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EXECUTIVE SUMMARY

Client

Nevada Judiciary

Business Problem

Determine whether publicly available appellate case characteristics can be used to predict appellate
disposition timelines and identify operational factors associated with delays.

Business Objective

Develop a predictive analytics model capable of estimating appellate disposition timing while
identifying factors that most strongly influence appellate case duration.

Dataset

0 5,791 appellate records

0 Nevada Supreme Court
0 Nevada Court of Appeals
O

2023-2026

Methods

0 Selenium web automation

Python

Pandas

Exploratory Data Analysis
Multiple Linear Regression

(e lR e I e AR e/

Statistical diagnostics

Key Findings

¢ Court assignment had the strongest association with disposition timing
¢ Case type, outcome group, propet-person status also contributed significantly
¢ The model explained approximately 71-77% of observed vatiation

Business Recommendations

O Use predictive analytics to support workload planning.
¢ Improve collection of issue-level case information.
¢ Expand structured judicial performance metrics.

Project Resources

¢ GitHub Repository (Source Code):
https://github.com/joannar77/nevada-appellate-timing-study
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NEVADA APPELLATE ANALYTICS:

PREDICTIVE MODELING OF DISPOSITION
TIMING, CASE CHARACTERISTICS, AND
PROCEDURAL COMPLEXITY

A. RESEARCH QUESTION

Research Question

To what extent do observable case characteristics explain variation in appellate disposition timing?

Null Hypothesis
Observable case characteristics, including appellate court assignment, case type, outcome group, and

proper-person status, are not significantly associated with appellate disposition timing.

Alternative Hypothesis
At least one observable case characteristic, including appellate court assignment, case type, outcome

group, or proper-person status, is significantly associated with appellate disposition timing.

Context

Nevada's appellate court system changed in 2014, when the legislature created the Nevada Court of
Appeals. Before 2014, the Nevada Supreme Court handled all appeals filed in the state. The Court of
Appeals was established to help manage increasing caseloads and improve the timely resolution of
appeals (Clark County Bar Association, 2025). Because appellate decisions affect litigants, families,
businesses, and the government while legal disputes are pending, understanding appellate timing

remains an important operational and public policy concern.

Nevada appellate courts hold extensive public records, including filing dates, disposition dates, case
classifications, and appellate outcomes. These records provide an opportunity to examine how appeals
move through the judicial system and whether certain case characteristics are associated with longer
or shorter disposition periods. Although these records are publicly available, they are not organized
for large-scale analytical evaluation. As a result, relatively little empirical information exists regarding

the factors associated with appellate disposition timing.
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Recently, the Nevada Supreme Court issued a 2026-2028 Strategic Plan identifying predictive analytics,
workload planning, and performance management as important priorities for the state's judiciary
(Nevada Judiciary, 20206). Studying the timing of appellate dispositions provides an opportunity to
understand how appeals move through the system and whether certain case characteristics are

consistently associated with longer or shorter timelines.

B. DATA COLLECTION

Data Sources

The Nevada Judiciary provides public access to individual appellate case records through its online
case management system. However, the system functions primarily as a case-by-case search tool and
does not provide a downloadable statewide dataset suitable for analysis. The dataset used in this study
was collected from publicly available records maintained by the Nevada Supreme Court and the
Nevada Court of Appeals (Nevada Judiciary, n.d.,-b). Because no single statewide dataset existed that
contained the information needed to evaluate appellate disposition timing, the workflow constructed

a custom dataset by collecting and integrating records from multiple appellate sources.

The four primary collections included:
¢ 2023-2026 Published Nevada Supreme Court Dispositions,
¢ 2023-2026 Unpublished Nevada Supreme Court dispositions,
¢ 2023-2026 Published Nevada Coutt of Appeals opinions,
¢ 2023-2026 Unpublished Nevada Court of Appeals dispositions.
Each appellate record contained information about the filing, disposition, classification, outcome, and
procedural history of the case. Combining records from the Nevada Supreme Court and Court of

Appeals produced a statewide dataset for analysis.

The public appellate case records offered an opportunity to examine how cases move through
Nevada's appellate system. Because the records contained detailed information about individual
appeals, including initial filing and final disposition dates, they supported analyses of disposition
timing, final case outcomes (including orders and opinions), court assignment, and other
characteristics that may influence how long a case remains pending. The resulting dataset provided a

statewide view of appellate case processing across both appellate courts.
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Challenges of the Chosen Data Collection Method

A major advantage of this methodology was flexibility. Collecting data directly from court records
enabled the construction of a dataset containing variables not available in existing public reports and
the evaluation of relationships among disposition timing, court assighment, case type, and appellate
outcomes. Since the Nevada Judiciary does not provide a downloadable statewide dataset, which made
large-scale data collection difficult. Selenium automation enabled statewide analysis by directly
collecting appellate records from the case-management system and organizing them into structured
datasets for analysis. The amount of time required to collect, validate, and prepare the data was a major
disadvantage. Because the information originated from multiple sources and publication formats, the
data collection process required substantial effort to standardize the data and ensure consistency

across the statewide dataset.

Cl. DATA EXTRACTION

Data Extraction Process

Because no ready-made dataset existed for this analysis, the project relied on direct collection of court
records. This approach enabled combining information from multiple sources and creating variables
tailored to the study. Collecting the records directly from the courts made that analysis possible.
Existing public reports summarize appellate activity but do not provide the case-level information
needed to examine how factors such as court assignment, case type, outcome, and representation

status relate to disposition timing.

The Nevada Appellate Case Management System served as the primary source of appellate records
for this study. The system provides access to cases before both the Nevada Supreme Court and the
Nevada Court of Appeals, including filing dates, disposition dates, case classifications, docket activity,
and other procedural information. Users can locate individual appeals by searching a case number and

opening the corresponding case record (Figure 1).

