:47 5:13 2,581:37 

Notes: Minutes are reported as Minutes:Seconds.  “Adj. Mean” reflects the average warrant decision time in 
minutes once outliers were removed.  “Mixed Crime” categories are determined based on whether a given 
warrant is coded as having that category (that is, double counting occurs).  For example, if a warrant is 
coded under both “Property” and “Drug” crimes, the same warrant would appear in both rows of the table.   

* “Other Crimes” are those warrants that were coded to crime types other than the five main categories 
included above. 

TABLE II.A(2): WARRANT APPROVAL LENGTH (WORDS) 
 BY MIXED CRIME CATEGORY 

CRIME 
CATEGORY 

OBS. FIRST 
QUART. 

MED. THIRD 
QUART. 

ADJ. 
MEAN* 

VIOLENT 1,595 935 1,255 1,768 1,719.07 

PROPERTY 1,055 886 1,198 1,633 1,373.62 

DRUG 1,245 862 1,161 1,567 1,295.63 

VICE/MORALS 1,589 968 1,392 2,299 2,340.72 

MOTOR VEHICLE 6,376 566 663 805 712.23 

OTHER CRIMES 4,613 935 1,335 1,870 1,521.54 

ALL APPROVALS 25,601 564 979 1,489 1,264.74 

Notes: Minutes are reported as Minutes:Seconds.  “Adj. Mean” reflects the 
average warrant decision time in minutes once outliers were removed. 
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FIGURE II.A: DISTRICT-LEVEL, 
OVERALL REVIEW TIMES 
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TABLE II.B: REGRESSIONS ON REVIEW TIME  
BY SUBMISSION SEQUENCE 
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Table II.B presents the results of our preferred regression model us-
ing subsets of data that include only first submissions (column 1) and 
resubmissions (column 2).  We also include the full-data model from 
previous tables (column 3, a reprint of column 6b in Table 9 in the main 
body of this Article) for comparison. 

As expected, the model using only first submissions produces nearly 
identical results to the full-data regression.  However, although the re-
gression that only analyzes resubmissions includes fewer than 2,000 ob-
servations, we see a statistically significant and substantively sizable 
relationship between race/ethnicity and review time.  On average, white 
judges spend nearly seven minutes more on review than their nonwhite 
counterparts.  However, the fact that this relationship only exists when 
analyzing the resubmissions dataset complicates the implications that 
can be drawn.  It is not clear why such a massive correlation would only 
manifest on rereview, and this data is likely influenced by selection bias 
and small-sample variability, as the only submissions that are included 
are those that have previously been denied.  As a result, we do not be-
lieve those results justify any solid conclusions or implications.   
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TABLE II.C: REGRESSIONS ON OUTCOME (APPROVAL OR NOT)  
BY SUBMISSION SEQUENCE 

 
In Table II.C we present the results of our preferred model on the 

likelihood of approval using datasets broken down by first submissions 
(column 1), resubmissions (column 2), and the full dataset (column 3, 
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which mirrors column 4 in Table 10).  Given that the vast majority of 
submissions were approved in the first round, it is not surprising that 
our results for only first submissions closely match those that come from 
an analysis on all submissions.  Having a JD and previously working  
as a prosecutor are still correlated with a lower likelihood of approval, 
and the gender and race/ethnicity relationships match those in the full 
dataset. 

We also present the results of our preferred model using only resub-
missions, although we do so with the caution that the resulting sample 
size (just over 1,500 observations) is so small that standard errors are 
likely to be large enough to mask any significant relationships.  Indeed, 
the indicator for whether the reviewing judge has a law degree was 
omitted from this model due to multicollinearity.  Except for a small  
but statistically significant correlation between tenure and approval 
rate — something that was not present in the tests using the full da-
taset — we do not see any notable relationships. 