Although the system provides detailed information for individual appeals, it does not offer a
downloadable statewide dataset suitable for analysis. Researchers must retrieve records one case at a
time through the search interface shown in Figure 1. Collecting thousands of appellate records
manually would have made statewide analysis impractical. To address this limitation, Selenium
automated the collection process and assembled the records into structured source files for further

preparation and analysis.
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Appellate Case Management System

C-Track, the browser based CMS for Appellate Courts

Disclaimer: The information and documents available here should not be relied upon as an official record of action.
Only filed documents can be viewed. Some documents received in a case may not be available for viewing. -
Some documents originating from a lower court, including records and appendices, may not be available for viewing. Selenium searches
For official records, please contact the Clerk of the Supreme Court of Nevada at (775) 684-1600, A AT

Case Information: 84978-COA

Short Caption: ENGELSON VS. DIGNITY HEALTH Court Court of A;-,;Mn\

Related Case(s): 84978

Lower Court Case(s): Clark Co. - Eighth Judicial District - A841038 Classification: General- Other

Disqualifications Case Status:

Replacement: Panel Assigned: Panel

To SP/Judge: SP Status:

Oral Argument: 11/29/2023 at 10:00 AM Oral Argument Location:

Submission Date: 11/29/2023 How Submitted:

Date Type Description Pending? Docume:
05/08/2023 Case Status Update Transferred from Supreme Court. (COA)

08/15/2023 Notice/Incoming nt's Notice of Change of A Candace Herling a ensen. (COA) 23-26614
10/24/2023 Order/Pro ral argument on November 29, 2023, at 10:00 a.m. in 23-34773
1110712023 Notice/Incoming nt(Kenneth M. Webster for Defendant-Respondent 2336314
11/13/2023 23-36725
1 23-36798
1

12/28/2023 2342069
01/22/2024

01/22/2024

© Combined Case View

Figure 1. Nevada appellate case management system interface used for automated data collection.

Automation of Appellate Case Number Search

driver = webdriver.Chrome()

for _, row in sample.iterrows():
case_number = str(row["case_numb 1).strip()
print(f"\nProcessing {case_number}")

driver.get("https://caseinfo.nvsupremecourt.us/public/caseSearch.do")
time.sleep(3)

# Uncheck Exclude Closed
for cb in driver.find_elements(By.CSS_SELECTOR, "input[type='checkbox']"):
if cb.is_selected():
cb.click()

time.sleep(1)

# Enter case number

search_box = driver.find_element(By.NAME, "csNumber")
search_box.clear()

search_box.send_keys (case_number)

# Click Search
search_button = driver.find_element(By.XPATH, "//input[@value="'Search']")
search_button.click()

Figure 2A. Sclenium automation used to query appellate case numbers in the Nevada Appellate Case Management System
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Docket Entry Information Extraction

# Docket rows from HTML table
rows = driver.find_elements(By.XPATH, "//table//tr")

for row_element in rows:
cells = row_element.find_elements(By.TAG_NAME, "td")

Figure 2B. Extraction of docket-entry information from returned appellate case records

Organigation of extracted information into a structured dataset

results.append({
""case_number": case_number,
"title": row["title"],
"classification": classification,
"disposition_date": row|["date"],
"initial filing_date": initial_filing_date,

"initial docket_type": initial_docket_type,

"initial docket_description": initial_docket_description,
"final_disposition_date": final_disposition_date,
"final_disposition_type": final_disposition_type,
"final_disposition_description": final_disposition_description,
"outcome_category": classify_outcome(final_disposition_description

Figure 2C. Construction of the analytical dataset. This code organized extracted information into a structured dataset.

Calculation of disposition timing
results_df["days_to_disposition"] = (
results_df["disposition_date"] - results_df["initial_filing_date"]

).dt.days

results_df.to_csv(OUTPUT_FILE, index=False)

print(f"Saved progress to {OUTPUT_FILE}")
print(results_df)

Figure 2D. Calculation of disposition timing and export of the analytical dataset

Summary of Data Extraction

Selenium extracted and created more than 90 source files into four collections: Supreme Court
(published and unpublished cases) and Court of Appeals (published and unpublished). Before
combining these datasets, the workflow confirmed that column structures and collected variables were
consistent across the collections. Figures 2A, 2B, 2C, and 2D summarize the automated workflow

used to collect records from four appellate data sources.

The Selenium browser automation tool enabled scraping thousands of appellate records using the
same process across all four data sources (Selenium, n.d.). Without automation, assembling a statewide

dataset of this size would have been impractical. For each case number, the script searched the Nevada
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Judiciary website and retrieved the corresponding appellate record. The process included adjusting the
search settings to return complete case histories and collecting the docket information associated with
each appeal. The scraping process produced CSV files containing 11 variables for each appellate
record. These files served as the starting point for subsequent data preparation, validation, and

integration.

After Selenium extracted the appellate records, Python stored the collected information in structured
CSV files and calculated disposition timing for each record (Figure 3). Additional preparation steps

described later in the workflow combined these source files into a statewide dataset for analysis.

C2. DATA PREPARATION

Preparation of the Master Dataset

Preparing the data for analysis proved more challenging than collecting the data from public records.
Because the information originated from multiple courts, publication types, and file formats, it
required extensive validation and standardization before combining the records into a single statewide
dataset. Much of the work involved reconciling differences across sources while preserving the

accuracy of the underlying appellate records.

Preparing the statewide dataset (nv_appellate_master) required more than simply combining records
from multiple sources. The process began with resolving duplicate case numbers and identifying the
final operative disposition for each appeal. After integrating the records into a statewide master
dataset, the workflow validated the data and restricted the population to appeals that received
substantive merits review. The final steps involved creating analytical features and performing

additional validation checks before analysis and modeling.

Data validation challenges included deciding how to handle cases where a single case number appeared

multiple times. At first glance, these records appeared to be duplicates (Figure 3).
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duplicate_example = (
coa_unpublished_master|
coa_unpublished_master['"case_number"] == "89692-COA"
110
""'case_number",
"disposition_date",
"final_disposition_description"

]

.sort_values("disposition_date")

. rename (columns=
""case_number": "Case Number",
"disposition_date": "Disposition Date",

"final_disposition_description": "Disposition Description"
)
.reset_index(drop=True)

duplicate_example
v 0.0s

Case Number Disposition Date Disposition Description
89692-COA 2025-11-12 Filed Order Granting Petition for Rehearing, W...
89692-COA 2026-03-30 Filed Order Granting Petition for Rehearing, W...

Figure 3. Example of duplicate case-number records identified during data preparation. The same appellate case number
appeared multiple times with different disposition dates, tequiring manual review to determine the final operative
disposition retained for case-level analysis.

However, closer inspection revealed that many of the repeated case numbers were legitimate appellate
activity and not data errors. The research question focused on how long it takes an appeal to reach a
final resolution. For that reason, the analysis retained the court's final operative disposition rather than

the first disposition entered in the case (Figure 4).

duplicate_summary = pd.DataFrame({
"Metric":
"Total Records",
"Unique Case Numbers",
"Duplicate Case Numbers Identified",
"Duplicate Case Numbers Remaining"

’
"Value":

len(nv_appellate_master),
nv_appellate_master["case_number"].nunique(),
len(dupli ases),
nv_appellate_master["case_number"].duplicated().sum()

duplicate_summary

0.0s

Metric
Total Records
Unique Case Numbers

Duplicate Case Numbers Identified

Duplicate Case Numbers Remaining

Figure 4. Review and resolution of duplicate case numbers by retaining the final operative disposition for case-level
analysis.
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An earlier disposition does not always end an appeal, as additional orders may follow, and the parties
remain involved in the appellate process until the court issues its final controlling decision (Nevada
Judiciary, 2025). Using the final disposition date ensured that disposition timing reflected the full life
cycle of an appeal rather than a procedural step that was later modified, amended, or replaced.
Combining the four source datasets created a statewide master dataset (nv_appellate_master.csv) that
served as the basis for subsequent preparation and analysis (Figure 5).

nv_appellate_master = pd.concat(
[

coa_published_master,
coa_unpublished_master_final,
sc_published_master_final,
sc_unpublished_master_final

]l
ignore_index=True

)

print("Statewide appellate master shape:", nv_appellate_master.shape)

v 0.0s

Statewide appellate master shape: (5818, 20)
Figure 5. Creation and export of the statewide appellate master dataset

The workflow processed feature engineering in two stages. The first stage constructed the statewide
master dataset and focused on preserving procedural information and standardizing records across

the four source collections (Figure 06).

# Save statewide appellate master dataset

nv_appellate_master.to_csv(

"merged/nv_appellate_master.csv",
index=False

Figure 6. Construction of nv_appellate_master dataset.

Validation of this integrated dataset identified 57 records with missing filing dates, two records with
missing disposition dates, and 57 records with missing disposition-timing values (Figure 7). Because
the statewide master dataset served as an intermediate integration dataset rather than the final

analytical population, the workflow did not yet remove any records with missing values at this stage.
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# Final validation mary
validation_summa DataFrame({
"Validation Check":
"Total Records",
"Total Variables",
"Duplicate Case Numbers",
"Missing Case Numbers",
"Missing Filing Dates",
"Missing Disposition Dates",
"Missing Days to Disposition",
"Court Categories",
"Publication Status Categories",
"Outcome Categories"
"Result":

len(nv_appellate_master),
len(nv_appellate_master.columns),
nv_appellate_master["case_number"].duplicated().sum(),
nv_appellate_master["case_number"].isna().sum(),
nv_appellate_master["initial_filing_date"].isna().sum(),
nv_appellate_master["disposition_date"].isna().sum(),
nv_appellate_master["days_to_disposition"].isna().sum(),
nv_appellate_master["court"].nunique(),
nv_appellate_master["publication_status"].nunique(),
nv_appellate_master["outcome_category"].nunique()

validation_summary

Statewide appellate master dataset saved successfully.

Validation Check Result

Total Records 5791

Total Variables 20

Duplicate Case Numbers 0

Missing Case Numbers 0

Missing Filing Dates 57

Missing Disposition Dates 2
Missing Days to Disposition
Court Categories

Publication Status Categories

© © N O O b W N a O

Outcome Categories

Figure 7. Missing values summary in nv_appellate master dataset following integration of appellate source
collections

Preparation of the Final Merits-Case Dataset

Not every appellate disposition reflects a decision on the merits of a case. Because this study focused
on factors associated with disposition timing among merit decisions, procedural dismissals, and other
non-merit outcomes were excluded from further analysis. The resulting dataset included appeals that
ended in affirmance, reversal, mixed outcomes, or remand (Figure 8). These cases formed the
analytical population used throughout the project. The model predicted disposition timing using case

type, appellate court, outcome group, and proper-person status.

The scraped appellate records included variables such as initial filing date,
disposition date, classification, docket descriptions,and outcome information.

During data preparation, the workflow created additional derived variables that did not exist in the
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source records (Kuhn & Johnson, 2019). These new variables captured procedural events, identified

court and publication status, and prepared the data for later analysis and modeling.

The statewide dataset contained 5,791 appellate records. Some of those appeals were dismissed before
the court reached the legal questions presented in the case (Nevada Judiciary, 2025). Because this study
examined disposition timing among appeals that received substantive review, the workflow excluded

the dismissed cases from the final analytical dataset.

Many dismissed appeals never reach a determination on the underlying legal issues. For example,
litigants sometimes attempt to appeal before the district court enters a final appealable order, fail to
establish appellate jurisdiction, dismiss the appeal, or otherwise fail to satisfy procedural requirements
(NRAP 3A, n.d.). In those situations, the appellate court dismisses the matter without addressing the
merits of the claims (Bureau of Justice Statistics, 2006). Limiting the analysis to affirmed, reversed,
remanded, and mixed-outcome appeals ensured that the study examined cases that received

substantive appellate review (Figure 8).

nv_appellate_merits = nv_appellate_master[
nv_appellate_master["outcome_group"].isin(
"Affirmed", "Reversed", "Mixed Outcome", "Remanded"
)
Click to add a breakpoint

nv_appellate_merits ["outcome_group"].value_counts()

v 0.0s

outcome_group

Affirmed 2191
Reversed 306
Mixed Outcome 180
Remanded (]
Name: count, dtype: int64

Figure 8. Final filtered dataset containing only cases disposed based on merit.

The analysis retained only appeals that ended in affirmance, reversal, mixed outcomes, or remand.
After applying the filtering criteria, 2,729 appeals remained in the dataset. The study used these appeals
to examine disposition timing in a multiple linear regression model, with case type, appellate court,

outcome group, and proper-person status as predictors.