 
APPENDIX III: SUPPLEMENTAL EXPLANATIONS  

OF DATA AND METHODS 

A.  DETAILED DESCRIPTION OF DATASET  
SOURCING AND CLEANING 

1.  PDF Images and Machine-Algorithm Text Analysis. — Using the 
Utah Administrative Office of the Courts (AOC) database, Xchange,1 
we obtained PDF images of every unsealed digital affidavit, warrant, 
and return submitted and approved (denied and retracted warrants are 
not available, as explained in section II.A of this Article) through the  
e-Warrants system from December 1, 2013, to January 29, 2020.2  
Xchange is ostensibly designed for easy access by parties and attorneys 
in criminal (and civil) cases, but it is also provided to academic research-
ers on an as-needed basis.  Because the Xchange system explicitly  
prohibits electronic scraping tools (that is, code or programs that auto-
matically download files en masse), we manually downloaded each of 
the relevant warrant PDFs one by one. 

At an individual level, procuring substantive information from the 
PDF files is fairly simple.  Some of the data — submitting officer name; 
law enforcement agency; court location; and the dates of the affidavit, 
warrant, and return — are already available as bulk metadata via the 
AOC, and the data contain all the information necessary to match each 

––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––– 
 1 For a basic description of the Xchange system, see What Is Xchange?, UTAH STATE CTS., 
https://www.utcourts.gov/en/court-records-publications/records/xchange.html [https://perma.cc/P25M-
7CCG]. 
 2 For our discussion of sealed warrants, see de Figueiredo, Hashimoto & Thorley, Unwarranted 
Warrants? An Empirical Analysis of Judicial Review in Search and Seizure, 138 HARV. L. REV. 
1959, 1991 n.177 (2025). 
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entry with the corresponding PDF image.  Other key datapoints such as 
reviewing judge name and document length can be determined simply 
by reviewing the last page of the affidavit.  Even the more substantively 
complex aspects that we hoped to identify such as the legal “type” of the 
warrant and the length of individual sections within the warrants can 
be determined in short order by reading over the affidavit language. 

However, our dataset included nearly 33,500 such affidavits,3 so an 
individual, manual coding of them is impracticably labor- and cost- 
intensive.  Therefore, we turned to natural language processing (NLP) 
methods, a computational approach, to help with the analysis of the 
warrants.  The warrants were converted from their original image for-
mat as PDF documents to raw text using a combination of two methods.  
First, the files were converted to text using the PDFminer library in 
Python 3.4  However, the textual information from the judge’s seal could 
not be accurately converted using this method.  Thus, a second method, 
PyTesseract, a Python wrapper for Google’s proprietary OCR Engine,5 
was also employed to both check the accuracy of the first conversion 
method and to convert the text from the seal.  The PDF images con-
tained the full text of the affidavit for the search warrant, the warrant 
itself, and the return for the search warrant, as well as some metadata 
for the corresponding documents. 

Relevant data was then extracted from the documents using regular 
expressions (or regex), an algorithmic method for advanced pattern 
matching in textual data.  Using regex, the file was divided into its three 
documents (the affidavit, the warrant, and the return), and metadata 
about the warrant number, jurisdiction, dates, references to criminal 
statutes, officers submitting or returning the warrant (including their 
names, agencies, and ranks), and judge were generated for each file.  
These regular expressions were developed over several iterations and 
evaluated for their precision and recall to ensure that they were maxi-
mally accurate.  In our final test set of 50 warrants, the accuracy of these 
regular expressions yielded 100% accuracy, although in the larger da-
taset of over 33,000 warrants, small numbers of errors were observed. 

From the affidavits, two additional blocks of text were extracted us-
ing a large language model (BERT6): (1) an explanation of the facts to 
provide grounds for the search warrant, and (2) a description of the 

––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––– 
 3 This number is greater than the number of affidavits explored in our general analysis because 
that analysis only included affidavits that were approved from 2017 to 2019, the years in which 
timestamp data for the reviewing judge’s first viewing were collected. 
 4 Yusuke Shinyama, PDFMiner: Python PDF Parser and Analyzer, PDFMINER-DOCS, 
https://pdfminer-docs.readthedocs.io/pdfminer_index.html [https://perma.cc/7JNP-PYSA]. 
 5 Samuel Hoffstaetter et al., Python-Tesseract Is a Python Wrapper for Google’s Tesseract-OCR, 
PYTHON PACKAGE INDEX (Aug. 15, 2024), https://pypi.org/project/pytesseract [https://perma.cc/ 
CH7S-GJF9]. 
 6 Jacob Devlin et al., BERT: Pre-Training of Deep Bidirectional Transformers for Language 
Understanding 1 (May 24, 2019) (unpublished manuscript), https://arxiv.org/pdf/1810.04805 [https:// 
perma.cc/N5QT-FQ6Q]. 
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submitting officer’s experience that qualifies them to make the relevant 
judgments about the grounds in the search warrant.  Word counts were 
then generated using Python for each affidavit, warrant, and return, as 
well as the descriptions of facts and officer experience.  While the text 
identification process for the facts and experience are much more com-
plex and, consequently, less accurate, they provide us with an accurate 
enough measure to use in some of our alternative analyses presented in 
the main body of this Article. 