Validation of the statewide master dataset identified 57 records with missing filing dates, two records
with missing disposition dates, and 57 records with missing disposition-timing values (Figure 7).
Because the statewide master dataset served as an intermediate integration dataset, the workflow

retained these records at that stage.
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After filtering the data to appeals that received substantive merits review, none of the records
containing missing values remained in the analytical population. Validation of the merits dataset
confirmed that no records contained missing filing dates, disposition dates, or disposition-timing
values (Figure 9). Consequently, the workflow did not require any additional missing-value treatment

before exploratory analysis and predictive modeling.

# Validate merits dataset after filtering

merits_validation_summary = pd.DataFrame({

"Validation Check":
"Total Records",
"Total Variables",
"Duplicate Case Numbers",
"Missing Case Numbers",
"Missing Filing Dates",
"Missing Disposition Dates",
"Missing Days to Disposition",
"Court Categories",
"Outcome Categories"

"Result":
len(nv_appellate_merits),
len(nv_appellate_merits.columns),
nv_appellate_merits["case_number"].duplicated().sum(),
nv_appellate_merits["case_number"].isna().sum(),
nv_appellate_merits["initial_filing_date"].isna().sum(),
nv_appellate_merits["disposition_date"].isna().sum(),
nv_appellate_merits["days_to_disposition"].isna().sum(),
nv_appellate_merits["court"].nunique(),
nv_appellate_merits["outcome_group"].nunique()

merits_validation_summary

Validation Check Result

Total Records 2738

Total Variables 24
Duplicate Case Numbers
Missing Case Numbers
Missing Filing Dates
Missing Disposition Dates
Missing Days to Disposition
Court Categories

Outcome Categories

Figure 9. Validation summary for the nv_appellate merits dataset following merits filtering

None of the missing values identified in the statewide master dataset remained in the final analytical
population used for exploratory analysis and predictive modeling. With the merits dataset validated
and free of missing values, the second stage of feature engineering focused on creating analytical

variables for exploratory analysis and predictive modeling (Figure 10).
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engineered_columns = pd.DataFrame({
"Engineered Variables":

"court",
"publication_status",
"procedural_event_count",
"rehearing_indicator",
"amended_order_indicator",
"vacated_or_withdrawn_indicator",
"reinstatement_indicator",
"case_type",
"outcome_group",
"proper_person"

})

engineered_columns

~ 0.0s

Engineered Variables

court

publication_status
procedural_event_count
rehearing_indicator
amended_order_indicator
vacated_or_withdrawn_indicator
reinstatement_indicator

case_type

©® N O D WN a O

outcome_group

©

proper_person

Figure 10. nv_appellate_merits engineered features

D. ANALYSIS

Multiple Linear Regression Analysis

Multiple linear regression is appropriate in this analysis because the target variable is continuous and
numeric (Montgomery et al., 2021). The model evaluated the relationships among disposition timing,
case type, appellate court, outcome group, and proper-person status while accounting for the

influence of the remaining variables.

One strength of multiple linear regression is the capability to identify which variables have the
strongest relationship with the outcome being studied (James et al., 2021). In this project, the model
helped quantify differences in appellate timing across courts, case types, outcomes, and representation
status. At the same time, the model could only evaluate information included in the dataset. Appellate
cases move faster or slower through the judicial system for many reasons beyond the variables
captured in public records. Factors such as case complexity, the scope of the record, procedural
developments, legal issues raised on appeal, and overall judicial workload may similarly influence how

long an appeal remains pending.
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Univariate Analysis

The analysis first explored the merits-case dataset, one variable at a time, using summary statistics and
visualizations (Tukey, 1977). Examining appellate court assignment, case type, outcome group, and
proper-person status helped establish the context for the modeling phase. It revealed that some

categories experienced substantially different disposition timelines than others.

Days to Disposition Histogram and Descriptive Statistics

The difference between the mean of 227 days and the median = of 116.5 days indicates a right-skewed
distribution. A small number of long-running appeals increased the overall average, with disposition
times ranging from 1 to 2,373 days (Figure 11).
days = nv_appellate_merits["days_to_disposition"]
plt.hist(days, bins=50)
plt.axvline(
days.median(),

linestyle="-—-"

)

plt.show()

0.0s

nv_appellate_merits["days_to_disposition"].describe()

v/ 0.0s

count 2738.000000

mean 227.873630

229.399716

1.000000

78.000000

116.500000

359.750000

2373.000000
days_to_disposition, dtype: float64
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How Long Do Nevada Appeals Take?

1

I = == Median: 116 days
700 !

|

500
400

300

Number of Appeals

200 1

100 1

——
Y T T

0 500 1000 1500 2000
Days from Initial Filing to Final Disposition

Figure 11. How long do Nevada appeals take?

Court Type Histogram and Descriptive Statistics
The Court of Appeals decided most of the merits appeals included in the study. Of the 2,729 appeals

that received substantive review, 72.1% were resolved by the Court of Appeals and 27.9% by the
Nevada Supreme Court. This distribution reflects the Court of Appeals' substantial role in resolving

appeals within Nevada's appellate system (Nevada Judiciaty, n.d.-a).
court_counts = nv_appellate_merits["court"].value_counts()

court_counts.plot(
kind="bar",
color=00"#08264A"
)

plt.ylabel("Number of Appeals")

plt.show()

~ _3.8s

court_summary = pd.DataFrame({
"Count": nv_appellate_merits|["court"].value_counts(),
"Percent":

nv_appellate_merits["court"]
.value_counts(normalize=True)
* 100

.round(1

court_summary

0.0s

Count Percent

court
Court of Appeals 1973 721
Supreme Court 765 27.9
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Which Court Heard These Appeals?

1,073

2000 A

1500 1

1250 T

1000 A

Number of Appeals

500

250

0
Court of Appeals Supreme Court
Figure 12. Which court heard these appeals?

Case Outcome Histogram and Descriptive Statistics
Eight out of every ten appeals in this dataset ended in an affirmance. In those cases, the appellate
court left the lower court's decision unchanged. Reversed, mixed-outcome, and remanded appeals
appeared much less frequently throughout the dataset. Given the nature of appellate review, this
pattern is not unexpected.

outcome_counts = (
nv_appellate_merits["outcome_group"]
.value_counts()

outcome_counts.plot(
kind="bar",
color=00"#08264A"

plt.ylabel("Number of Appeals")
plt.show()
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outcome_summary = pd.DataFrame({
"Count": nv_appellate_merits["outcome_group"].value_counts
"Percent":
nv_appellate_merits["outcome_group"]
.value_counts(normalize=True)
*x 100
.round(1

’

outcome_summary

v’ 0 ) 0 S

Count Percent
outcome_group
Affirmed
Reversed
Mixed Outcome

Remanded

How Did Appeals End?

2000 A

e

<

[=]

=]
L

1000 A

Number of Appeals

500 T

0-

Affirmed Reversed Mixed Outcome Remanded

Figure 13. How did appeals end?
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Proper Person Histogram and Descriptive Statistics
Represented litigants accounted for 69.3% of merits appeals, compared with 30.7% for proper-person

litigants. Around seven out of 10 merit appeals originate from represented parties.

proper_person_counts = (
nv_appellate_merits["proper_person"]
.value_counts()

)

proper_person_counts.plot (|
kind="bar",
color=00"#08264A"

)

plt.ylabel("Number of Appeals")
plt.show()

0.0s
proper_person_summary = pd.DataFrame ({

"Count" v_appellate_merits|["proper_person"].value_counts

""Percen
nv_appellate_merits["proper_person"]
.value_counts(normalize=True)
* 100

.round(1

proper_person_summary

0.0s

Count Percent
proper_person
No 1898
Yes 840

Who Filed These Appeals?

750 1

1500

._.
=)
O
(=]
L

1000 A

Number of Appeals

7501

500 1

0-

Figure 14. Who filed these appeals?
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Case Types Histogram and Descriptive Statistics
More than half of all merit appeals involved criminal cases, while civil and family appeals accounted
for a much smaller share of the dataset. Despite being less common, civil appeals typically remained
pending longer than criminal appeals. The evidence suggests that some types of appeals may take

longer to process through the appellate system than others.
import matplotlib.pyplot as plt

nv_appellate_merits["case_type"].value_counts().plot(
kind="bar",
figsize=(8, 5)

)

plt.title("Distribution of Case Types")
plt.xlabel("Case Type")
plt.ylabel("Count")

plt.tight_layout()

how
case_type_summary = (
nv_appellate_merits
.groupby("case_type") ["days_to_disposition"]
.agg(["count", "median", "mean"])
.round(1)
)

case_type_summary ["percent"] = (
case_type_summary ["count"]
/ case_type_summary ["count"].sum()
* 100

).round(1)

case_type_summary.sort_values(
"count",
ascending=Fals

Count Percent Median_Days Mean_Days
case_type
Criminal 96.0 164.5
Civil 246.5 338.6
Family 139.0 196.5
Original Proceeding / Writ 170.5 190.0

What Types of Appeals Were Included?

1400 -

1200 -

1000 1

800 -

Number of Appeals

400

200 1

C\'\“\‘\\\k\\ G Famy L Wi

Case Type
Figure 15. What types of appeals were included?
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Bivariate Analysis

Disposition Timing by Case Type Histogram and Descriptive Statistics
Civil appeals generally took longer to reach disposition than criminal and family appeals. Criminal

cases had the shortest median disposition time (96 days), while civil cases had the longest (246.5 days).

case_type_timing = (
nv_appellate_merits
.groupby("case_type") ["days_to_disposition"]
.median()
.sort_values()
)

case_type_timing.plot(
kind="bar",
color=00"#08264A"
)

plt.ylabel("Median Days to Disposition")

nv_appellate_merits
.groupby("case_type") ["days_to_disposition"]
-agg|

count="count",

median="median",

mean="mean"

.round(1)
.sort_values("median")

)
0.0s

count median
case_type
Criminal
Family
Original Proceeding / Writ
Other
Civil

ow Did Timing Differ by Case Type? [D|[u|[®

246.5

250 1

Range: 150 days

200

o
(4]
[=]
L

100 1

Median Days to Disposition

50 1

! Wit other v

Cy\\\(\\\k‘\ \:m\\\\\.

eedin®
0\"\%;\\\;\\ proce

Figure 16. How did timing differ by case type?
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Disposition Timing by Court Histogram and Descriptive Statistics

Appeals assigned to the Supreme Court generally took much longer to reach disposition than those
assigned to the Court of Appeals. The median disposition time was 503 days for Supreme Court cases

compared to 98 days for Court of Appeals cases.

court_timing = (
nv_appellate_merits
.groupby("court") ["days_to_disposition"]
.median()

)

court_timing.plot(
kind="bar",
color=00"#08264A"
)

plt.ylabel("Median Days to Disposition")

nv_appellate
.groupby (" col ["days_to_disposition"]
.agg(["count","median","mean"])
.round(1)

)

0.0s

count median mean

court
Court of Appeals 1973 98.0 109.9
Supreme Court 765 503.0 5321

How Did Timing Differ Between Cour{ D | E

Difference 105 days

003

500 1

400

300

200 A1

Median Days to Disposition

100 A

0-

Court of Appeals Supreme Court

Figure 17. How did timing differ by court?
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Disposition Timing by Outcome Group Histogram and Descriptive
Statistics

Outcome groups followed different disposition timelines. Appeals that ended in affirmance, where
the appellate court left the lower court's decision unchanged (ABA, 2021), reached disposition more
quickly than other outcome categories, with a median disposition time of 108 days. Appeals resulting
in reversal or mixed outcomes generally remained pending longer. Mixed outcomes, which often
involved a combination of dispositions such as affirmed in part and remanded, had the longest median

disposition time at 271.5 days. Reversed appeals reached disposition in a median of 210 days.

outcome_timing = (
nv_appellate_merits
.groupby ("outcome_group") ["days_to_disposition"]
.median()
.sort_values()

)

outcome_timing.plot(
kind="bar",
color=00"#08264A"
)

plt.ylabel("Median Days to Disposition")

nv_appellate_merits
.groupby("outcome_group") ["days_to_disposition"]
.agg(["count", "median", "mean"])
.round(1)
)

0.0s

count median

outcome_group
Affirmed 2191 108.0
Mixed Outcome 180 2715
Remanded 62 137.0
Reversed 305 210.0

Did Outcomes Follow Different Timelines?

Median Days to Disposition

Affirmed Remanded Reversed Mixed Outcome
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Figure 18. Did outcomes follow different timelines?