2.  Electronic Warrants Administrative Data. — The second of our 
key datasets comes from the largely untapped data from the Utah De-
partment of Public Safety (DPS).7  Critical to our study, and the element 
that makes our dataset so novel, is the metadata recorded by the elec-
tronic warrant system.  These include timestamps at the second level for 
when (1) the officer submitted the affidavit, (2) the magistrate viewed 
the affidavit, (3) the magistrate made a decision on the warrant applica-
tion (retraction, approval, or denial), and (4) the officer served the war-
rant.  The data contains a warrant identification number, which allows 
us to easily connect it with the PDF image data, but does not have  
geographic, judge, or other information.  The DPS retains data start- 
ing from April 6, 2016, although only starting on March 28,  
2017, does the data include a timestamp for when the judge viewed the 
affidavit. 

We obtained this dataset through a Government Records and Access 
Management Act8 (GRAMA, Utah’s equivalent to FOIA) Request, 
which was initially denied but granted on administrative appeal.  The 
DPS data for this study ends on January 29, 2020 (the date our data 
request was fulfilled). 

3.  Imputed Reviewing-Judge Data. — As we alluded to earlier, our 
dataset only includes PDF images for approved affidavits.  In other 
words, the small percentage of affidavits that are submitted for review 
and subsequently denied by the reviewing judge or withdrawn by the 
submitting officer will have administrative metadata (like timestamps) 
but no PDF images that allow us to create data derived from the text of 
the affidavit itself.  While, in section I.D of this Article, we discuss the 
ways in which this prevents us from conducting certain analyses, we are 
able to impute the reviewing judge for a denied or retracted affidavit by 
reconstructing the county-level shifts for each day covered in our 
broader dataset.  This allows us to conduct some judge-level analyses 
on those denied and retracted affidavits, such as exploring the likelihood 
of approval in Part IV of this Article. 

We created this shift data using a combination of schedules provided 
to us by county administration and the reviewing-judge patterns that 

––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––– 
 7 We note the previous work by the Salt Lake Tribune that used a small portion of this data in 
their analysis.  See de Figueiredo, Hashimoto & Thorley, supra note 2, at 1966 n.29. 
 8 UTAH CODE ANN. §§ 63G-2-101 to -901 (West 2024). 
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existed in the PDF image data we were able to scrape.  Starting with 
the PDF-derived data, research assistants ordered the dataset by county 
and then by submission date and tracked the approving-judge name by 
hand, noting any clear changes in the judge name and when those 
changes occurred.  Once the entirety of a given county’s data was coded, 
we attempted to identify patterns in the variations that translated to 
identifiable week- or month-level “shifts.”9  Overlaying those patterns 
back onto the existing data, we then calculated the judge who approved 
the majority of the warrant affidavits during a given shift and assigned 
that judge as the “on-call” judge.10  This process provided us with clear 
shift data in all but two of Utah’s judicial districts (the Second and Fifth 
Judicial Districts).11 

With the shift data, we then needed to determine what the parame-
ters of our shift imputations would be.  On the one hand, the most con-
servative assumption would be to assign all warrants reviewed during a 
given shift to the judge assigned to that shift.  On the other hand, we 
have confirmed through interviews with law enforcement officers and 
judges (and some instances in the data) that the actual process is more 
complicated and that affidavits are not always sent to the judge who is 
on call during a given shift. 

For example, in one of the warrants in our dataset, an officer sub-
mitted a warrant affidavit during shift one, was denied by the judge 
(anonymous in our data), resubmitted during the next shift, was denied 
again, and resubmitted during a third shift, where the warrant was de-
nied for the last time.  We might be justified in assuming that the re-
viewing judge for each submission was the on-call judge at the time of 
each submission, but it is also possible that the officer resubmitted the 
warrant both times to the judge who had originally reviewed the war-
rant given her familiarity with the contents. 