Disposition by Proper-Person Status Histogram and Descriptive Statistics
Appeals involving self-represented (pro se) litigants tended to move through the appellate process
more quickly than appeals involving represented parties. The median disposition time was 94 days for
proper person appeals, compared with 139 days for represented appeals. However, this difference
does not necessarily indicate that self-representation leads to faster dispositions. The appeals pursued
by self-represented litigants may differ from those pursued by represented litigants in ways not
measured in this study, including the complexity of the issues presented, the scope of the record, and

other case-specific factors that could influence disposition timing.

proper_person_timing = (
nv_appellate_merits
.groupby("proper_person") ["days_to_disposition"
.median()

)

proper_person_timing.plot(
kind="bar",
color=0"#08264A"

.ylabel("Median Days to Disposition")
plt.show()

nv_appellate_merits

.groupby("proper_person") ["days_to_disposition"]
.agg( ["count","median","mean"])

.round(1)

0.0s

count median mean

proper_person
No 1906 139.0 278.0
Yes 840 94.0 114.8
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Did Self-Representation Affect Timing?

140 4

120 1

100 1

80

Median Days to Disposition

201

o-
Yes

Figure 19. Did self-representation affect timing?

Model Development
Selecting Variables for Modeling

# Retain varia for reg
model_df = nv_appellate_merits[
[
"days_to_disposition",
"'case_type",
"court",
"outcome_group",

"proper_person"
1.copy()

idate im
print(“Dataset shape
print(model_df.shape)

# Review missing values
print("\nMissing value
print(model_df.isnull().sum())

# Rev atase

model_df.head()

Dataset shape:
(2738, 5)

Missing values:
days_to_disposition
case_type

court

outcome_group
proper_person
dtype: int64

Figure 20. Creation of the modeling dataset

13¢
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Encoding Categorical Variable

model_df_encoded = pd.get_dummies(
model_df,
columns=[
"'case_type",
"court",
"outcome_group",
"proper_person"
1,
drop_first=True,
dtype=float

# Review encoded dataset
model_df_encoded. info()
model_df_encoded. head()

<class 'pandas.DataFrame'>
Index: 2738 entries, 2461 to 5736
Data columns (total 9 columns):
Non-Null Count

days_to_disposition 2738 non-null float64
case_type_Criminal 2738 non-null float64
case_type_Family 2738 non-null float64
case_type_Original Proceeding / Writ 2738 non-null float64
court_Supreme Court 2738 non-null float64
outcome_group_Mixed Outcome 2738 non-null float64
outcome_group_Remanded 2738 non-null float64
outcome_group_Reversed 2738 non-null float64
8 proper_person_Yes 2738 non-null float64
dtypes: float64(9)

memory usage: 278.4 KB

NoubwNREe

case_type_Original  court_Supreme  outcome_group_Mixed

days_to_disposition case_type_Criminal case_type_Family Proceeding | Writ ComT Outcoms

outcome_group_Remanded outcome_group_Reversed proper_person_Yes

2373.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0
1624.0 0.0 0.0 0.0 10 0.0 0.0 0.0 0.0
1637.0 0.0 0.0 0.0 1.0 1.0 0.0 0.0 0.0
1173.0 0.0 0.0 0.0 10 0.0 0.0 0.0 0.0
1308.0 0.0 0.0 0.0 10 0.0 0.0 0.0 0.0

Figure 21. Variable encoding preview

ining Predictor and Target Variables

# Define predictor and target variables
X = model_df_encoded.drop(
columns=["days_to_disposition"]

y = model_df_encoded["days_to_disposition"]

print("X shape:", X.shape)
print("y shape:", y.shape)

X.columns.tolist()

v 0.0s

X shape: (2738, 8)
y shape: (2738,)

['case_type_Criminal',
'case_type_Family',
'case_type_Original Proceeding / Writ',
'court_Supreme Court',
'outcome_group_Mixed Outcome',
'outcome_group_Remanded',
'outcome_group_Reversed',
'proper_person_Yes']
Figure 22. Definition of target and predictor variables
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Train-Test Split and Linear Regression Model Training

The workflow divided the dataset into 80% training and 20% testing subsets using a fixed random
state of 42 (James et al., 2021). A multiple linear regression model was fitted using the training data

and subsequently used to generate predictions on the testing dataset.

learn.model_selection import train_test_split
from sklearn.linear_model import LinearRegression

# Create training and testing datasets
X_train, X_test, y_train, y_test = train_test_split(
X,
Y,
test_size=0.20
random_state=42

# Fit model
1r = LinearRegression()
lr.fit(X_train, y_train)

y_pre r.predict(X_test)

print("X_train:", X_train.shape)
print("X_test:", X_test.shape)

0.0s

X_train: (2190, 8)
X_test: (548, 8)

Figure 23. Definition of target and predictor variables

Evaluating Model Performance

The model explained 76.7% of the variation in disposition timing (R* = 0.7665) when evaluated on
the test set. The OLS regression produced similar results, explaining around 71% of the variation
across appeals (Kutner et al., 2005). Prediction errors averaged 66.67 days, with an RMSE of 101.48
days. Court assignment had the strongest relationship with disposition timing, although case type,
outcome group, and proper-person status also contributed to differences in appellate timelines. Taken
together, the results suggest that a significant part of appellate delay can be linked to measurable

characteristics contained within public appellate records.
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# Evaluate model performance on test data
from sklearn.metrics import (
r2_score,
mean_absolute_error
mean_squared_error
)

import numpy as np

r2 = r2_score(y_test, y_pred)
mae = mean_absolute_error(y_test, y_pred)
rmse = np.sqrt(mean_squared_error(y_test, y_pred))

print(f"R2: {r2:.4f}")
print(f"MAE: {mae:.2f}")
print(f"RMSE: {rmse:.2f}")

v 0.0s

R2: 0.7665
MAE: 66.67
RMSE: 101.48

Figure 24. R? model performance

# Fit OLS model for statistical summary and coefficient interpretation
import statsmodels.api as sm

X_ols = sm.add_constant(X)
ols_model = sm.0OLS(

Y,

X_ols
). fit()

print(ols_model.summary())
Figure 25 . OLS model performance code

OLS Regression Results

Dep. Variable: days_to_disposition R-squared: 0.707
Model: OLS Adj. R-squared: 0.706
Method: Least Squares F-statistic: 824.0
Date: Thu, 04 Jun 2026 Prob (F-statistic): 0.00
Time: 01:53:14 Log-Likelihood: -17085.
No. Observations: 2738 AIC: 3.419%e+04
Df Residuals: 2729 BIC: 3.424e+04
Df Model: 8