While we have some intuitions regarding the most likely path a war-
rant took in a given scenario (informed by some anecdotes shared by 
officers we interviewed), the various permutations in the data are suffi-
ciently complex that any attempt at systematically imputing each of 
them made the analysis unwieldy.  As a result, our dataset adopts the 
more conservative approach — where the on-call judge is assumed to 

––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––– 
 9 As we discussed above, four districts have week-long shifts, generally starting and ending at 
8 AM on Mondays; one has two-week shifts; and three have month-long shifts.  See de Figueiredo, 
Hashimoto & Thorley, supra note 2, at 1989 & n.170. 
 10 We acknowledge that this approach is not perfect.  Indeed, we are certain that in some in-
stances judges assigned to periods within our shift data deviate from the actual judge who sat and 
reviewed warrants.  However, we were able to confirm our inferences regarding the basic structure 
of the shifts (like when and how long the shifts were) in discussions with county administrators. 
 11 In these two districts, there appeared to be a main judge on call but a backup judge that took 
warrants throughout the other judge’s shift.  The switching between these two judges was signifi-
cant enough that we did not feel comfortable making any inferences regarding reviewing judge.  
Consequently, these districts are not featured in our judge-level analysis of approval rates in Part 
IV. 
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be the judge who reviewed an affidavit submitted then denied or re-
tracted during that shift.  Any approved warrants during that period 
retained the reviewing judge that we scraped from the PDF images for 
the purposes of our analysis. 

4.  Hand-Coded Data. — While most of the data we use in this study 
is available in bulk metadata form or is electronically scraped from the 
PDF images, some of the data required manual efforts. 

Although our analysis is completely anonymous on the judge level, 
we do draw some correlations between the amount of time reviewing 
and likelihood of approval for a warrant affidavit and the characteristics 
of the reviewing judge.  Some of this data comes from Utah’s Judicial 
Performance Evaluation Commission (JPEC), a state-sponsored com-
mittee that conducts regular performance evaluations of each judge or 
magistrate in Utah, primarily as a mechanism for providing information 
to Utah’s voters during the judges’ retention elections.12  Its dataset not 
only provides detailed results from these evaluations (some of which we 
use in our study) but also compiles clean, up-to-date registries of the 
judiciary, including judges’ names, tenures, and courts.13 

We add to this base dataset with a rich set of hand-coded biograph-
ical variables on each judge, including their gender, race/ethnicity, legal 
education, professional experience (whether they were formerly a pros-
ecutor or a criminal defense attorney), and the time and manner of ap-
pointment.  This information was gathered by research assistants using 
a mix of the judge biographies included on court websites and online 
search engines (like Google). 

In addition to the previously described administrative data, our qual-
itative analysis also relies on two in-depth hand-coded sources of data.  
First, we make use of a hand-coded random sample of 231 affidavits, 
warrants, and returns from the Utah AOC database.  Second, we simi-
larly review 40 warrants that were approved in a minute or less.  We 
discuss our use of these samples in detail in Part V of this Article. 

5.  Dataset Merging and Additional Cleaning. — Due primarily to 
the fact that the recording of first viewing timestamps in the DPS data 
only began in March 2017, the primary dataset used in this study limits 
all the datasets (AOC PDF data, hand-coded judge data, shift data) from 
March 2017 to near the end of January 2020.14  Additionally, as we de-
scribe in section III.A of this Article, we exclude outlier review times for 
portions of our analysis. 

––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––– 
 12 About Us, UTAH JUD. PERFORMANCE EVALUATION COMM’N, https://judges.utah.gov/ 
s/about-us [https://perma.cc/S5AK-P464]. 
 13 See Know Your Judges, UTAH JUD. PERFORMANCE EVALUATION COMM’N, https:// 
judges.utah.gov/s/know-your-judges [https://perma.cc/T6D6-72W8]. 
 14 Although we have some data for 2020, we are not including it due to concerns about the effect 
that the advent of the COVID pandemic had on the “normal” search and seizure process. 
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B.  JACCARD SIMILARITY 