Covariance Type: nonrobust

coef std err

const . 8800 .604
case_type_Criminal -64.9235 .469
case_type_Family -24.8979 .715
case_type_Original Proceeding / Writ -147.7872 .538
court_Supreme Court 395.8599 .893
outcome_group_Mixed Outcome 64.2952 .833
outcome_group_Remanded 9.0733 .181
outcome_group_Reversed -13.6840 .877
proper_person_Yes -19.2653 .550

(SIS T I~ I S T T I )

Omnibus: 1859.242 Durbin-Watson:

Figure 26 . OLS model performance output
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Regression Equation

coefficients = ols_model.params

print("\nRegression Equation:\n")
print(f"Days to Disposition = {coefficients.iloc[@]:.2f}")

for variable, coefficient in coefficients.iloc[1:].items():
sign = "+" if coefficient >= @ else "-"

print(

f" {sign} {abs(coefficient):.2f}({variable})"

)
Regression Equation:

Days to Disposition = 158.88

- 64.92(case_type_Criminal)

- 24.90(case_type_Family)

- 147.79(case_type_Original Proceeding / Writ)
+ 395.86(court_Supreme Court)

+ 64.30(outcome_group_Mixed Outcome)

+ 9.07 (outcome_group_Remanded)

- 13.68(outcome_group_Reversed)

- 19.27(proper_person_Yes)

Figure 27 . Regression equation

Interpretation of the Regression Equation

The overall regression model was statistically significant (F = 848.9, p < .001), indicating that the
observed relationships were not due to chance. The results support rejection of the null hypothesis
and indicate that appellate court assighment, case type, outcome group, proper-person status, or some
combination of these characteristics influenced disposition timing (Kutner et al., 2005). Together,
these measurable case characteristics explained a substantial portion of the variation in how long

appeals remained pending.

Among all variables included in the model, court assignment showed the largest effect on disposition
timing. Appeals assigned to the Nevada Supreme Court were associated with neatly 396 additional

days to disposition compared with similar appeals decided by the Court of Appeals.

Differences in disposition timing also appeared across case types. Original proceedings and writ
matters reached disposition approximately 147.79 days sooner than civil appeals and showed the
largest difference among the case-type categories. Criminal appeals reached disposition approximately
64.92 days sooner than civil appeals, while family appeals reached disposition approximately 24.90

days sooner.

The outcome group also influenced the timing of disposition. Mixed-outcome appeals were associated
with approximately 64.30 additional days to disposition compared with affirmed appeals. Remanded
appeals were associated with approximately 9.07 additional days, while reversed appeals were
associated with approximately 13.68 fewer days than affirmed appeals. However, the remanded and

reversed coefficients were not statistically significant.
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Proper-person status demonstrated the smallest statistically significant effect. Appeals involving
proper-person litigants were associated with approximately 19.27 fewer days to disposition than

appeals without proper-person status.

The #ntercept of 158.88 represents the predicted disposition time for a civil appeal assigned to the

Court of Appeals, resulting in an affirmed outcome and not involving a proper-person litigant.

Model Assumptions Checks
Independence of Errors

The Durbin-Watson statistic was 1.425, which is somewhat below the ideal value of 2.0 and suggests
mild positive similarity between nearby observations (Kutner et al., 2005). However, because this study
examined individual appellate cases rather than repeated observations over time. As a result, the

statistic did not suggest a meaningful problem with the independence of observations.

Multicollinearity

One question was whether the predictors were simply measuring the same underlying characteristics.
The VIF results suggested otherwise. Values ranged from 1.01 to 1.41, indicating very little overlap
among the predictor variables and no evidence of problematic multicollinearity.

# Calculate Variance Inflation Factors - (VIF)
from statsmodels.stats.outliers_influence import variance_inflation_factor

vif_df = pd.DataFrame()

vif_df["Variable"] = X.columns

vif_df["VIF"] = [
variance_inflation_factor(X.values, i)
for i in range(X.shape[1])

1

vif_df.sort_values(
by="VIF",
ascending=False

Variable VIF

case_type_Criminal 1.410229
proper_person_Yes 1.348367

court_Supreme Court 1.222322
outcome_group_Reversed 1.131764
case_type_Family 1.124694
outcome_group_Mixed Outcome 1.076644
outcome_group_Remanded 1.031295
case_type_Original Proceeding / Writ 1.012311

Figure 28 . Variance Inflation Factors
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Residual vs Predicted Values Plot

The residual plot showed that prediction errors remained fairly balanced around zero across the range
of predicted values (Montgomery et al., 2021). Some increase in variability appeared among appeals
with longer predicted disposition times, which was not surprising given the presence of unusually
long-running cases in the dataset. Overall, the plot did not reveal a pattern suggesting that the model
consistently overestimated or underestimated disposition timing. The residual plots reinforced a
pattern seen throughout the analysis. Most appeals followed the timing patterns identified by the
model, resulting in relatively small prediction errors (Kutner et al., 2005). Larger errors were

concentrated among a small number of unusually long-running appeals.
import matplotlib.pyplot as plt

predictions = ols_model.predict(X_ols)
residuals = y - predictions

plt.figure(figsize=(8,5))

plt.scatter(predictions, residuals, alpha=0.3)
plt.axhline(@, linestyle="--")
plt.xlabel("Predicted Values")
plt.ylabel("Residuals")

plt.title("Residuals vs Predicted Values")
plt.show()

Residuals vs. Predicted Values

1500

1000 1

Residual

500 7

o0 4 .
-500 o

0 100 200 300 400 500 600
Predicted Days to Disposition

Figure 29 . Residuals vs. Predicted Values plot
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Residual Histogram
The residuals clustered around zero, indicating that most appeals followed the model-identified timing
patterns. Larger errors were concentrated among a small number of unusually long-running appeals.