While computational approaches for measuring similarity have been 
widely used in other fields, it has only recently been applied to analyzing 
legal texts.15  An extended outline of the technicalities of Jaccard simi-
larity is beyond the scope of this Article,16 but we feel it warrants a brief 
explanation.  Like most measures for linguistic similarity, Jaccard simi-
larity (also called the Jaccard index) involves the direct comparison of 
two distinct datasets and computes a ratio of dataset observations that 
are the same relative to the overall number of observations in those 
data.17  In the case of this study, we compute word-level Jaccard coeffi-
cients for each of the approved affidavits in our dataset against every 
other affidavit.  While including all affidavits (denials and retractions) 
in this analysis would be ideal, we are once again limited by the fact 
that only the PDF images of the approved affidavits are retained in the 
warrant database. 

Using a simplistic but germane example of search warrants, imagine 
that the entirety of a warrant affidavit, Affidavit A, stated only that “the 
suspect was seen pocketing a bag with unidentified contents.”  A second 
affidavit, Affidavit B, stating that “the suspect was seen pocketing a bag 
with white contents,” would have a Jaccard coefficient of 0.9 because 
there are eighteen similar observations between the two affidavits (nine 
words in each affidavit) and twenty observations in total.  Similarly, 
comparing Affidavit A to a third affidavit, Affidavit C, that states that 
“the suspect was seen pocketing a bag with white powder” would pro-
duce a Jaccard coefficient of 0.8 because only sixteen of the twenty  
observations are similar.  Conversely, the Jaccard coefficient for the 
comparison of Affidavits B and C would be 0.9.  Computing the Jaccard 
similarity scores for full-length affidavits is more computationally com-
plex than these single-sentence examples, but the resulting coefficient is 
still straightforward in interpretation. 

Using Jaccard similarity scores naturally comes with some limita-
tions, although we feel that they are mitigated somewhat by the general 
goal behind this alternative analysis.  First, the Jaccard scores do not 

––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––– 
 15 See, e.g., de Figueiredo, Hashimoto & Thorley, supra note 2, at 2019 n.219 (citing sources that 
use cosine similarity — a methodological cousin to Jaccard similarity — to measure text-similarity 
in IPO documents). 
 16 As a mathematical methodology, Jaccard similarity is more than a century old.  See generally 
Paul Jaccard, The Distribution of the Flora in the Alpine Zone, 11 NEW PHYTOLOGIST 37 (1912).  
However, it has been further developed over that time and is commonly used in linguistic analysis 
for measuring text similarity.  See, e.g., Abhishek Jain et al., Information Retrieval Using Cosine 
and Jaccard Similarity in Vector Space Model, INT’L J. COMPUT. APPLICATIONS, April 2017, at 
28, 30 (documenting the use of Jaccard similarity to match search queries to documents over the 
internet). 
 17 In formal terms, a Jaccard coefficient for datasets A and B is equal to the number of obser-
vations shared between A and B divided by the sum of the shared and unshared observations in A 
and B: J(A,B)= |A∩B|/|A∪B| where |A∩B| represents the shared observations and |A∪B| represents 
all observations. 
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tell us anything about why there is a difference between the two affida-
vits, only the size of the difference.  A Jaccard coefficient for two affi-
davits might be 0.5 because 50% of one affidavit is completely different 
than another affidavit, or it might be that the second affidavit contains 
all of the text of the first but also includes substantially more language 
that was not included in the first affidavit at all.  Second, a Jaccard 
coefficient is content neutral, which is to say that the word-to-word sim-
ilarity does not account for the relative substantive importance of some 
words over others (like facts vs. nonfacts).  Using the example from 
above, the comparison between Affidavits A and B would yield the same 
coefficient as a comparison between Affidavit A and a fourth affidavit 
that states: “A suspect was seen pocketing a bag with unidentified con-
tents.”  Even though the difference between the first and second affida-
vit (that is, a bag with unidentified contents vs. one with white contents) 
is clearly more substantively important than the mere change in articles 
between the first and fourth (“the suspect” vs. “a suspect”), the Jaccard 
similarity score would be the same.  However, because we are only 
broadly concerned with overall similarity for the purposes of excluding 
boilerplate-type observations from our dataset, neither of these limita-
tions prove to be overly restrictive. 