Because disposition times ranged from days to years, some skewness in the distribution was expected.
import matplotlib.pyplot as plt
plt.hist(residuals)

plt.title("Distribution of Model Residuals")

plt.xlabel("Residuals")
plt.ylabel("Frequency")

plt.show()

Distribution of Model Residuals [ D ] [ l ‘ [ =

0.006
0.005 1

0.004 1

Density

0.003 1

0.002 1

0.001 1

0.000 - y T T
-500 0 500 1000 1500

Residual

Figure 30 . Distribution of Residuals plot

Assess Residual Normality Using Q-Q Plot

Most residuals followed the expected normal pattern, with departures occurring primarily among a
small number of unusually long-running appeals. Given the substantial variation in appellate
disposition times, some deviation in the tails was expected. Overall, the Q-Q plot indicated that the

residuals were reasonably consistent with the assumptions of multiple linear regression (Kutner, 2005).
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from scipy import stats
import matplotlib.pyplot as plt

stats.probplot(residuals, plot=plt)

plt.title("Normal Q-Q Plot of Residuals")
plt.show()

Normal Q-Q Plot of Residuals
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;/ol
[=]
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Figure 31. Q-Q Plot of Residuals

The residuals clustered around zero, indicating that most appeals followed the model-identified timing
patterns. Larger errors were concentrated among a small number of unusually long-running appeals.
Because disposition times ranged from days to years, some skewness in the distribution was expected.
The assumption diagnostic results suggest that the model captured the primary patterns in the data,

even though some variability persisted in the most complex or time-consuming cases.

One advantage of multiple linear regression is its interpretability. The model predicts disposition
timing and helps identify which case characteristics are most strongly associated with longer or shorter
appellate timelines. A limitation is that the model can evaluate only the information available in the
dataset. Factors such as case complexity, judicial workload, briefing demands, and the legal issues
presented on appeal likely influence appellate timing, but these factors were not available in the public

records used for this study.
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E. DATA SUMMARY AND IMPLICATIONS

Findings

One of the most interesting findings was the analysis showed that a relatively small number of
observable case characteristics explained much of the variation in appellate disposition timing. Court
assignment, case type, outcome group, and proper-person status showed meaningful relationships
with disposition timing. Together, these variables explained approximately 71-73% of the differences

S€en across appeals.

The model’s explanatory power demonstrates that disposition timing follows a recognizable pattern.
While every appeal has its own facts and legal issues, much of the variation in disposition timing can
be linked to characteristics available in public appellate records. The fact that these variables explained
more than 70% of the observed variation suggests that appellate case processing follows sufficiently
stable patterns. However, the dataset did not capture all the nuanced factors that could influence the
timing of appellate dispositions. Variables outside the collected data may explain some of the variation

that remained outside the model's explanatory power (Kutner et al., 2005).

Court assignment explained more variation in appellate disposition timing than any other variable
included in the model. Appeals assigned to the Nevada Supreme Court generally required substantially
more time to reach disposition than appeals assigned to the Court of Appeals, even after controlling
for other case characteristics. Meaningful differences were also seen across case types and outcome
groups. Criminal appeals generally reached disposition more quickly than civil appeals, while mixed-
outcome cases tended to require longer periods of review. Proper-person status was also associated
with differences in the timing of disposition. These results suggest that observable characteristics of

an appeal help explain differences in disposition timing

Although the model explained a substantial portion of the variation in appellate disposition timing,
some differences among appeals remained unexplained (James et al., 2021). The analysis relied entirely
on information available in public appellate records, which limited the variables available for study.
Important factors such as issue complexity, record size, briefing demands, oral argument activity,
number of parties, and overall judicial workload were not captured in the dataset. As a result, the
model could identify broad timing patterns throughout appellate cases but could not account for every

factor that may influence how long a particular appeal remains pending.
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One of the most important observations from this study is that broad case labels do not always reflect
the actual complexity of an appeal. Two cases classified within the same category may involve very
different legal questions, workloads, and procedural histories. These differences likely account for

some of the unexplained variation observed in the model.

Practical Applications

Researchers and court administrators have studied case-processing times for decades because the
length of time required to resolve cases reflects an important aspect of court operations (Steelman et
al., 2004). For litigants, appellate delay affects how long they must wait for a final resolution. For
courts, disposition timing provides a way to examine case flow patterns and identify factors associated

with longer processing times.

A practical takeaway from the study is that appellate timing appears far more predictable than many
litigants might assume. The analysis showed that much of the variation in disposition timing could be
linked to a relatively small number of observable case characteristics. These findings improve
understanding of how appeals move through the system and help identify cases at risk of taking longer
than expected. At the same time, the remaining unexplained variation suggests opportunities to collect
more detailed information about the issues raised on appeal. Court personnel already review those
issues during case screening and routing. Capturing that information in a structured format could help
explain additional variation in disposition timing while creating a richer dataset for future analysis,

workload forecasting, and appellate analytics (Kuhn & Johnson, 2019).

Future Research

While appeals that share the same label (civil, criminal, family) provide a general category, each case
still involves nuanced legal issues, procedural histories, and workload demands. Future research could
explore whether collecting more details and issue-level information helps explain some of the timing
differences observed across appeals and improves the ability to predict how long a case will remain
pending. Capturing more granular information may improve future analyses by providing variables

that better distinguish among appeals with different characteristics (Kuhn & Johnson, 2019).

The current model relied on information available in public appellate records. Important aspects of
appellate workload, such as oral argument activity, briefing volume, record size, the number of parties,
and procedural motions, were unavailable for analysis. Examining these factors may help explain some

of the remaining variation in disposition timing in the present study.
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A key direction for future research is to capture issue-level information from appellate cases. Appeals
grouped within the same broad case category frequently involve very different legal questions and may
require substantially different levels of judicial review. Issue-specific data could help explain why some
appeals move through the system more quickly than others and may improve the accuracy of future

models.

The remaining unexplained variation also points to factors that were not available in the current
dataset. Oral argument activity, briefing demands, record size, number of parties, and procedural
motions may all influence appellate timing. Examining these factors could provide additional insight

into the differences seen across appeals and help explain the remaining variation outside the model.

Capturing more detailed, issue-level case information during screening and routing may help explain
differences in disposition timing that remain unaccounted for in the current model and could support

future workload forecasting efforts.
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